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ABSTRACT 

 

Transitional Bladder cell carcinoma is one of the most common 

cancers of the urinary tract, accounting for approximately 90% of Bladder 

cancers. 

In this research a new computer-based system "Design Hybrid 

Intelligent System for Transitional Bladder Cell Carcinoma Diagnosis" 

(DHSTCCD) has been developed and implemented for the diagnosis of 

transitional bladder cell carcinoma. 

The proposed system is composed of two main phases, the first phase 

is the "cell analysis phase " which consists of three main stages and the 

second phase is the " patient data analysis phase ". 

 In the first stage of the cell analysis phase, a method named    

"Genetic Optimization Based Fuzzy Image Segmentation Algorithm" 

(GOFISA) has been proposed. This method has been used for the 

segmentation of the nuclei of the selected cells images using hybrid 

genetic algorithm and fuzzy system. These segmented nuclei are used in 

the subsequent stage of features extraction. 

In the second stage, for each segmented cell nucleus, morphometric 

and photometric features are extracted from the segmented cell image. 

In the third stage, these features were used as input to the                    

" Neuro-Fuzzy Classifier Model " (NFCM) that has been developed and 

implemented to classify a set of normal and abnormal cells using hybrid 

intelligent technique that combines the artificial neural network and fuzzy 

logic to form NFCM. 

 The NFCM is inherently a fuzzy inference system with a capability 

of learning fuzzy rules from data. The learning strategy consists of two 

phases, a self-organizing clustering to establish the structure of the 



network as well as the initial values of its parameters and a supervised 

learning phase for optimal adjustment of these parameters. 

In the patient data analysis phase of this work, a rule-based Fuzzy 

Expert System has been proposed and implemented that uses the 

laboratory and clinical data and simulates an expert doctor’s behavior. 

The final diagnosis of the patients is determined from the results of the 

fuzzy expert system and the NFCM. 

The DHSTCCD has been tested on 80 microscope slides obtained 

from 80 patients, where 100 images cells of the specimens under 

microscopic examination have been extracted and analyzed. The system 

has achieved diagnosis with accuracy rate (sensitivity) of the cell 

classification of 88% . 

The fact that this system would be a quick, less invasive and easy test, 

assisting physician diagnosis has been taken into consideration.            



  لتشخيص م ذكائي هجيننظا تصميم
  لمثانةل المبطنة يةلاقاالنت األنسجة خاليا سرطان

  
  
  
  
  

  رسالة تقدمت بها
  
  م الحدادـسلي ندى نعمت

  
  إلى
  

   مجلس كلية علوم الحاسبات والرياضيات/ جامعة الموصل
  شهادة دكتوراه فلسفة كجزء من متطلبات نيل
   في

  علوم الحاسبات
  
  
  

  بإشراف
 

  الدكتور ألستاذا
  ديـسأال ينـال حسـضن

 

  
  م٢٠٠٥                  هـ١٤٢٦



  الملخص

 %٩٠سرطان األنسجة االنتقالية للمثانة هو أحد اكثر أورام المثانة شيوعا ويشـكل مـا يقـرب 

  .من أورام المثانة السرطانية

يشـــمل هـــذا البحـــث تصـــميم وتنفيـــذ نظـــام حاســـوبي جديـــد يتضـــمن بنـــاء نظـــام ذكـــائي هجـــين 

النظـام المقتـرح مـن  يتكـون". DHSTCCD" لتشخيص سرطان األنسجة االنتقالية للمثانة سمي بــ

والطـور الثـاني "  cell analysis phase" الطـور األول هـو طـور تحليـل الخاليـا :طورين رئيسين

    ."  patient data analysis phase"هو طور تحليل المعلومات المتعلقة بالمريض

تشــمل المرحلــة األولــى بنــاء خوارزميــة   ، يتكــون الطــور األول مــن ثــالث مراحــل أساســية 

ـــ  قطاع الخاليــا باســتخدام امثليــة الخوارزميــات الجينيــة للبيانــات الصــورية المضــببة ســميت الســت   ب

"GOFISA ، " حيث يتضمن البرنـامج تقطيـع الخاليـا المطلوبـة وعزلهـا عـن بـاقي خاليـا الشـريحة

ـــة لغـــرض االســـتفادة منهـــا الســـتخالص المعلومـــات فـــي  ومـــن ثـــم اســـتقطاع انويـــه الخاليـــا المعزول

  .  ليةالمرحلة التا

تتضـــمن المرحلــــة الثانيـــة اســــتخالص المعلومـــات الصــــورية الضـــوئية والمعلومــــات التشــــكلية 

  .  والحجمية لكل من االنوية المستقطعة والتي تستخدم كمعلومات مغذية للشبكة العصبية المضببة

أمـــا المرحلـــة الثالثـــة فتتضـــمن بنـــاء الشـــبكة العصـــبية المضـــببة عـــن طريـــق اســـتخدام تقنيـــات 

ـــــى الشـــــبكة المســـــماة الشـــــبكة ـــــة المنطـــــق المضـــــبب للحصـــــول عل                     العصـــــبية و تهجينهـــــا مـــــع تقني

" Neuro-Fuzzy Classifier Model (NFCM)  ." حيـث تقـوم الشـبكة العصـبية المضـببة

المستخلصـة  نوعين، خاليا طبيعية وخاليا سرطانية اعتمادا على المعلومـات إلى بتصنيف الخاليا

  .من صور انوية الخاليا المستقطعة



إن نموذج الشـبكة العصـبية المضـببة يقـوم بتحديـد وتـدريب القواعـد المضـببة باالعتمـاد علـى 

البيانات التي تبـث للشـبكة، ان عمليـة تحديـد عـدد القواعـد المضـببة و تـدريبها يتكـون مـن طـورين. 

بنـاء هيكليـة  "Self-Organizing phase " وهو طور التدريب الـذاتي حيث يتم في الطور األول

 " الشبكة وتحديد القـيم األوليـة لعوامـل الشـبكة، أمـا فـي الطـور الثـاني  وهـو طـور التـدريب الموجـه

Supervised phase "فيتم الحصول على القيم االمثلية لعوامل الشبكة.  

اقتـراح و تنفيـذ نظـام خبيـر مضـبب يسـتخدم المعلومـات  يتم في الطور الثاني من هذا النظام

المختبريـــة و الســـريرية لمحاكـــاة األســـلوب الطبـــي المتبـــع ويـــتم الحصـــول علـــى التشـــخيص النهـــائي 

  .اعتمادا على النتائج المستخلصة من هذا النظام و كذلك من نتائج الشبكة العصبية المضببة

مــريض حيــث تــم  ٨٠يــة أخــذت مــن عينــات شــريحة مجهر  ٨٠تــم اختبــار هــذا النظــام مــن خــالل 

صورة من الخاليا المـأخوذة مـن العينـات تحـت الفحـص المجهـري، وقـد  ١٠٠استخالص و تحليل 

  .  %٨٨حقق النظام تشخيصا بدقة تصنيفية للخاليا بلغت 

الطبيـة فـي يـوفر المسـاعدة  يتميز هـذا النظـام بكونـه سـريع اإلنجـاز و سـهل االسـتخدام حيـث

 .  التشخيص
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 Chapter One  
                      

Introduction            
 
 
1-1: Computers in Medical diagnosis 
         

The use of computer in medical applications has increased 

dramatically over the last three decades. Traditionally, in this field, 

computers have been used to store, retrieve and analyze medical 

information. They are also used as tools in the diagnosis. 

More recently, computerized image processing techniques have been 

used to improve the picture quality; images can be analyzed to highlight 

areas of interest or to extract meaningful diagnostic features that can 

provide objective evidence to aid the human decision making process. 

The integration of the two types of systems: -databases and computer- 

aided feature extraction, allows diagnostic information to be attached to 

patient records. This information can then be easily searched and      

cross-referenced. 

An expert system is a computer program that has the knowledge of an 

expert built into a series of rules. The expert system then finds the 

solution to a problem, such as the diagnosis of a medical disease.  

Machine learning involves getting computer to induce rules, or 

statistical models, from a set of "training" examples. These examples 

from the problem domain can either have the correct class labels 

associated with them, often called supervised learning, or sub-classes of 

examples can automatically be found from within the data, often called 

unsupervised learning. Examples of machine learning techniques are 

artificial neural networks and decision trees. 
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Computers can use diagnostic features, to serve as input to a pattern 

recognition or classification stage; here the computer derives conclusions 

about the measured signals and other knowledge relevant to the problem 

domain [7]. 

Pattern classification may be defined as "machine recognition of 

meaningful regularities in noisy or complex environments". In context, 

pattern classification is taking as input the preprocessed sensors and 

making a decision as to the type or class in which it falls. Sensor 

preprocessing serves to reduce the complexity of the input in such a way 

that a higher-level system can deal with it more easily. The processing of 

sensory data into useful features is largely a black art, and is highly 

dependent on the problem, thus classification is the lowest-level system 

that can be made completely problem independent. 

Pattern recognition is a scientific discipline, the goal of which is the 

classification of objects into a number of categories. In recent years 

neural computation and hybrid architectures for intelligent systems have 

appeared as practical technologies with successful applications in this 

field. Although every artificial intelligent technique (i.e., fuzzy logic, 

neural networks, genetic algorithms and expert systems) has particular 

computational properties that make it suited for a particular type of 

problems [68], there are great advantages in their synergistic utilization.  

Computer Software has already been used for a range of diseases.     

In the present thesis, a computer-based system, "Design Hybrid 

Intelligent System for Transitional Bladder Cell Carcinoma Diagnosis" 

Model (DHSTCCD) is developed. The (DHSTCCD) system incorporates 

Fuzzy logic, Neural Network and Genetic Algorithm which allow it to 

recognize complex patterns in data and are more flexible than other 

techniques. 
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This work presents a knowledge base approach to classification and 

interpretation of Transitional Bladder cell images for diagnosing cancer. 

It outlines a method for segmenting cell images which combines both 

fuzzy logic and genetic algorithm. Segmenting images means that one 

must be able to extract cells from the slide and to separate nucleus from 

the cytoplasm. Given a digital image of bladder cells, the task is to 

segment the cells in the image into special categories including normal 

and malignant.  

Cell photometric and morphometric measures are performed. These 

measurements are used to classify cells into normal and malignant using   

a neuro-fuzzy classifier model. 

Based on these results and the clinical symptoms confirmed by 

history and a physical examination, the diagnosis is established.         

 
1-2: Bladder Cancer disease 
 

Bladder cancer is a disease in which the cells lining the urinary 

bladder lose the ability to regulate their growth and start dividing 

uncontrollably. This abnormal growth results in a mass of cells that forms 

a tumor [53]. 

There are several types of bladder cancer. The most common type is 

Transitional Cell Carcinoma (TCC), the one we deal with. 

TCC is by far the most common histologic variant of bladder cancers, 

accounting for approximately 90% of urinary bladder cancers. It 

represents the second most common malignancy of the urinary tract and 

the fourth most common cancer in men and the eighth most common 

cancer in women [93]. 

TCC occurs more often in men than in women and usually affects 

older adults, the average age at diagnosis is 68 years old [67].  
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The Bladder walls as shown in Figure (1.1) consist of muscle and the 

urinary epithelium which contains specialized cells that line the walls of 

bladder (Transitional cells), from these cells TCC of bladder begins. 

The epithelial lining of the urinary bladder as shown in Figure (1.2) 

consists of several cell layers, each cell contains a nucleus and cytoplasm, 

both enclosed by a thin membrane. The cytoplasm completely surrounds 

the nucleus.  

Healthy cells grow and divide in an orderly way. This process is 

controlled by DNA-the genetic material that contains the instructions for 

every chemical process in the body. When DNA is mutated, changes 

occur in these instructions. One result is that cells may begin to grow out 

of control and eventually from a tumor, a mass of malignant cells [54]. 

 

 

 
 
Figure (1.1): Bladder cancer on the inner  Figure(1.2): Epithelial 

lining of bladder wall   lining of the urinary 
 bladder 
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Risk factor, is something that increases your chance of getting a 

disease or condition [51]. 

In general, the following risk factors have been linked to bladder cancer  

� AGE. The chance of getting bladder cancer increases, as you grow 

older.  

� RACE. Caucasians are twice as likely to develop bladder cancer as 

blacks and Hispanics. Lowest rates of the disease. 

� SEX. Men are two to three times more likely to get bladder cancer 

than are women. 

� SMOKING. Smoking is the single greatest known cause of bladder 

cancer. The risk increases depending on how many cigarettes smoked 

per day and the number of years you have smoked. 

� INDUSTRIL CHEMICALS. Repeated exposure to chemicals used 

in the manufacture of dyes textiles and paint products may increase 

the risk of developing bladder cancer years later. 

� CERTAIN DRUGES. Treatment with the drug cytoxan increases 

the risk of bladder cancer. 

� CHRONIC BLADDER INFLAMMATION. Chronic or repeated 

urinary infection or inflammations predispose to a certain form of 

bladder cancer. 

� FAMILY HISTORY. You’re at higher risk of bladder cancer if you 

have family members with TCC. 

� PERSONAL HISTORY. Having bladder cancer once makes it more 

likely you will get it again. 

 

Symptoms, the most common symptoms of bladder cancer include: 

� blood in the urine (making the urine slightly rusty to deep red ) 

� Pain during urination. 

� Frequent urination, or feeling the need to urinate without results. 
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These symptoms are not sure signs of bladder cancer. Infection, benign 

tumors, bladder stones or other problems also can cause these symptoms. 

Anyone with these symptoms should see a doctor so that the doctor 

can diagnose and treat any problem as early as possible [51].  

 

1-3: Research Objective 

The objective of this research is to design and implement a                 

"Hybrid Intelligent System for Transitional Bladder Cell Carcinoma 

Diagnosis" (DHSTCCD) model for diagnosing one of the most common 

urinary bladder cancers, that is TCC. 

To achieve this objective a hybrid system, which combines Artificial 

Intelligent techniques including fuzzy logic, neural network, genetic 

algorithm and expert system has been used. 

The designed system also proposes a new method named Genetic 

Optimization based Fuzzy Image Segmentation Algorithm (GOFISA) for 

color image segmentation based on fuzzy logic and genetic algorithm for 

optimal threshold selection. 

The final diagnosis is obtained by determining the cell type using the 

hybrid classification method "Neuro-Fuzzy Classification Model 

(NFCM) ", and the fuzzy rule expert system decision.   

The characteristics of this system are yield a new, quick and less 

invasive method based on computer image analysis of stained urine 

smears. 

 

1-4: Literature Review 

The advancement in computer technology has encouraged the 

researchers to develop many intelligent systems for the purpose of 

enhancing health-care and provide better health care facilities, reduce 
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cost, assist users (particularly doctors and patients) and provide early 

diagnosis and prediction to prevent serious illness. 

One of the first medical expert systems was called MYCIN, used for 

the diagnosis of infections and blood diseases.  

INTERNIST-I, an expert system for diagnosis within the general 

context of internal medicine, was found to be inferior to an experienced 

clinician [7]. 

CASNET (causal ASsociational NETworks), an expert system in the 

field of ophthalmology for diagnosis and treatment of glaucoma, PIP 

(Present Illness Program ) an expert system for diagnosing renal diseases. 

In 1990, the studies in intelligent system was enhanced to utilize the 

system based on current needs, two or more techniques were combined 

and utilize the function of the system to ensure system performance, such 

as HERMES (HEpathology Rule-based Medical expert system) an expert 

system for prognosis of chronic liver diseases, and PROVANES a hybrid 

expert system for critical patients in Anesthesiology [89]. 

Wisconsin breast cancer diagnosis (WBCD) was made at the 

University of Wisconsin Hospital for accurately diagnosing breast mass, 

the system applied a combined fuzzy-genetic approach for diagnosis [10]. 

PROAFT, a fuzzy classification method was introduced in 2000 by 

Nabil Belacel to assist in the diagnosis of three clinical entities namely, 

acute leukemia, astrocytic and bladder tumors. 

The features were generated by World Health Organization, by means 

of computer assisted image analysis and submitted to PROAFT method 

[59]. 

N.B ENAMRANE, L. NEMMICHE and R.ABDER AHIME, have 

proposed an approach of brain medical image interpretation based on 

regions primitives by fuzzy-neural networks, to detect suspect zones or 

tumors in brain image [58]. 
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"A Hybrid Computational Intelligence Approach Combining Genetic 

Programming and Heuristic Classification for PaP-Smear Diagnosis" was 

suggested by Athanasios Tsakonas and others. In this research genetic 

programming is embedded within a heuristic scheme for classification of 

medical data sets, in the diagnosis of cervical tumors [8]. 

Jan Jantzen and Hubertus Axer used neural network and fuzzy          

c-mean clustering techniques for the diagnosis of Aphasia [34]. 

 

1-5: Preview of  Thesis Chapters  

This thesis has been organized into seven chapters:- 

Chapter  1  (Introduction) 

The first chapter has introduced essential medical information of the 

Transitional Bladder Cell Carcinoma. It has given some useful 

background information for machine learning and pattern recognition or 

pattern classification in medical diagnostics. 

Chapter  2 (Artificial Intelligent and Soft Computing) 

 This chapter deals with the Artificial Intelligent and Soft Computing 

techniques that are the main topics of this thesis. This chapter provides 

the basic knowledge of fuzzy systems, neural networks, genetic 

algorithms and the effectiveness and the worth of designing and applying 

hybrid intelligent methodologies. 

Chapter  3 (Image Processing)  

This chapter first gives a brief overview of image processing include 

image equisition and image analysis. Then it describes some 

segmentation techniques that are used to find the objects of interest. 

 

 

Chapter 4 (The proposed Genetic Optimization based Fuzzy Image 

Segmentation Algorithm (GOFISA)) 
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We propose and describe a new method (GOFISA) for color cell 

image segmentation; the delineation of the cell image into cell nucleus 

and background is an essential component of computerized cell analysis 

in this thesis. Then, features used in the classification must be computed 

from the segmented nuclei of TCC cells.  

Chapter  5 (Neuro-Fuzzy Classifier Model (NFCM))  

A hybrid system combining the fuzzy logic and artificial neural 

networks (Fuzzy-Neural Networks) has been developed. The extracted 

cell nuclear features which were described in Chapter 4  are fed to the 

Neuro-Fuzzy classifier network (NFCM) to classify the Bladder cells in 

examined slides as either Normal or Malignant cells. 

Chapter  6 (A Fuzzy Expert Decision System Design)  

In this chapter, a fuzzy expert system design for diagnosing 

Transitional Bladder Cell Carcinoma was described. The clinics and 

laboratory data related to the patients affected by Bladder cancer were 

used to build the expert system. This system gives to the user the patient’s 

possibility ratio of having Bladder cancer. 

Chapter  7 (System Implementation and Results) 

This chapter explains the basic outlines of (DHSTCCD) algorithm 

and describes the system environment. It is also concerned with the 

results obtained from implementing various phases of the system. 

Chapter  8 (Conclusions and Future Works) 

This chapter presents the conclusions of the work followed by 

suggestions for future works. 
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Chapter Two     
 

Artificial Intelligence and Soft Computing 
 

 
2-1: Introduction 

The subject of artificial intelligence spans a wide horizon. It deals 

with the various kinds of knowledge representation schemes, different 

techniques of intelligence search, various methods for resolving 

uncertainty of data and knowledge, different schemes for automated 

machine learning and many others. Among the application areas of 

artificial intelligence, we have Expert systems, Game-playing, and 

Theorem-proving, Natural language processing, Image recognition, 

Robotics and many others. 

The subject of artificial intelligence has been enriched with a wide 

discipline of knowledge from Philosophy, Psychology, Cognitive 

Science, Computer Science, Mathematics and Engineering [6].  

There are mainly two different directions of methods in artificial 

intelligence. The first group is more concerned with the application of 

logic theories, and the second one tries to understand human thinking 

and rebuilds at least a single aspect of the vague understanding of the 

human way of information processing with some artificial intelligence 

methods. 

 A part of the theoretical approach is to create logic that might fit into 

models of real life tasks. Thus, the characteristics of the models and the 

logic are analyzed. If they show similarities, the logic can be applied to 

the problem. The greatest area of applied logic lies within data base 

application. 
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On the side of human-like artificial intelligence, the first step is to 

understand the human brain and thinking processes. Because these two 

fields are still quite unexplored and not well understood, it is hard to 

rebuild these methods within computer systems. It is hard to make a copy 

of a document, if the original is only available in fragments. It is the same 

with human thinking. 

The fact that many artificial intelligence methods are derived from 

processes within nature or within human thinking makes them, in some 

way, familiar to persons applying them on their tasks [50].  

Machine learning is a field of artificial intelligence, given a certain 

hard problem, it can be best solved it using algorithm that can learn from 

examples (trained algorithm). Most machine learning problems can be 

formulated as classification or pattern recognition problems [75]. 

The field of computer science concerned with developing intelligent 

computer programs is called Artificial Intelligence [20]. 

Artificial intelligence techniques that deal with the unknown or 

unpredictable consist of neural networks, expert systems and fuzzy logic 

[9] [19].  

Expert systems are artificial systems with specialized problem solving 

expertise. The main aim of building such systems is to replicate the 

complex human intelligence. In other words, expert systems are 

computerized program tools that mimic the judgement of human experts 

in a well-defined domain [20][66]. 

Neural networks are derived from the networks of nerve cells in 

living bodies to create some methods that can work in a comparable way; 

they allow a system to learn. 

Fuzzy logic tries to bring computational information processing 

nearer to the way we do, and think in linguistic words or terms. It allows 

the integration of expert knowledge into a system very easily. 
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Genetic algorithms try to make our understanding of evolutionary 

processes available to computational problems. They enable a system to 

be self-optimizing [50]. 

Today there is a synergy beginning to form among neural networks, 

fuzzy logic and genetic algorithms. This synergy has been variously 

called Soft Computing [16]. 

All three methods share the characteristic that their behavior is based 

on a number of parameters, which can be adapted by learning, i.e. set to 

"good"  values based on number of examples [75]. 

Soft Computing is an area of computing allowing imprecision, 

uncertainty and partial truth to process and therefore achieves robustness 

and low solution cost.  

Among the fields accommodated to the web of Soft Computing, 

neural networks, fuzzy systems and genetic algorithms are on top of 

preferences in scientific research [33]. By combining them, we can build 

advanced hybrid systems to solve complex problems. Hybrid Soft 

Computing approaches incorporate all the features from individual fields 

and, moreover, have the ability to overcome difficulties and limitations 

that characterize each field. The possible hybrid approaches are     

Neural-Fuzzy, Fuzzy-Genetic, Neural-Genetic and Neural-Fuzzy-Genetic 

systems. The use of intelligent hybrid systems is growing rapidly with 

successful applications in many areas including process control, robotics, 

manufacturing, engineering design, communication systems, medical 

diagnosis, etc. [83]. 
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2-2: Neural Networks 

2-2-1: Biological and Artificial Neural Network: A biological neuron 

consists of dendrites, a cell body, and an axon as shown in Figure (2.1.a) 

[40]. The connections between the dendrites and axons of other neurons 

are called synapses. Electric pulses coming from other neurons are 

translated into chemical information at each synapse. The cell body 

inputs these pieces of information and fires an electric pulse, if the sum of 

the inputs exceeds a certain threshold. The network consisting of these 

neurons is a neural network, the most essential part of our brain activity. 

The main function of the biological neuron is to output pulses 

according to the sum of multiple signals from other neurons with the 

characteristics of a pseudo-step function. The second function of the 

neuron is to change the transmission rate at the synapses to optimize the 

whole network. 

An artificial neuron model simulates multiple inputs and one output, 

the switching function of input-output relation, and the adaptive synaptic 

weights, see Figures (2.1.b) and (2.1.c) [30]. 

Artificial neural systems can be considered as a massively parallel 

distributed model that has a natural propensity for storing experimental 

knowledge and making it available for use. They represent mathematical 

models of brain-like systems where knowledge is received through a 

learning process [83].  

Artificial neural network (ANN) is an information processing model 

inspired by the way the densely interconnected parallel structure of the 

brain is thought to process information. In information technology terms 

an artificial neural network is a computer system made up of a number of 

simple, highly interconnected processing elements which process 

information by their dynamic state responses to external inputs. It  
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is believed to be of use in situations, which involve the identification of 

highly non-linear or empirical systems, situations in which conventional 

computer systems are less reliable at solving. 

 

 

 

 

  

 

 

 

 

 

Figure (2.1.b): An artificial neuron 

Figure (2.1.c): Basic model of 
a single neuron 

Figure (2.1.a): A biological neuron 

Figure (2.1): A biological and artificial neuron 

Inputs 

Output 
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Artificial neural networks can be classified in a systematic way as 

systems or models composed of  ‘nodes’ and ‘arcs‘, where ‘nodes’ are 

artificial neurons or units. Usually, within a specific neural network all 

units are the same. The ‘arcs ‘, or connections between the units, 

simultaneously mimic the biological axons and the dendrites including 

the synapses. Their artificial counterpart is just a ‘weight’ that reflects the 

strength of a given ‘synaptic’ connection [77]. 

A simple example making use of a three-layer architecture is shown 

in Figure (2.2). These layers are constructed from a number of 

interconnected nodes, which contain an activation function. Patterns are 

presented to the network via the input layer, which communicates to one 

or more hidden layers where the actual processing is done via a system of 

weighted connections. The hidden layers then link to an output layer. 

 

 

 

 

Figure (2.2): Multilayered Artificial Neural Network 
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Most artificial neural networks contain some forms of the learning 

rule that modifies the weights of the connections according to the input 

patterns that are presented. Also there are many types of training 

algorithms used by neural networks [72].  

The input function is normally given by equation (1). The unit under 

consideration, unit j, integrates or sums up the numerous input 

  

               net j =    wij xi         ……..………..… (2.1) 

 

where net j describes the result of the network inputs xi (weighted by the 

weights wij) impacting on unit j. These inputs can be stemmed from two 

sources; first, if unit j belongs to the hierarchically lowest layer of the 

neural network, the input layer, then they are caused by the environment. 

Second, if unit j belongs to a hierarchically higher layer of the neural 

network, such as the hidden layer or the output layer, then the inputs 

come from units below unit j in the hierarchy. Thus, in vector notation, 

the input function sums the inputs xi of its input vector x according to 

their "strengths", using the appropriate weights of a matrix W = {wij}.  

The output function given in equation (2) exhibits a great variety, and 

has the biggest impact on the behavior and performance of the neural 

network. The main task of the output function is to map the outlying 

values of the obtained neural input back to a bounded interval such as 

[0,1] or [-1, +1] [77]. Figure (2.3) shows some of the most frequently 

used output function. 

                O j = f (net j) = f (    wij xi)            .……………… (2.2) 

 

A neural network is characterized by its architecture and the learning 

algorithm used to train it.  


i


i
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Figure (2.3): Activation function, a. Step function b. Sigmoid function  

c. Hyperbolic tangent function 

 

2-2-2: Network Architecture: Two basic types of architecture can be 

distinguished, feed-forward and recurrent networks. In principle, each 

unit could be connected to all others (recurrent networks), while the feed-

forward types propagate information strictly only forward from the input 

to the output and are organized in layers (one input layer, one output 

layer, and at least one  so-called hidden layer, lying between the input and 

output layers). 
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The Hopfield network, the BAM (bidirectional associative memory) 

are recurrent networks. They handle non-linearities very well, but have a 

very limited memory, compared to the feed-forward type. A standard 

multi-layer feed-forward of neural network is best suited to use in the 

economic context because its ability to take into account a complex 

situation is much higher than those of the recurrent networks. Several 

algorithms determine synaptic weights to make the outputs match the 

desired result. A common example of such network is Multilayer 

Perceptron [30]. 

 

2-2-3: Learning Strategies: An artificial network performs in two 

different modes, learning (or training) and testing. During learning, a set 

of examples is presented to the network. At the beginning of the training 

process, the network "guesses" the output for each example. However, as 

training goes on, the network modifies internally until it reaches a stable 

stage at which the provided outputs are satisfactory. Learning is simply 

an adaptive process during which the weights associated to all the 

interconnected neurons change in order to provide the best possible 

response to all the observed stimuli [48].  

Learning algorithms of neural networks are categorized into 

supervised learning and unsupervised learning.  

Supervised learning algorithms adjust synaptic weights using     

input-output data to match the input-output characteristics of a network to 

the desired characteristics. The most frequently used algorithm is the 

backpropagation algorithm. 

Unsupervised learning algorithms use the mechanism that changes 

synaptic weight values according to the input values to the network, 

unlike supervised learning, which changes the weights according to 

supervised data for the output of the network. Since the output 
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characteristics are determined by the neural network itself, this 

mechanism is called self-organization. Hibbian learning and competitive 

learning are representative of unsupervised learning algorithms [30]. 

In both cases, once the network has reached the desired performance, 

the learning stage is over and the associated weights are frozen. The final 

state of the network is preserved and it can be used to classify new, 

previously unseen inputs.  

At the testing stage, the network receives an input signal and 

processes it to produce an output. If the network has been correctly learnt, 

it should be able to generalize, and the actual output produced by the 

network should be almost as good as the ones produced in the learning 

stage for similar inputs [48].  

 

2-3: Fuzzy Systems 

2-3-1: Fuzzy Logic: A fuzzy system is a system that utilizes fuzzy set 

theory and its operations to solve a given problem.  

If conventional methods of information processing fail, or if they are 

too expensive, or inefficient, fuzzy logic allows to build up models of a 

process from expert knowledge and experience even if there is no exact 

theoretical model. It can handle imprecise and vague knowledge [50]. 

Fuzzy logic (FL) was developed by Zadeh in the mid 1960s to 

provide a mathematical basis for human thinking [80]. It uses fuzzy set 

theory, in which a variable is a member of one or more sets, with a 

specified degree of membership [83]. 

FL and fuzzy sets are effective tools for modeling complex 

mathematical problems with parameters that demonstrate uncertainty. 

Many current applications benefit from using fuzzy logic. Extensive 

research has led to the creation of fuzzy logic software tools used to 

model and create solution to many types of problems. 
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Historically, developing the number of members in a set and their 

associated membership functions was a task that required expert 

knowledge of the application area [92].  

FL, a superset of Boolean logic that supports the concept of partial 

truth, is an approximate reasoning technique rather than exact reasoning 

used in situations where information is imprecise or incomplete.   

It is clear that fuzzy methods are useful as both an analytical and 

descriptive tool in problem domains that are characterized by uncertainty 

and fuzziness [12]. 

Since the introduction of the basic methods of fuzzy reasoning and 

the success of their first application to fuzzy control, FL has been widely 

studied. However, certain important problems still remain, including: 
 

� The selection of the fuzzy rule base. 

� The subjective definitions of the membership functions. 

� The selection of the variables of the system. 

the design of a fuzzy system involves the structure of the rules of the 

system, and the membership function parameters [31]. 

A large number of contributions have recently been devoted to 

modeling nonlinear systems using fuzzy logic controllers. In practice, 

many industrial problems have been successfully solved using fuzzy logic 

controllers, which have been provided to be universal approximates under 

very weak assumptions and they represented human knowledge or 

experiences as fuzzy rules.  

Rule-based systems are often applied to the classification of problems 

in fault detection, biology, medicine, etc. FL improves classification and 

decision support systems by allowing the use of overlapping class 

definitions and improves the interpretability of the results by providing 

more insight into the classifier structure and decision making process[28].  
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Fuzzy logic systems have been used successfully in a large number of 

applications, some of these are automobiles, business, consumer 

products: washing machines, electric shaves, dishwashers, automatic 

transmission, speed controls, air conditioners, etc….[32].  

More complex fuzzy controllers have been employed in controlling 

groups of elevators, trains of subway systems, traffic in cities and various 

industrial processes [91].     

 

2-3-2: Fuzzy Sets: Fuzzy sets were introduced by Zadeh as a means of 

representing and manipulating data that was not precise but rather fuzzy. 

A fuzzy subset A of a set X can be defined as a set of ordered pairs;  

each with the first element from X, and the second element from the 

interval [0,1], with exactly one ordered pair present for each element of 

X. This defines a mapping, (µA), between elements of the set X and 

values in the interval [0,1]. The value zero is used to represent complete 

non-membership, the value one is used to represent complete 

membership, and values in between are used to represent intermediate 

degrees of membership. The set X is referred to as the universe of 

discourse for the fuzzy subset A . Frequently, the mapping µA is 

described as a function, the membership function of A . The degree to 

which the statement "X is in A" is true is determined by finding the 

ordered pair (x, µA(x)). The degree of truth of the statement is the second 

element of the ordered pair [78]. 

Fuzzy sets come with fuzzy set operators, which are usually specified 

on the basis of their operand’s membership functions [25]. 

Three major classes of fuzzy operators exist. These are T-norms,          

T-conorms, and compensatory operators. T-norms are intersection 
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operators, T-conorms are union operators, and the compensatory 

operators lie between the intersection and union operators [50]. 

Three basic fuzzy operations, AND, OR and NOT are defined as 

follows:  

µA AND B( x) = µA(x)  µB(x) = min{µA(x), µB(x)} 

µAORB(x)     =  µA(x)  µB(x) = max{µA(x), µB(x)} 

 µNOTA(x)   = ¬µA(x)  = 1-µA(x)  
 

where A and B are fuzzy variables. Using such fuzzy operators, one can 

combine fuzzy variables to form fuzzy logic expressions [10]. 

Several types of membership function can be used. The form of 

membership function is dependent on the structure of the corresponding 

fuzzy set [83]. In general, the shape of membership function depends on 

the application and can be monotonous, trapezoidal, triangular, Gaussian, 

etc., as shown in Figure (2.4) [38]. 

 
 

Figure (2.4): Several types of membership function  
 
 

2-3-3: Fuzzy Linguistic Terms: Each fuzzy item has a name to refer to 

it. This is the name of a property of an item that will be stated in 

linguistic terms. Linguistic can be: small, medium, big, hot, late, deep, 

dark and so on. They are all adjectives that describe a single property like 

the size, temperature, altitude, etc., of an item such as a person, a piece of 

wood, the air outside, or a mountain [50]. 
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2-3-4: Fuzzy Linguistic Variables: The properties that are of interest for 

a task description are represented by linguistic variables. These are 

variables that can take a certain values represented by a number of fuzzy 

sets. At the declaration of a linguistic variable, the possible linguistic 

terms are declared, and for these terms, the corresponding fuzzy sets are 

defined. With this, the allowed value range is also defined [50]. 

 

2-3-5: Fuzzy Rules: The principal idea of fuzzy logic systems is to 

express human knowledge in the form of linguistic if-then-rules. Every 

rule has two parts: 

 Antecedent part (premise), expressed by  if... 

 Consequent part, expressed by then… 

the antecedent part is the description of the state of the system, which 

should turn on the rule, and the consequent is the action that the operator 

who controls the system must take. There are several forms of                  

if-then-rules. The general one is: 
 

If  a set of conditions is satisfied  then  a set of consequences can be inferred   
 

every control rule is implemented by a fuzzy implication (fuzzy relation) 

and there are many ways in which the fuzzy implication may be 

defined[38]. 

Most fuzzy inference systems can be classified into three types: 

Type1: Singleton-type  if-then-rules are used 

 The overall output is the weighted average of each rule crisp output 

introduced by the rule’s firing strength (the product or minimum of the 

degrees of match with the premise part) and output membership 

functions, for example: if velocity is high then force = k    ( velocity)2 

Where high in the premise part is a linguistic label, and the consequent 

part is described by a non-fuzzy equation of the input variable, velocity. 
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Type2: Mamdani-type  if-then-rules are used  

The overall fuzzy output is derived by applying "max" operation to 

the qualified fuzzy outputs (each of which is equal to the minimum of 

firing strength and output membership function of each rule). 

Various schemes have been proposed to choose the final crisp output 

based on the overall fuzzy output. Some of them are center of area, 

bisector of area, mean of maxima, maximum criterion, etc. 

For example:  if pressure is high then volume is small  

where pressure and volume are linguistic variables, high and small are 

linguistic values that are characterized by membership functions.   
 

Type 3: Takagi and Sugeno’s fuzzy  if- then-rules are used  

The output of each rule is a linear combination of input variables plus 

a constant term, and the final output is the weighted average of each rules 

output. For example:  if x is A1 and y is B1 then z= ax + by + c   

Figure (2.5) utilizes a two-rule, two-input fuzzy inference system to 

show different types of fuzzy rules and fuzzy reasoning [42]. 

 
Figure (2.5): Commonly used fuzzy if-then rules and fuzzy reasoning 

mechanisms 
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2-3-6: Fuzzy Inference Systems: The fuzzy inference system is a 

popular computing framework based on the concepts of fuzzy set theory, 

fuzzy if-then rules, and fuzzy reasoning. It has been successfully applied 

in fields such as automatic control, data classification, decision analysis, 

expert systems, and computer vision. The fuzzy inference system is 

known by a number of names, such as fuzzy-rule-based system, fuzzy 

expert system, fuzzy model, fuzzy logic controller, and simply fuzzy 

system. 

The basic structure of a fuzzy inference system consists of three 

conceptual components: a rule base, a database or dictionary, and a 

reasoning mechanism [41].  

Basically a fuzzy inference system is composed of five functional 

blocks as shown in Figure (2.6). 
 

 A rule base containing a number of fuzzy if-then rules. 

 A database, which defines the membership functions of the 

fuzzy sets used in the fuzzy rules. 

 A decision-making unit which performs the inference operations 

on the rules. 

 A fuzzification interface which transforms the crisp inputs into 

degrees of match with linguistic values. 

 A defuzzification interface which transforms the fuzzy results of 

the inference into a crisp output.  

usually, the rule base and the database are jointly referred to as the 

knowledge base. 
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Figure (2.6): Fuzzy inference system 
 

The steps of fuzzy reasoning performed by fuzzy inference systems 

are: 

1. Comparing the input variables with the membership functions on the 

premise part to obtain the membership values of each linguistic label.   

2. Combining the membership values on the premise part to get firing 

strength of each rule through a specific T-norm operator.                                                

3. Generating the qualified consequent, either fuzzy or crisp, of each rule 

depending on the firing strength. 

4. Aggregating the qualified consequents to produce a crisp output [42]. 

 

2-4: Fuzzy Expert Systems 

Fuzzy logic concepts have been used in several expert systems for 

knowledge representation and reasoning. Many of them are used in 

medical applications [46]. 

A great number of expert systems use FL for their derivations and 

calculation. Many of them are medical applications. FL as part of such a 

system, can improve the practical applicability through its handling of 

imprecise knowledge. Expert systems that handle imprecise knowledge in 
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this way and are able to learn and become experience can be at least as 

competent as inexperienced experts. They are probably more stable and 

have higher availability [50].  

  You can find a larger and much more powerful application of fuzzy 

logic in the expert and decision support systems. These generation 

systems fuse FL, production rules, and a wide spectrum of inferencing 

techniques. Coupling FL with expert system technology provides a 

mechanism for producing fuzzy models that address important classes of 

problems in information decision support. Fuzzy expert systems model 

the words in terms of the semantics associated with the underlying 

variables, thus providing a much closer relationship between real world 

phenomena and computer models [18]. 

Fuzzy expert systems models are capturing expertise similar to the 

way it is represented in the expert mind, and thus improve cognitive 

modeling of the problem. The system merges the rules, making them 

more powerful. Lotfi Zadel believes that in a few years most expert 

systems will use fuzzy logic to solve highly nonlinear and 

computationally difficult problems [35]. 

 

2-5: Genetic Algorithms 

2-5-1: Definition: Genetic algorithms (GAs) were first extensively 

described by John Holland. They were later developed by several people, 

including David Goldberg [27], and have since been extensively 

investigated for a variety of application areas, including engineering, art 

and artificial intelligence [56] [37]. 

GAs are especially appropriate for the optimization in a large search 

space [57]. An attractive feature of GAs is their high efficiency in dealing 

with difficult combinatorial search problems without being stuck in local 

extrema through their parallel exploration of the search space [47]. 
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GA is started with a set of solutions (represented by chromosomes) 

called population. Generally, the initial population is generated randomly. 

Solutions from one population are taken and used to form a new 

population. This is motivated by the hope that the new population will be 

better than the old one. Solutions which are selected to form new 

solutions (offspring) are selected according to their fitness                         

– the more suitable they are the more chances they have to reproduce – . 

This is repeated until some condition is satisfied [49].   

 

2-5-2: Components of Genetic Algorithms: GAs are an adaptive search 

procedure derived from the principles of natural population genetics. To 

apply a Genetic algorithm to any practical problem, seven components 

are required [81] :  

 

1.  A structure (chromosomal) representation of a solution to the problem. 

2. An evaluation (objective function) of individuals in terms of their 

‘fitness’. 

3.  A method to initialize the population of candidate solutions. 

4. Values of parameters which the genetic algorithm uses (population 

size, crossover rate, etc.). 

5. Genetic operators which produce new sets of individuals. 

6. Selecting mating pool for the next generation. 

7. Termination criteria for the genetic algorithm. 

 

 

 

 

 



Chapter Two______________________________________________Artificial Intelligence and Soft Computing   

30 

2-5-3: The Basic Structure and Operators of a genetic algorithm: The 

basic steps of genetic algorithm are:   

 
 t=0 
 compute initial population B0; 

while stopping condition not fulfilled DO 
BEGIN 
 select individuals for reproduction; 
 create offsprings by crossing individuals; 
 
 
 
 
 

 

As obvious from the above algorithm, the transition from one 

generation to the next consists of the following steps: [88]  

 Selection: It is a mechanism for selecting individuals for 

reproduction according to their fitness. There are many methods of 

how to select the best chromosomes such as roulette wheel selection, 

rank selection, steady state selection and some others. 

 Crossover: It is a method of merging the genetic information of 

two individuals. Genetic algorithm calculates whether crossover 

should take place using a parameter called the crossover probability. 

This is simply a probability value  P  and is calculated by flipping a 

weighted coin. The value of  P is set by the user. If the genetic 

algorithm decides not to perform crossover, the two selected strings 

are simply copied to the new population. If crossover does take place, 

then a random splicing point is chosen in a string, the two strings are 

spliced and the spliced regions are mixed to create two new strings. 

These child strings are then placed in the new population [76]. Some 

crossover types are: single point and two point crossover, uniform 

crossover, arithmetic and simplex crossover [30]. 

t=0 
 compute initial population B0; 

while stopping condition not fulfilled DO 
BEGIN 
 select individuals for reproduction; 
 create offspring by crossing individuals; 
  eventually mutate some individuals; 
 compute new generation. 
END  
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 Mutation can be realized as a random deformation of the string 

with a certain probability. The positive effect is the preservation of 

genetic diversity and, as an effect, that local maxima can be avoided. 

Genetic algorithm has a mutation probability, M, which dictates the 

frequency at which mutation occurs. For each string element in each 

string in the mating pool, the algorithm checks to see if it should 

perform a mutation. If it should, it randomly changes the element 

value to a new one. There are several types of mutation: bit inversion, 

order changing, adding a small number, etc.[76]. 

 Evaluation: In this step the fitness of the new chromosomes is 

evaluated.  

 Replacement: It is a method that determines which of the 

individuals from the old population are killed and replaced by the new 

solutions. Basically, there are two kinds of methods for maintaining 

the population, generational updates and steady state updates.  

The basic generational update scheme in producing N children from a 

population of size N to form the population of the next generation, and 

this new population of children completely replaces the parent 

selection. This kind of update implies that an individual can only 

reproduce with individuals from the same generation. 

In steady state update, new individuals are inserted in the population as 

soon as they are created, as opposed to the generational update where 

an entire new generation is produced at each time step. The insertion of 

a new individual usually necessitates the replacement of another 

population member. The individual to be deleted can be chosen as the 

worst member of the population or as the oldest member of the 

population. 

 Convergence: Genetic algorithms can’t be expected to stop 

spontaneously on the global optimum solution as if by magic. They 
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can’t even be guaranteed to find the global optimum solution. So, 

evolution has to be stopped at some point according to a 

predetermined criterion. In fact there are many ways to decide to stop 

the algorithm. The simplest one is to stop evolution after a fixed 

number of iterations. A better solution consists of continuing the 

iteration for as long as any improvements are noticeable. Finally we 

can also wait until most or all of the members of the population are 

similar or identical [76].  

 

2-6: Hybrid Intelligent Systems  

2-6-1: Hybrid Systems Architectures: The complexity and the 

dynamics of many real-world problems require sophisticated methods and 

tools for building intelligent information systems. Such systems should 

be able to learn and deal with different types of data and knowledge 

through interaction with the environment in an incremental way [64]. 

Intelligence is usually associated with such characteristics as the 

ability to communicate ideas and thoughts through language, pattern 

recognition, learning from structured and unstructured experience and 

successful generalization, dynamic adaptation to new data and situation, 

reasoning and decision making based on uncertainty [65].  

We broadly classify the various hybrid intelligence system (HIS) 

architectures into four different categories based on the systems’ overall 

architecture: 

1. Stand-Alone Architecture 

Stand-alone models of HIS applications consist of independent 

software components which do not interact in anyway. Developing 

stand-alone systems can have several purposes. First they provide 

direct means of comparing the problem solving capabilities of different 

techniques with reference to a certain application. Running different 
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techniques in a parallel environment permits a loose approximation on 

integration. Stand-alone models are often used to develop a quick 

initial prototype while a more time-consuming application is 

developed. Figure (2.7) displays a stand-alone where neural network, 

fuzzy logic and expert systems are being used separately. 

Some of the benefits are simplicity and ease of development using 

commercially available software packages. On the other hand, stand-

alone techniques are not transferable, neither can they support the 

weakness of the other techniques. 

 

 
         

Figure (2.7): Stand Alone Architecture 
 
 

2. Transformational Hybrid Architecture 

In a transformation hybrid model the system begins as one type of 

system and ends up as another. Determining which technique is used 

for development and which is used for delivery is based on the 

desirable features that the technique offers. 

Expert Systems and ANNs have proven to be useful 

transformational models. Variously, either the expert system is 

incapable of adequately solving the problem, or the speed, adaptability, 

and robustness of neural network are required. Knowledge from the 

expert system is used to set the initial conditions and training set for 

ANN. Figure (2.8) shows the interaction between an ANN and expert 

system in a transformational hybrid model. 

ANN  FL  Expert 
System 
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Transformation hybrid models are often quick to develop and 

ultimately require maintenance on only one system. Models can be 

developed to suite the environment and offer many operational 

benefits. Unfortunately, transformational models are significantly 

limited. Most of the developed models are just application oriented. 

For a different application, a totally new development effort might 

be required. A fully automated means of transforming an expert system 

to ANN and vice versa is required. 

   

Figure (2.8): Transformational Hybrid Architecture 

 

 

3. Hierarchical Hybrid Architectures 

The architecture is built in a hierarchical fashion, associating a 

different functionality with each layer. The overall functioning of the 

model will depend on the correct functioning of all the layers.       

Figure (2.9) demonstrates hybrid architecture involving an ANN, GA 

and Expert system. ANN uses a GA to optimize its topology and the 

output is fed directly to an expert system, which then creates the 

desired output. Possible error in one of the layers will directly affect 

the desired output. 

 

 

Neural Network Expert  System 
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Figure (2.9): Hierarchical Hybrid Architecture 

 

4. Integrated Hybrid Architectures  

Fused architectures are the first true form of integrated intelligent 

systems. These models include systems which combine different 

techniques into one single computational model. They share data 

structures and knowledge representations. Using ANN and FL, some of 

the major works in this area are, Adaptive Network based Fuzzy 

Inference System (ANFIS) [36][42], NEFCON [60], NFCASS [62], 

NEFPROX [61], FUN [85], SONFIN [39], FINEST [87], FuNN [43], 

EfuNN [44], dmFuNN [45], and many others. 

The benefits of fused architecture include robustness, improved 

performance and increased problem-solving capabilities. Finally, fully 

integrated models can provide a full range of capabilities such as 

adaptation, generalization, noise tolerance and justification. Fused 

systems have limitations caused by the increased complexity of the 

inter-module interactions and specifying, designing, and building fully 

integrated models is complex [1].    

 

ANN GA 

Expert  System 
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2-6-2: Neuro-Fuzzy Systems: Neural network and FL are the most 

successful combination of intelligent techniques in modern literature 

around artificial intelligence, also called as neuro-fuzzy systems. These 

systems have shown a high rate of success when applied in complex 

domains of application, either when fuzzy set theory is the heart of such a 

system, or when the neural mechanism is the dominant component in the 

architecture. 

The main principle of this combination, as seen by a neural network 

expert, can be roughly described as the adoption of fuzzy functions in 

neural network nodes. On the other hand, a fuzzy system’s expert may 

realize a neural-like training for the membership functions of a fuzzy 

system [26].  

The non-linear functional mapping properties of neural networks and 

neuro-fuzzy systems are central to their use in control [23]. 

The relation between neural networks and linguistic knowledge is     

bi-directional [ 26 ]. Therefore: 
 

1. Neural network-based classification systems can be trained by 

numerical data and linguistic knowledge and. 

2. Fuzzy rule-based classification systems can be designed by linguistic 

knowledge and fuzzy rules extracted from neural networks. 
 

FL and neural systems have very contrasting application 

requirements. Fuzzy systems are appropriate if sufficient expert 

knowledge about the process is available, while neural systems are useful 

if sufficient process data are available or measurable. Both approaches 

build nonlinear systems based on bounded continuous variables. The 

difference being that neural systems are treated in a numeric quantitative 

manner, whereas fuzzy systems are treated in a symbolic qualitative 

manner [86]. 
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The key advantage of neural fuzzy approach over traditional ones lies 

in the fact that the former does not require a mathematical description of 

the system while modeling. Moreover, in contrast to pure neural or fuzzy 

methods, the neural fuzzy method possesses both of their advantages; it 

brings the low-level learning and computational power of neural 

networks into fuzzy systems and provides the high level, human-like 

thinking and reasoning of fuzzy systems into neural networks [11]. 

In order to compensate the disadvantages of one system with the 

advantages of another system, several researches tried to combine fuzzy 

systems with neural networks and very often this depended on the 

application [4]. 

Based on the type of fuzzy inference method used, we can classify 

neuro-fuzzy systems into two different types. Neuro-fuzzy systems 

implementing Mamdani and Takagi Sugeno fuzzy inference systems 

(FIS) [3]. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure (2.10):  A) Mamdani Neuro-Fuzzy system        
                                 B) Takagi Sugeno Neuro-Fuzzy system 

A B 
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 Neuro-Fuzzy System (Mamdani FIS) 

Referring to Figure (2.10.A), the detailed functioning of each layer is 

as follows [2]: 

Layer 1 (input layer) 

 No computation is done in this layer where each node which 

corresponds to one input variable, only transmits input values to the next 

layer directly. The link weight in layer 1 is unity. 

Layer 2 (fuzzification layer)  

Each node in this layer corresponds to one linguistic label (excellent, 

good, etc) to one of the input variables in layer 1. In other words, the 

output link represents the membership value which specifies the degree to 

which an input value belongs to a fuzzy set is calculated in layer 2. A 

clustering algorithm will decide the initial number and type of 

membership functions to be allocated to each of the input variables. The 

final shapes of the membership functions will be fine-tuned during 

network learning. 

Layer 3 (rule antecedent layer)  

A node in this layer represents the antecedent part of a rule. Normally 

a T-norm operator is used in this node. The output of a layer 3 node 

represents the firing strength of the corresponding fuzzy rule. 

Layer  4 (rule consequent layer) 

This node basically has two tasks. To combine the incoming rule 

antecedents and determine the degree to which they belong to the output 

linguistic label (high, medium, low, etc.) the number of nodes in this 

layer will be equal to the number of rules. 

Layer 5 (combination and defuzzification layer) 

This node does the combination of all the rules consequents using a       

T-conorm operator and finally computes the crisp output after 

defuzzification. 
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 Neuro-Fuzzy System (Takagi-Sugeno FIS) 

Referring to Figure (2.10), the detailed functioning of each layer is as 

follows [2]: 

Layers 1,2 and 3 function the same way as Mamdani FIS. The complete 

functioning of the remaining layers is as follows: 

Layer 4 (rule strength normalization) 

Every node in this layer calculates the ratio of the i-th rule’s firing 

strength to the sum of all rules firing strength.                                               

                                                          ...…… (2.6) 
 

Layer 5 (rule consequent layer) 

Every node I in this layer is with a node function  

 
                                        fi =      (pi x1 + qi x2 + ri)           .……… (2.7) 
 
where    is the output of layer 4, and { pi, qi, ri } is the parameters set. A 

well-established way is to determine the consequent parameters using the 

least mean square algorithm as used in ANFIS.  

Layer 6 (rule inference layer) 

The single node in this layer computes the overall output as the 

summation of all incoming signals: 

 
                                                              wi fi 

       Overall output =            =         .……… (2.8)  
                             wi 

 
 

 Learning in Fused Neuro-Fuzzy Systems 

Takagi-Sugeno neuro-fuzzy systems make use of a mixture of     

back-propagation to learn the membership functions and the least mean 

square estimation to determine the coefficients of the linear combinations 

in the rules conclusions. A step in the learning procedure has two parts. In 
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the first part the input patterns are propagated, and the optimal conclusion 

parameters are estimated by an iterative least mean square procedure, 

while the antecedent parameters (membership functions) are assumed to 

be fixed for the current cycle through the training set. In the second part 

the patterns are propagated again, and in this epoch, back-propagation is 

used to modify the antecedent parameters, while the conclusion 

parameters remain fixed. This procedure is then iterated. A Mamdani 

neuro-fuzzy system uses a supervised learning technique                          

(back-propagation learning) to learn the membership function [2].    

 

 ANFIS Neuro-Fuzzy Model 

Adaptive Neuro-Fuzzy Inference System (ANFIS) belongs to the 

class of rules extracting systems [15], where rules are extracted at the 

level of individual nodes within the neural network and then aggregating 

these rules to form global behavior descriptions. In ANFIS, the main 

steps of a fuzzy inference i.e, fuzzyfication of input physical variables 

and computation of the degree of satisfaction of the variable linguistic 

terms, followed by the conjunction of the premises (if there is more than 

one) as well as the actual fuzzy inference, concluding (if needed) with 

defuzzification, are realized in sequentially ordered layers of neural 

network with an architecture such that the weights to be adjusted in the 

network have a meaning as parameters of the rules to be extracted. 

ANFIS assumes that the premises will be conjuncted by means of T-

norms. Furthermore, since in order to apply the gradient descent 

algorithm every single transfer function on input-output paths must be 

differentiable, the T-norm product has been always used [14]. 
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2-6-3: Genetic Algorithms and Neural Networks: GAs and NNs are 

both inspired by computation in biological systems. GAs have been used 

in conjunction with neural networks in three major ways [73]. 

First, they have been used to set the weights in fixed architectures. 

This includes both supervised learning applications and reinforcement 

learning applications. In related work, a genetic algorithm has been used 

to set the learning rates, which in turn are used by other types of learning 

algorithms. Genetic algorithms have also been combined with more 

traditional forms of gradient based search. 

Second, genetic algorithms have been used to learn neural network 

topologies. When evolving neural network topologies for function 

approximation, this includes the problem of specifying how many hidden 

units a neural network should have and how the nodes are connected. 

A third major application is the use of genetic algorithms to select 

training data and to interpret the output behavior of neural networks 

[55][17]. 

 

2-6-4: Genetic Fuzzy Systems: GAs are used in the development of a 

wide range of methods for designing fuzzy systems. GAs are known to be 

capable of finding near optimal solutions in complex search spaces. A 

priori knowledge may be in the form of linguistic variables, fuzzy 

membership function parameters, fuzzy rules, number of rules, etc. [24] 

[29]. 

GAs properties are used to design and optimize fuzzy systems. GAS 

are applied to modify/learning the data base (DB) and/or the rule base 

(RB), and it is possible to distinguish three different groups of genetic 

fuzzy systems depending on the knowledge base components (DB and 

RB) included in the genetic learning process. 
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Genetic definition of the database: The tuning of the fuzzy rule 

membership functions is an important task in the design of fuzzy systems. 

The tuning method using GAs fits the membership functions of the fuzzy 

rules dealing with their parameters according to a fitness function. 

 

Genetic derivation of the Rule Base: All the methods belonging to this 

family suppose the existence of a collection of fuzzy sets giving meaning 

to the labels, a DB. These methods present learning approaches of the 

RB, using different representations list of rules, decision tables, etc. 

   

Genetic learning of the Knowledge Base: There are many approaches for 

the genetic learning processes of a complete knowledge base, fuzzy rules 

and membership functions. We find approaches presenting variable 

chromosome lengths, others coding a fixed number of rules and their 

membership functions, etc. [21] [22]. 
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Chapter Three 
 

 Image Processing and Analysis  
(Basic Concepts) 

 

 
3-1: Image representation  

Images are pictures, a way of recording and presenting information 

visually. Pictures are important to us because they can be an 

extraordinarily effective medium for the storage and communication of 

information. 

The optics of an imaging system will focus a continuous,                

two-dimensional pattern of varying light intensity and color onto a 

sensor. The pattern is defined in a coordinate system whose origin is 

conventionally defined as the upper-left corner of the image. We can 

describe the pattern by a function, f(x,y). For monochrome images, the 

value of the function at any pair of coordinates  x and y, is the intensity of 

the light detected at that point. In the case of color images,  f(x,y) is a 

vector valued function. 

The function f(x,y) must be translated into a discrete array of 

numerical data, if it is to undergo computer processing. This digital 

representation is only an approximation of the original image, but that is 

the price we must pay for the convenience of being able to manipulate the 

image using a computer. Translation of f(x,y) into an appropriate 

numerical form is accomplished by the processes of sampling and 

quantisation. 

Sampling is the process of measuring the value of the image function 

f(x,y) at discrete intervals in space. Each sample corresponds to a small 

square area of the image, known as a pixel. A digital image is                   
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a two-dimensional array of these pixels. Pixels are indexed by x and y 

coordinates, with x and y taking integer values. 

Spatial resolution of an image is the physical size of a pixel in that 

image, i.e., the area in the scene that is represented by a single pixel in the 

image. For a given field of view, dense sampling will produce a high 

resolution image in which there are many pixels, each of which represents 

the contribution of a very small part of the scene. Coarse sampling, on the 

other hand, will produce a low resolution image in which there are few 

pixels, each representing the contribution of a relatively large part of the 

scene to the image [63]. 

Quantisation, It is usual to digitize the values of the image function, 

f(x,y) in addition to its spatial coordinates. This process of quantisation 

involves replacing a continuously varying  f(x,y) with a discrete set of 

quantisation levels. The accuracy with which variations in f(x,y) are 

represented is determined by the number of quantisation levels that we 

use, the more levels we use, the better the approximation. 

Gray level model, Quautisation levels are commonly referred to as 

gray levels. The collective term for all the gray levels, ranging from black 

to white, is a grayscale. For convenient and efficient processing by a 

computer, the number of gray levels, n, is usually an integral power of 

two. We may write n=26, 6   is the number of bits used for quantisation. 

Color RGB model, much of our technology for creating and 

displaying color is on the empirical observation that a wide variety of 

colors can be obtained by mixing red, green and blue light in different 

proportions. For this reason, red (R), green (G) and blue (B) are described 

as the primary colors of the additive color system. A color image can be 

formed by making three measurements of scene brightness at each pixel, 

using the red, green and blue components of  the detected light. In a color 
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image conforming to the RGB model, the value of f(x,y) is a vector with 

three components, corresponding to R, G and B. 

Since each of the three components -red, green and blue- is normally 

quantised using 8 bits, an image made up of these components is 

commonly described as a 24-bit color image. Because each primary color 

is represented to a precision of  1 part in 256, we can specify an arbitrary 

color to a precision of about 1 part in 16 million, that is, around 16 

million colors are available in a  24-bit image [63]. 

 

3-2: Processing of an Image 

Computer vision is the processing of image data for use by a 

computer [82]. It is a form of computer imaging where a computer 

processes visual information directly, examining images and acting on the 

result. Computer vision can be split into two primary tasks, that of image 

acquisition and that of image analysis. 

Image acquisition is the process of capturing an image and converting 

it to a format capable of being manipulated by the computer. Today this is 

seen a trivial task, with many image acquisition systems being readily 

available on the commercial market, covering a broad range of 

performance requirements (high and low resolution, speed, color 

definition, etc).  

Image analysis is the process of manipulating the acquired image to 

extract higher level information for computer analysis or manipulation. 

The image analysis process can be seen as having three main stages (see 

Figure 3.1) preprocessing, data reduction and feature analysis. 
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Figure (3.1): DHSTCCD Image Analysis Process 
 
Preprocessing techniques are used to make the main data reduction 

task simpler. These techniques include extracting regions of interest, 

basic algebraic operations on images and removing artifacts from images.      

The second stage of the image analysis process, data reduction, involves 

either reducing the data in the spatial domain, or transforming it into the 

frequency domain, or both [82]. The image information may be filtered 

after these processes, further reducing the data and allowing the 

extraction of the features required for analysis. 

Feature extraction, the final step in the image analysis process, is the 

process of extracting the particular subset of the information in the image 

that is useful for solving the particular problem at hand. The object 

features of interest may include geometric properties of binary images. 

Geometric features such as edges and curves are often useful in matching 

images in the presence of grayscale distortion [79]. 

A feature vector is a representation of an image as an n-dimensional 

vector containing the values associated with these object features. These 

values may be ordinal, nominal or continuous numerical. Representing 

the important information in an image as a feature vector has the 

advantage of significantly reducing the amount of data. Images that 

require many kilobytes, often megabytes, of storage can often have their 

features of interest represented in a feature vector of only a few bytes or 

tens of bytes [5].  
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3-3: Image Segmentation 

3-3-1: The Basic concepts: Image segmentation is important in many 

computer vision and image processing applications. The goal of image 

segmentation is to find regions that represent objects or meaningful parts 

of objects [82]. It can also be regarded as a process of grouping together 

pixels that have similar attributes. Segmentation is generally the 

important stage in any attempt to analyze or interpret an image 

automatically.  

An image segmentation is the partition of an image into a set of non-

overlapping regions whose union is the entire image. The purpose of 

image segmentation is to decompose the image into parts that are 

meaningful with respect to a particular application. Generally, image 

segmentation systems follow the rules below: 
 

� Regions of an image segmentation should be uniform and 

homogeneous with respect to some characteristics. 

� Region interiors should be simple and without any small holes. 

� Adjacent regions of a segmentation should have significantly 

different values with respect to the characteristics on which they are 

uniform. 

� Boundaries of each segment should be simple, not ragged and must 

be spatially accurate [13]. 
 

Image segmentation algorithms are generally based on one of two 

basic properties of intensity values discontinuity and similarity. In the 

first category, the approach is to partition an image based on abrupt 

changes in intensity, such as edges in an image. The principal approaches 

in the second category are based on partitioning an image into regions 
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that are similar according to a set of predefined criteria. Thresholding, 

region growing, and splitting and merging are examples of methods in 

this category [74]. 

Many methods have already been presented for the segmentation of 

gray-level or color image. Generally, segmentation methods may be 

divided into four groups: edge-based, neighborhood-based, histogram-

based and cluster-based methods. Edge-based methods search for 

discontinuities in the image while neighborhood-based employ the 

similarity between different image regions. Examples are edge following 

and region growing algorithms on the other hand, histogram-based and 

cluster-based segmentation methods consider individual image pixels as 

general data samples [70]. 

 

3-3-2: Histogram Analysis: The most basic segmentation procedure that 

may be carried out is thresholding of a gray level image. The success of 

this approach hinges upon whether suitable thresholds exist and whether 

they may be inferred from the image histogram. Thresholds may be 

applied globally across the image or may be applied locally so that the 

threshold varies dynamically across the image. 

Global methods try to find a single threshold value for the entire 

image, whereas the ones in adaptive methods is calculated based on the 

information obtained from a certain size of neighborhood, or certain 

reference domain within the input image. 

To set a global threshold or to adapt a local threshold to an area, we 

look at the histogram. Recall that a histogram is a probability distribution: 

P(g) = ng /N 

that is, the number of pixels   ng   having grayscale intensity  g  as a 

fraction  of the total number of pixels  N  [84]. 
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Otsu applies clustering analysis to find the optimal threshold value 

[69].    

3-3-3: Region Growing: Region growing algorithms start with a number 

of seed pixels or seed regions and grow these regions by adding to a 

region previously unassigned neighboring pixels that correspond to some 

similarity criterion for that region. 
 

3-3-4: Split-and-Merge algorithm: This method proceeds to 

successively divide an image into smaller non-overlapping regions if 

some similarity criterion is not met, otherwise no split of that region is 

made. The end result of the splitting is an over segmented image. A 

merging procedure is then applied to merge neighboring regions under 

the same homogeneity predicate that was used for splitting [71]. 
 

3-3-5: Pixels Classification for Segmentation: Image segmentation can 

be achieved by grouping together neighboring pixels that are similarly 

classified. The classification may be based on trained parameters 

(supervised classification) or based on clustering techniques 

(unsupervised classification). 

In the first, the user selects parts of area to be classified and allows 

the computer to learn from these. This is often known as the training 

phase. On the other hand, in unsupervised classification, the computer 

decides on the classes automatically.  

Pixels from the image are extracted to train the classifier to recognize 

patterns, which help differentiate the classes. Based on these patterns, the 

classifier creates discriminate functions to assign each pixel to a class in 

the feature space [52].  
  

3-3-6: Edge Based: Edge based methods consist of finding and tracking 

edges and borders in the image, and in some way connecting them to 
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create enclosed regions, using smoothed gradient operators and detect 

edges throughout a scale hierarchy [71]. 
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Chapter Four 
 

The Proposed Genetic Optimization Based Fuzzy 
Image Segmentation Algorithm (GOFISA) 

 
 
4-1: Introduction 

The present work focuses on the image analysis of cells derived from 

the urinary bladder epithelium from which TCC would arise. 

Some sub-regions in a microscopic image analysis are called the 

background, the cell, the cytoplasm and the nucleus of a cell. 

The delineation of the cell image into a cell nucleus and background 

is an essential component of an automatic computerized cell image 

analysis system in the proposed method. 

After an image have been captured, the problem of automatic 

recognition and classification of the cell has two main components. The 

First one is to be able to isolate the nucleus from the rest of the image. 

The Second one is to extract useful information from the segmented 

nucleus and use this information to separate them in various classes. 

In this work we have focused on the analysis of cell nuclei because 

most of the useful diagnostic information is associated with the cell 

nucleus. 

For a color image segmentation, we operate in the well known        

Red-Green-Blue (RGB) color space mode that represents each pixel in an 

image by the three-color components. We can group pixels of similar 

colors into the same class based on a certain (optimal) distance measure 

over the three-dimensional RGB color space. 

A popular segmentation scheme is image thresholding which can be 

regarded as pixel classification. The feature value is compared to the 
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threshold in order to map the pixel onto one of two groups corresponding 

to objects and background regions. 

 A reasonable way to perform thresholding is to maximize the 

difference between foreground and background. That is, find a threshold 

that maximizes the difference of the mean of the foreground and the mean 

of the background. This can be calculated from the histogram. 

Genetic algorithms are search algorithms, used for solving large scale 

optimization problems. GAs can be used with image segmentation 

technique based on threshold selection, to search for optimal threshold. 

Classical image segmentation techniques are effective when an image 

contains well-defined structures, such as edges and regular shapes, while 

do not perform nearly so well in the presence of ill-defined data. In such 

circumstances, the processing of such images that process ambiguities 

produces fuzzy regions. Fuzzy image segmentation techniques can cope 

with the imprecise data well. 

In the proposed method (GOFISA), the genetic algorithm has been 

used to obtain the optimal threshold value for the image segmentation 

using fuzzy data. 

 
4-2: Description of GOFISA Algorithm 

A major requirement of an automated computer vision-based cell 

tracking system is an efficient method for segmenting cell images. 

We have presented a two-stage segmentation approach for light 

microscope image of bladder cells. 

 

1- The first stage is to segment the region, which contains the cell and 

its neighboring background. 

2- The second stage is to segment the cell nucleus from the 

surrounding cytoplasm and background within the region. 
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Chapter Five 
 

Neuro-Fuzzy Classifier Model (NFCM) 
 
 
5-1: Introduction 

Clustering can be regarded as unsupervised learning. Given any finite 

data set X of objects, the problem of clustering in X is to assign object 

labels that identify natural subgroups in the set. Because the data are 

unlabeled, this problem is often called unsupervised learning.  

The objective is to partition X into a certain number (c) of natural and 

homogeneous subsets, where the elements of each set are as similar as 

possible to each other and simultaneously, as different from those of other 

sets as possible. Most clustering methods are related with a certain 

distance from the point to be clustered, to the center of the cluster.   

Pattern classifier can be regarded as supervised learning based on 

inductive inference. The learning algorithm is presented with a sequence 

of input-output pairs of the form (xi, yi), where xi is an input vector of size 

N and yi is the output associated with xi. 

The objective is to learn the function  f   that accounts for these 

examples. Then, given a new xi, we can determine the yi from   f   that 

most closely replicates the pattern examples. (Typically the yi’s represent 

the pattern classes and hence assume values from 1 to  c, where  c is the 

number of class in the domain). This thesis presents an intelligent hybrid           

neuro-fuzzy technique which is devoted to the applications of pattern 

classification. 

Modeling is the subject of constructing models. In fuzzy, neural or 

hybrid modeling, the model building is generally based on a set of    

input-output data or sequence of input output data, and the objective is 
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obtaining a system that minimizes the distance between its output and the 

corresponding data output.  

Fuzzy-Neural systems are neural networks that topologically or 

conceptually are structured as a rule based system with IF-THEN 

clauses. These systems are generally obtained through a two-step process, 

corresponding to the IF and THEN parts of the rules.  

The first step in defining a rule-like system is related with the 

definition of the number of rules and with the definition of the domain of 

each rule. This phase may be analyzed as a problem of unsupervised 

learning and solved by a clustering or a classification method. Once the 

number of rules is obtained, and the number of input and output variables 

is defined, the topology of the neural network is fixed. If the clustering 

method produces any kind of self-organizing structure, this first step will 

directly produce the IF parts of the rules. The system uses the defined 

clusters to tune the elements of the network that represent the IF part by 

applying a supervised learning method. 

In a rule-like connectionist system, a part of the connectionist 

structure (which plays the role of IF part) generates an activation value or 

truth-value for each THEN part. This value defines the membership 

function of a certain input to the domain of each rule, expressing these 

domains as fuzzy sets having the input space as the universe of discourse. 

The second step will produce the THEN part of the rules through a 

process of supervised learning based on an input-output data and an 

optimization function. The consequent THEN parts may have a fuzzy 

structure or a numerical structure (Mamdani or Takagi and Sugeno 

types). 

In a rule-like connectionist system, different parts of the connectionist 

structure play the role of  THEN parts, generating the output related with 

the corresponding rule. The output of the whole system is obtained by 
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Chapter  Six 
 

A Fuzzy Expert Decision System Design  
 

 
6-1: Introduction 

Deciding is the one essential activity of medicine. When starting to 

deal with a problem, the available information is often inaccurate, 

subjective, or not specific.  

The construction of expert systems for medical decision support 

requires an introspective attitude for problem formalization and 

considered solutions. This search gives us a better understanding of 

medical reasoning mechanisms and hence the necessity of considering 

uncertainty in medical diagnosis process in the expert system 

construction.    

Expert systems for medical diagnosis support are highly dependent on 

the quality of data. The data is collected during anamnesis and generally 

contains expressions that might be considered fuzzy, making it difficult to 

model them with conventional computational methods. In this context, 

fuzzy set theory is an interesting tool to deal with the representation of 

inaccurate medical entities. The structure of the Fuzzy Expert System for 

medical diagnosis is shown in Figure (6.1). 

The fuzzy expert system is an expert system that uses fuzzy logic 

instead of Boolean logic. Fuzzy logic essentially is a collection of 

membership functions and rules that are used to reason a bout the data. In 

each rule, there is a premise and a consequence. The premise is described 

by a fuzzy proposition and the consequence can be a fuzzy conclusion. 

A typical fuzzy expert system has more than one rule and the entire 

group of rules is collectively known as rule base or knowledge base. 

Next, we need an algorithm to apply this knowledge to specific values of 
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the output variables and this process is referred to as inferencing. In a 

fuzzy expert system, the inference process is a combination of four 

subprocesses: fuzzification, inference, composition and defuzzification. 

Figure (6.2) shows the block diagram of the fuzzy expert system. 

 
 

SYSTEM STRUCTURE 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Diagnosed    
Cases 

Database 

Medical 
Knowledge 

Base 

Fuzzy Analogy 
Inference Module Diagnostic 

Fuzzy 
Interpreter Interpretation 

System 

Medical Diagnostic 
Knowledge 

Pathologies 
and 

Symptoms 

Inference 
Module 

Fuzzy Data 
Interpreter 

Results 
Visualization

Symptom Presence 
 

 Symptom Featuring 

Patient 
DataBase 

Patient Data 
Documentary System 

Medical 
Information 

System  
Patient History 
Patient’s Symptoms 
Laboratory Tests 

Figure (6.1): The structure of the Fuzzy Expert System for medical diagnosis 
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Figure (6.2): The block diagram of the fuzzy expert system. 
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Chapter Seven 
 

System Implementation and Results 
 
 
7-1: Overview and Hardware Tools 

The designed system was carried out on 80 slide images collected 

from 80 patients, 100 cell images were isolated, half of these images were 

used in training and others as the test set. 

The images have size of  (640)(480) pixels with  24-bit RGB color. 

These images were obtained by using  1000x magnification on the 

Reichert Neovar (Austria) microscope and Twingle digital camera. 

The proposed system was implemented on a Pentium 4 personal 

computer with  128-MB  RAM, 40-GB Hard Disk, 23-MB card and 

monitor. Matlab  V.6.5 is chosen for implementing the system. 

 

7-2: The  DHSTCCD Algorithm  

The proposed system is composed of two main parts: The cell 

analysis phase which consists of three main stages (segmentation, feature 

extraction and cell classification) and the patient data analysis phase 

which is concerned with fuzzy expert system. 

The basic outlines of the proposed (DHSTCCD) system is illustrated 

in the flowchart of Figure (7.1). 

The following steps are suggested in a cell analysis phase:  

1- Preparation of cell specimens. 

2- Scanning and focusing of the specimen to make it accessible to a 

computer. 

3- Searching for cells to analyze. 

4- Segmentation of cells into nucleus and background. 
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Chapter Eight 
 

Conclusions and Future Works 
 

 
8-1: Conclusions 

In this thesis we have proposed a system for computerized diagnosis 

of Transitional bladder cell carcinoma, based on fuzzy-neural networks 

and fuzzy expert system. Artificial vision aims to replace the human 

vision in various areas. Image analysis and interpretation represent an 

essential phase in the chain of the vision process by computer. 
 

 GOFISA method has been proposed for the segmentation of 

the cells image into nuclei and background. The proposed method is 

based on genetic algorithm using fuzzy data. 

From the derived image a number of features can be measured. The 

measurements describe features of nucleus in the image. 

The cell measurement program is designed to measure single cells or 

objects and evaluate the data statistically.    

Several variables observable in microscopic images are amenable to 

morphometric features analysis. The most widely applied are size 

measurement of individual cells, shape, etc. 

Computerized image analysis allows accurate and objective 

evaluation of nuclear morphology showing, for example, that the increase 

in nuclear size is detected more frequently in carcinomas than in         

non-malignant cells. 

Shape (Compactness ratio) measurement in this study is based on 

morphometric analysis using size and perimeter data. Increasing 

abnormalities and irregularities of nuclear features has been reported in 

Transitional Bladder cell carcinoma. 
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Photometric features are also used in the building of this system and the 

mean intensity is the most commonly used feature.  
 

 Hybrid systems combining fuzzy logic, artificial neural 

network, genetic algorithm and expert system have been developed. 

Fuzzy neural network model (neuro-fuzzy) used a learning process to 

learn some parameters of the fuzzy system. Neural networks and fuzzy 

systems are no longer separated. 

In this work an NFCM with a two-phase hybrid learning scheme was 

developed to improve the automatic classification of TCC, employing 

nuclear features.  

The main features and advantages of the developed network are: 

 It is a general framework that combines two technologies, 

namely neural networks and fuzzy systems.  

 The inside of the neural network can be explained in concept of 

a fuzzy model and hence it can be easily understood. 

 The network encodes in its structure the essential design 

parameters to assemble a fuzzy model, and processes data 

according to a fuzzy reasoning mechanism.   

 The network determines both structure and parameters of the 

fuzzy rule base via learning from data. 
 

The NFCM exhibited a high performance in correctly classifying 

Transitional bladder cell under examination into two categories utilizing 

all the available diagnostic information carried by nuclear descriptors. 

The developed NFCM could be considered an efficient and robust 

classification system able to generalize in making decisions about 

complex input data, improving significantly the diagnostic accuracy. 
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 The results of the analysis carried out on  80 smears showed a 

sensitivity exceeding 88% in the malignancy group and a specificity of  

90%  in the normal group, and positive predictive value of  89%  . 

 From the collected data the following medical statics of the 

DHSTCCD are reached as shown in tables (8.1) and (8.2). 

 

Table (8.1): Patients Risk factors  
  

Risk factors 

Age 50-59 30% 
60-69 27.5% 
70-80 42.5% 

Average Age 65 
Gender Male 75% 

Female 25% 
Smoking 75% 
Chronic inflammation 50% 
Vesicle stones 18.75% 
radiotherapy 12.5% 

 
 
 
 

     Table (8.1): Patients Symptoms 
 
 

Symptoms 

Haematuria 81.25% 

Frequency 62.5% 
Dysuria 58.75% 

Retention of urine 37.5% 
Pain 25% 
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 It seems that the method could be a helpful diagnostic tool for 

the diagnosis of Transitional bladder cell carcinoma considering the 

fact that it would be a quick, less invasive and easy test, assisting 

physician diagnosis. 

The developed methodology gives an advantage to be part of an 

automated computer-aided diagnosis system. 

 

8-2: Suggestions for Future Works 

 The DHSTCCD system can be modified and developed to be 

applicable in the diagnosis of several other malignant diseases, which 

can include: 

1. Malignant blood disease (leukemia). 

2. Malignant disease of breast. 

3. Cervical tumors. 
 

 The neuro-fuzzy network can be improved using genetic 

algorithms to determine the number of extracted fuzzy rules which 

would increase the accuracy of the system. 
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