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ABSTRACT 

 

 
The Nuclear Research Reactors plants are expected to be operated with high 

levels of reliability, availability and safety. In order to achieve and maintain system 

stability and assure satisfactory and safe operation, there is increasing demand for 

automated systems to detect and diagnose such failures. Artificial Neural Networks 

(ANNs) are one of the most popular solutions because of their parallel structure, high 

speed, and their ability to give easy solution to complicated problems. The genetic 

algorithms (GAs) which are search algorithms (optimization techniques), in recent 

years, have been used to find the optimum construction of a neural network for 

definite application, as one of the advantages of its usage. Nowadays, Field 

Programmable Gate Arrays (FPGAs) are being an important implementation method 

of neural networks due to their high performance and they can easily be made 

parallel. The VHDL, which stands for VHSIC (Very High Speed Integrated Circuits) 

Hardware Description Language, have been used to describe the design behaviorally 

in addition to schematic and other description languages. The description of designs 

in synthesizable language such as VHDL make them reusable and be implemented in 

upgradeable systems like the Nuclear Research Reactors plants. In this thesis, the 

work was carried out through three main parts.  

In the first part, the Nuclear Research Reactors accident's pattern recognition is 

tackled within the artificial neural network approach. Such patterns are introduced 

initially without noise. And, to increase the reliability of such neural network, the 

noise ratio up to 50% was added for training in order to ensure the recognition of 

these patterns if it introduced with noise.  

III 



The second part is concerned with the construction of Artificial Neural Networks 

(ANNs) using Genetic algorithms (GAs) for the nuclear accidents diagnosis. 

MATLAB ANNs toolbox and GAs toolbox are employed to optimize an ANN for this 

purpose. The results obtained show the efficiency of using genetic algorithm, which 

can construct the high performance neural network structure for recognizing the 

Nuclear Research Reactors accidents patterns.  

The third part is concerned with the hardware implementation of an artificial 

neural network that had obtained from Genetic Algorithm (GA) using MATLAB's 

toolbox. The excellent hardware performance has been performed through the use of 

field programmable gate array (FPGA), on Xilinx chip, to diagnosis the Multi-

Purpose Research Reactor of Egypt (MPR) accidents patterns, to avoid the risk of 

occurrence of a nuclear accident. The artificial neural network hardware model has 

been designed using Xilinx Software environment. Hardware implementation results 

presented unfold the promise of the hardware implementation of artificial neural 

networks for improving the operating performance of the Nuclear Research Reactors. 
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CHAPTER (1) 
 

INTRODUCTION 
 
1.1 INTRODUCTION 

The large and complex industrial enterprises need to run the highest degree of 

safety and protection to avoid the result of sudden breakdowns, which sometimes have 

devastating effects. These industrial and huge systems has a high value in the life of 

nations and its efficient use depends on the highest careful of operation and 

maintenance. To comply with this requirement, monitoring and diagnosis of 

machinery and processes has become established throughout industry. Without proper 

monitoring and diagnosis strategy, these industrial and huge systems industrial 

enterprise will probably suffer from various accidents, some of which are even fatal to 

the operators themselves. 

Generally, a monitoring and diagnosis system involves the design and utilization 

of sensing arrangements on industrial plant, together with data acquisition and 

analysis systems, plus predictive and diagnostic methods, with the objective of 

ensuring availability, high efficiency and safety of the equipment in a systematic way 

using various monitoring and diagnosis knowledge and techniques [1-8]. 

Many approaches have been introduced to produce considerable savings by 

reducing unplanned outage of machinery, reducing downtimes for repair and 

improving reliability and safety. Monitoring and diagnosis is a technique of sensing 

the equipment health and operating information and analyzing this information to 

quantify the condition of the equipment, so that potential problems can be detected 

and/or diagnosed early in their development, and corrected by suitable recovery 
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measures before they become severe enough to cause plant breakdown and other 

serious consequences. 

In the past years, various effective monitoring techniques have been developed for 

the reactor, monitoring and diagnosis, such as vibration monitoring, thermal 

monitoring, visual inspection, and surface and internal defect detection. An explosion 

of renewed interest in the areas of Computational Intelligence (CI) have witnessed in 

the past few decades. CI is a technology that involves advanced information 

processing methodologies and techniques for analyzing, designing and developing 

intelligent systems. CI represents a union of Artificial Neural Networks (ANNs), 

Fuzzy Logic Systems (FLS), Genetic Algorithms (GAs) and other emerging 

techniques. The application of CI in condition monitoring and diagnosis, in particular, 

plays a leading role in the technology development of Intelligent Manufacturing 

Systems (IMS). 

Huge and complex systems such as nuclear reactors stations are likely to cause the 

operators to make operational mistakes for a variety of inexplicable reasons and to 

produce ambiguous and complicated symptoms in the case of an emergency, which 

can’t predict its destroyed consequences. Therefore, a safety protection system to 

assist the operators in making proper decisions within a limited time is required. As 

nuclear reactor stations are expected to be operated under high levels of reliability, 

availability and safety, the monitoring of nuclear components for the detection and 

classification of anomalies and faults, represents an essential step with important 

feedbacks on the safe operation, power production and accident management. 

Conceptually, the basis for performing these tasks is that, the different system faults 

initiate different patterns of evolution of the interested variables, measured by 

properly placed sensors.  

1) ET-RR’s was computerized with data acquisition system for:  

a) Providing the data logging of every important measured and displayed 

analogue and digital signals of the reactors.  

 2



   Introduction                                                                                                                                                            Chapter 1  

b) Aiding reactor’s operators, and  

c) Provides data for the reactor users. 

Computer-based diagnostic systems have been extensively studied to support 

nuclear reactor operators during off-normal conditions. The main tasks of a diagnostic 

system are fault detection and isolation (localization). A fault represents a deviation 

with respect to the expected system behavior. Fault indicators are elaborated on line 

with measurements. Fault detection consists in the generation of symptoms from the 

fault indicators and the evaluation of the time of detection. Fault isolation 

(localization) determines, from a set of symptoms, the kind and the location of the 

primary fault and relates it to a physical component whose behavior is not consistent. 

Even, it is clear that diagnosis is an industrial necessity; very few real applications are 

yet in use, just a couple of systems being installed in actual operating units. Diagnosis 

can be based on [15]: 

1. An analytical model of the system under study that represents the normal 

behavior of the system in the absence of any fault. From the theoretical point of 

view, non-linear system diagnosis is particularly difficult. From the practical 

point of view, difficulties result from the model imprecision (how to make the 

difference between deviations due to model uncertainty and those due to a fault 

affecting the system) and from unknown disturbances. This leads to a trade-off 

between false alarm rate and missed detection rate. Following diagnosis, 

recovery procedures can be implemented, that leads to, fault tolerant control. 

For complex processes, obtaining a sufficiently precise analytical model could 

take years and other diagnostic methods based on new types of models must be 

used. 

2. Signal processing is another approach to fault diagnosis when an analytical 

model is not available. Signals may be studied either with time-domain 

methods (correlation, mean-change), with frequency domain methods (spectral 

analysis), or with more sophisticated methods like time-frequency or wavelet 
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analysis. With these approaches, the difficulty is to ensure that a change in 

some quantity (e.g. the signal mean, the spectrum, etc.) is characteristic of a 

particular fault. 

3. Classification or pattern recognition approach is a third way to deal with 

diagnosis. It is based on process data or expert knowledge about the system and 

its misbehavior. Relevant symptoms are identified to be representative of each 

type of failure. The relationships between symptoms and faults are obtained by 

supervised learning when faults are known a priori, for instance by an expert: 

in this case the system decision is tuned to correspond to the right answer from 

a training set of known examples. The diagnostic system is a classifier that 

must then recognize, in real time, the actual situation represented by a new 

symptom vector and associate it to one of the known faults. The classifier may 

also have some on-line learning capacity to deal with unknown faults. Among 

the possible classifiers, neural networks are widely recognized for their good 

properties for non-linear classification and learning. Multilayer feed-forward 

neural networks have been extensively applied in identification and control of 

non-linear dynamical systems. Neural networks have also been used as a non-

linear dynamical model of the process in model-based diagnosis. Most of such 

neural networks are one-step-ahead prediction models in which the actual 

process output is used as network input to compute the model output at the next 

sampling time step.  

1.2 Research Objective 
At a certain moment, when we have a number of solutions, we need an effective 

and informed mechanism, towards the approach to the best solution from a range of 

solutions. This means it is needed to a fitness function that guides towards the best 

solution, and gives a preliminary assessment to the solution. In other words, any of 

these solutions is better able to survive and the fittest to move to the next generation. 

It is also known that the process of selecting this function is a very close relationship 
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with the issue at hand, and there is no absolute public function, to calculate the fitness 

function. In recent years, both Genetic algorithms and neural networks, which are 

inspired by computation in biological systems, are emerged as established techniques 

for optimization and learning.  

Genetic algorithm differs from conventional optimization techniques in following 

ways:  

1) GAs operate with coded versions of the problem parameters rather than 

parameters themselves i.e., GA works with the coding of solution set and not 

with the solution itself.  

2) Almost all conventional optimization techniques search from a single point but 

Gas always operate on a whole population of points(strings) i.e., GA uses 

population of solutions rather than a single solution fro searching. This plays a 

major role to the robustness of genetic algorithms. It improves the chance of 

reaching the global optimum and also helps in avoiding local stationary point.  

3) GAs uses fitness function for evaluation rather than derivatives. As a result, 

they can be applied to any kind of continuous or discrete optimization problem. 

The key point to be performed here is to identify and specify a meaningful 

decoding function. 

4) GAs use probabilistic transition operates while conventional methods for 

continuous optimization apply deterministic transition operates i.e., GAs does 

not use deterministic rules. 

Where genetic algorithms is one of the paradigm of evolutionary computation 

there is another well-known algorithm currently used in conjunction with neural 

networks, which is the particle swarm optimization (PSO).  

Genetic algorithms mimic an evolutionary natural selection process. Generations 

of solutions are evaluated according to a fitness value and only those candidates with 

high fitness values are used to create further solutions via crossover and mutation 

procedures. 

 5



   Introduction                                                                                                                                                            Chapter 1  

Particle Swarm Optimization (PSO) incorporates swarming behaviors observed in 

flocks of birds, schools of fish, or swarms of bees, and even human social behavior, 

from which the idea is emerged. PSO is a population-based optimization tool, which 

could be implemented and applied easily to solve various function optimization 

problems, or the problems that can be transformed to solve optimization problems. 

Generally, PSO can be described as a population of vectors whose trajectories 

oscillate around a region which is defined by each individual’s previous best success 

and the success of some other particle. Various methods have been used to identify 

some other particle to influence the individual. 

The advantage of using genetic algorithms in conjunction with neural networks is 

in three major ways: First, genetic algorithms have been used to construct neural 

network topologies. Second, they have been used to set the weights in fixed 

architectures. This includes both supervised learning applications and reinforcement 

learning applications. Third, they have been used to select training data and to 

interpret the output behavior of neural networks. So, genetic algorithm is used for 

gaining the optimal construction of the neural network that met the requirement of the 

research work.   

An interesting method to increase the performance of the model is by using 

hardware implementations, where the hardware can execute the arithmetical 

operations much faster than software. Hardware implementations have other 

advantages such as reducing the cost, greater reliability in operation, reduced 

probability of equipment failure, better protection against and special operating 

condition.  

Neural networks are rapidly gaining acceptance as powerful and versatile tools for 

pattern classification. However, the widespread use of neural network classifiers 

remains contingent on the availability of powerful hardware to provide adequate 

speed. Such hardware is particularly important as the computational requirements of 

 6



   Introduction                                                                                                                                                            Chapter 1  

neural network algorithms are quite different from the high-precision processing for 

which general-purpose computers are optimized. 

The Field Programmable Gate Array (FPGA) platform let us overcome the neural 

networks implementation problems. With their regular structure and the small number 

of well-defined arithmetic operations, these networks are well matched to integrated 

circuit technology. The high density of modern technologies lets us implement a large 

number of identical, concurrently operating processors on one chip, thus exploiting 

the inherent parallelism of neural networks. The regularity of neural networks and the 

small number of well-defined arithmetic operations used by neural algorithms greatly 

simplify the implementation on FPGA circuits. 

The conventional analog reactor protection systems based on relays and other 

analog devices have many weaknesses. Hence, the developments of digital RPS have 

an overwhelming advantage. The use of FPGA in the integrating design of digital RPS 

combines the benefits of Hardware speed and Software flexibility. Its faster real time 

response leads to a better performance than executing the corresponding code in a 

microprocessor. The hardware can do the arithmetical operations much faster than 

software (24ms). Pure hardware implementations have other advantages such as 

reducing the cost, greater reliability in operation, reduced probability of equipment 

failure, better protection against and special operating condition. 

In this thesis our main purpose is to implement a neural network that had derived 

from Genetic Algorithm (GA) optimization using MATLAB, see Figure (1.1), on 

FPGA. The excellent hardware performance has been performed through the use of 

field programmable gate array (FPGA), on Xilinx chip Spartan-3A (XC3S700A) is 

used in this thesis, to diagnose the Multi-Purpose Research Reactor of Egypt accidents 

patterns, to avoid the risk of occurrence of a nuclear accident. 
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Figure (1.1): Implementation of a neural network that had derived from Genetic 
Algorithm (GA) optimization using MATLAB, on FPGA 
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1.3 Thesis Outline 
This thesis comprises eight chapters and four appendices. After this introduction 

Chapter, is Chapter (2), that assigned to the domain of the application of this work, 

which is the Egypt Second Nuclear Research Reactor (ETRR-2). Chapter (3) is 

dedicated to an important application of ANNs in our domain. This application is the 

“Using of artificial neural networks to recognize the noisy accidents patterns of 

nuclear research reactors”. chapter (4) is dedicated to the subject of Genetic 

Algorithms-Based Artificial Neural Networks, to gain the benefits from Genetic 

Algorithms to automate and optimize the design; and to find weights and biases for 

the suggested construction of Artificial Neural Networks. Chapter (5) is assigned to 

the main objective of this thesis which is “Genetic Algorithm-Based Neural Networks 

For Accidents Diagnosis of Research Reactors On FPGA”. In this chapter the 

practical hardware implementation of Neural Networks in a special hardware (FPGA) 

is discussed where the using of FPGAs constitutes a very powerful option for 

implementing ANNs since we can really exploit their parallel processing capabilities. 

In this chapter, the results of the hardware implementation of the ANNs, which 

depend on the Xilinx’s environments, unfold the promise of artificial neural networks 

for improving the operating characteristics of the Nuclear Research Reactors. Finally, 

Conclusion is in Chapter (6). 
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CHAPTER (2) 
 

EGYPT'S SECOND NUCLEAR 
RESEARCH REACTOR ( ETRR-2 ) 

 
2.1 Introduction 

The nuclear reactor plants are expected to be operated with high levels of 

reliability, availability and safety. In order to achieve and maintain system stability 

and assure satisfactory and safe operation, there is increasing demand for automated 

systems to detect and diagnose such failures. Therefore, faults detection and Diagnosis 

has always been an important aspect of the system design. In the nuclear research 

reactor, as example, tens of alarms can occur in a few second after a fault, so locating 

the fault might be of utmost importance due to safety and other reasons. When a 

failure occurs, it must be detected as early as possible and the faulty component must 

be isolated from the system. The identification task then estimates the magnitude of 

the failure. In addition, we can define failure diagnosis as the task of isolating and 

identifying the failures. After diagnosing, the failure should be accommodated by 

system reconfiguration. Egypt Second Nuclear Research Reactor, ETRR-2, as a 

critical and valuable plant, is provided with many systems for protection, monitoring 

and diagnosis.  

2.2 Nuclear Reactors 
The nuclear reactors are used in the fields of Civilian, Military, and Research 

purposes. Civilian reactors are used to generate energy for electricity and sometimes 

also steam for district heating. Military reactors create materials that can be used in 

nuclear weapons. Research reactors are used to develop weapons or energy production 

technology, for training purposes, for nuclear physics experimentation, and for 
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producing radioisotopes for medicine and research. The chemical composition of the 

fuel, the type of coolant, and other details are important to reactor operation and 

depend on the reactor design. 

Most designs have some flexibility as to the type of fuel that can be used. Some 

reactors are dual-purpose in that they are used for civilian power and military 

materials production. The purpose of the reactor does not depend on the choice of 

coolant or moderator, but rather on reactor size and on how the reactor is operated and 

on what ancillary materials is put into fuel rods besides fuel. The same reactors can, in 

principle, be used for electricity production, military plutonium production, and 

production of other radioactive materials such as tritium for military and civilian 

applications. 

2.3 ETRR-2 General Description 
Egypt Second Research Reactor, ETRR-2, is a multipurpose, open pool type, 22 

MW power, light water cooled and moderated and with beryllium reflectors. The 

design concept is based on the requirement of being a reactor of versatile utilization. 

ETRR-2 has been mainly designed for [1] [2] [6]: 

1. Radioisotopes production for medical and industrial applications. 

2. Semiconductors production 

3. Basic and applied research in reactor physics and nuclear engineering 

4. Material testing  

5. Activation analysis 

6. Neutron radiography and beam tube experiments 

7. Training 
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2.4 Egypt Second Research Reactor (ETRR-2) Systems 

 

Figure (2.1): Most Egypt Second Research Reactor (ETRR-2) Systems 
 

The main and important systems included in ETRR-2 are:  

• Reactor Core. 
• Cooling Systems. 
• Supervision and Control Systems. 

Figure (2.1) display the main systems of ETRR-2: 
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2.4.1 Reactor Core 
The reactor core constituted from a grid of (6 × 5) of fuel emplacement, 

intermediate it, a special emplacement used for, Figure (2.1):  

(A)  At startup is used for the emplace of the neutron source, and  
(B)  Devotes (specializes) for the production of Cobalt60 during the normal reactor 

operation. 
 

The main reactor pool is a cylindrical St. St. tank of 4.5 m diameter and 13 meter 

height. A transfer channel is connecting the main reactor pool with the auxiliary pool 

for the purpose of storage the spent fuel and radioactive material. The main reactor 

pool houses the reactor core grid and its supporting structure, irradiation grid, required 

instrumentation, cooling system piping, a graphite thermal column and neutron beam 

tubes [1] [6]. 

2.5 Cooling Systems [1] [6] 
2.5.1 Core Cooling System 
The core is cooled by forced upwards circulation of light water, after leaving the core 

the water is driven through a lateral pipe connecting to the chimney. Outside the 

reactor pool boundaries the primary coolant flow is split into 50% capacity branches, 

each branch has two 50% centrifugal pumps one plate type heat exchanger for each 

branch, the core cooling system is shown in figure (2.2). 
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Figure (2.2): The reactor core cooling system 

2.5.2 Pool Cooling System 
The reactor pool is cooled by a dedicated system the coolant flows in a 

downwards direction and after leaving the reactor it goes through a N16 decay tank. 

Two 100% centrifugal pumps and a plate type heat exchanger are provided. The flow 

passes through four different areas: reflectors, beryllium block, and structural material 

figure (2.3) show the pool cooling system. 

2.5.3 Auxiliary Pool Cooling System 
The auxiliary pool is cooled by a dedicated cooling system that removes the heat 

delivered by the decay heat from spent fuel element. 
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2.5.4 Secondary Cooling System 
The secondary cooling system removes the heat from the primary system heat 

exchangers and other systems heat exchanger and transfers it to the environment 

through the cooling towers. 

2.6 Reactor Safety Systems [1] [6] 
The reactor has two diverse and independent reactivity control systems: First 

Shutdown System (FSS) and Second Shutdown System (SSS). An emergency cooling 

system, Chimney Water Injection System (CWIS), is also equipped to keep the reactor 

core cooled in case that sever loss of Coolant Accident (LOCA) has occurred. 

Following subsections present a description of the ETRR-2 reactivity control systems 

and CWIS as well as the systems main characteristics. 

2.6.1 First Shutdown System (FSS) 
The first shutdown system has six independent absorbing plates, 14.7 cm width 

and 80 cm height and total thickness 0.43 cm with stainless steel cladding. These 

plates are placed inside guide boxes (made of aluminum) which are located in parallel 

form. There are two groups with three guides each. They prevent interference between 

the absorbing plates and the fuel elements. The guide boxes extend above the core, 

guide the plates while they are in their withdrawal position (above the core), and also 

preventing vibration problems due to excitation by the coolant leaving the core. The 

gravity force acts in direction of inserting the plates. The plate's position is controlled 

from below the core, by the action of the control rod mechanisms. A fast shutdown is 

accomplished resulting in an effective insertion time of approximately 0.5 sec. 

Inserting of any five plates of the six provided is sufficient to shutdown the reactor. 

Normal "rod movement is achieved by means of an electric step motor, which is 

responsible for driving the piston cylinder set. 
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2.6.2 Second Shutdown System (SSS) 
The second shutdown system (SSS) is responsible for reactor shutdown if the First 

Shutdown System should fail. An alternative, diverse and independent way to 

shutdown the reactor can be achieved by the injection of a gadolinium nitrate solution 

into four independent chambers, one placed on each wall of the chimney that 

surrounds the core. The SSS is made by four trains, which will inject gadolinium 

nitrate solution into the chimney chambers. Each train will basically consist of a tank 

with gadolinium solution normally pressurized with ni, two injection valves, the 

piping, the injection chamber, and a depressurization valves is also provided. The 

system success criteria are 3 out of 4 chambers, complying with the single failure 

philosophy. 

2.6.3 Chimney Water Injection System (CWIS) 
The Chimney Water Injection System supplies water to the core in order to keep it 

flooded in case of emergency. The injection of water from the CWIS starts when the 

water level inside the upper level of the chimney and the system is triggered by a low 

water level in the pool signal. The system has four water injection tanks with a 25% 

capacity each. An orifice plate is available for all tanks to comply with the flow 

requirements during 24 hrs. The main pipeline, connecting the four tanks, goes 

towards the pool tank, and finally, is connected to the core inlet plenum placed below 

the core grid. 

2.7 Instrumentation and Control (I & C) [1] [6] 
The operators on shift assignment have two key systems to conduct and monitor 

the operation of the reactor: the Supervision and Control System (SCS) and the 

Reactor Protection System (RPS). The SCS provide process information to the 

operator in charge allowing him to control system the process systems evolution and 

reactor power. The RPS is basically a control system that generates the signals for the 
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protective functions to be carried out by the Safety Systems. Figure (2.3) presents the 

RPS and SCS block diagram. 

SCS objectives: 
1- Process data acquisition and recording 
2-  Process parameters control. 
3- Systems alarms presentation to the operator 
4- Overall plant supervision  

RPS objectives: 
1- Safety variables monitoring 

2- Protective actions initiation 

3- Evacuation alarm request 

The RPS capital task is to bring the reactor to a safe condition when any unusual 

operation condition is presented; this is achieved by the way of a constant monitoring 

of safety variables and ensuring the initiation of protective actions to control the 

nuclear reaction and the removal of the decay heat. Although the operator is allowed 

to modify certain systems parameters adjusting the corresponding set points, if certain 

safety condition are not satisfied two limitation actions are carried out automatically: 

• The power reduction of the reactor 

• The insertion of the four Safety Rods 

The interface between the SCS/RPS and the operator is a number of consoles, 

local supervision units and desktop monitors, which provide information on the status 

and development of the nuclear reaction and the reactor systems, allowing the 

operator to command certain systems components and consequently control particular 

variables. 
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2.7.1 Reactor Protection System (RPS) 
All reactor parameters related with safety are permanently monitored so as to 

provide automatic triggering signals to the reactor protection system thus preventing 

the value of these parameters to exceed the corresponding safety limits. The remaining 

data acquired by the SCS is not related with safety intended to provide the operator 

with process information through the consoles. 

Three independent monitoring systems are provided to ensure a performance of 

the RPS, each one of them comprising sensors and detectors. These three 

redundancies are configured in an arrangement of two out of three logic and the 

acquired signals are provided to two Voting Units. In turn the voting and protective 

logic will trigger, when necessary, the protective actions. 

 
 
 
 
 
 
 
 
 
 
 
 

 

Man Machine Interface 

Operators 

SCS RPS 

Reactor System 
 

SCS = Supervision & Control System 

RPS = Reactor Protection System 

Figure (2.3): Instrumentation & Control Context Block Diagram 
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2.8 Information and supervision level [1] [6] 
Interaction between reactor operator and the supervision and control system is 

accomplished through a set of command devices and graphical display devices. 

Requirements for consoles and operation control desks functionality are as follows: 

2.8.1 Main Console 
The command center of the reactor is located in the main control room. The 

operator can observe the reactor hall activation and can control the access of 

personnel. The operator from the main console and carrying out the walkthrough 

procedures throughout the plant performs supervision tasks. Main console provides 

the operators with enough information to supervise the plant evolution and presents 

the main interface with the SCS and RPS systems. By means of the main console, the 

operator can: 

1. Supervise the process system variables, and system status 

2. Monitor the plant state through real time data acquisition, and logic execution 

3. Monitor  the plant evolution through trends graphics using data records 

4. Control and adjust the setting of operational parameters through dedicated 

screens. 

5. Find out about signals and seek information on data dictionaries 

6. Control access of personnel. 

7.  Produce reports using historical data 

in emergencies, when the 

main control room can't be accessed. 

2.8.2 Secondary (Emergency) Console 
From this console, the operator can initiate safety actions and monitor the reactor 

and plant status and conditions. The console is being used 
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2.8.3 Training Console 
This consol is using for training purposes. All the information going to the main 

control rooms are presented at the training control room, where the training console is 

located. No actions can be taken from the training console except movement of a 

control rod subject to authorization from the main control room. 

2.9 Accidents Analysis [1] [6] 
There are many safety variables, which are constantly monitored by the reactor 

protection system to keep the reactor in safe condition. Each safety variable has a 

safety setting values are saved in PROM to ensure that no change to these values. 

When the safety setting is reached, the reactor protection system brings the reactor to 

a safe condition in the event of anticipated operational occurrence (incidents) or 

accident condition by initiating protective actions such as shutdown the reactor. The 

operator should diagnose which accident happened to follow the correct accident 

management scenario. 

2.9.1 Accident Management 
There are essentially two ways to perform accident management. The traditional 

way is to diagnostic the initiating event and then, tries to cope with the accident 

following written procedures. Depending on the accident type there will be more 

automatic actions than operator ones or vice versa, in general for fast transients 

automatic actions will prevail. The risk of the first methodology is that operators 

through the misinterpretation of alarms and sensors signals might wrongly infer what 

is occurring in the plant and consequently execute inappropriate actions. It is 

worthwhile to mention that not all-accidental conditions can be predicted and 

therefore it is not advisable to have written procedures. The main example is what 

happened in three-Miles Island, USA, in 1979, where the misinterpretation of events 

and wrong procedural response laid to become worse. The other approach to perform 

an accident management is through a symptom-based analysis. This implies to verify 

 20



EGYPT'S SECOND NUCLEAR RESEARCH REACTOR ( ETRR-2 )                                                                     Chapter 2  
                      

first mat all the safety functions are being satisfied. Accidents involving the fuel 

elements in the reactor core are due to a mismatch between the power generated and 

the heat removal. Accidental conditions occur when the generated power increases 

more than the heat removal capacity or when the heat removal capacity decreases. The 

main safety functions to be fulfilled are: 

• To assure safe reactor shutdown 

• To guarantee the removal of heat from the core 

• To contain the radioactive products 

The last methodology to implement accident management converges to the 

diagnosis based accident management, when after verifying the safety functions, the 

operators must identify the initiating event in order to stop or control the accident 

progression. The symptom based accident methodology has its paragon in medicine. 

When the paramedics arrive to assist an injured person, they first check his breath and 

the cardiac rhythm, or stop his hemorrhage, and if necessary they try to restore them 

to normal values prior to taking him to hospital, where more complex studies will be 

done in order to have a diagnosis and a more exhaustive knowledge of the damage. In 

power reactors the symptom-based approach is more extensively used because they 

have more and more complex systems than the experimental reactors. Also the 

transients can have a faster in power reactors than in experimental ones, with less time 

to analyze the accident causes. Although the multi-Purpose Research reactor is 

simpler than a power reactor the symptomatic analysis will be performed. This is 

because, in addition to the after mentioned advantages, this methodology implies an 

overall accident coping, which minimizes human errors. 

2.9.2 The Accident Main Contributors & Consequence 

LOFA: Loss of Flow Accident  

Main contributors: 

• Undue opening of flapper valves 
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• Failure of primary pumps 

• Blockage in pipes/heat exchanger 

• Spurious closing of primary valves 

• Core-by pass: empty position in the core grid, leakage of the inlet 

plenum. 

Consequence: insufficient core cooling by force convection  

LOPS: Loss of Offsite Power Supply  

Main contributors: 

• Failure of transformer 

• Failure of external power line 

• Loss of electric power supply 

Consequence: loss of core cooling system, loss of Secondary cooling system. 

LOHS: Loss of Heat Sink  

Main contributors: 

• Blockage in pipes or heat exchangers. 

• Closure of valves. 

• Breakage of components. 

• Coolant by pass. 

• Failure of pumps. 

• Failure of cooling towers. 

• Lack of water reposition to cooling towers 

Consequence: lost of core heat removal capacity by force convection to the 

secondary system. 

LOCA: Loss of Core Cooling System Coolant 

Main contributors: 
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Breakage of the 12" diameter pipe and valves on the discharge side of Core 

cooling System pumps after the check valves (below core level) and simultaneous 

failure to open of the respective branch flapper valve. Consequence: the loss of 

coolant, which divided into three groups: 

• Small LOCA: Leakage flow < 5 m3/hr 
• Medium LOCA: 5 m3/hr  < Leakage flows  < 200 m3/hr 
• Large LOCA: 200 m3/hr < Leakage flows 

UFRI: Uncontrolled Fast Reactivity Insertion  

Main contributors: 

• Uncontrolled rod withdrawal: reactivity insertion rate is l$/sec. 

• Expulsion of the Co60 box: reactivity insertion rate is 2.5$/sec. 

USRI: Uncontrolled Slow Reactivity Insertion  

Main contributors: 

• Erroneous withdrawal of a control rod: reactivity insertion rate is 0.023 $/sec. 

• Sudden cooling of the water: reactivity insertion rate is 0.00024$/sec. 

2.10 Information System 
Information systems are provided to inform operating crew of the plant status and 

variables important to safety. The system has data acquisition display and alarm 

functions. The system also has recording and memory functions for the plant variables 

important to safety. Information processing functions are also provided to support 

high- level mental processing by the operators as a means of aiding decision-making. 

Major function characteristics: 

• Sufficient information is available to allow the operating staff to achieve safe 

shutdown and hold down for an indefinite period. 

• Data is updated at rates appropriate to operator tasks. 
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• Input data sampling pre-processing   and analysis rates are appropriate to safety 

operation requirements. 

2.11 Nuclear Instrumentation 
The nuclear instrumentation is designed to measure the reactor core neutron flux 

from zero to full power. Two different types of nuclear instrumentation channels are 

provided: the start up and power channels are provided to cover the full operational 

power range. The start up channel covers the low to medium power range, and the 

power channel is provided to control the neutron flux level from the medium to full 

power range. 

2.12 Conventional instrumentation 
Conventional instrumentation is the instrumentation used to measure variables 

other than radiation. This instrumentation includes sensors to measure: 

1. Pressure 

2. Differential pressure 

3. Water level 

4. Water flow 

5. Temperature 

6. Differential temperature 

7. Valve position 

Three redundant sensors do the measurements for the safety system. The signals 

from sensors belonging to the safety chains are sent to the interconnection terminal 

panel of the trip unit by three different paths in order to avoid the occurrence logic 

with a two out of three-success criterion. This coincidence logic is implemented in the 

VPLU. In those cases where measurements are sent both to the safety logics and 

supervision and control system, sensors and transmitters common to both systems are 

used, a galvanic isolation is done from the signal going to the control system. The 
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signals originated in the transmitters are wired up to analog input modules belonging 

to corresponding trip unit. The signals from field contacts are sent directly to digital 

conditioning module. The electric paths and process measurements belonging to each 

of the redundant channels of a same measurement, are different, in order to avoid 

common cause failure. 

2.12.1 Field Instruments 
These instruments are used in the reactor, except otherwise stated, are of the 

general-purpose type industrial type. The field transmitters are of the wires type, with 

an output current of 4 to 20 Millie amperes. The electric connection of the transmitters 

up to the field connection box is done using instrumentation standard materials. 

General-purpose instrumentation is used except in those applications when higher 

specifications are recorded on the instrument data sheet. For under water 

measurements made in reactor pool, electrical signals are wired over mounting plates 

on the wall until they reach the instrumentation channel stainless steel sheathed with 

alumina isolation is used within the reactor pool under the pool water level. All 

accessories used for signal lay out into the reactor pool are of stainless steel. 

2.12.2 Measured Variables  
The following variables are the most related to the diagnosis of the reactor 

operation state, whether it is normal or not. Each variable has a safety signals value as 

shown in table 2.2. We acquired these data from nuclear experts of atomic energy 

authority and reactor operators. Disturbance of one or more of these variables can lead 

to any accident. When some of these variables exceed the safety setting values, then 

the incident of the accident is prospective. 

2.13 Accidents Data [1] [6] 
By the aid of reactor operation crew and Safety Analysis Report (SAR) of the 

reactor, also the Atomic Energy Authority (AEA) experts, we collect a data set 

consists of 9 patterns, for the eight accidental cases listed above plus the normal 
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operation case as shown in table (2.1). The pattern is configured in two parts the first 

part includes the fifteen initiating variables (S0, S1, S2 .......  S13, S14) that are listed 

in table (2.2), this is the input neural network. The Training Data for qualitative 

accidents diagnosis as shown in table (2.3). The second part is the binary code for 

each case as shown in table (2.4) this is the output neural network. 

 

 

Table 2.1: Transients for Qualitative Accident Diagnosis (Classes) 

Accident code Accident description 

TR0 
TR1 
TR2 
TR3 
TR4 
TR5 
TR6 
TR7 
TR8 

Loss of flow accident (LOFA) 
Loss of offsite power supply (LOPS) 
Loss of heat sink (LOHS) 
Primary system small LOCA(SMALL LOCA) 
Primary system medium LOCA(MEDIUM LOCA) 
Primary system large LOCA(LARGE LOCA) 
Uncontrolled fast reactivity insertion 
Uncontrolled slow reactivity insertion 
Normal case operation 
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Table 2.2: Symptoms for Qualitative Accident Diagnosis (Features) 

Symptom Code (input) Symptom description 

S0 
S1 
S2 
S3 
S4 
S5 
S6 
S7 
S8 
S9 
S10 
S11 
S12 
S13 
S14 

Low core pressure drop 
Low primary mass flow rate 
High core outlet temperature 
High temperature difference across the core 
Offsite power supply loss 
High core inlet temperature 
Secondary system alarms 
Low reactor pool water level scram 
Low reactor pool water level CWIS 
Low reactor pool water level evacuation alarm 
Low water level in daily tank 
High gamma field in reactor tank open end 
High log neutron flux 
High rate neutron flux 
High neutron flux 

 

Table 2.3: Training Data for Qualitative Accident Diagnosis (Data) 

Input Pattern 
Symptoms  

S0 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14
TR0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 
TR1 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 
TR2 1 1 0 1 1 0 0 1 1 1 1 1 1 1 1 
TR3 1 1 1 1 1 1 1 0 1 1 0 1 1 1 1 
TR4 1 1 1 1 1 1 1 0 0 1 0 0 1 1 1 
TR5 0 0 0 0 1 1 1 0 0 0 1 0 1 1 1 
TR6 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 
TR7 1 1 0 0 1 1 1 1 1 1 1 0 0 0 0 
TR8 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
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Table 2.4: Output Pattern for Qualitative Accident Diagnosis (Desired output) 
 

OUTPUT PATTERN (DESIRD) TRANSIENT  
 TRO 1 0 0 0 0 0 0 0 0 

TR1 0 1 0 0 0 0 0 0 0 
TR2 0 0 1 0 0 0 0 0 0 
TR3 0 0 0 1 0 0 0 0 0 
TR4 0 0 0 0 1 0 0 0 0 
TR5 0 0 0 0 0 1 0 0 0 
TR6 0 0 0 0 0 0 1 0 0 
TR7 0 0 0 0 0 0 0 1 0 

TR8 0 0 0 0 0 0 0 0 1 
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CHAPTER (3) 
 

NUCLEAR RESEARCH REACTORS 
PATTERNS RECOGNITION USING 

FEEDFORWARD BACKPROPAGATION 
 
3.1 Introduction 

Neural Networks are of particular interest because they offer a means of efficiently 

modeling large and complex problems in which there may be hundreds of input 

variables that have many interactions. The interest in neural networks comes from the 

networks’ ability to mimic human brain as well as its ability to learn and respond. As 

a result, neural networks have been used in a large number of applications and have 

proven to be effective in performing complex functions in a variety of fields. These 

include pattern recognition, classification, vision, control systems, and prediction. 

Adaptation or learning is a major focus of neural net research that provides a degree of 

robustness to the NN model. In predictive modeling, the goal is to map a set of input 

patterns onto a set of output patterns. NN accomplishes this task by learning from a 

series of input/output data sets presented to the network. The trained network is then 

used to apply what it has learned to approximate or predict the corresponding output 

[20].  

Neural networks can be classified according to their operations and/or structures, 

such as Feedforward and feedback networks. These two types have different methods 

of training, namely supervised and unsupervised learning. 
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3.2 Feedforward and Feedback Networks 
3.2.1 Feedforward Network Structure 

In the feedforward the input vectors propagate through the network to provide 

outputs at the output layer. Which means activation travels in a direction from the 

input layer to the output layer, and the units in one layer are connected to every other 

unit in the next layer up. 

The appropriate connections are only between the outputs of each layer and the 

inputs of the next layer. Therefore, no connections exist between the outputs of a layer 

and the inputs of either the same layer or previous layers.  Figure (3.1) shows a two-

layer feedforward network. In this topology, the inputs of each neuron are the 

weighted sum of the outputs from the previous layer. There are weighted connections 

between the outputs of each layer and the inputs of the next layer. Outputs of the last 

layer are considered the outputs of the network.  

 

 

 

 

Figure (3.1): General Structure of Two-Layer Feedforward Network 

3.2.2 Feedback Network Structure 
For feedback networks the inputs of each layer can be affected by the outputs from 

previous layers. In addition, self feedback is allowed. Figure (3.2) show a simple 

single layer feedback neural network. 
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Figure (3.2): General Structure of a Sample Feedback Network 

As observed, the inputs of the network consist of both external inputs and the 

network output with some delays. Examples of feedback algorithms include the 

Hopfield network, and the Boltzman-Machine. An important issue for feedback 

networks is the stability and convergence of the network.  

3.3 Artificial Neural Networks Training 
A neural network has to be configured such that the application of a set of inputs 

produces the desired set of outputs. There are various methods to set the strengths of 

the connections as: 

• Training the neural network by feeding it with teaching patterns and letting 

it change its weights according to some learning rule. It is called 

supervised learning or Associative learning. Examples of supervised 

learning algorithms are the least mean square (LMS) algorithm and its 

generalization, known as the back propagation algorithm, and radial basis 

function network. 

• Setting the weights explicitly, using a priori knowledge. It is called 

unsupervised learning or Self-organization, i.e., learning to classify 

without being taught. In this category, only the input samples are available 

and the network classifies the input patterns into different groups.. 

Example of supervised learning algorithms is Kohonen network. 
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Both learning types result in an adjustment of the weights of the connections 

between units, according to some modification rule. 

3.4 Back Propagation Algorithm 
The backpropagation algorithm is a rule for adaptation of neural network weights. 

It is one of the most popular algorithms for training a network due to its success from 

both simplicity and applicability viewpoints. Backpropagation is the generalization of 

the Widrow-Hoff learning rule to multiple-layer networks and nonlinear differentiable 

transfer functions. Input vectors and the corresponding target vectors are used to train 

a network until it can approximate a function, associate input vectors with specific 

output vectors, or classify input vectors in an appropriate way as defined by you. 

Networks with biases, a sigmoid layer, and a linear output layer are capable of 

approximating any function with a finite number of discontinuities. Assume a fully 

connected feedforward network, which means activation travels in a direction from 

the input layer to the output layer, and the units in one layer are connected to every 

other unit in the next layer up. 

The backpropagation algorithm defines two sweeps (or phases), Figure (3.3), of 

the network:  

• First a forward sweep from the input layer to the output layer, and then  

• Second a backward sweep from the output layer to the input layer.  

The forward sweep propagates input vectors through the network to provide 

outputs at the output layer. The backward sweep is similar to the forward sweep, 

except that error values are propagated back through the network to determine how 

the weights are to be changed during training. During the backward sweep, values 

pass along the weighted connections in the reverse direction to that which was taken 

during the forward sweep: for example, a unit in the hidden layer will send activation 

to every unit in the output layer during the forward sweep and so during the backward 
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sweep a unit in the hidden layer will receive error signals from every unit in the output 

layer.  

 

 

 

 

 

 

 

Figure (3.3): backpropagation sweeps (phases) 

The algorithm consists of two phases:  Training phase and recall phase. In the 

training phase, first, the weights of the network are randomly initialized. Then, the 

output of the network is calculated and compared to the desired value. In sequel, the 

error of the network is calculated and used to adjust the weights of the output layer.  In 

a similar fashion, the network error is also propagated backward and used to update 

the weights of the previous layers. Figure (3.4) shows how the error values are 

generated and propagated for weights adjustments of the network.  

In the recall phase, only the feedforward computations using assigned weights 

from the training phase and input patterns take place.  Figure (3.3) shows both the 

feedforward and back propagation paths. The feedforward process is used in both 

recall and training phases. The dashed lines show the back propagation of the error is 

only utilized in the training phase.   
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In the training phase, the weight matrix is first randomly initialized. In sequel, the 

output of each layer is calculated starting from the input layer and moving forward 

toward the output layer. Thereafter, the error at the output layer is calculated by 

comparison of actual output and the desired value to update the weights of the output 

and hidden layers. 

 

 

 

 

 

 

 

Figure (3.4): Backpropagation of the Error in a Two-Layer Network 

There are two different methods of updating the weights: 

• Concurrent method, where weights are updated for each of the input 

patterns using an iteration method.  

• Patch method, an overall error for all the input output patterns of training 

sets is calculated.  

This means, either each of the input patterns or all of the patterns together can be 

used for updating the weights. The training phase will be terminated when the error 

value is less than the minimum set value provided by the designer. One of the 

disadvantages of back propagation algorithm is that the training phase is very time 

consuming. During the recall phase, the network with the final weights resulting from 
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the training process is employed. Therefore, for every input pattern in this phase, the 

output will be calculated using both linear calculation and nonlinear activation 

functions. The process provides a very fast performance of the network in the recall 

phase, which is one of its important advantages. 

3.4.1 Training Rule (Delta Training Rule) 
Standard backpropagation is a gradient descent algorithm, as is the Widrow-Hoff 

learning rule, in which the network weights are moved along the negative of the 

gradient of the performance function. The term backpropagation refers to the manner 

in which the gradient is computed for nonlinear multilayer networks. 

Back propagation algorithm is an extension of the perceptron structure as 

discussed in the previous chapter with the use of multiple adaptive layers. The training 

of the network is based on the delta training rule method.  Consider a single neuron in 

Figure (3.5). The relations among input, activity level and output of the system can be 

shown as follow [20]: 

 

 

 

 

 

 

Figure (3.5): A single Neuron 

a = w0 + w1 i1 + w2 i2 + …… + wn in                      (3.1) 
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or in the matrix form:   

    a = w0+ WT I                                                                  (3.2) 

    o =f (a)                                                                            (3.3) 

where W and I are weight and input vectors of the neuron, a is activity level of the 

neuron and o is the output of the neuron. w0 is called bias value. Suppose the desired 

value of the output is equal to d. Error e can be defined as follows:  

error = ½ ( d − o )2                                                          (3.4) 

 by substituting Equations 3.2 and 3.3 into Equation 3.4, the following relation 

holds:  

error =½ ( d − f (w0 + WT I ))2                                         (3.5) 

The error gradient vector can be calculated as follows:  

     ∇e = ½ x {2 x [( d − f  (w0 + WT I ) ( f ' ( d - w0 + WT I )]} 

      ∇e = − ( d − o ) f ' (w0 + WT I ) I                                           (3.6)  

The components of gradient vector are equal to:  

         22
3

2
2

2
1 ...|||| nxxxxX ++++=

   Where xn is the input vector. 

where f'(.) is derivative of activation function. To minimize the error the weight 

changes should be in negative gradient direction. Therefore we will have  

                   ∆W = −η ∇e                                                              (3.8) 
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where η is a positive constant, called learning factor. By Equations (3.6) and 3.7, 

the ∆W is calculated as follows: 

 ∆W = − η (d − o) f '(a) I                                                              (3.9)  

For each weight j Equation 3.9 can be written as:  

∆wj = −η (d − o) f '(a) Ij               j = 0, 1, 2 ... n                          (3.10)  

Therefore we update the weights of the network as:   

wj (new) =wj (old) + ∆wj           j = 0, 1, 2 ... n                           (3.11)  

For Figure (3.4), the Delta rule can be applied in a similar manner to each neuron. 

Through generalization of Equation 3.11 for normalized error and using Equation 3.10 

for every neuron in output layer we will have: 

 

nj
X

xafod
oldwnewjw jjj

j ,...,2,1,0
||||
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)()( 2 =

−
+=
η

 (4.12) 

 

where X ∈Rn is the input vector to the last layer, xj is the jth element of X  and ||.|| 

denotes L2-Norm.  

Note: L2-Norm is the Euclidian Norm (the norm of a vector), or called the length 

or magnitude. It denotes to the distance to the point referred to by its coordinates. The 

Norm of vector X with n components: 

 

 (4.13) 22
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   Where xn is the input vector. 
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Example: 

 If X = [3, 2, 1]  

   ∴ The norm of X is     || X || =       32 + 22 + 12 

                                         || X || =       14 

                                ∴     || X ||2 = 14 

The above method can be applied to the hidden layers as well. The only difference 

is that the oj will be replaced by yj in Equation (3.12). yj is the output of hidden layer 

neuron, and not the output of network.  

One of the drawbacks in the back propagation learning algorithm is the long 

duration of the training period. In order to improve the learning speed and avoid the 

local minima, several different methods have been suggested by researchers. These 

include addition of first and second moments to the learning phase, choosing proper 

initial conditions, and selection of an adaptive learning rate.   

To avoid the local minima, a new term can be added to Equation (3.12). In such an 

approach, the network memorizes its previous adjustment, and, therefore it will escape 

the local minima, using previous updates. The new equation can be written as follows, 

Equation (3.14):  

 

])()([
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)(')(
)()( 2 oldwneww

X
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jjj

j −+
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+= α
η

 
(4.14) 

where α is a number between 0 and 1, namely the momentum coefficient.  
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3.4.2 Neural Network Parameters That Control The Network‘s 

Performance And Prediction Capability 
there are other neural network parameters that control the network‘s performance 

and prediction capability. These parameters should be chosen very carefully to 

develop effective neural network models, such as: 

• The momentum coefficient (α) which is a number between 0 and 1, to 

avoid the local minima. In such an approach, the network memorizes its 

previous adjustment, and, therefore it will escape the local minima, using 

previous updates. 

• The proper selection of initial conditions in order to decrease the training 

period of the network. 

•  The adaptive learning rate (η), which is used to improve the convergence 

of the network and increase the convergence speed. In this method, the 

learning rate of the network (η) is adjusted during training.  In the first step, 

the training coefficient is selected as a large number, so the resulting error 

values are large. However, the error will be decreased as the training 

progresses, due to the decrease in the learning rate. It is similar to coarse 

and fine tunings in selection of a radio station. 

• Selection of Number of Hidden Layers; where, The number of input and 

output nodes corresponds to the number of network inputs and desired 

outputs, respectively. The choice of the number of hidden layers and the 

nodes in the hidden layer(s) depends on the network application. Selection 

of the number of hidden layers is a critical part of designing a network and 

is not as straightforward as input and output layers. There is no 

mathematical approach to obtain the optimum number of hidden layers, 

since such selection is generally fall into the application oriented category.  

However, the number of hidden layers can be chosen based on the training 

of the network using various configurations, and selection of the 
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configuration with the fewest number of layers and nodes which still yield 

the minimum root-mean-squares (RMS) error quickly and efficiently. In 

general, adding a second hidden layer improves the network‘s prediction 

capability due to the nonlinear separability property of the network. 

However, adding an extra hidden layer commonly yields prediction 

capabilities similar to those of two-hidden layer networks, but requires 

longer training times due to the more complex structures. Although using a 

single hidden layer is sufficient for solving many functional approximation 

problems, some problems may be easier to solve with a two-hidden-layer 

configuration. 

• Normalization of Input and Output Data Sets: Neural networks require 

that their input and output data be normalized to have the same order of 

magnitude. Normalization is very critical for some applications. If the input 

and the output variables are not of the same order of magnitude, some 

variables may appear to have more significance than they actually do. The 

training algorithm has to compensate for order-of-magnitude differences by 

adjusting the network weights, which is not very effective in many of the 

training algorithms such as back propagation algorithm. For example, if 

input variable i1 has a value of 50,000 and input variable i2 has a value of 

5, the assigned weight for the second variable entering a node of hidden 

layer 1 must be much greater than that for the first in order for variable 2 to 

have any significance. In addition, typical transfer functions, such as a 

sigmoid function, or a hyperbolic tangent function, cannot distinguish 

between two values of xi when both are very large, because both yield 

identical threshold output values of 1.0.   

The training phase of back propagation algorithm can be summarized in the 

following steps:  
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1. Initialize the weights of the network.  

2. Scale the input/output data.  

3. Select the structure of the network (such as the number of hidden layers and 

number of neurons for each layer).  

4. Choose activation functions for the neurons. These activation functions can be 

uniform or they can be different for different layers.  

5. Select the training pair from the training set. Apply the input vector to the 

network input.  

6. Calculate the output of the network based on the initial weights and input set.  

7. Calculate the error between network output and the desired output (the target 

vector from the training pair).  

8. Propagate error backward and adjust the weights in such a way that minimizes 

the error. Start from the output layer and go backward to input layer.   

9. Repeat steps 5−8 for each vector in the training set until the error for the set is 

lower than the required minimum error.  

After enough repetitions of these steps, the error between the actual outputs and 

target outputs should be reduced to an acceptable value, and the network is said to be 

trained. At this point, the network can be used in the recall or generalization phases 

where the weights are not changed.   

3.4.3 Network Testing   
An important aspect of developing neural networks is determining how well the 

network performs once training is complete. Checking the performance of a trained 

network involves two main criteria:  

(1) How well the neural network recalls the output vector from data sets used to 

train the network (called the verification step); and  

(2) How well the network predicts responses from data sets that were not used in 

the training phase (called the recall or generalization step).  
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In the verification step, we evaluate the network‘s performance in specific initial 

input used in training. Thus, we introduce a previously used input pattern to the 

trained network. The network then attempts to predict the corresponding output. If the 

network has been trained sufficiently, the network output will differ only slightly from 

the actual output data. Note that in testing the network, the weight factors are not 

changed: they are frozen at their last values when training ceased.   

Recall or generalization testing is conducted in the same manner as verification 

testing; however, now the network is given input data with which it was not trained. 

Generalization testing is so named because it measures how well the network can 

generalize what it has learned, and form rules with which to make decisions about 

data it has not previously seen. In the generalization step, we feed new input patterns 

(whose results are known to us, but not to the network) to the trained network. The 

network generalizes well when it sensibly interpolates these new patterns. The error 

between the actual and predicted outputs is larger for generalization testing and 

verification testing. In theory, these two errors converge upon the same point 

corresponding to the best set of weight factors for the network.  

In the following subsection, an example of applying Neural Networks; especially 

the Feedforward Backpropagation Networks, to recognize the noisy accidents patterns 

of the Egyptian Second Nuclear Research Reactor.  

3.5 Nuclear Reactor Accidents Patterns Recognition Using 

Artificial Neural Networks 
The nuclear reactor plants are expected to be operated with high levels of 

reliability, availability and safety. In order to achieve and maintain system stability 

and assure satisfactory and safe operation, there is increasing demand for automated 

systems to detect and diagnose such failures. In recent years, use of intelligent systems 

in fault detection and diagnosis system design has increased significantly. Various 



 NUCLEAR RESEARCH REACTORS PATTERNS RECOGNITION                                                                    Chapter 3 
       USING FEEDFORWARD BACKPROPAGATION 

 
 

 43

design techniques such as hardware redundancy, analytical redundancy and expert 

systems have been used to enhance system performance. Recently, Artificial Neural 

Networks (ANN) has been highlighted because of their parallel structure, high speed, 

and their ability to give easy solutions to complicated problems. ANN is a promising 

method for fault patterns detection systems design, due to their learning capabilities 

and their inherent parallel structures [25-26]. 

In this section, an approach based on neural network’s feedforward 

backpropagation for recognizing the reactor accidents patterns is presented. A neural 

network is designed and trained to recognize the Egyptian Second Nuclear Research 

Reactor accidents patterns using MATLAB's Neural Network Toolbox.  

MATLAB's Neural Network Toolbox is software that provides comprehensive 

support for many proven network paradigms, as well as graphical user interfaces 

(GUIs) that enable to design and manage neural networks. The Toolbox supports both 

supervised and unsupervised neural networks. The supervised neural networks are 

trained to produce desired outputs in response to sample inputs, making them 

particularly well suited to modeling and controlling dynamic systems, classifying 

noisy data, and predicting future events, which is our domain demand. 

3.5.1 Network Design and Training 
In this work, a neural network is designed and trained to recognize the 9 accidents 

of the nuclear reactors. By the aid of reactor operation crew and Safety Analysis 

Report (SAR) of the reactor, also the Atomic Energy Authority (AEA) experts, data 

sets was collected for the eight accidental cases listed below plus the normal operation 

case (Classes) as shown in Figure (3.6). So the total cases, which we have, are nine. 

The result is that each accident is represented as a 3-by-5 grid of Boolean values. 
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Figure (3.6): Sample of reactor accidents data patterns 

 

Figure (3.7): Program flowchart using Matlab 
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However, the data sets perhaps are not perfect, and the accidents can suffer from 

noise. Perfect recognition of ideal input vectors is required and reasonably accurate 

recognition of noisy vectors, see Figure (3.7). 

The nine 15-element input vectors are defined in the function accmodels as a 

matrix of input vectors called accidents. The target vectors are also defined in this file 

with a variable called, targets. Each input vector is a 15-element vector (3-by-5), 

Figure (3.8), with a 1 in the position of the accident it represents, and 0’s everywhere 

else (target vector). For example, the TR0 is to be represented by a 1 in the first 

element (as TR0 is the first accident of the accidents), and 0’s in elements two through 

nine. 

 

 

 

Figure (3.8): Samples of (15x9) matrix of (3x5) bit maps for each accident 

3.5.2 Neural Network Implementation 
The network receives the 15 Boolean values as a 15-element input vector (3-by-5). 

It is then required to identify the accident by responding with a 9-element output 

vector. The 9 elements of the output vector each represent an accident. To operate 

correctly, the network should respond with a 1 in the position of the accident being 

presented to the network. All other values in the output vector should be 0. 

In addition, the network should be able to handle noise. In practice, the network 

does not receive a perfect Boolean vector as input. Specifically, the network should 

make as few mistakes as possible when recognizing vectors with noise of mean 0 and 

standard deviation of 0.2 or less. 



 NUCLEAR RESEARCH REACTORS PATTERNS RECOGNITION                                                                    Chapter 3 
       USING FEEDFORWARD BACKPROPAGATION 

 
 

 46

3.5.2.1 Network Architecture 

The neural network needs 15 inputs and 9 neurons in its output layer to identify the 

accidents. The network is a two-layer log-sigmoid/log-sigmoid network. The log-

sigmoid transfer function was picked because its output range (0 to 1) is perfect for 

learning to output Boolean values. 

 

Figure (3.9):  neural network design for accidents patterns recognition   

The hidden (first) layer has 10 neurons. This number was picked by guesswork and 

experience. If the network has trouble learning, then neurons can be added to this 

layer, Figure (3.9). The network is trained to output a 1 in the correct position of the 

output vector and to fill the rest of the output vector with 0’s. However, noisy input 

vectors can result in the network’s not creating perfect 1’s and 0’s. After the network 

is trained the output is passed through the competitive transfer function compet. This 

makes sure that the output corresponding to the accident most like the noisy input 

vector takes on a value of 1, and all others have a value of 0. The result of this post-

processing is the output that is actually used. 

3.5.2.2 Initialization 

Create the two-layer network with 'newff' function: 

net = newff(minmax(accidents),[S1 S2],{'logsig' 'logsig'},'traingdx'); 
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3.5.2.3 Network Training 

To create a network that can handle noisy input vectors, it is best to train the 

network on both ideal and noisy vectors. To do this, the network is first trained on 

ideal vectors until it has a low sum squared error. Then the network is trained on 10 

sets of ideal and noisy vectors. The network is trained on two copies of the noise-free 

accidents at the same time as it is trained on two copies of noisy vectors (i.e., the total 

copies are four). The two copies of the noise-free accidents are used to maintain the 

network’s ability to recognize ideal input vectors. 

Unfortunately, after the training described above the network might have learned 

to recognize some difficult noisy vectors at the expense of properly recognizing a 

noise-free vector. Therefore, the network is again trained on just ideal vectors. This 

ensures that the network responds perfectly when presented with an ideal accident. All 

training is done using backpropagation with both adaptive learning rate and 

momentum, with the function 'traingdx'. 

3.5.2.3.1 Training without Noise 

. 

         Figure (3.10): Neural Network                      Figure (3.11): Performance vs.  

                  Training output                                                Number of Epoch 
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The network is initially trained without noise for a maximum of 5000 epochs or 

until the network sum squared error falls beneath 0.1. Figure (3.10) show the output 

every 20 epochs, and the training stop when the Performance goal is met at epoch 

number158 

Figure (3.11) show the plot of performance vs. number of epochs. Figure (3.12) 

show the network response simulation. Figure (3.12-a) show a 9x9 simulation output 

matrix's diagonal values that are larger than 0.9, and Figure (3.12-b)  show a 9x9 

matrix with diagonal values equal 1 (the target), which means that the outputs is equal 

the targets and the network is trained  well. 

           (A) Real output                                               (B) Desired output 

Figure (3.12):  Neural Network Output for Accidents Patterns Recognition 

3.5.2.3.2 Training with Noise 

To obtain a network not sensitive to noise, train the network with two ideal copies 

and two noisy copies of the vectors in Accidents. The target vectors consist of four 

copies of the vectors in target. The noisy vectors have noise of mean 0.1 and 0.2 

added to them. This forces the neuron to learn how to properly identify noisy 

accidents, while requiring that it can still respond well to ideal vectors. 
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To train with noise, the maximum number of epochs is reduced to 300 and the 

error goal is increased to 0.6, reflecting that higher error is expected because more 

vectors (including some with noise), are being presented. 

3.5.2.3.2.1 Results of training with noise 

An example of the ten passes, for training the network with noise shown in the 

following paragraphs. In pass2, as example, the goal is met after 5 epochs, where it 

means one of the stopping criteria is met. The stopping criterion met here is the sum 

of squares errors (SSE).    

Pass = 2 
traingdx-calcgrad, Epoch 0/300, SSE 0.67199/0.6, Gradient 1.35261/1e-006 

traingdx-calcgrad, Epoch 5/300, SSE 0.588967/0.6, Gradient 1.10811/1e-006 

traingdx, Performance goal met, Figure (3.13). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (3.13): training with noise (Pass2) 
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Figure (3.14): training with noise (Pass4) 

Pass = 4 

traingdx-calcgrad, Epoch 0/300, SSE 0.998751/0.6, Gradient 2.18894/1e-006 

traingdx-calcgrad, Epoch 11/300, SSE 0.585503/0.6, Gradient 1.29207/1e-006 

traingdx, Performance goal met, Figure (3.14). 

 

Pass = 7 

traingdx-calcgrad, Epoch 0/300, SSE 1.22755/0.6, Gradient 1.04305/1e-006 

traingdx-calcgrad, Epoch 20/300, SSE 0.912542/0.6, Gradient 1.58917/1e-006 

traingdx-calcgrad, Epoch 29/300, SSE 0.592562/0.6, Gradient 1.11897/1e-006 

traingdx, Performance goal met. Figure (15) 
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Figure (3.15): training with noise (Pass7) 

 

 

 

 

 

 

   

 

 

 

 

Figure (3.16): training with noise (Pass9) 
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Pass = 9 

traingdx-calcgrad, Epoch 0/300, SSE 0.752496/0.6, Gradient 2.33902/1e-006 

traingdx-calcgrad, Epoch 4/300, SSE 0.567219/0.6, Gradient 1.64352/1e-006 

traingdx, Performance goal met, Figure (3.16). 

Pass = 10 

traingdx-calcgrad, Epoch 0/300, SSE 0.523948/0.6, Gradient 2.13407/1e-006 

traingdx, Performance goal met. 

3.5.2.3.3 Training without Noise Again 

Once the network is trained with noise, it makes sense to train it without noise 

once more to ensure that ideal input vectors are always classified correctly. Therefore, 

the network is again trained with code identical to the previous paragraph 3.5.2.3.1. 

3.5.3 Results and Discussion 
The reliability of the neural network accidents recognition system is measured by 

testing the network with input vectors with varying quantities of noise. The script file 

Accidents Recognition tests the network at various noise levels, and then graphs the 

percentage of network errors versus noise. Noise with a mean of 0 and a standard 

deviation from 0 to 0.5 is added to input vectors. At each noise level, 100 

presentations of different noisy versions of each accident are made and the network’s 

output is calculated.  

In Figure (3.17), the solid line on the graph shows the reliability for the network 

trained with and without noise. The reliability of the same network when it was only 

trained without noise is shown with a dashed line. Thus, training the network on noisy 

input vectors greatly reduces its errors when it has to recognize noisy vectors and its 

output is approximately equal the training the same network without noisy input 

vectors output. 
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The network did not make any errors for vectors with noise level of mean 0.00 or 

0.14. When noise level of mean is larger than 0.15 was added to the vectors both 

networks began making errors. 

If a higher accuracy is needed, the network can be trained for a longer time, or 

retrained with more neurons in its hidden layer. Also, the resolution of the input 

vectors can be increased to a 6-by-10 grid. Finally, the network could be trained on 

input vectors with greater amounts of noise if greater reliability were needed for 

higher levels of noise. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (3.17): the reliability for the network trained with and without noise. 
 
 

Network 2 
with and 
without 
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Network 1 
without 
Noise 
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 To test the system, create an accident with noise and present it to the network. As 

example, when the accident TR2 (number 3), see figure (3.6), and add the noise using 

the "randn()" function to generate values from a normal distribution with mean 1 and 

standard deviation 2, then the output is passed through the competitive transfer 

function "compet()" (Matlab’s function), that returns a matrix with a 1 in each column 

where the same column of the input has its maximum value, and 0 elsewhere. Figure 

(3.18A) display the output of the noisy accident TR2, as the noise-free accident TR2, 

see figure (3.6), that means the network functioned correctly as expected. Also, when 

the same test carried out using accident TR4 and TR7, as examples, the same results 

were given; see figures (3.18B) and figures (3.18C); (all other examples were tested).  

 

 Figures (3.18A) TR2 

 

                       

Figures (3.18B) TR4 
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Figures (3.18C) TR7 

Figure (3.18): Sample Output of the system test when presenting sample of noisy 

input data to the neural network 

The performance of a constructed network can be measured by investigating the 

network response in more detail, by performing a regression analysis between the 

network response and the corresponding targets.  Where the entire data set are entered 

the network and a linear regression between the network outputs and the 

corresponding targets are performed. After the network output and the corresponding 

targets are passed to the Matlab's function 'postreg', it returns three parameters for the 

equation: 

            Output = m Target + b                                                     (3.15)  

Figure (3.19) illustrates the graphical output provided by the function 'postreg'. 

The network outputs are plotted versus the targets as open circles. The best linear fit is 

indicated by a dashed line. The perfect fit (output equal to targets) is indicated by the 

solid line. In this figure, it is difficult to distinguish the best linear fit line from the 

perfect fit line because the fit is so good. 

           Output = 0.97 Target + 0.0073                                          (3.16)  

From equation (3.16), the first parameter is the slope m=0.97, and the second one 

is the y-intercept b=0.0073 of the best linear regression relating targets to network 
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outputs. This output, you can see that the numbers are very close to the perfect fit 

(outputs exactly equal to targets), would be 1, and the y-intercept would be 0. The 

third parameter returned is the correlation coefficient (R-value) between the outputs 

and targets. The correlation coefficient between two variables is a real number (r) 

which expresses the type and the degree of the relation between the two variables. It is 

a measure of how well the variation in the output is explained by the targets. If this 

number is equal to 1, then there is perfect correlation between targets and outputs. In 

the application, the number is very close to 1 (0.99953), which indicates a good fit. 

 

Figure (3.19): the reliability for the network trained with and without noise 
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CHAPTER (4) 
 

GENETIC ALGORITHMS-BASED 
ARTIFICIAL NEURAL NETWORKS 

 
4.1 Intodruction 

Many huge plants and machines, which are extremely complex and advanced, are 

always search for achieving and maintaining their system stability and assure 

satisfactory and safe operation. In a nuclear reactor plant, for example, tens of alarms 

can occur in a few second after a fault, so locating the fault might be of utmost 

importance due to safety, political and other reasons. Accordingly, there is an 

increasing demand for dynamic systems to continue acceptable operation following 

failures. 

Both the Genetic algorithms and neural networks, which are inspired by 

computation in biological systems, are two techniques for optimization and learning. 

Genetic algorithms have been used in conjunction with neural networks in three major 

ways: First, genetic algorithms have been used to construct neural network topologies. 

When evolving neural networks 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. Second, 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. Third, they have been used to select training data and to interpret the output 

behavior of neural networks [29]. 
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Genetic Algorithms and Neural networks are two techniques for optimization and 

learning, each with its own strengths and weaknesses. The two have generally evolved 

along separate paths. However, recently there have been attempts to combine the two 

technologies. The genetic algorithms implemented in the Matlab’s toolbox let to solve 

optimization problems with nonlinear, linear, and bound constraints. By mimicking 

the principles of biological evolution, the genetic algorithm solves optimization 

problems, where it is repeatedly modifying a population of individual points using 

rules modeled on gene combinations in biological reproduction. The genetic algorithm 

improves the chances of finding a global solution, due to its random nature. The 

Genetic Algorithm provides the following standard algorithm options: Creation, 

Selection, Crossover, Mutation, and Plotting. The stopping criteria can be base for the 

algorithm on time, stalling, fitness limit, or number of generations. Finally, fitness 

function can be vectorizing to improve the execution speed [30-37]. 

In this chapter, a computer program written in Matlab (using genetic algorithm-

based neural network), was developed to construct an artificial neural network, to 

recognize the nuclear reactor accidents. MATLAB, which stands for MATrix 

LABoratory is an interactive system, originally written as software for matrix 

computation. MATLAB has evolved over the years as a tool for teaching courses in 

mathematics, engineering, and science and used for research, development, and 

analysis. MATLAB toolboxes are collections of functions used to solve particular 

classes of problems. Areas in which toolboxes are available include signal processing, 

control systems, fuzzy logic, wavelets, simulation and neural networks. The program 

is capable of plotting the various relations between the neural network output and the 

required target. The program stops calculation when the mean square error or sum 

square error reaches a desired minimum. It not only succeeds in its task but it 

outperforms backpropagation, the standard training algorithm on reactor accidents 

data example. This success comes from tailoring the genetic algorithm to the domain 

of training neural networks (reactor accidents data). Practically, the evolution and 
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ultimate success of this algorithm with a series of screens shots and output plots are 

documented. 

4.2 Neural networks 
A neural network as a regression analysis technique is a non-linear function that 

fitted to experimental data. The input data contains several input parameters, as in our 

domain of application (the Egyptian second nuclear research reactor), Low core 

pressure drop, Low primary mass flow rate, High core outlet temperature, Low water 

level in daily tank, High flux ….etc. Each input xj  is multiplied by a weight wj
(1).  The 

sum of all these products with a constant θ (1 ) forms the argument of a hyperbolic 

tangent as shown in equation (4.1). Each output ai  is itself multiplied by a weight 

wj
(2). The sum of these hyperbolic tangent with a second constant θ (2 ) therefore gives 

the output y  as a non-linear function of xi as shown in equation (4.1). Predicted output 

yj is given as: 

 yj = f(xj, W, b)  (4.1)  

where xj is input vector, W is weight matrix and b is bias matrix. 

The Performance (the Error) is checked and is expressed in terms of Mean-Squared 

Error (MSE) or Sum-Squared Error (according to the choice of the performance 

function) as in equation (4.2) and equation (4.3):  
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Where n and k denote the number of patterns and output nodes used in the training 

respectively, i denotes the index of the input pattern (vector), k denotes the index of 

the output node, ti,k and yi,k express the desired output (target) and actual output values 

of the kth output node at ith input pattern, respectively. The calculation of the output is 

according to figure (3.12) for two layers network using equation (4.4) and figure 

(3.13) for three layers network using equation (4.5) 

a2 = f2 (LW2,1 (f1 (LW1,1p + b1) + b2) = yj , (4.4) 

where j is neurons in the output layer, 

a3 = f3 ( LW32 f2( LW2,1 ( f1 ( LW1,1p + b1 ) + b2) + b3 ) = yj , (4.5) 

where j is neurons in the output layer. 

4.3 Genetic Algorithms (GAs) 
GAs are search algorithms based on the mechanics of natural selection and 

genetics as observed in the biological world. They use both direction (“survival of the 

fittest'') and randomization to robustly explore a function. Importantly, to implement a 

genetic algorithm it is not even necessary to know the form of the function; just its 

output for a given set of inputs. 

GAs are a part of evolutionary computing, which is a rapidly growing area of 

artificial intelligence, and inspired by Darwin's theory about evolution. GAs are 

computer programs that mimic the processes of biological evolution in order to solve 

problems and to model evolutionary systems. GAs were first described by John 

Holland in the 1960s and further developed by him and his students and colleagues at 

the University of Michigan in the 1960s and 1970s. Holland's goal was to understand 

the phenomenon of “adaptation" as it occurs in nature and to develop ways in which 

the mechanisms of natural adaptation might be imported into computer systems. 
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Holland's GA is a method for moving from one population of “chromosomes" 

(e.g., strings of “bits" representing candidate solutions to a problem) to a new 

population, using “selection" together with the genetics-inspired operators of 

crossover, mutation, and inversion. Chromosomes are strings of DNA and serves as a 

model for the whole organism. Each chromosome consists of “genes", blocks of DNA, 

(e.g., bits), where each gene encodes a particular attributes, i.e. each gene encodes a 

trait (color of eyes). Possible settings for a trait (e.g. blue, brown) are called alleles, 

each gene being an instance of a particular “allele" (e.g., 0 or 1). Each gene has its 

own position in the chromosome. This position is called locus. The selection operator 

chooses those chromosomes in the population that will be allowed to reproduce, with 

fitter chromosomes producing on average more offspring than less fit ones. Crossover 

exchanges subparts of two chromosomes, roughly mimicking biological 

recombination between two single-chromosome organisms; mutation randomly 

changes the allele values of some locations in the chromosome; and inversion reverses 

the order of a contiguous section of the chromosome, thus rearranging the order in 

which genes are arrayed. 

Where the GA is a model of machine learning based on the mechanism of natural 

selection and natural genetics, this is done by a random creation of a population of 

individuals, represented by chromosomes. These individuals are evaluated and 

undergo a process of evolution which starts with a natural selection, inspired by 

Darwin’s theory of evolution: the best individuals of a population are selected. Then a 

biological process occurs: some recombination, as crossover and mutation, are made 

in order to create a new generation of individuals with the hope that this new one is 

better. The genetic algorithm is stopped when a target value is reached. 

GAs are viewed as optimization tools and allow to solve problems for which an 

extreme solution is searched. 
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4.4 Genetic Algorithms Process 
Suppose an input set (x1,x2,…,xj) which will give a desired output y. So, where the 

genetic algorithms are based on biological theory, this input set can assimilate as a 

chromosome. Each input xi is the equivalent of a gene. In a first time, a population is 

randomly generated. This population contains n chromosomes (x1,x2,…,xj). The 

chromosomes are then ranked according to their fitness. The best chromosomes are 

selected and subjected to operations, as well in the biological system, as crossover or 

mutation. In this way, a second generation obtains. This new sets of chromosomes are 

then still evaluated and undergo selection, crossover and mutation mechanisms, as 

previously. The third generation obtains and this process takes place for many 

generations until the fitness value is reached [37]. 

Solving some problem, are usually looking for some solution, which will be the 

best among others. The space of all feasible solutions (it means objects among those 

the desired solution is) is called search space (also state space). Each point in the 

search space represents one feasible solution. Each feasible solution can be "marked" 

by its value or fitness for the problem. Looking for the solution, which is one point (or 

more) among feasible solutions, is one point in the search space. The looking for a 

solution is then means a looking for some extreme (minimum or maximum) in the 

search space. The search space can be whole known by the time of solving a problem, 

but usually we know only a few points from it and we are generating other points as 

the process of finding solution continues [39].  

4.5 Problem Formulation 
The system is designed to construct an ANN using GAs for accidents diagnosis of 

the nuclear reactor's input data. MATLAB toolboxes are used to implement the GA 

which produces the optimized values of weights and biases that are required to 

construct such network. The data used in the application were collected by the aid of 

reactor operation crew and Safety Analysis Report (SAR) of the reactor, in addition to 
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the Atomic Energy experts. The data sets are for the eight accidental cases (Classes) 

listed below; plus the normal operation case as shown in Figure (4.1). So the total 

cases, which we have, are nine. The result is that each accident is represented as a 15 

by 1 grid of Boolean values (0,1). 

 

Figure (4.1): Sample of reactor accidents data patterns. 

In optimization problems a set of parameters is selected that will give the best 

solution to a particular problem. To present the initial values of these parameters to a 

GA, it must be encoded into a string so that crossover and mutation can be applied. 

Binary encodings are the most common, due to the fact that Holland [37] used them in 

his early pioneering work. In choosing an encoding scheme the nature of the problem 

will play a major role. So, in the reactor accidents diagnosis, the binary encoding 

becomes practical as the accidents patterns are in binary form. Any base can be used, 

as it is just a different method of encoding the same information, but the lower the 

base the longer the string will be [38-39].  

4.6 Proposed System 
In this section, we will explain the proposed system modules. It is consisted of an 

m file program for GA computation and a Graphical User Interface (GUI) for easy 

communication with the program and experimentation with alternatives. Matlab 

environment is used to implement the system. 
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4.6.1 Program Description 
The graphical user interface (GUI) is depicted in figure (4.2), which is used to guide 

the user for the optimization process. Calculation is started by clicking 'Calculate' 

button, where the calculation program begins with calculating the different parameters 

(the weights and biases, the transfer functions and the performance functions) for the 

two and the three layers of the ANN. 

Figure (4.2): The program graphical use interface (GUI) 

 

4.6.2 The Implemented GA 

A block diagram of the implemented GA is shown in Figure (4.3).  
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Figure (4.3): Artificial Neural Network and Genetic Algorithm 

The genetic algorithm begins by creating a random initial population. If the 

minimal point for the fitness function is known approximately where it lies, the initial 

range should set so that the point lies near the middle of that range. However, the 

genetic algorithm can find the minimum even with a less than optimal choice for 

initial range. 

A genetic algorithm is used to find a good topology and parameters for a neural 

network. Using neural network as the fitness function, GA determines the fitness level 

of each topology and parameters. Using fitness values, the genetic algorithm would 

then evolve a new population for the network to try. After several generations, a 

population of several “good” structures with parameters evolves and fittest topology 

and parameters are used as the best construction of the neural network. 

The genetic algorithm uses the individuals in the current generation to create the 

offspring that make up the next generation. Then, the algorithm creates a sequence of 

new populations. To create the new population, the algorithm scores each member of 

the current population by computing its fitness value. The Fitness Value of the 

individual Vi of GA is calculated as follows:  
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• The chromosome Vi string and the corresponding settings of ANN with 

reference the choices from the program GUI.  

• Designed ANN model as per the string and the network choices. Predicted 

output yj is given as yj = f(xj, W, b), where xj is input vector, W is weight matrix 

and b is bias matrix.  

• Performance is checked by calculating fitness values and is expressed in terms 

of Mean-Squared Error (MSE) or Sum-Squared Error ( according to the choice 

of the performance function from GUI) as:  

Where Np and K denote the number of patterns and output nodes used in the 

training respectively, i denotes the index of the input pattern (vector), k denotes the 

index of the output node, ti,k and yi,k express the desired output (target) and actual 

output values of the k
th 

output node at i
th 

input pattern, respectively. The calculation of 

the output is according to figure (4.1) for two layers network using equation (4.4) and 

figure (4.2) for three layers network using equation (4.5). 

4.6.3 Algorithmic Setting  
The setting for GA is shown in Table (1). Based on speed consideration some 

values set for population size and evaluation generation a little small. 

      Table (4.1): Parameters setting for GA 

Setting Type Value 

Encoding Scheme Binary Encoding 

Population Size 100 

Selection Stochastic Uniform 

Crossover Uniform 

Mutation Random 

Elitism Yes 

Stall Time Limit 20 

Display iteration 
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a) The selection function chooses parents for the next generation based on their 

scaled values from the fitness scaling function. An individual can be selected more 

than once as a parent. The default selection option, stochastic uniform, lays out a 

line in which each parent corresponds to a section of the line of length proportional 

to its scaled value. The algorithm moves along the line in steps of equal size. At 

each step, the algorithm allocates a parent from the section it lands on. 

b) Some of the individuals in the current population with the best fitness values are 

chosen as elite. The default setting is 10% of the current population size. These 

elite individuals are passed to the next population. Setting Elite count to a high 

value causes the fittest individuals to dominate the population, which can make the 

search less effective. 

c) Besides elite children, the algorithm: 

• Creates crossover children by selecting vector entries, or genes, from a pair of 

individuals in the current generation and combines them to form a child. The 

default setting is 80% of the current population size, after excluding the elite 

children. With some probability P (typically between 0.5 and 0.8), it is decided 

how parent contribute to the gene values in the offspring chromosome. For 

example: 

Parent 1 : 11001010 

Parent 2 : 00100111 

If P is 0.5 : 

    Offspring 1 : Parent1 contributes odd positions, Parent2 contributes even 

positions 

    Offspring 2 : Parent1 contributes even positions, Parent2 contributes odd 

positions 
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This is means approximately half of the genes in the next offspring will come 

from Parent1 and the other half will come from Parent2. Example:  

-  Contribution of Parent 1 :    1  0  1  1 

-  Contribution of Parent 2 :    0  0  1  1 

                                            ------------ 

* New Offspring1              :  10001111 

* By the same way New Offspring 2 :  01100010 

• Creates Mutation children by applying random changes to a single individual 

by altering one or more genes in the chromosome from its initial state. The 

default setting is 20% of the current population size, after excluding the elite 

children. The mutation process is illustrated as the following: 

                                7 6 5 4 3 2 1 0        bit position 

Before Mutation :  1 0 1 1 0 1 1 1  

      After   Mutation :  1 0 1 0 0 1 1 1 

Random mutation exchanges a random selected gene with a random value 

within the range of the genes minimum and maximum value. 

• Crossover rate generally should be high, and mutation rate should be very low 

d) Replaces the current population with the children to form the next generation. 

e) The stopping criteria, as Generations, Time limit,  Fitness limit,  Stall generations 

(The algorithm stops when the weighted average change in the fitness function 

value over Stall generations is less than Function tolerance), Stall time limit (The 

algorithm stops if there is no improvement in the objective function during an 

interval of time in seconds equal to Stall time limit.), Function Tolerance (The 

algorithm runs until the weighted average change in the fitness function value over 
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Stall generations is less than Function tolerance.) and Nonlinear constraint 

tolerance (The Nonlinear constraint tolerance is not used as stopping criterion. It is 

used to determine the feasibility with respect to nonlinear constraints.), stops the 

algorithm as soon as any one of these conditions is met. You can specify the 

values of these criteria in the Stopping criteria pane in the Optimization Tool or by 

the function 'gaoptimset' from the command line. 

4.7 RESULTS AND DISCUSSION 
4.7.1 Results of Constructed ANN by GA  
The output response, after finishing the calculation, show a 9-by-9 matrix with 

diagonal values larger than 0.9, as in the figure (4.4). Then, when these diagonal 

values rounded, it approximately equal 1, as in the figure (4.5), and that is exactly the 

required target. This means that the constructed neural network is the best for the 

reactor accidents data. While the best structure is obtained for the ANN, the 

correspondence values of weights and biases, that are required to construct such 

network, are also calculated by the program. Figures from (4.6) and (4.7) display the 

calculated output provided by the proposed system. Figure (4.6) show layer1 weight 

and biases matrix 16x10, that is required to construct layer one. Figure (4.7) show 

layer2 weight and biases matrix 11x9 that is required to construct layer two.  

 

 

 

 

 

Figure (4.4) Real Output 
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Figure (4.5) approximated Output 
 

 

 

 

 

 

 

 

 

Figure (4.6): Layer1 weight and biases matrix (16x10) 

 

 

 

 

 

 

 

 

Figure (4.7): Layer2 weight and biases matrix (11x9) 
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The performance of a constructed network can be measured to some extent by 

investigating the network response in more detail. A regression analysis between the 

network response and the corresponding targets is proposed.  

4.7.2 Regression Analysis 
The network output and the corresponding targets are passed to regression analysis 

function, and it returns three parameters. The first one is the slope (m), the second is 

the y-intercept (b) of the best linear regression relating targets to network outputs and 

the third variable is the correlation coefficient (R-value) between the outputs and 

targets. If there were a perfect fit (outputs exactly equal to targets), the slope would be 

1, and the y-intercept would be 0. In our program, we can see that the numbers are 

very close. It is a measure of how well the variation in the output is explained by the 

targets. If this number is equal to 1, then there is perfect correlation between targets 

and outputs, as clear from figure (4.4) and figure (4.5), the number is very close to 1, 

which indicates a good fit. 

The following figures from (4.8) through (4.16) illustrate the graphical output 

provided by regression analysis function, for the nine cases (Accidents Patterns). The 

constructed neural network outputs are plotted versus the targets as open circles. The 

best linear fit is indicated by a dashed line. The perfect fit (output equal to targets) is 

indicated by the solid line. In these figures, it is difficult to distinguish the best linear 

fit line from the perfect fit line because the fit is so good. It is also clear that the 

outputs seem to track the targets reasonably well, and the R-values are equal 1.0, this 

means that there is perfect correlation between targets and outputs. Accordingly, this 

is another demonstration for the suitability of the suggested construction of neural 

network using genetic algorithm. Table (4.2) show the comparison between the 

outputs provided by regression analysis function for the nine accidents patterns. 
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Figure (4.8) Real Outputs versus the target (LOFA Accident)   

 

 

 

 

 

 

 

 

 

 

 

 

Figure (4.9) Real Outputs versus the target (LOPS Accident)  

 72



GENETIC ALGORITHMS-BASED ARTIFICIAL NEURAL NETWORKS                                                         Chapter 4 
  

 

 

  

 

 

 

 

 

 

 

 

 

Figure (4.10) Real Outputs versus the target (LOHS Accident) 

   

 

 

 

 

 

 

 

 

 

 

Figure (4.11) Real Outputs versus the target (SLOCA Accident)   
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Figure (4.12) Real Outputs versus the target (MLOCA Accident) 

   

 

 

 

 

 

 

 

 

 

 

 

Figure (4.13) Real Outputs versus the target (LLOCA Accident)   
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Figure (4.14) Real Outputs versus the target (UFRI Accident)  

  

 

 

 

 

 

 

 

 

 

 

Figure (4.15) Real Outputs versus the target (USRI Accident)   
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Figure (4.16) Real Outputs versus the target (Normal Case) 

    

 

 

 

 

 

 

 

 

 

 

 

Figure (4.17): ANN performance vs. Number of iterations   
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Figure (4.17) displays another performance measure to the constructed neural 

network using genetic algorithm. The result shown in this figure is reasonable, where 

in the first iterations from 0 to 0.5x104, there is a big vibration in performance (MSE) 

error and the error is still below the value 0.9, and it doesn’t appear that any 

significant vibration has occurred after iterations point 0.5x104. 

 
Table (4.2): Comparison between the outputs provided by regression analysis 

function for the nine accidents patterns. 

Figure Number Regression Equation Correlation Coefficient
(R-value) 

Figure (4.8) LOFA 
Accident. Y = (0.98) T + (1.1 e- 16) R = 1 

Figure (4.9) LOPS 
Accident. Y = (0.97) T + (-7.4 e- 17) R = 1 

Figure (4.10) LOHS 
Accident. Y = (0.99) T + (-0) R = 1 

Figure (4.11) SLOCA 
Accident. Y = (0.99) T + (3.7 e- 17) R = 1 

Figure (4.12) MLOCA 
Accident. Y = (0.98) T + (1.1 e- 17) R = 1 

Figure (4.13) LLOCA 
Accident. Y = (0.97) T + (1.9 e- 17) R = 1 

Figure (4.14) UFRI 
Accident. Y = (0.97) T + (3.7 e- 17) R = 1 

Figure (4.15) USRI 
Accident. Y = (0.98) T + (1.9 e- 17) R = 1 

Figure (4.16) LOPS 
Accident. Y = (0.97) T + (1.9 e- 17) R = 1 
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4.8 Comparing Results to Backpropagation Algorithm 

ANN 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (4.18): performance vs. number of epochs (GA parameters applied to 
backpropagation) 

In this section, the parameters obtained from the construction of the neural 

network optimized by genetic algorithm; such as number of layers, number of neurons 

in each layer, activation function in each layer, performance function and the training 

function are compared to traditional backpropagation algorithm. Also, the initial 

conditions were taken into account such as the mean of sum-squared error goal, 

momentum constant and number of epochs, to investigate the effect of these 
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parameters on the network performance. Figure (4.18) and figure (4.19) show the plot 

of performance versus number of epochs. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (4.19): performance vs. number of epochs (Running backpropagation alone) 
 
 
 
 
 
 
 
 
 

 
 
          
     Figure (4.20): learning rate vs. number of epochs (GA parameters applied to 

backpropagation) 
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Figure (4.21): learning rate vs. number of epochs (Running backpropagation) 
 
 
Table (4.3): Comparison between results when applying GA parameters to 

backpropagation and running backpropagation alone 

Statement 
GA parameters applied to 

backpropagation 
results issued at epoch 1162 

running 
backpropagation alone 
results issued at epoch 

155 
Performance 2.42 e-10 959.00 e-5

Gradient 9.90 e-11 5.37 e-5

Learning 
rate 1228134801.1548 19.246 

 
 

From the result shown in figure (4.17), the best performance (MSE) is 0.22 and 

has occurred after iterations point 3.5x104. This means long time is needed for the GA 

to produce results, but it is acceptable with the current advances in computer 

technologies. From figure (4.20), figure (4.21) and Table (4.3), the difference between 

the values of the mean square error (performance), that results from applying GA 

parameters to backpropagation and running backpropagation alone, (using Matlab), is 
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highly large (approximately double of value). Also, for the gradient, the difference is 

highly large (approximately double of value), but this comes in the expense of large 

learning rate. This means much faster convergence when using backpropagation 

algorithm, (959.00e-5 at epoch 155), but it is the best when using GA, (2.42e-10 at 

epoch 1162).  

The valuable benefits from GA are automating and optimizing the design; and 

finding weights and biases for a suggested construction of Artificial Neural Networks 

as explained in section (4.7.1). 
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CHAPTER (5) 
 

GENETIC ALGORITHM-BASED 
NEURAL NETWORKS FOR 

ACCIDENTS DIAGNOSIS OF 
RESEARCH REACTORS ON FPGA 

 
5.1 INTRODUCTION 

In a nuclear research reactors plant, a fault can occur in a few milliseconds, so 

locating the fault might be of utmost importance due to safety, and other reasons. An 

interesting method to increase the performance of a model for fault detection and 

diagnosis is by using hardware implementations, where the hardware can execute the 

arithmetical operations much faster than software. Hardware implementations have 

other advantages such as reducing the cost, greater reliability in operation, reduced 

probability of equipment failure, better protection against and special operating 

condition.  

The Field Programmable Gate Array (FPGA) platform let us overcome the neural 

networks implementation problems. With their regular structure and the small number 

of well-defined arithmetic operations, these networks are well matched to integrated 

circuit technology. The high density of modern technologies lets us implement a large 

number of identical, concurrently operating processors on one chip, thus exploiting 

the inherent parallelism of neural networks. The regularity of neural networks and the 

small number of well-defined arithmetic operations used by neural algorithms greatly 

simplify the implementation on FPGA circuits. 
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This chapter presents a hardware implementation of a neural network that had 

obtained from Genetic Algorithm (GA) using MATLAB's toolbox. The excellent 

hardware performance has been performed through the use of field programmable 

gate array (FPGA), on Xilinx chip Spartan-3A (XC3S700A) is used in this thesis, to 

diagnosis the Multi-Purpose Research Reactor of Egypt accidents patterns, to avoid 

the risk of occurrence of a nuclear accident. The neural network hardware model has 

been designed using Xilinx Software environment. 

5.2 Genetic Algorithm-based Neural Network 
Genetic Algorithms and Neural networks design are two techniques for 

optimization and learning, each with its own strengths and weaknesses, and have 

generally evolved along separate paths. For the diagnoses of nuclear reactor accidents, 

a computer program is developed using MATLAB environment for this purpose, a 

Genetic algorithm program was designed and employed to construct an artificial 

neural network. 

The system was designed, using Genetic algorithms (GAs), to construct an ANN 

(the optimum values of weights and biases that are required to construct such 

network). The data used in the application were collected by the aid of reactor 

operation crew and Safety Analysis Report (SAR) of the reactor, in addition to the 

Atomic Energy experts. The data sets are for the eight accidental cases (Classes) listed 

below; plus the normal operation case as shown in Figure (5.3). So the total cases, 

which we have, are nine. 

One of the best structures that were obtained is two layers ANN with 

correspondence values of weights and biases that are required to construct such 

network, Figure (3.12). Figures (5.6) and Figures (5.7) show weights and biases 

matrices that are required to construct layer1 and layer2 respectively. One of the basic 

problems to implement neural network on reconfigurable hardware, is related to the 

neurons transfer functions.  
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The problem of representing the arithmetic operations using digital hardware is 

related to using some transfer function like the sigmoid function, (frequently used in 

the Multilayer Perceptron (MLP) model, is not easy to implement the design in the 

hardware environment. So, for our case, the sigmoid function has been substituted by 

the linear function during the run of program of GA that was used to obtain the 

optimum construction of such neural network [56]. 

5.3 Single Hardware Neuron Circuitry 
An artificial neural network (ANN) is an information processing system that tries 

to simulate biological neural networks. The field of ANN was born in an attempt to 

overcome the limitations of the computer's ability to perform certain tasks. The neural 

network is not programmed but "trained". The design and all of our work are directed 

towards the implementation of a multilayer perceptron (MLP) in a modular way.  

 

 

 

 

 

 

Figure (5.1): Single neuron module 

Our modular design means that the network constructed initially with small 

components and become as large as practically required to obtain the structure of the 

complex application. Figure (5.2) explain the expression to be implemented in the 

hardware, where Pi is the input signals, as depicted in figure (5.1), wi the weights; f(x) 

is the activation function and α is the output, Equation (5.1). 
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Figure (5.4) depict the block diagram of complete hardware neuron that is used in 

layer1. The circuit does the algebraic equations of the electric model of the neuron, 

that is, the multiplication and sum required in the neuron's internal processing. Where 

the input patterns of the accidents are in binary form, we are Satisfied with the using 

of a multiplexer, as shown in figure (5.2), to enter the multiplication of the input 

values by the corresponding weights. In layer2 we were forced to use a multiplier to 

multiply the real values output from layer1 by the real values of the corresponding 

weights of layer2, figure (5.3). 

 

Figure (5.2): A block diagram of a complete hardware neuron of layer 1 
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The Xilinx design tools interface supports two basic flows within the Project 

Manager: HDL and Schematic. An HDL Flow project can contain VHDL, Verilog, or 

schematic top-level designs with underlying VHDL, Verilog, or schematic modules. 

 

Figure (5.3): A block diagram of a complete hardware neuron of layer 2 

5.4 Complete Hardware Neural Network architecture 

The architecture of the complete hardware neural network is shown in figure 
(5.4), which includes the accidents input patterns, hidden layer (layer 1) and 
output layer (layer 2). 
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Where, the design is modular and parametric so it can be easily expanded as 
long as device's resources allow it. So, when put together they need additional 
circuitry for synchronization and control. Private weights storage ROM has 
been assigned for each layer, where each neuron will access its memory storage 
area. 

 

 

Figure (5.4): The block diagram of the complete hardware neural network 

One multiplier and one accumulator have been assigned for each layer. Data 

transfer between layers will stored in a private RAM for each layer, as shown in figure 

(5.4), to gather all computations of all neurons of each layer. Layer 1 output RAM is 
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dedicated for storing layer 1 output and Layer 2 output RAM is dedicated for storing 

layer 2 output (so, the network output).   

5.5 Hardware Implementation on FPGA 
Neural networks, in general, work with floating-point numbers and working with 

floating-point numbers in hardware is difficult because the arithmetic operations are 

more complex than with integer numbers and the dedicated circuits for floating-point 

operations are more complex, slower, and occupy a larger chip area than integer 

[01][48][56]. So, one floating-point multiplier has been forced to use in layer2, to 

keep the computations precision and achieving an excellent results. But in layer1 the 

use of the multiplexer is enough because of the binary inputs of the accidents patterns. 

 

 

 

 

Figure (5.5): Linear Transfer Function (a = purelin (n)) 

The other problem of representing the arithmetic operations using digital hardware 

is the using of some transfer functions like the sigmoid function (frequently used in 

the MLP model). To overcome this problem and to make the design is easy to 

implement in the hardware environment, the construction of the ANN has been got 

using “Liner Transfer Function” when the GA-based ANN program was run. In this 

case, the sigmoid function has been substituted by a linear function is shown on 

Figure (5.5). 

The hardware model of the neural network has been designed using Xilinx FPGA 

environment, where Xilinx offers competing products. Moreover, because Xilinx 

FPGA environment are standard parts that need only to be programmed, and no need 
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to wait for prototypes or pay large nonrecurring engineering (NRE) costs. One of its 

products is the Xilinx Spartan3A FPGAs, which are ideal for low-cost, high-volume 

applications and are targeted as replacements for fixed-logic gate arrays and 

Application Specific Standard Product (ASSP) products such as bus interface chip sets 

[55]. 

5.5.1 Design flow techniques 

 

Figure (5.6): Xilinx FPGAs Design Flow Technique (VHDL Design) 

FPGA design flow is the same for other programming languages; the only 

difference is the complexity of the design and tools with extra optimization options. 
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Figure (5.6) shows the Xilinx FPGAs Design Flow Technique where VHDL is used as 

the design entry in our application. The design flow steps are: 

1. Specification or definition:  Defining the problem and what need is an 

important step before the design. 

2. Design Entry: it is the most important step since it describes the design. 

There are two ways for design entry: 

• HDL is a technique to describe the electronics (specially the digital) 

circuits using software like programming. The HDL is simply like 

the software C/C++, Pascal or Basic code. For more information 

about this refer to the VHDL references [57][58][59] at the 

references chapter. 

• Schematics drawing which is the same as drawing the schematics of 

the board or circuits. The Components are placed on sheets and 

connected together. This method is not useful for very large designs 

which need lot of components. 

The Xilinx design tools interface supports two basic flows within the 

Project Manager: HDL and Schematic. An HDL Flow project can 

contain VHDL, Verilog, or schematic top-level designs with underlying 

VHDL, Verilog, or schematic modules. VHDL is one of industry’s 

standard languages used to describe digital systems. VHDL stands for 

VHSIC (Very High Speed Integrated Circuits) Hardware Description 

Language. VHDL has many features appropriate for describing the 

behavior of electronic components ranging from simple logic gates to 

complete microprocessors and custom chips [54][55]. 

3. Synthesis: this is the process that converting and detecting circuits from the 

HDL code. This step is not used when schematic entry is used.  

4. Simulation: Although FPGAs can be easily erased and reprogrammed if 

any error occurred, but for the large designs, it is better to make pre-debug 
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for the system before programming it. This way will save extra time and 

reduces number of times needed for programming the FPGA. 

5. Place and route: this step is used to map and place all design components 

(after synthesis for HDL code or simplification for schematics) into FPGA 

resources (to be described later on). After placing and mapping the design 

components it connects them together as defined by the design using the on-

chip routing channels and wires. This step also maps the design pins into 

the FPGA pins. 

6. Bit stream generation: The bit stream (or the programming file) holds all 

information about the design and how it is mapped into the FPGA resources 

and how all FPGA internal switches must act. 

7. Programming the bit stream file: is dependent on the device and the 

vendor, each one has its specific programming method and it is usually 

aided by the FPGA vendor software. 

The steps 5, 6 and 7 are usually done by FPGA vendor specific tools. 

 

5.5.2 Xilinx ISE Design Suite Project Manager 
The ISE software is the main tool used for XILINX FPGA design. It contains 

graphical and text design editors , synthesizer , place and routing software and finally an 

FPGA/CPLD programming to finalize the design process by configuring the hardware 

using the created design. When we open the Xilinx software the project manager opens 

as shown in Figure (5.7). 

 

 

 

 91



Genetic Algorithm-Based Neural Networks For Accidents Diagnosis of Research Reactors On FPG                       Chapter5 
  

 

Figure (5.7): Xilinx ISE Design Suite 12.1 Project Manager 

The Project Manger is an application that manages and supervises all Xilinx ISE 

Design Suite tools involved in the design process, and it integrates all tools into a unified 

environment. This environment includes such tools as Schematic Editor, HDL Editor, 

State Diagram Editor and fast gate level Logic Simulator. The Project Manager shown in 

Figure (5.7) is automatically invoked by most Xilinx ISE Design Suite Series 

applications. This means, such programs like Schematic Editor or Logic Simulator, 

cannot run independently. If there is an attempt to start any of these applications directly 

from Windows environment, they will automatically start the Project Manager [54]. 

To generate hardware models from software algorithm some simple logic and 

arithmetic blocks such as: ROMs, RAMs, multipliers, adders, and logic gates have 

been designed. Initially, there are fifteen inputs that will multiply by the 
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corresponding weight, and then added to the accumulator. The results of the addition 

are added with the assigned bias for each neuron. Finally, the transfer function 

delivers the neuron's output to layer1 RAM which stores the computation of each 

neuron. The connections between components of the complete neural network are 

dedicated hardware signal for data transfer. The signals (busses) distribute the 

computations to the assigned target. Finally, the result appears in the output pin (on 

the right side). 

5.5.3 Research Work Finite state machine 
A finite state machine (FSM) or simply a state machine is a model of behavior 

composed of a finite number of states, transitions between those states, and actions. A 

finite state machine is an abstract model of a machine with a primitive internal 

memory. A state stores information about the past, i.e. it reflects the input changes 

from the system start to the present moment. A transition indicates a state change and 

is described by a condition that would need to be fulfilled to enable the transition. An 

action is a description of an activity that is to be performed at a given moment. 

In computer science, finite state machines are widely used in modeling of 

application behavior, design of hardware digital systems, software engineering, 

compilers, network protocols, and the study of computation and languages. 

The finite state machines are used in modeling our research work to implement the 

two layers hardware Neural Networks on FPGA. Figure (5.8) depicts the layer1 finite 

state machine of the two layers hardware neural networks, where the program starts 

with resetting all variables to its initial conditions and receives the input accident 

pattern. 
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Figure (5.8): Layer1 finite state Machine (FSM) of the Two Layers  

Hardware Neural Networks 
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As shown in Figure (5.8), there are three main states: 

1. Read the neuron bias from ROM1 (Layer1 ROM). 

2. Read the neuron weights from ROM1 (Layer1 ROM). 

3. Write the accumulated calculations to RAM1 (Layer1 RAM). 

The pseudo code algorithm for our research work’s layer1 can be stated as follows: 

1. Reset and enter the input accidents patterns. 

2. Read each neuron’s bias of layer1and accumulate. 

3. Read weights from ROM1 (Layer1 ROM). 

4. Accumulate weights if the input pattern bit equal ‘1’; else no accumulation 

required (saving time of calculations). 

5. After finishing accumulation of each column (for each neuron); store the 

accumulator output to RAM1 (Layer1 RAM). 

6. Repeat from step 2 to step 5 until finishing all layer1 columns (neurons).  

Following is the pseudo code algorithm for our research work’s layer2: 

7. Read each neuron’s bias of layer2 and multiply by ‘1’ then accumulate. 

8. Read weights from ROM2 (Layer2 ROM) and multiply by the output of 

RAM1 (Layer1 RAM), then accumulate. 

9. After finishing accumulation of each column (for each neuron); store the 

accumulator output to RAM2 (Layer2 RAM). 

10.  Shift the output according to the output of the fixed point component which 

is connected to RAM2 (Layer2 RAM)  

11.  Repeat from step 8 to step 10 until finishing all layer2 columns (neurons).  

12.  Enter halt state and get the final output. 

5.5.4 Research Work Simulation 
A simulator allows a designer to observe circuit outputs in response to all 

combinations of inputs before the circuit is implemented in hardware. Simulating a 

circuit is perhaps the best technique to ensure that all required features are present, no 
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unintended behaviors have been inadvertently designed in, and for larger designs, and 

simulation is far cheaper and far less error prone than designing and testing a 

hardware prototype. 

The ModelSim simulator is a state-of-the-art tool that has many features to assist 

engineers in creating stimulus inputs, editing circuit descriptions, and analyzing circuit 

outputs. The simulator functions by dividing the overall simulation into very small 

time steps (typically 10ps, but this value can be changed by the user). At each time 

step, the simulator finds all signals that have changed during the preceding time step, 

and processes those signals as dictated by the circuit’s HDL source file. Different 

simulators provide various methods for designers to define input signals over time. 

Most simulators provide at least three methods, including a graphical interface, a text 

file based interface, and a command line interface.  

 

 

 

 

 

 

 

 

 

Figure (5.9): Project (Reseach Work) information 
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The two most famous simulators available are: 

• Xilinx incorporated ModelSim in the CAD tool framework. 

• Mentor Graphic’s ModelSim-SE. 

The two simulators can be invoked without leaving the project manager. The 

project settings are displayed in Figure (5.9). 

5.5.4.1 Simulation’s Results 

After running the synthesis step, without errors, the program can be simulated 

using the ModelSim by choosing “simulation” option from the Design window. The 

result of LOFA Accident simulation waveforms of the proposed implementation is 

shown in Figure (5.10C). Figure (10A) and Figure (10B) show the desired output for 

LOFA accident and its real output respectively. All other accidents wave forms 

included in appendix A. Table (5.1) indicates all the accidents simulation output for 

all accidents patterns (eight accidents cases plus the normal case). 

 

 

Figure (5.10A): Desired Output for LOFA accident 

 

Figure (5.10B): Simulation Real Output for LOFA accident  
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Figure (5.10C): LOFA Accident simulation waveform 

Table (5.1): Real Output for all accidents Patterns Diagnosis 
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5.5.4.2 Device Implementation 

Where the VHDL is written in a form that contains Registers, State Machines 

(FSM) and combinational logic functions, the synthesis software translates these 

blocks and functions into gates and library cells from the FPGA library. When we 

design using VHDL, these functions need to be mapped onto the low-level logic 

blocks on an FPGA. Synthesis generates a netlist of devices plus interconnections. 

The ‘place and route’ software figures out where the devices go and how to connect 

them. Regardless of the particular physical synthesis flow chosen, the steps required to 

translate the VHDL program into a physically downloadable bit file are essentially the 

same and are listed below [54][55]: 

1. Translate. 

2. Map. 

3. Place & Route. 

4. Generate accurate timing models and reports. 

5. Generate Programming (binary) files for download to FPGA. 

Once the program is fully verified using simulation, it is the time to put this in a 

chip, referred to as device implementation, as displayed in Figure (5.11), arrows 3 

through 5. Translate (arrow 4), comprises various programs used to import the design 

netlist and prepare it for layout. Some of the more common programs during translate 

include: optimization, and translation to the physical device elements. Mapping 

(arrow 5), is the process of assigning a design’s logic elements to the specific physical 

elements that actually implement logic functions in a device, i.e. it calculates and 

allocates resources in the targeted device. So, the mapping stage distributes the design 

to the resources available in the FPGA. Obviously, if the design is too big for the 

specified device, mapping will be incomplete. The map stage also uses the User 

Constraints File (UCF) to understand timing and may sometimes decide to add further 

logic (replication) to meet the given timing requirements. Map has the ability to 

“shuffle’ the design around LUTs to create the best possible implementation for the 

design. The whole process is automatic and requires little user input. The place and 
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route (arrow 6), stage works with the allocated CLBs and chooses the best location 

for each block. For a fast logic path, it makes sense to place relevant CLBs next to 

each other simply to minimize the path length. The routing resources are then 

allocated to each connection, again using a careful selection of the best possible 

routing types. For example, if you need a signal for many areas of the design, the 

place and route tool would use a “longline” to span the chip with minimal delay or 

skew [49-55]. 

 

 

 

 

 

 

 

 

 

 

 

Figure (5.11): Xilinx Design Flow Processes 

Finally, another program takes the output of “place and route” and creates a 

“programming bitstream” or “Programming file”. This step is initiated by clicking 

“create Programming file” option, arrow 7 at Figure (5.11).  If every thing is going 
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well, without any problems, a succeed message “Generate Programming File is 

Completed Successfully” is prompted in the console window, as shown in Figure 

(5.11) arrows 8.   

5.5.4.3 Device Programming 

When the design meets the requirements, the last step in its processing is 

programming the target device. To initiate this step, click the “Configure Target 

Device” option, arrow 9 at Figure (5.11), in the Processes window from the Project 

Manager. Before continue to program the target device, it is advisable to ensure all 

connections of the FPGA board to the PC are ok and turn the power ON. The Select 

Programming dialog appears a message warning to inform that there is no iMPACT 

project files exists and click OK to open iMPACT GUI, then there is need to define a 

configuration chain, designate which device in that chain is the target device. By 

clicking OK, the iMPACT GUI is displayed as shown in Figure (5.12). 

 

 

 

 

 

 

 

 

 

  Choose the “Boundary Scan”

Figure (5.12): iMPACT Project GUI 
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• From the iMPACT flows window choose the “Boundary Scan” to detect the 

connected FPGA board. 

• If the connected FPGA board is functioning well and the cables is correctly 

connect, the following iMPACT Project GUI will appear displaying three 

important things as following, as shown in Figure (5.13): 

1. The arrow 1 points to a blue submenu that indicates iMPACT correctly 
identifies the chips on the connected board. 

 

 

 

 

 

 

 

 

 

Figure (5.13): iMPACT Boundary Scan Result 

2. The arrow 2 points to a network of the detected chips, which are: 

a) The FPGA chips model “XC3s700a”. 

b) The PROM chips model “XCf04s”. 

And ask to right click device to select operation. 
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3. The arrow 3 points to a submenu “Auto Assign Configuration Files Query 
Dialog” that ask if it is ready to continue and assigning a configuration file. 

By Right click on the FPGA icon, its color will coverts to green color, this 
means that this chip has been choosing to download. Then By click “yes”, the 
following iMPACT Project GUI will appear displaying where to locate the 
bitstream file. Click on the bitstream file then choose “Open” to open the 
required file, the following iMPACT Project GUI will appear displaying in 
console submenu that “Added Device XC3s700a successfully”. Click 
“Program” from iMPACT processes widow to start FPGA’s bitstream 
downloading, as shown in Figure (5.14).  

• From the iMPACT flows window choose the “Boundary Scan” to detect the 

connected FPGA board. 

• If FPGA Programming is success, the following iMPACT GUI will appear, as 
shown in Figure (5.14), displaying in console submenu that “’1’: Programmed 
successfully”, and in the “Boundary Scan” window, a blue submenu indicates 
iMPACT correctly succeed to program the required chip. 

 

 

 

 

 

 

 

 
Adde’1’: Programmed successfully 

Figure (5.14): FPGA Programming Succeed 
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5.6 Communication with FPGA using Serial Port (RS232) 
At this point, FPGA is programmed and ready to receive the accidents patterns to 

recognize it. We can now use a PC to connect to FPGA board “Xi1inx Spartan-3a” to 

construct a digital system to send the Egyptian second nuclear research reactor’s 

accidents patterns. Spartan-3a board contains a RS-232 port with the standard nine-pin 

connector. A standard straight through (the most commonly used type) serial cable 

can be used to connect the S3a board and PC’s serial port or using a USB-to-COM 

cable to connect to USB port. The S3a has a RS-232 port with the standard nine-pin 

connector, and basically handles the RS-232 standard and we only need to concentrate 

on the design of the Universal asynchronous receiver and transmitter (UART). 

UART is a circuit that sends parallel data through a serial line. UARTs are frequently 

used in conjunction with the EIA (Electronic Industries Alliance) RS-232 standard, 

which specifies the electrical, mechanical, functional, and procedural characteristics of 

two data communication equipment. 

A UART includes a transmitter and a receiver. The transmitter is essentially a 

special shift register that loads data in parallel and then shifts it out bit by bit at a 

specific rate. The receiver, on the other hand, shifts in data bit by bit and then 

reassembles the data. The serial line is ’1’ when it is idle. The transmission starts with 

a start bit, which is ’0’, followed by data bits and an optional parity bit, and ends with 

stop bits, which are ’0’. The transmission with 8 data bits, no parity, and 1 stop bit is 

shown in Figure (5.15). Note that the LSB of the data word is transmitted first. 
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Figure (5.15): The transmission with 8 data bits, no parity, and 1 stop bit 

5.6.1 Baud rate generator 
The baud rate generator generates a sampling signal whose frequency is exactly 16 

times the UART’s designated baud rate. For the 19,200 baud rate, the sampling rate 

has to be 307,200 (i.e., 19,200*16) ticks per second. Since the system clock rate is 50 

MHz, the baud rate generator needs a mod-163 counter, Equation (5.1), in which the 

one-clock-cycle tick is asserted once every 163 clock cycles. 

  

Mod-163 (Baud Gen.) ticks/sec.                   (5.1)                         163
19200*16

10*50 6
==

To accommodate future modification, two constants are used in the description. 

The first constant, say D-BIT, indicates the number of data bits, and the second 

constant, say SB-TICK, indicates the number of ticks needed for the stop bits, which 

is 16, 24, and 32 for 1, 1.5, and 2 stop bits, respectively. The first constant D-BIT 

assigned to 8, and the second constant SB-TICK assigned to 16 in our design, as 

shown in Figure (5.15).  

5.6.2 Sending Accidents Patterns 
A program is designed using Matlab programming or C# programming to 

communicate with the FPGA Spartan-3a board. This means simulating sending the 

Egyptian second nuclear research reactor accidents patterns to the board. The program 
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menu in figure (5.16), display how to send the LOFA (TR0) accident pattern to the 

FPGA Spartan-3a board. In figure (5.16): 

1. The first choice from the first POP-UP-MENU (arrow 1), “Enter COM Port:” 

is to define where the USB-to-COM cable is connected (In this case it 

connected to the serial port COM5). 

2.  The second choice from the second POP-UP-MENU (arrow 2), “Choose 

Accident Pattern:” is to define which accident pattern will choose to send 

through the USB-to-COM cable to the FPGA Spartan-3a board to recognize 

and display the result on the board Light Emitted Diodes (LEDs). 

3. Arrow 3 point to text box that display the accident pattern we choose to send 

to the FPGA. 

4. Arrow 4 point to text box that display the output pattern that will display on 

the FPGA Light Emitted Diodes (LEDs). 

5. Arrow 5 point to the button “Send” to activate the sending process. 

6. Arrow 6 point to the button “Close” to end the program. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (5.16): The menu for sending the Loss of Flow Accident (LOFA) patterns to 

FPGA through COM4 
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5.7 Design Results Summary 
Just click on “Send” button the accident pattern will send to the FPGA program. 

The FPGA eight Light Emitted Diodes (8 LEDs) will turn “ON” and “OFF” 

depending on the recognition of the accident pattern sent to the FPGA program. 

Figure (5.17) depicts the output for the case of sending the LOFA accident patterns to 

FPGA program. 

 

 

 

Figure (5.17): The LEDs on the FPGA kit image for the Loss of Flow (LOFA) 

Accident (TR0) 

 

Figure (5.18): FPGA kit image response for sending Loss of Flow (LOFA) Accident 

(TR0) pattern to FPGA 
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Figure (5.18) indicates clearly the response for sending Loss of Flow (LOFA) 

accident (TR0) pattern to FPGA program. The statuses of LEDs (ON or OFF) are as 

the following: 

 

 

Which is the desired output of LOFA accident and it is the real output required for 

detecting the accidents patterns fed to the FPGA. 

Figure (4.12-B) show a 9x9 matrix with diagonal values equal ‘1’, which 

represents the target or the desired values of the neural network output, for all nine 

accidents. All the other eight cases of the FPGA responses to the accidents patterns 

that are fed to FPGA are included in appendix (B). 

This Reseach Work was designed to diagnose and to predict the Multi-Purpose 

Research Reactor of Egypt accidents, to avoid the risk of occurrence of a nuclear 

accident. A sequential Hardware Neural Network is implemented using XC3S700A-4-

FG484 device - Xilinx FPGA SPARTAN3A-3AN family. The implementation on 

FPGA provides the higher benefits of lower costs and higher results, where, FPGA 

can be reprogrammed for an unlimited number of times. They can be used in 

innovative designs where hardware is always in dynamic change, or where hardware 

must be adapted to different user applications requirements. Each family contains 

devices with deferent sizes and resources. Device utilization summary is shown in 

table (5.2), where the table indicates: The usage of Flip Flops is only 4% of the total 

available slices on the FPGA. The usage of 4 input LUTs is 18% of the total available 

slices on the FPGA. The number of occupied slices on the FPGA is 20% of the total 

available slices. The usage of BUFGMUXs is 1%. The usage of RAMB16BWEs is 

20%. 
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Table (5.2): Device Utilization Summary 

Logic Utilization Used Available Utilization 

Number of Slice Flip Flops 486 11,776 4% 

Number of 4 input LUTs 2,207 11,776 18% 

Number of occupied Slices 1,236 5,888 20% 

Number of Slices containing only related 
logic 1,236 1,236 100% 

Number of Slices containing unrelated 
logic 0 1,236 0% 

Number of bonded IOBs 174 372 46% 

Number of BUFGMUXs 1 24 4% 

Number of RAMB16BWEs 4 20 20% 

 
One of the important device utilization summaries is the “Number of Slices 

containing only related logic”; where all the Slices containing only related logic is 

used with 100%. The other important device utilization summary is the “Number of 

Slices containing unrelated logic”; this means no slices containing unrelated logic is 

used; i.e. all the Slices containing only unrelated logic is used with 0%. The Total 

Number of bonded IOBs is 174 of 372, which represent 46% utilization. This means 

this device can host triple as the proposed design. Another design statistics of the 

implementation is shown in Table (5.3). 
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Table (5.3): Design Statistics 

========================= 

Number of      IOs                 : 162 

Cell Usage: 

Number of      BELS                : 4059 
Number of      GND            : 8 
Number of      INV            : 12 
Number of      LUT1           : 12 
Number of      LUT2           : 482 
Number of      LUT2_D         : 1 
Number of      LUT3           : 690 
Number of      LUT4           : 926 
Number of      LUT4_D         : 4 
Number of      MULT_AND       : 225 
Number of      MUXCY          : 888 
Number of      MUXF5          : 103 
Number of      MUXF6          : 6 
Number of      MUXF7          : 3 
Number of      VCC            : 8 
Number of      XORCY          : 691 
Number of Flip Flops/Latches   : 230 
Number of      FD              : 16 
Number of      FDC            : 95 
Number of      FDP           : 1 
Number of      FDRS           : 80 
Number of      LD              : 21 
Number of      LD_1           : 17 
Number of      RAMS                : 4 
Number of      RAMB16BWE     : 4 
Number of      Clock Buffers       : 1 
Number of      BUFGP          : 1 
Number of      IO Buffers          : 161 
Number of      IBUF           : 1 
Number of      OBUF           : 160 
=================================== 
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CHAPTER (6) 
 

CONCLUSION AND FUTURE WORK 
 
6.1 Conclusion 

In this thesis, we can conclude the achievements of the work done in three targets. 

The first achievement is to demonstrate the efficient use of an artificial neural 

network as a promising method for the nuclear reactor accidents patterns recognition. 

A two layers feedforward neural network with backpropagation training algorithm is 

an efficient ANN to recognize the nuclear reactor accidents patterns. The network is 

trained on two copies of the noise-free accidents at the same time as it is trained on 

noisy vectors. The two copies of the noise-free and noisy vectors are used to maintain 

the network’s ability to classify ideal input vectors. By testing the network with input 

vectors with varying values of noise, the network did not make any errors for vectors 

with noise level of mean 0.00 to 0.14. When noise level of mean is larger than 0.15 

was added to the vectors both networks began making errors, and the network still 

recognize the reactor accidents patterns. The performance of the constructed network 

is investigated by performing a regression analysis between the network response and 

the corresponding targets. The results show the fit is very close to the perfect fit where 

it is difficult to distinguish the best linear fit line from the perfect fit line, where, the 

slope m=0.97, the y-intercept b=0.0073, and the correlation coefficient (R-value) 

between the outputs and targets is very close to 1 (0.99953), which indicates the fit is 

so good. The result of the suggested network structure and its training shows the 

network efficiency and its higher ability to recognize both ideal and noisy data. 

The second achievement is a proposed method for constructing an optimized 

neural network by employing genetic algorithm. In this method we implemented a 

genetic algorithm which can construct the high performance neural network structure 
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for a given input nuclear reactors data, and the corresponding target accident. This 

method can be applied to any problem, where a data of inputs and outputs has the 

same form. In the reactor accidents diagnosis, the binary encoding becomes practical 

as the accidents patterns are in binary form. A comparison is conducted between a GA 

constructed ANN, GA initialized ANN and traditional backpropagation ANN. By 

applying the results obtained from genetic algorithms as initialization values on the 

backpropagation algorithm, the results showed much faster training, better 

convergence (smaller mean square error). This work demonstrated the method of 

automating and optimizing the design and finding weights and biases for a suggested 

construction of Artificial Neural Networks by Generic Algorithm in the domain of 

nuclear reactors. 

The third achievement in this thesis proved the advantage of the hardware 

implementation of Neural Networks in a PLD hardware (FPGA), where the neural 

network is implemented on Xilinx chip. There, we can say; the using of hardware 

description language, such as VHDL, represents a very practical option when dealing 

with complex systems. Also, the using of FPGAs constitutes a very powerful option 

for implementing ANNs since we can really exploit their parallel processing 

capabilities. At the simulation process, the design needs less than 2 µs for processing 

the input values and presenting the results, with clock frequency 10 GHZ (Period T = 

100 PS). This is a very fast implementation required for a critical field like the nuclear 

research reactors, comparing to the protection software system that needs from 18 ms 

to 24 ms as a response time. So, more precise classification accidents can be processed 

in a shorter period of time.  
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6.2 Future Work 
1. In future, this neural network's hardware design can be integrated within the 

Reactor Protection System (RPS) of the Multi-Purpose Research Reactor of 

Egypt (MPR) as a future work, where valuable interesting results can be 

achieved. 

2. Where the project runs as a detection process, the project can be developed to 

run as an isolation process, to increase the reactor protection system 

performance. 

3. The statistical data resulting from the use of “Xilinx FPGA Spartan3A” board 

show that only 30% of the hardware resources have been used. So, we can save 

the hardware costs by using a board with fewer resources and hence, lowering 

the cost. 
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Figure (A-1a): Loss of Flow Accident (LOFA) Accident Simulation 
Waveform (TR0) 

 

Figure (A-1b): The desired output for Loss of Flow Accident (LOFA)   

 

Figure (A-1c): The Hexadecimal and the corresponding Decimal values for 
real output of Loss of Flow Accident (LOFA) 
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Figure (A-2a): Loss of Power Supply (LOPS) Accident Simulation 
Waveform (TR1) 

Figure (A-2a): Loss of Power Supply (LOPS) Accident Simulation 
Waveform (TR1) 

  

  

  

Figure (A-2b): The desired output for Loss of Power Supply Accident 
(LOPS)   

Figure (A-2b): The desired output for Loss of Power Supply Accident 
(LOPS)   

  

Figure (A-2c): The Hexadecimal and the corresponding Decimal values for 
real output of Loss of Power Supply Accident (LOPS) 

Figure (A-2c): The Hexadecimal and the corresponding Decimal values for 
real output of Loss of Power Supply Accident (LOPS) 
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Figure (A-3a): Loss Of Heat Sink (LOHS) Accident Simulation Waveform 
(TR2) 

 

 
Figure (A-3b): The desired output for Loss of Heat Sink (LOHS) Accident 

 

 
Figure (A-3c): The Hexadecimal and the corresponding Decimal values for 

real output of Loss of Heat Sink (LOHS) Accident 
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Figure (A-4a): Small Loss OF Coolant Accident (SLOCA) Simulation 

Waveform (TR3) 
 
 

 
 

Figure (A-4b): The desired output for Loss Of Coolant Accident (SLOCA)  
 

 
 

Figure (A-4c): The Hexadecimal and the corresponding Decimal values for 
real output of Loss of Heat Sink (LOHS) Accident 
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Figure (A-5a): Medium Loss OF Coolant Accident (MLOCA) Simulation 
Waveform (TR4) 

 
 

 
 

Figure (A-5b): The desired output for Medium Loss OF Coolant Accident 
(MLOCA) 

 

 
 

Figure (A-5c): The Hexadecimal and the corresponding Decimal values for 
real output of Medium Loss OF Coolant Accident (MLOCA) 
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Figure (A-6a): Large Loss OF Coolant Accident (LLOCA) Simulation 

Waveform (TR5) 
 
 

 
 

Figure (A-6b): The desired output for Large Loss OF Coolant Accident 
(LLOCA) 

 

 
 

Figure (A-6c): The Hexadecimal and the corresponding Decimal values for 
real output of Large Loss OF Coolant Accident (LLOCA) 
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Figure (A-7a): Uncontrolled Fast Reactivity Insertion (UFRI) Accident 

Simulation Waveform (TR6) 
 
 

 
 

Figure (A-7b): The desired output for Uncontrolled Fast Reactivity 
Insertion Accident (UFRI) 

 

 
 

Figure (A-7c): The Hexadecimal and the corresponding Decimal values for 
real output of Uncontrolled Fast Reactivity Insertion Accident (UFRI) 
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Figure (A-8a): Uncontrolled Slow Reactivity Insertion (USRI) (TR7) 

 
 

 
 

Figure (A-8b): The desired output for Uncontrolled Slow Reactivity 
Insertion Accident (USRI) 

 

 
 

Figure (A-8c): The Hexadecimal and the corresponding Decimal values for 
real output of Uncontrolled Slow Reactivity Insertion Accident (USRI) 
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Figure (A-9a): Normal case Accident Simulation Waveform (TR8) 

 
 

 
 

Figure (A-9b): The desired output for Normal case  
 
 

 
 

Figure (A-9c): The Hexadecimal and the corresponding Decimal values for 
real output of Normal case 
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Appendix B 
 

 
 

Figure (B-1a): FPGA kit image for the Loss of Flow Accident (LOFA)-TR0 
 
 
 

 
 
 
 
Figure (B-1b): The LEDs FPGA kit image for the Loss of Flow Accident (LOFA)-

TR0 
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Figure (B-2a): FPGA kit image for the Loss of Power Supply (LOPS)-TR1 

 
 
 

 
 
 
 

Figure (B-2a): The LEDs on the FPGA kit image for the Loss of Power Supply 
(LOPS)-TR1 
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Figure (B-3a): FPGA kit image for the Loss of Heat Sink (LOHS)-TR2 
 

 
 
 
 
 

Figure (B-3b): The LEDs on the FPGA kit image for the Loss of Heat Sink (LOHS)-
TR2 
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Figure (B-4a): FPGA kit image for the Small Loss of Coolant Accident (SLOCA)-
TR3 

 

 
 
 
 
 

Figure (B-4a): The LEDs on the FPGA kit image for the Small Loss of Coolant 
Accident (SLOCA)-TR3 
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Figure (B-5a): FPGA kit image for the Medium Loss of Coolant Accident 

(MLOCA)–TR4 
 
 

 
 
 

 
Figure (B-5b): The LEDs on the FPGA kit image for the Medium Loss of Coolant 

Accident (MLOCA)–TR4 
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Figure (B-6a): FPGA kit image for the Large Loss of Coolant Accident (LLOCA)–

TR5 
 
 

 
 

 
 

Figure (B-6b): The LEDs on the FPGA kit image for the Medium Large Loss of 
Coolant Accident (LLOCA)–TR5 
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Figure (B-7a): FPGA kit image for the Uncontrolled Fast Reactivity Insertion 

(UFRI)–TR6 
 
 
 

 
 
 
 

Figure (B-7b): The LEDs on the FPGA kit image for the Uncontrolled Fast 
Reactivity Insertion (UFRI)–TR6 
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Figure (B-8a): FPGA kit image for the Uncontrolled Slow Reactivity Insertion 

 

Figure (B-8b): The LEDs on the FPGA kit image for the Uncontrolled Slow 

 

 

 
 

(USRI)–TR7 
 
 

 
 

Reactivity Insertion (USRI)–TR7 
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Figure (B-9a): Normal case Accident Simulation Waveform (TR8) 
 
 
 
 
 
 
 

Figure (B-9b): The LEDs on the FPGA kit image for the Normal case Accident 
Simulation Waveform–TR8 
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APPENDIX (C) 
 

A REVIEW FOR 
ARTIFICIAL NEURAL NETWORKS 

(ANNs) 
 
C.1 INTRODUCTION 

Artificial neural networks are, as is clear from its name, computational networks 

which attempt to simulate, in a gross manner (cell-by-cell or neuron-by-neuron or 

element-by-element), the networks of nerve cells (neurons) of the biological (human 

or animal) central nervous system. It thus differs from conventional (digital or analog) 

computing machines in two aspects of major importance: 

1. It allows using very simple computational operations (additions, multiplication 
and fundamental logic elements) to solve complex, mathematically ill-defined 
problems, nonlinear problems or stochastic problems. A conventional algorithm 
will employ complex sets of equations, and will apply to only a given problem 
and exactly to it. The ANN will be (a) computationally and algorithmically very 
simple and (b) it will have a self-organizing feature to allow it to hold for a wide 
range of problems [18]. 

2. The other aspect of ANNs that is different and advantageous to conventional 
computers, at least potentially, is in its high parallelity (element-wise parallelity). 
A conventional digital computer is a sequential machine. The main contribution 
of ANNs is that, in its gross imitation of the biological neural network, it allows 
for very low level programming to allow solving complex problems, especially 
those that are non-analytical and/or nonlinear and/or nonstationary and/or 
stochastic, and to do so in a self-organizing manner that applies to a wide range 
of problems with no re-programming or other interference in the program itself. 
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The insensitivity to partial hardware failure is another great attraction, but only 
when dedicated ANN hardware is used. 

The advent of ANN will open new under-standing into how to simplify 
programming and algorithm design for a given end and for a wide range of ends. It 
should bring attention to the simplest algorithm without, of course, dethroning 
advanced mathematics and logic, whose role will always be supreme in mathematical 
understanding and which will always provide a systematic basis for eventual reduction 
to specifics [14]. Note: Artificial Neural Networks (ANNs) or Neural Networks (NNs) 
will be used interchangeably. 
 
C.2  Neuron Models 

Artificial neurons are similar to their biological counterparts, where they have 

input connections that are summed together to determine the strength of their output, 

which is the result of the sum being fed into an activation function [18]. 

C.2.1 Biological Neuron 
The brain is the central element of the human nervous system, consisting of near 

1010  biological neurons that are connected to each other through sub-networks. Each 

neuron in the brain is composed of a body, one axon and multitude of dendrites. The 

neuron model shown in Figure (C.1) serves as the basis for the biological neuron. The 

dendrites receive signals from other neurons. The axon can be considered as a long 

tube, which divides into branches terminating in little end-bulbs. The small gap 

between an end-bulb and a dendrite is called a synapse. The axon of a single neuron 

forms synaptic connections with many other neurons. Depending upon the type of 

neuron, the number of synapses connections from other neurons may range from a few 

hundreds to 104. The cell body of a neuron sums the incoming signals from dendrites 

as well as the signals from numerous synapses on its surface. A particular neuron will 

send an impulse to its axon if sufficient input signals are received to stimulate the 

neuron to its threshold level. However, if the inputs do not reach the required 

threshold, the input will quickly decay and will not generate any action [18]. 
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Figure (C.1): A Biological Neuron 

C.2.2 Artificial Neuron 
An artificial neuron, as shown in Figure (C.2), is the basic element of a neural 

network. It consists of three basic components that include weights, thresholds, and a 

single activation function.  

 

 

Figure (C.2): Detailed structure of an artificial neuron 

 

Figure (C.3): Shortened structure of an artificial neuron 

As shown in figure (C.2) and (C.3), they explicitly depict the inspiration idea of 

the artificial neuron from the biological neuron. 
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A neuron is an information-processing unit that is fundamental to the operation of 

a neural network. The block diagram of Figure (C.4) shows the nonlinear model of 

neuron, which forms the basis for designing (artificial) neural networks. Three basic 

elements of the neuronal model [19]: 

1. A set of synapses or connecting link, each of which is characterized by 

a weight or strength of its own. Specifically, a single xj at the input of 

synapse j connected to neuron k is multiplied by the synaptic weight 

wkj. 

2.  An adder for summing the input signals, weight by the respective 

synapses of the neuron, the operations described here constitute a 

linear combiner. 

3. An activation function for limiting the amplitude of the output of a 

neuron.  

The neuronal model includes an externally applied bias denoted by bk. the bias bk 

has the effect of increasing or lowering the net input of the activation function, 

depending on whether it is positive or negative respectively. 

 
 
 

 

 

 

 

 

 
 

Figure (C.4):  Basic Elements of an Artificial Neuron (Nonlinear Model) 
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Where j is neuron number in the layer, the values Wi1, Wi2, Wi3, ….., Wkm are the 

synaptic weight factors associated with each node to determine the strength of input 

row vector X = [x1 x2 x3….. xm]T as one of the input vectors. Each input is multiplied 

by the associated weight of the neuron connection XTW. The node bias bk is the 

magnitude that affects the activation of the node output yk by increasing or decreasing 

the net input of the activation function, depending on whether it is positive or 

negative, φi(.) is the activation function. Depending upon the activation function, if the 

weight is positive, XTW commonly excites the node output; whereas, for negative 

weights, XTW tends to inhibit the node output as follows: 

∑
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In particular, depending on whether the bias bk is positive or negative, the relationship 

between the induced local field or activation potential vk, of neuron k and the linear 

combiner output uk is modified in the manner illustrated in Figure (C.5). Note that as a 

result of this affine transformation, the graph of vk versus uk no longer passes through 

the origin. The bias bk is an external parameter of artificial neuron k. We may account 

for its presence as in Equation (C.2). Equivalently, we may formulate the combination 

of Equation (C.1) to (C.3) as follows: 
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FIGURE (C.5): Affine transformation produced by the presence of a bias; note that vk 

= bk, at uk = 0 

C.3 Neural Networks Properties and Capabilities 
A broader definition of a practical neural network is that it is a collection of 

interconnected neurons that incrementally learn from their environment (data) to 

capture essential linear and nonlinear trends in complex data, so that it provides 

reliable predictions for new situations containing even noisy and partial information 

[23]. 

A neural network is a massively parallel distributed processor that has a natural 

propensity for storing experiential knowledge and making it available for use. It 

resembles the brain in two respects: 1. Knowledge is acquired by the network through 

a learning process; 2. Interconnection strengths between neurons, known as synaptic 

weights or weights, are used to store knowledge. Artificial neural networks derives its 

computing power through, first, its massively parallel distributed structure and, 

second, its ability to learn and therefore generalize. Generalization refers to the neural 

networks producing reasonable outputs for inputs not encountered during training 

(learning).  These two information-processing capabilities make it possible for neural 
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networks to solve complex (large scale) problems that are currently intractable. The 

use of neural networks offers the following useful properties and capabilities [19]: 

1. Nonlinearly:  

An artificial neuron can be linear or nonlinear. A neural network made up 

of an interconnection of nonlinear neurons, is itself nonlinear. Moreover, the 

non linearity is of a special kind in the sense that it is distributed throughout the 

network 

2. Input- output mapping:  

A popular paradigm of learning with a teacher or supervised learning 

involves modification of the synaptic weights of a neural network by applying 

a set of labeled training samples or task examples. Each example consists of a 

unique input signal and a corresponding desired response. The network is 

presented with an example picked at random from the set, and the synaptic 

weights of the network are modified to minimize the difference between the 

desired response and the actual response of the network produced by the input 

signal. The training of the network is repeated for many examples in the set 

until the network reaches a steady state where there are no further significant 

changes in the synaptic weights. Thus the network learns from the examples by 

constructing input-output mapping for the problem in hand. 

3. Adaptivity:  

Neural networks have a built–in capability to adapt their synaptic weight to 

change in the surrounding environment. Moreover, when it is operating in a 

non-stationary environment, i.e. one where statistics change with the time, a 

neural network can be design to change its synaptic weights in real time. The 

natural architecture of neural networks for pattern classification, signal 

processing, and control application, coupled with the adaptive capability of the 
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network, make it a useful tool in adaptive pattern classification, adaptive signal 

processing, and adaptive control. As a general rule, it may be said that the more 

adaptive we make a system, all the time ensuring that the system remains 

stable, the more the robust its performance will likely be when  the system is 

required to operate in a non-stationary environment. 

4. Evidential response:  

In the context of pattern classification a neural networks can be designed to 

provide information not only about which particular pattern to select, but also 

about the confidence in the decision made. This latter information may be used 

to reject ambiguous patterns, should they arise, and there by improve the 

classification performance of the network. 

5. Contextual information:  

The very structure and activation state of a neural network represent 

knowledge. Every neuron in the network is potentially affected by the global 

activity of all other neurons in the network. Consequently, contextual 

information is dealt with naturally by a neural network. 

6. Fault tolerance:  

A neural network implemented in hardware form, has the potential to be 

inherently fault tolerant, or capable of robust computation, in the sense that its 

performance degrades gracefully under adverse operating conditions.  Due to 

the distributed nature of information stored in the network, the damage has to 

be extensive before the overall response of the network is degraded seriously. 

In principle, a neural network exhibits a graceful degradation rather than 

catastrophic failure. In order to be assured that the neural network is in fact 

fault tolerant, it may be necessary to take corrective measures in designing the 

algorithm used to train the network. 
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7. VLSI Implementability:  

The massively parallel nature of a neural network makes it potentially fast 

for the computation of certain tasks. This same feature makes a neural network 

well suited for implementation using very – large scale integrated (VLSI) 

technology. One particular beneficial virtue of VLSI is that it provides a means 

of capturing truly complex behavior in a highly hierarchical fashion. 

8. Uniformity of analysis and design.  

A neural network enjoys universality as information processors, in the sense 

that the same notation is used in all domains involving the application of neural 

networks. This feature manifests itself in different ways: 

• Neurons, in one form or another, represent an ingredient common 

to all neural networks. 

• This commonality makes it possible to share theories and 

learning algorithms in different applications of neural networks. 

• Modular networks can be built through a seamless integration of 

modules. 

9. Neurobiological analogy.  

The design of a neural network is motivated by analogy with the brain, 

which is a living proof that fault tolerant parallel processing is not only 

physically possible but also fast and powerful. 

C.4 Network Topologies 
In the previous section we discussed the properties of the basic processing unit in 

an artificial neural network. Depending on the pattern of connections between the 

units and the propagation of data, the main distinction can be made is between [21]: 
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• Feed-forward networks, where the data flow from input to output units is 

strictly feed-forward. The data processing can extend over multiple (layers of) 

units, but no feedback connections are present, that is, connections extending 

from outputs of units to inputs of units in the same layer or previous layers. 

• Recurrent networks that do contain feedback connections, Contrary to feed-

forward networks, the dynamical properties of the network are important. In 

some cases, the activation values of the units undergo a relaxation process such 

that the network will evolve to a stable state in which these activations do not 

change anymore. In other applications, the changes of the activation values of 

the output neurons are significant, such that the dynamical behavior constitutes 

the output of the network. 

C.5 Artificial Neural Networks Training 
A neural network has to be configured such that the application of a set of inputs 

produces the desired set of outputs, where, various methods to set the strengths of the 

connections exist. One way is to set the weights explicitly, using a priori knowledge. 

Another way is to 'train' the neural network by feeding it teaching patterns and letting 

it change its weights according to some learning rule [17]. 

C.6 Learning Paradigms 
The learning situations can categorized in two distinct types [21]: 

Supervised learning or Associative learning in which the network is trained by 

providing it with input and matching output patterns. These input-output pairs can be 

provided by an external teacher, or by the system which contains the network (self-

supervised). Examples of supervised learning algorithms are the least mean square 

(LMS) algorithm and its generalization, known as the back propagation algorithm, and 

radial basis function network. In this type of learning, the purpose is that the neural 

network is to change its weights according to the inputs/outputs samples. After a 
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network has established its input output mapping with a defined minimum error value, 

the training task has been completed. In sequel, the network can be used in recall 

phase in order to find the outputs for new inputs. An important factor is that the 

training set should be comprehensive and cover all the practical areas of applications 

of the network. Therefore, the proper selection of the training sets is critical to the 

good performance of the network. 

Unsupervised learning or Self-organization in which an (output) unit is trained to 

respond to clusters of pattern within the input. In this paradigm the system is supposed 

to discover statistically salient features of the input population. Unlike the supervised 

learning paradigm, there is no a priori set of categories into which the patterns are to 

be classified; rather the system must develop its own representation of the input 

stimuli. In this category, only the input samples are available and the network 

classifies the input patterns into different groups. Kohonen network is an example of 

unsupervised learning.  

Both learning paradigms discussed above result in an adjustment of the weights of 

the connections between units, according to some modification rule. Virtually all 

learning rules for models of this type can be considered as a variant of the Hebbian 

learning rule suggested by Hebb. The basic idea is that if two units, j and k are active 

simultaneously, their interconnection must be strengthened. If j receives input from k, 

the simplest version of Hebbian learning prescribes to modify the weight wjk with 

[21]: 

)4.3(kjjk yyw γ=Δ 

where γ is a positive constant of proportionality representing the learning rate. 

Another common rule uses not the actual activation of unit k but the difference 

between the actual and desired activation for adjusting the weights: 

 )5.3()( kkjjk ydyw −=Δ γ
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in which dk is the desired activation provided by a teacher. This is often called the 

Widrow-Hoff rule or the delta rule, and many variants exist. 

C.7 Neuron Models 
Artificial neurons can be interconnected, from simple mathematical model of the 

neuron, to form a variety of network architectures. Hereafter, an introduction and an 

illustration to the basic operation of these networks, through some simple examples, 

are introduced. 

C.7.1 Simple Neuron 
A single-input neuron is shown in Figure (C.6).  The scalar input p is multiplied by 

the scalar weight w to form wp, one of the terms that are sent to the summer. The other 

input, 1, is multiplied by a bias b and then passed to the summer. The summer output 

n , often referred to as the net input, goes into  a transfer function f, which produces 

the scalar neuron output a . (Some authors use the term "activation function" rather 

than transfer function and "offset” rather than bias [24]. 

 
 
 
 
 
 
 
 
 
 

Figure (C.6): Single-Input Neuron 
 

The neuron output is calculated as: 

 a = f(wp + b)                                                                   (C.6) 
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C.7.2 Neuron with Multiple-Inputs 
Actually, a neuron has more than one input, as shown in Figure (C.7), where, a 

neuron with R input vectors is shown. The individual inputs P1, P2, P3 ... PR are 

multiplied by the weights w1,1, w1,2, w1,3 … w1,R (Where R = number of elements in 

input vector), and the weighted values are fed to the summing junction. 

 
 
 
 
 
 

 
 
 
 

Figure (C.7): Multiple-Inputs Neuron 
 

The neuron has a bias b, which is summed with the weighted inputs to form the net 

input n. This sum, n, is the argument of the transfer function f. 

 

 n = w1,1 , p1 + w1,2 , p2 + ... + w1, R , pR + b                                 (C.7) 

 

Note that: w and b are both adjustable scalar parameters of the neuron. Typically, the 

transfer function is chosen by the designer and then the parameters w and b will be 

adjusted by some learning rule so that the neuron input/output relationship meets some 

specific goal. 
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C.7.3 Transfer Functions 
The transfer function (Sometimes called activation function), may be a linear or a 

nonlinear function. A particular transfer function is chosen to satisfy some 

specification of the problem that the neuron is attempting to solve. There are varieties 

of transfer functions have been used to activate the neural networks. The next 

subsections identify the most commonly used three basic types of activation functions. 

C.7.3.1 Hard Limit Transfer Functions 

The hard-limit transfer function (Sometimes called threshold activation function), 

as shown in Figure (C.8a), limits the output of the neuron to either 0, if the net input 

argument n is less than 0, or 1, if n is greater than or equal to 0. This function is used 

mostly to create neurons that make classification decisions. Figure (C.8b), display the 

bias effect. Note that: an icon for the hard limit transfer function is shown between the 

two figures. 

 

 a 

n 

+1 

-1 

0 -b/w 

a 

p 

+1 

-1 

0

 

 

 

 

 a = hardlim(n) a = hardlim(wp + b) 

                     Figure (C.8a):                                                           Figure (C.8b):  

      Hard Limit Transfer Function                                  Single-Input hardlim Neuron 
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C.7.3.2 Linear Transfer Functions 

The output of a linear transfer function, as shown in Figure (C.9a) and Figure (C.9b) is 

equal to its input: 

 a = n                                                                        (C.8) 

The neurons with this transfer function are used in the ADALINE networks. The 

output (a) versus input (p) characteristic of a single-input linear neuron with a bias is 

shown on the right of Figure (C.9b) 

 

-b/w 
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+b 
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0
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-1 

0

 

 

 

 

 

a = Purelin(n) a = Purelin(wp + b)  
              Figure (C.9a):                                                                 Figure (C.9b):  
      Purelin Transfer Function                                       Single-Input Purelin Neuron 

C.7.3.3 Log-Sigmoid Transfer Functions 

The log-sigmoid transfer function shown below takes the input, which can have 

any value between plus and minus infinity, and squashes the output into the range 0 to 

1. This transfer function is commonly used in multilayer networks that are trained 

using the backpropagation algorithm, in part because it is differentiable, as proved in 

Equation (C.9) and Equation (C.10). 
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C.7.3.4 Piecewise Linear Transfer Functions 

This type of activation function is also referred to as saturating linear function and 

can have either a binary or bipolar range for the saturation limits of the output. The 

mathematical model for a symmetric saturation function, Figure (C.10), is described 

as follows: 

 
                                  (C.11)  

 

 

 

 

 
 

Figure (C.10): Piecewise Linear Activation Function 
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C.8 Neural Networks Architecture 
C.8.1 Single Layer Architecture 

A Single-layer of S neurons is shown in Figure (C.11). Note that each of the R 

inputs is connected to each of the neurons and that the weight matrix now has S rows 

[20]. 

The layer includes the combination of the weights, the multiplication (here 

realized as a vector product Wp) and summing operation, the bias vector b, and the 

transfer function f(.) and the output vector a. Some authors refer to the inputs as 

another layer, but we will not do that here (i.e. the array of inputs, vector p, is not 

included in or called a layer). 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure (C.11): A Single-layer of S neurons 

Each element of the input vector p is connected to each neuron through the weight 

matrix W. Each neuron has a bias bi, a summer, a transfer function f and an output ai. 

Taken together, the outputs form the output vector a. It is common for the number of 

inputs to a layer to be different from the number of neurons (i.e., R ≠ S).  
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All neurons in a layer don’t necessary have the same transfer function. It can 

define a single (composite) layer of neurons having different transfer functions by 

combining two of the networks shown above in parallel. Both networks would have 

the same inputs, and each network would create some of the outputs. 

C.8.2 Multiple Layers Architecture 
A neural network can consists of one layer as in Figure (C.11), or two layers as in 

Figure (C.12), or three layers as in Figure (C.13), or several layers as needed. Each 

layer has a weight matrix W, a bias vector b, and an output vector a. To distinguish 

between the weight matrices, output vectors, etc., for each of these layers in the 

figures, the number of the layer is appended as a superscript to the variable of interest. 

The layer notation in the two-layer network and three-layer network are shown in 

Figure (C.12) and Figure (C.13), and in their equations at the bottom of each figure. 

 

Figure (C.12): Two Layers Architecture 
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Figure (C.12) and Figure (C.13), also show that they have, R1 inputs, S1 neurons 

in the first layer, S2 neurons in the second layer, etc. It is common for different layers 

to have different numbers of neurons. A constant input 1 is fed to the bias for each 

neuron. Note that the outputs of each intermediate layer are the inputs to the following 

layer. Thus layer 2 can be analyzed as a one-layer network with S1 inputs, S2 neurons, 

and an S2xS1 weight matrix W2. The input to layer 2 is a1; the output is a2. Now that 

all the vectors and matrices of layer 2 have been identified, it can be treated as a 

single-layer network on its own. This approach can be taken with any layer of the 

network. 

 

Figure (C.13): Three Layers Architecture 

The layers of a multilayer network play different roles. A layer that produces the 

network output is called an output layer. All other layers are called hidden layers. The 
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three-layer network shown Figure (C.13), as example, has one output layer (layer 3) 

and two hidden layers (layer 1 and layer 2). Some authors refer to the inputs as a 

fourth layer, but this thesis does not use that designation. 

For Neural network training, it can be made more efficient it is useful to perform 

certain preprocessing steps on the network inputs and targets. Network-input 

processing transform inputs to a better form for the network use, i.e. transform user 

input data to a form that is easier or more efficient for a network. Also, the network 

output transform targets into a better form for network training, and reverse 

transformed outputs back to the characteristics of the original target data. This means, 

the output processing is used to transform user-provided target vectors for network 

use. Then, network outputs are reverse-process using to produce output data with the 

same characteristics as the original user-provided targets 

Matlab’s neural network toolbox includes functions that automatically assign 

processing function to the neural network inputs and outputs. These functions 

transform the input and target values that are provided, into values that are better 

suited for the network. Note that, the default input and output processing functions can 

override when the creation function of the neural network is called, or by adjusting 

network properties after the network created, however, it is recommend using the 

defaults. 

 

 151



HARDWARE ARTIFICIAL NEURAL NETWORKS                                                                                            Appendix D 
  

APPENDIX (D) 
 

A REVIEW FOR 
HARDWARE ARTIFICIAL NEURAL 

NETWORKS 
 
D.1 INTRODUCTION 

As the systems become more complex and critical, they need to operate with 

minimum malfunctioning or breakdown time. And the need to reliable automated fault 

detection and diagnosis system are increasing rapidly. The early detection of plant's 

failure could prevent system malfunction or serious damage, which could also lead to 

disaster. Therefore, an intelligent fault detection and diagnosis system to deal with 

inaccurate information has also been greatly required.  

Computer-based diagnostic systems have been extensively studied to support 

nuclear reactor operators during off-normal conditions. Artificial neural networks 

(ANNs) have been used successfully in pattern recognition problems, function 

approximation, control, etc. Their processing capabilities are based on a parallel 

architecture [41].  

Implementation of ANNs falls into two categories: Software implementation and 

hardware implementation. ANNs are implemented in software, and are trained and 

simulated on general-purpose sequential computers for emulating a wide range of 

neural networks models. Software implementations offer flexibility. However 

hardware implementations are essential for applicability and for taking the advantage 

of ANN’s inherent parallelism. Specific-purpose fixed hardware implementations (i.e. 

VLSI) are dedicated to a specific ANN model. VLSI implementations of ANNs 

provide high speed in real time applications and compactness. However, they lack 

flexibility for structural modification and are prohibitively costly [41]. 
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There are different kinds of electronic implementations of ANN: digital, analog, 

hybrid, and each one have specific advantages and disadvantages depending on the 

type and configuration of the network, training method and application. For digital 

implementation of ANN there are different alternatives: custom design, digital signal 

processors, and programmable logic. Among them, programmable logic offer low 

cost, powerful software development tools and true parallel implementations [42]. 

Neurochip is an example of the highly-parallel neural systems. The neurochip is an 

analog or digital integrated circuit that implements several processing elements 

(neurons). Processing elements are independent and operate in parallel. Their 

optimized internal calculations give them very high performance. Neurochips are 

designed as building blocks, from which larger networks can be assembled. The major 

requirements on the neurochip design are high performance and small chip area 

occupied by the processing element. Therefore the processing element has to be as 

simple as possible. This is motivation of this research. Following the digital 

technology, we are trying to find ways leading to very small and very fast neural 

structures [1][43]. 

D.2 Hardware Neural Networks 
Neural Networks hardware is usually defined as those devices designed to 

implement neural architectures and learning algorithms, especially those devices that 

take advantage of the parallel nature inherent to ANNs. ANNs have been used 

successfully in pattern recognition problems, function approximation, control, etc. 

Their processing capabilities are based on a parallel architecture. The majority of 

ANN applications in commercial use are implemented in software, and run on a 

conventional single processor general purpose computer. This fact is mainly due to 

software’s flexibility; particularly important in using comparatively new and unknown 

technology, where conditions may be somewhat experimental. However, specialized 

hardware (which can either support or replace the software) offers appreciable 

advantages in some situations. It is worth looking in greater depth at the features of 
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hardware ANNs because of their potential to change market opportunities. An ANN is 

parallel distributed system, and it is the most common reason for using specialized. 

Artificial Neural Networks (ANNs) can solve great variety of problems in areas of 

pattern recognition, image processing and medical diagnostic. The ANNs are parallel 

and distributed information processing systems. This system requires the massive 

parallel computation. Thus, the high speed operation in real time applications can be 

achieved only if the networks are implemented using parallel hardware architecture. 

Implementation of ANNs falls into two categories:  

• Software implementation and  

• Hardware implementation.  

ANNs are implemented in software, and are trained and simulated on general-

purpose sequential computers for emulating a wide range of neural networks models. 

Software implementations offer flexibility. However hardware implementations are 

essential for applicability and for taking the advantage of ANN’s inherent parallelism. 

Specific-purpose fixed hardware implementations (i.e. VLSI) are dedicated to a 

specific ANN model. VLSI implementations of ANNs provide high speed in real time 

applications and compactness. However, they lack flexibility for structural 

modification and are prohibitively costly [44] [45]. 

The size and complexity of many problems has quickly exceeded the power of 

conventional computer hardware, so the goal of neural network engineers is to 

increase the power of new hardware systems. These are intended to accelerate future 

developments of algorithms and architectures, and to make possible the use of 

dedicated neural networks in industrial applications. The most common reasons for 

using specialized ANN hardware are as follows [01] [45]:  

• Speed.  
Most applications could be speeded up by the use of specialized hardware. 

Faster processing of repetitive calculations is one approach. ANNs have the 
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additional feature that they are intrinsically parallel, and hardware 

implementations can make use of this. Hardware ANNs can therefore offer a 

considerable potential for speed improvements. 

Even the fastest sequential processor cannot provide real-time response and 

learning for networks with large numbers of neurons and synapses. Parallel 

processing with multiple simple processing elements (PE's) can provide 

tremendous speedups. When the particular task at hand does not require super 

fast speed, most designers of neural network solutions find a software 

implementation on a PC or workstation, is a satisfactory solution. 

• Cost:  
A hardware implementation can provide margins for reducing system costs by 

lowering the total component count, decreasing power requirements, and so on. 

This can be important in some high-volume applications such as consumer 

products, which are very price-sensitive. 

• Reliability:  
For very similar reasons to cost reduction, a hardware implementation can 

offer greater reliability in operation, in the sense of reduced probability of 

equipment failure.  

• Special operating conditions:  
In applications, which impose constraints such as limited physical size or 

weight, a hardware implementation may be essential.  

• Secrecy:  
Specialized hardware can offer better protection against ‘reverse engineering’ 

by potential competitors than the equivalent functions implemented in 

software. 
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D.2.1 Hardware versus Software 
A significant amount of work has been done in developing simulation 

environments for ANNs on sequential machines. An overview of sequential ANN 

simulators can be found in. The performance of conventional von-Neuman processors, 

for example, the Intel Pentium series, continues to improve dramatically. When the 

particular task at hand does not require super fast speed, most designers of neural 

network solutions find a software implementation on a PC or workstation with no 

special hardware add-ons a satisfactory solution. However, even the fastest sequential 

processor cannot provide real-time response and learning for networks with large 

numbers of neurons and synapses. 

Parallel processing with multiple simple processing elements (PEs), on the other 

hand, can provide tremendous speedups. Some specialized applications have 

motivated the use of hardware neural networks. For example, cheap dedicated devices, 

such as those for speech recognition in consumer products, and analog/neuromorphic 

devices, such as silicon retinas, those directly implement the desired functions. 

When implemented in hardware, neural networks can take full advantage of their 

inherent parallelism and run orders of magnitude faster than software simulations. In 

general, neural network hardware designers have taken two different approaches. One 

is to build a general, but probably expensive, system that can be re-programmed for 

many kinds of tasks, such as Adaptive Solutions CNAPS. Another approach is to 

build a specialized but cheap chip to do one thing very quickly and efficiently, such as 

IBM ZISC [47]. 

D.2.2 Neural Networks Hardware Classification 
Neural Networks Hardware is defined as those devices designed to implement 

neural architectures and learning algorithms, especially those devices that take 

advantage of the parallel nature inherent to Neural Networks. Neural network 

hardware ranges from single stand-alone neurochips to full fledged neurocomputers. 
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A variety of attributes have been used to classify neural network hardware, such as 

system architecture, degree of parallelism, inter-processor communication network, 

general purpose or special purpose device, on-chip or off-chip learning, and so on. 

Neural network hardware can be categorized into 4 classes by the degree of 

parallelism: coarse-grained, medium-grained, fine-grained and massive parallelism. 

The number of processing elements yields the degree of parallelism of a system. The 

more parallel units there are, the faster data is processed. However, parallelism is 

expensive in terms of chip area or chip count. Therefore highly parallel systems 

usually employ simpler processing elements. The parallelism can be rated from only a 

few processing elements referred to as coarse-grained up to almost a one-to-one 

implementation of neural processing nodes called massive. There are no definite 

borders between these different categories. The neural network hardware can be 

divided into four main categories as shown in Figure (D.1). The first two main 

categories consist of neurocomputers based on standard ICs. They consist of 

Accelerator boards which speed up a conventional computer like a PC or workstation, 

and parallel multiprocessor systems, which mostly run stand alone and can be 

monitored by a host computer. The other main categories are neurochips built from 

dedicated neural Application Specific Integrated Circuits (ASICs). These neurochips 

can be digital, analog, or hybrid. The rest of this section will look at each of these 

categories and discuss their advantages and disadvantages [44][47]. 
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Figure (D.1): Neural network hardware categories 

 

D.2.2.1 Accelerator Boards 

Accelerator boards are the most frequently used neural commercial hardware, 

because they are relatively cheap, widely available, simple to connect to the PC or 

workstation, and typically provided with user-friendly software tools. They reside in 

the expansion slots and are used to speed up the neural network computations. The 

speed-up that can be achieved is at about one order of magnitude compared to 

sequential implementations. Accelerator boards are usually based on neural network 

chips but some just use fast digital signal processors (DSP) that do very fast multiple-

accumulate operations. A drawback of accelerator boards is that they are specialized 

for certain tasks, and thus lack flexibility and do not offer many possibilities for 

setting up novel paradigms. 

D.2.2.2 Neurocomputers  

 General-purpose processors offer enough programmability for the 

implementation of neural functions. These implementations will of course never be 

maximally efficient. But because of their wide availability and relatively low prices, a 
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number of neurocomputers have been assembled from general purpose chips. 

Implementations range from architectures of simple, low-cost elements. Much 

experience has been gained from these implementations, which can be useful for the 

design of "true" neurocomputers. Dedicated neurocomputers completely built from 

special purpose elements like neurochips. For instance, in many cases the sigmoid 

function forms the most computationally expensive part of the neural calculation. A 

solution for this can be found in using a look-up table rather than calculating the 

function. Finding an interconnection strategy for large numbers of processors has 

turned out to be another non-trivial problem. 

D.2.2.3 Neural Networks Hardware Chips 

For neurocomputers in Section D.2.2.2 the neural functions are programmed on 

general-purpose processors. Dedicated circuits are devised in special purpose chips for 

the neural functions. This will speed up the neural iteration time by about 2 orders of 

magnitude compared to general-purpose processor implementations. Several 

implementation technologies can be chosen for the design of neurochips. The main 

distinction lies in choice of a fully digital, fully analog, or hybrid design. Direct 

implementation in circuits in many cases alters the exact functioning of the original 

(simulated or analyzed) computational elements. This is mainly due to limited 

precision. The influence of this limited precision is of great importance to the proper 

functioning of the original paradigm. In order to build large scale implementations, 

many neurochips have to be interconnected. Some chips are therefore supplied with 

special communication channels. Other neurochips are to be interconnected by 

specially designed communication elements. Next a brief review of Neural Networks 

hardware architectures and some of the products developed over the past decade for 

Neural Networks implementations. 

Although Neural Networks have been built with discrete components, the heart of 

the modern hardware Neural Networks is a VLSI chip. The basic categories are:   

• Digital  
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• Analog  

• Hybrid 

Other major distinguishing features:    

• Neural Network architecture(s)    

• Programmable or hardwired network(s)    

• On-chip learning or chip-in-the-loop training    

• Low, medium or high number of parallel processing elements (PE's)    

• Maximum network size.    

• Can chips be chained together to increase network size.    

• Bits of precision (estimate for analog)    

• Transfer function on-chip or off-chip, e.g. in lookup table (LUT).    

• Accumulator size in bits.    

• Expensive or cheap  

D.2.2.3.1 Digital Neural Networks Chips 

Digital Neural are the most powerful and mature neurochips. Digital techniques 

offer high computational precision, high reliability, and high programmability. 

Furthermore, powerful design tools are available for digital full and semi custom 

design. Disadvantages are the relatively large circuit size compared to analog 

implementations. Synaptic weights can be stored on or off chip. This choice is 

determined by the trade-off between speed and size [46].  

• Digital advantages include:  

o Mature fabrication techniques.    

o Weight storage in RAM.    

o Arithmetic operations exact to the number of bits of the operands and 

accumulators.    

o Digital chips are easily integrated into most applications (since everything 

is digital today). 
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• Digital disadvantages:    

o Digital operations are usually slower than analog systems, especially in the 

weight*input multiplication.    

o Real world is analog, so sensor inputs need conversion to digital, control 

outputs converted back to analog. 

Digital designs include: Slice architectures, Single Instruction Multiple Data 

(SIMD) and Systolic array devices.  

• Slice architectures 

o Inspired by bit-slice conventional architectures. 

o Simple, cheap building blocks to construct networks of arbitrary size and 

precision. 

o Micro Devices MD1220 - One of the first Neural Network chips:  

 8 neurons with hard-limit thresholds.  

 8 16-bit synapses with 1-bit inputs.   

 With bit-serial multipliers in the synapse, the chip provides about 

9MCPS.   

 Bigger networks and networks with higher bit inputs constructed with 

multiple chips.  

 16-bit accumulator limited the total number of inputs because of 

overflows. 

• Single Instruction Multiple Data (SIMD)  

o Multiple PE's, each run simultaneously same instruction, but on different 

data.    

o Powerful design that allows for many different Neural Networks to be 

programmed.    

o Adaptive Solutions N64000:   

 64 PE's.  
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 Each PE holds a 9x16 bit integer multiplier, 32-bit accumulator, and 

4KBytes of on-chip memory for weight storage.   

 Common control and data buses allow for multiple chips.   

• Systolic array devices:  

o Each PE does one step of a calculation (always the same step).  

o Then passes its result on to the next processor in the pipeline.    

o Excellent for the matrix-matrix multiplications common to Neural 

Network's.  

o Siemens MA-16:  

 Fast matrix-matrix operations (multiply, sub, or add).   

 4x4 matrices with 16-bit elements.  

 The multiplier outputs and accumulators have 48-bit precision.  

 Weights stored off-chip and neuron transfer functions are off-chip via 

lookup tables.   

 Multiple chips can be cascaded.  

D.2.2.3.2 Analog Neural Networks Chips 

Analog electronics have some interesting characteristics that can directly be used 

for neural network implementation. Operational amplifiers (Opamps), for instance, are 

easily built from single transistors and automatically perform neuron like functions, 

such as integration and sigmoid transfer. These otherwise computationally intensive 

calculations are automatically performed by physical processes such as summing of 

currents or charges.  

• Analog Neural Networks Chips advantages are: 
1. Analog electronics are very compact and offer high speed at low energy 

dissipation. With current state-of-the-art micro electronics, simple neural 

associative memory chips with more than 1000 neurons and 1000 inputs 

each can be integrated on a single chip performing about 100 GCPS. 
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2. Although analog chips will never reach the flexibility attainable with digital 

chips, their speed and compactness make them very attractive for neural 

network researches, especially when adopt the adaptive properties of the 

original neural network paradigms. 

3. The other promising advantage is that they more directly interface with real, 

analog world, while digital implementation environment will always require 

fast analog-to-digital converters to read in the world information and 

digital-to-analog converters to put their data back into the world. 

• Analog Neural Networks Chips disadvantages are: 
1. The susceptibility to noise and process-parameter variations that limit 

computational precision and make it harder to understand what exactly 

is computed.  

2. Chips built according to the same design will never function in exactly 

the same way. 

3. Design can be very difficult because of the need to compensate for 

variations in manufacturing, in temperature, etc.  

4. Analog weight storage complicated, especially if non-volatility required. 

5. Weight*input must be linear over a wide range. 

6. Apart from the difficulties involved in designing analog circuits, the 

problem of representing adaptable weights is limiting the applicability of 

analog circuits. Weights can for instance be represented by resistors, but 

these are not adaptable after the production of the chips. Chips with 

fixed weights can only be used in the recall phase. Implementation 

techniques that do allow for adaptable weights are: capacitors, floating 

gate transistors, charge coupled devices (CCDs: is a major technology 

for digital imaging. In a CCD image sensor, pixels are represented by p-

doped MOS capacitors. These capacitors are biased above the threshold 

for inversion when image acquisition begins, allowing the conversion of 

incoming photons into electron charges at the semiconductor-oxide 
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interface; the CCD is then used to read out these charges. Although 

CCDs are not the only technology to allow for light detection, CCD 

image sensors are widely used in professional, medical, and scientific 

applications where high-quality image data is required. In applications 

where a somewhat lower quality can be tolerated, such as webcams, 

cheaper active pixel sensors are generally used.), etc.  

7. The main problems with these techniques arise from process-parameter 

variations across the chip, limited storage times (volatility), and lack of 

compatibility with standard VLSI processing technology. The weight 

sets for these trainable chips are obtained by training on a remote system 

(PC or workstation) and are then downloaded onto the chip. Then 

another short learning phase can be carried out in the chip used for the 

forward phase, and the remote system updates the weights until the 

network stabilizes. This yields a weight matrix that is adjusted to 

compensate for the inevitable disparities in analog computations due to 

process variance. It should be clear that these chips are suited for many 

different applications, but do not allow for on-board training. 

D.2.2.3.3 Hybrid Neural Networks Chips 

Hybrids combine digital and analog technology to attempt to get the best of both. 

Variations include [46]: 

1. Internal processing analog for speed but weights set digitally, e.g. capacitors 

refreshed periodically with digital-to-analog converter’s (DAC's). 

2. Pulse networks use rate or widths of pulses to emulate amplitude of I/O and 

weights. 

Both digital and analog techniques offer unique advantages, as was discussed in 

the former sections but they also have drawbacks with regard to their suitability for 

neural network implementations. The main shortcomings of digital techniques are the 

relative slowness of computation and the large amount of silicon and power that is 
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required for multiplication circuits. Shortcomings of analog techniques are, for 

instance, the sensitivity to noise and susceptibility to interference and process 

variations. The right mixture of analog and digital techniques for the implementation 

of these processes will be very advantageous. In order to gain advantages of both 

techniques, and avoid the major drawbacks, several research groups have 

implemented hybrid systems. Example of the application of hybrid systems is the 

ANNA (Analog Neural Network Arithmetic and Logic Unit) chip was designed at 

AT&T Bell Labs. It can be used for a wide variety of neural network architectures (as 

for an OCR application) but is optimized for locally connected, weight-sharing 

networks and time-delay neural networks (TDNNs). 

D.2.3 Neural Networks Hardware Applications 
Hardware ANN components are available in a number of different forms. The 

choice between these is governed by the nature of the application. The main types are: 

• Neurocomputers:  
Neurocomputers provide a complete system based on neural techniques. These 

are generally aimed at solving problems, which demand significant processing 

power: for example, those with large networks and/or high-speed requirements.  

• PC accelerators and other cards:  
They are generally made for a common bus standard such as ISA (for PCs). 

These offer some of the advantages of the neurocomputer, but in a lower 

performance/price band. 

• Chips:  
It can be used to build either of the preceding forms or can be included along 

with other devices to make a complete application unit. The latter are typically 

used in applications where the unit is not perceived primarily as a computing 

device: for example, a domestic appliance.  

• Cell libraries:  
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It is now becoming available to allow an appropriate level of neural 

functionality to be included within a dedicated chip alongside other necessary 

functions. This is well suited to high-volume applications.  

• Embedded microcomputers:  
It can be thought of as general purpose computers implementing a software 

ANN on dedicated hardware without the normal computer peripherals (screen, 

keyboard, disk and so on.)  

Some of the accelerator cards also contain general-purpose programmable 

processors. Their increased performance is gained by speeding up the repetitive 

multiply-and-add steps, which are required in software simulations of parallel 

operations. For the remainder of this section we concentrate on devices in which the 

ANN functionality itself is directly implemented in hardware. Hardware ANN 

implementations can be divided into three broad categories: digital, analogue and 

hybrid [01] [46] [47]. 

D.3 Parallel Processing Architecture  
In many applications today, the volume of analysis is going up, the physics being 

modeled is increasingly complex, and the time allocated to development is under 

increasing pressure. Therefore, researchers always need higher processing speed and 

more memory in order to investigate increasingly complex problems. Optimization of 

processes and data flow helps, but there are still limitations on computational 

performance in serial computation. Parallel processing is a method that allows 

simultaneous use of multiple processors on one or more machines to decrease solution 

times. 

D.3.1 Types of Parallel Computing 
The most popular taxonomy of computer architecture was defined by Flynn in 

1966. Flynn’s classification scheme is based on the notion of a stream of information. 

Two types of information flow into a processor: instructions and data. The instruction 
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stream is defined as the sequence of instructions performed by the processing unit. 

The data stream is defined as the data traffic exchanged between the memory and the 

processing unit. According to Flynn’s classification, either of the instruction or data 

streams can be single or multiple. Computer architecture can be classified into the 

following four distinct categories [44]: 

• Single-instruction single-data streams (SISD); 

• Single-instruction multiple-data streams (SIMD); 

• Multiple-instruction single-data streams (MISD); and 

• Multiple-instruction multiple-data streams (MIMD). 

Conventional single-processor Von Neumann computers are classified as SISD 

systems. Parallel computers are either SIMD or MIMD. When there is only one 

control unit and all processors execute the same instruction in a synchronized fashion, 

the parallel machine is classified as SIMD. In a MIMD machine, each processor has 

its own control unit and can execute different instructions on different data. In the 

MISD category, the same stream of data flows through a linear array of processors 

executing different instruction streams. In practice, there is no viable MISD machine; 

however, some authors have considered pipelined machines (and perhaps systolic-

array computers) as examples for MISD.  

D.3.1.1 SISD Architecture 

Single Instruction stream Single Data stream: computers in this category can 

decode only a single instruction in unit time like most sequential Von Neumann 

computers. A SISD computer may have multiple function units, but these are under 

the direction of a single control unit and instructions are executed serially. This type is 

depicted in Figure (D.2). 
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Figure (D.2): SISD architecture 

D.3.1.2 SIMD Architecture 

 

Figure (D.3): SIMD architecture 

The SIMD model of parallel computing consists of two parts: a front-end computer 

of the usual Von Neumann style, and a processor array as shown in Figure (D.3). The 

processor array is a set of identical synchronized processing elements capable of 

simultaneously performing the same operation on different data. Each processor in the 

array has a small amount of local memory where the distributed data resides while it is 

being processed in parallel. The processor array is connected to the memory bus of the 

front end so that the front end can randomly access the local processor memories as if 

it were another memory. Thus, the front end can issue special commands that cause 

parts of the memory to be operated on simultaneously or cause data to move around in 
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the memory. A program can be developed and executed on the front end using a 

traditional serial programming language. The application program is executed by the 

front end in the usual serial way, but issues commands to the processor array to carry 

out SIMD operations in parallel. 

The similarity between serial and data parallel programming is one of the strong 

points of data parallelism. Synchronization is made irrelevant by the lock–step 

synchronization of the processors. Processors either do nothing or exactly the same 

operations at the same time. In SIMD architecture, parallelism is exploited by 

applying simultaneous operations across large sets of data. This paradigm is most 

useful for solving problems that have lots of data that need to be updated on a 

wholesale basis. It is especially powerful in many regular numerical calculations [44]. 

 

Figure (D.4): SIMD architecture: each processor has its own local memory 
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Figure (D.5): SIMD architecture: processors and memory modules communicate 

with each other via the interconnection network 

There are two main configurations that have been used in SIMD machines Figure 

(D.4) and Figure (D.5). In Figure (D.4), the first SIMD scheme, each processor has its 

own local memory. Processors can communicate with each other through the 

interconnection network. If the interconnection network does not provide direct 

connection between a given pair of processors, then this pair can exchange data via an 

intermediate processor. In Figure (D.5), the second SIMD scheme, processors and 

memory modules communicate with each other via the interconnection network. Two 

processors can transfer data between each other via intermediate memory module(s) 

or possibly via intermediate processor(s). The BSP (Burroughs’ Scientific Processor) 

used the second SIMD scheme [44]. 

D.3.1.3 MISD Architecture 

In the Multiple Instruction stream Single Data stream (MISD) category, the same 

stream of data flows through a linear array of processors executing different 
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instruction streams. In practice, there is no viable MISD machine; however, some 

authors have considered pipelined machines (and perhaps systolic-array computers) as 

examples for MISD. 

Multiple Instruction stream Single Data stream: this category would involve 

multiple processors applying different instructions to a single data. The result of one 

processor becomes the input of the next processor in the macro-pipeline. Figure (D.6) 

illustrates this category. 

Figure (D.6): MISD architecture 

D.3.1.4 MIMD Architecture 

Multiple-instruction multiple-data streams (MIMD) parallel architectures are made 

of multiple processors and multiple memory modules connected together via some 

interconnection network. They fall into two broad categories: shared memory as in 

figure (D.7), or message passing as in figure (D.8). Processors exchange information 
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through their central shared memory in shared memory systems, and exchange 

information through their interconnection network in message passing systems. 

 

 

 

 

 

 

 

Figure (D.7): MIMD architecture: shared memory system 

 

 

 

 

 

 

 

Figure (D.8): MIMD architecture: message passing system 
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A shared memory system typically accomplishes inter-processor coordination 

through a global memory shared by all processors. These are typically server systems 

that communicate through a bus and cache memory controller. The bus/cache 

architecture alleviates the need for expensive multi-ported memories and interface 

circuitry as well as the need to adopt a message-passing paradigm when developing 

application software. Because access to shared memory is balanced, these systems are 

also called SMP (symmetric multiprocessor) systems. Each processor has equal 

opportunity to read/write to memory, including equal access speed. 

A message passing system (also referred to as distributed memory) typically 

combines the local memory and processor at each node of the interconnection 

network. There is no global memory, so it is necessary to move data from one local 

memory to another by means of message passing. This is typically done by a 

Send/Receive pair of commands, which must be written into the application software 

by a programmer. Thus, programmers must learn the message-passing paradigm, 

which involves data copying and dealing with consistency issues. 

D.3.2 SIMD Architecture for Hardware Implementation of 

Artificial Neural Networks 
The design and implementation of a SIMD (Single Instruction stream Multiple 

Data streams) parallel system tuned for neural network computing on FPGA-based 

(Field Programmable Gate Array), mapping of artificial neural network algorithms on 

the specific architecture and a small survey on a SIMD processor array for Artificial 

neural networks are discerned. The early prototypes rely on dynamically 

programmable logic cell arrays (FPGAs). This makes it possible to “reprogram” the 

hardware, enabling architectural variations of the prototype. The FPGA circuits are 

designed for high speed, and high logic density. However, the speed and the “gate 

count” of the prototype systems suffice for new demanding applications. But with this 

technology, the physical size is still not small enough to allow embedded multi-

module systems to be built. The choice of SIMD architecture in the processing nodes 
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for neural network computations is based on several detailed studies of algorithm-to-

array mappings, and on a thorough study of parallel architectures used for artificial 

neural network computations. The latter study shows that SIMD is the best-suited 

parallel-processing paradigm of today for artificial neural networks. It also shows that 

the demands on the communication network between the processing elements can be 

met with surprisingly simple means, i.e. broadcast and nearest neighbor 

communication. When small size and good utilization of the hardware is important, 

arrays of bit serial processing elements can be very efficiently used in artificial neural 

network computations. In the different artificial neural network models one can 

identify multiplication as the single most important operation. Consequently there is 

much to gain in the bit serial architecture if support for fast multiplication is added.  

The SIMD architectures are specially tuned to an application area. This means that 

the work spans the area from implementation technology via processor and hardware 

implementation of Artificial Neural Network. The work is in the area of embedded 

high performance computing, near the area of application specific hardware. The 

thread throughout the thesis is how to design ANN on FPGA to suit a specific 

application area, while maintaining as much computing performance, 

programmability, scalability and flexibility as possible. The idea is that the multiple 

SIMD computing models can be a flexible and reasonably scalable concept for the 

high-end applications considered. To test this application it was used for diagnosis of 

the Multi-Purpose Research Reactor of Egypt accidents to avoid the risk of occurrence 

of a nuclear accident, the artificial neural network computing multiple SIMD 

architecture is suggested and artificial neural network algorithms are mapped onto a 

typical such module. Then the use of artificial neural networks in an industrial real-

time application is presented. The artificial neural networks are used to extract 

information from noisy and non-linear signals in combustion engines. It is shown that 

the neural networks are feasible, and close to optimal [01][46][47]. 
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 الرسـالةملـخــص
 

 علي أعلي المستويات من السالمة  النوويةاثبحمفاعالت األمن المتوقع أن يتم تشغيل محطات 

ولذلك من أجل تحقيق ذلك ، والمحافظة على استقرار النظام وضمان التشغيل السليم واآلمن، . وثوقيةـوال

الشبكات العصبية و. محطات هذه الأعطال  طلب متزايد على النظم اآللية لكشف وتشخيص حاالتهناك

 بسبب بنيتها المتوازية، والسرعة العالية، وعاهي واحدة من الحلول األآثر شي )ANNs(االصطناعية 

ميات والتي هي خوارز )GAs(الخوارزميات الجينية و. وقدرتها على تقديم حلول سهلة لمشاآل معقدة

، االصطناعية  خِدَمت للعثور على البناء األمثل للشبكات العصبيةللبحث ، في السنوات األخيرة اسُت

 FPGAشرائح الـ في الوقت الحاضر، و. ات الجينيةيباعتبارها واحدة من مزايا استخدام الخوارزم

نفيذ الشبكات العصبية تل وسيلة هامة أصبحت) مصفوفات البوابات اإللكترونية القابلة للبرمجة حقليا(

 لغة الـ  تم استخدام. عليهامتوازيةنفيذ العمليات النظرا ألدائها العالي، ويمكن بسهولة تاالصطناعية 

VHDLعتاد ف اليوصتلغة أنها على عرف ، والتي ت)Hardware Description(ف يوصت، ل

لتصاميم اف يوصت. األخريلغات ل من اتخطيطي وغيرهاالف يوصالتتصميم سلوآيا، إضافة إلى لغات ال

القابلة للتطوير الستخدام، ويتم تنفيذها في النظم إلعادة ا جعلها قابلة VHDLالـ  مثل التصميم تحليل لغةب

  .   النوويةاثبحمفاعالت األمثل محطات 

  



  :، تم تنفيذ العمل من خالل ثالثة أجزاء رئيسيةثحب الافي هذ

 ،  النوويةاثبحمفاعالت األتعرف علي أنماط حوادث  ، تم معالجة المن البحث  الجزء األولفي

). Noise( األنماط يتم تقديمها في البداية من دون شوشرة هذه. االصطناعية باستخدام الشبكات العصبية

التي تم بناؤها لهذا الغرض، تم إضافة نسبة شوشرة من االصطناعية ولزيادة موثوقية الشبكة العصبية 

عليها من أجل ضمان التعرف علي هذه األنماط إذا الشبكة ألنماط لتدريب ٪ إلي بيانات ا50إلي % 0

وتم استخدم صندوق أدوات الشبكات العصبية االصطناعية في الماتالب . معها شوشرةولت ِخْدُأ

)MATLAB(لهذا الغرض  .  

نية  باستخدام الخوارزميات الجي)ANNs( ببناء الشبكات العصبية االصطناعية الجزء الثانيويهتم 

)GAs( وتم استخدام صندوق أدوات الخوارزميات  . النوويةاثبحمفاعالت األ حوادث لتشخيص 

 للوصول إلي أفضل بنية للشبكات العصبية االصطناعية المطلوبة ،)MATLAB(في الماتالب ، الجينية

بناء هيكل النتائج التي تم الحصول عليها تظهر آفاءة استخدام الخوارزمية الجينية، في . لهذا الغرض

  .  النوويةاثبحمفاعالت األشبكة عصبية اصطناعية ذو أداء عالي للتعرف علي أنماط حوادث 

  
، والتي )ANNs( لشبكات العصبية االصطناعية ل)Hardware(بالتطبيق العتادي  الجزء الثالثيهتم و

 ماتالبال أدواتصندوق باستخدام  )GAs( الجينية الخوارزميةآانت قد تم الحصول عليها من 

)MATLAB( . لتطبيق العتادي لاآلداء العالي والممتاز)Hardware(  خالل تم الوصول إليه من

، لتشخيص Xilinx، على رقاقة )FPGA ( حقليًاة للبرمجةات القابلبوابشريحة مصفوفات الاستخدام 

دث اوحأي ، لتجنب خطر وقوع )MPR ( متعددة األغراضيبحثالنووي المصر مفاعل  أنماط حوادث

. Xilinx من بيئة برمجيات باستخدام نموذج االصطناعيةوقد تم تصميم أجهزة الشبكة العصبية . ةنووي

لشبكات العصبية الستخدام ا ةعداون النتائج ال تكشف عالعتادي التي تم التوصل إليهانتائج التنفيذ 

  .  النوويةاثبحمفاعالت األللتحسين الخصائص التشغيلية العتادية االصطناعية 

  :مكونات الرسالة
  . ينـنـين اثـقـتتألف هذه الرسالة من ثماني فصول وملح

  :الفصل األول

وآذلك توضيح نموذج تطبيق هذا البحث مع أجهزة المفاعل  ،مقدمة عامة عن الرسالة والهدف منها  

  . وعرض فصولها



  

  :الفصل الثاني

 الثاني ـيثـبحالووي ـالنمصـر ل ـعهو مفاو، بحـث ذا الـق هـبيـتطمجال ل لفصـ التم تخصـيص هذا  

)ETRR-2( المكونات اإللكترونية التي لها عالقة بتطبيق البحث وهو نظام حماية  ، ودراسة بعض

  . شرح أنماط الحوادث الخاصة بالمفاعل والمطلوب الكشف عنها ، وآذلك )RPS(المفاعل 

   :الفصل الثالث

 وتوضيح )ANNs(العصبية االصطناعية نظرة عامة على الشبكات ويشتمل هذا الفصل علي   

  . الشبكات العصبية االصطناعيةمختلفة، وشرح بنية  العصبية الخالياال، ونماذج المكونات األساسية 

   :بعارالفصل ال

محطات مفاعالت لشبكات العصبية االصطناعية في مجال ل الفصل لتطبيق مهم تم تخصيص هذا  

حوادث أنماط عل عرف تخدام الشبكات العصبية االصطناعية للاست"هذا التطبيق هو .  النوويةاثبحاأل

آانت هذه أو ) Noisy Patterns(، سواءًا آانت هذه األنماط مشوشرة " النوويةاثبحاألمفاعالت 

.  )Free of Noise Patterns (غير مشوشرةاألنماط 

   :مساخالفصل ال

الخوارزمات الجينية ، باستخدام  ةاعياالصطنالعصبية شبكات بناء ال لموضوع  الفصل هذاسيتكرتم   

 بايساتالحصول على فوائد الخوارزميات الجينية ألتمتة وتحسين التصميم، والعثور على األوزان والو

  .  ، ومقارنة النتائج مع نموذج االنتشار الخلفي للتعليم الشبكات العصبية االصطناعيةيةنبح اقترال

  :دساسالفصل ال

 المستخدم في التطبيقات لشبكات العصبية االصطناعيةادي لعتالبناء اليحتوي هذا الفصل دراسة   

نواع المختلفة لعمليات يناقش هذا الفصل العديد من األو، عتادي للتنفيذال وعرض مميزات البناء ،المختلفة

جة شرائح البوابات المنطقية القابلة للبرم علي ةشبكات العصبية االصطناعيبنية البدائل تنفيذ التوازي و

  .  )FPGA (حقليا

    :بعاسالفصل ال

بناء شبكات عصبية مبنية علي الخوارزم "هو و للهدف الرئيسي من هذه الرسالة ـهيصـخصتم ت  

في أنه حيث ". الجيني لتشخيص حوادث المفاعالت البحثية في مصفوفات البوابات القابلة للبرمجة حقليا



FPGA(، استخدام شرائح  أننتبي وقد )FPGA (جدا لتنفيذ الشبكات ا قويًايشكل خيار 

في هذا .  لهذه الشرائح استغالل قدرات المعالجة المتوازيةتماما من يمكننا حيثالعصبية االصطناعية 

لشبكات الستخدام ا ةعداون النتائج ال تكشف عالعتادي التي تم التوصل إليهاتنفيذ نتائج الالفصل، لحوظ أن 

  .  النوويةاثبحمفاعالت األللتحسين الخصائص التشغيلية العتادية العصبية االصطناعية 

    :مناثالفصل ال

  . يوضح هذا الفصل أهم النقاط المستخلصة من هذه الرسالة وآذلك خطة العمل المستقبلية  

  

.ذه الرسالة بالمراجع المستخدمة ، وبملخص الرسالة لموضوع البحث باللغة العربية ـمت هـتتـواخ



  
  جامعة المنوفية          

  آلية الهندسـة اإللكترونية بمنوف    
  قسم هندسة وعلوم الحاسبات     

  
  

بناء شبكات عصبية مبنية علي الخوارزم الجيني لتشخيص حوادث المفاعالت البحثية في 
  مصفوفات البوابات القابلة للبرمجة حقليا

  
  رسالة مقدمة للحصول علي درجة دآتور الفلسفة

  ي الهندسة اإللكترونيةف
  مقدمة من

  عبدالفتاح عبدربه أحمد غنيم/ المهندس 
   مرآز البحوث النووية-هيئة الطاقة الذرية 

  

  :لجنة الحكم والمناقشة
  

     
  
  
ق  
  
  
  
  
  
  
  
  
  
  
  
  

2012  

   زيدان السيدإبراهيم. / د.أ

   والتحكمقسم هندسة الحاسبات
  آليـــة الهندسة

زقازيقجامعــة ال

  حمد فهيم الكرديم. / د.أ

  هربية الكالتصاتاالوسم هندسة اإللكترونيات 
  ليـــة الهندسة اإللكترونية بمنوفآ

جامعــة المنوفيـة

  نوال أحمد الفيشاوي. / د.أ

  قسم هندسة وعلوم الحاسبات
  آليـــة الهندسة اإللكترونية بمنوف

جامعــة المنوفيـة

  إمبابي إسماعيل محمود. / د.أ

  مرآـز البحوث النووية
هيئة الطاقة الذرية



            
  جامعة المنوفية           

  آلية الهندسـة اإللكترونية بمنوف   
  حاسباتقسم هندسة وعلوم ال    

  
  

بناء شبكات عصبية مبنية علي الخوارزم الجيني لتشخيص حوادث المفاعالت البحثية في 
  مصفوفات البوابات القابلة للبرمجة حقليا

  

  رسالة مقدمة للحصول علي درجة دآتور الفلسفة
  في الهندسة اإللكترونية

  مقدمة من
  

  عبدالفتاح عبدربه أحمد غنيم/ المهندس 
   مرآز البحوث النووية-هيئة الطاقة الذرية 

  

  إشـراف
  

     
  
  
  
  
  
  
  
  
  
  

2012  

  نوال أحمد الفيشاوي. / د.أ

  قسم هندسة وعلوم الحاسبات
  آليـــة الهندسة اإللكترونية بمنوف

جامعــة المنوفيـة

  إمبابي إسماعيل محمود. / د.أ

  مرآـز البحوث النووية
هيئة الطاقة الذرية

  محمد عبدالعظيم البرديني. / د

  قسم هندسة اإللكترونيات الصناعية والتحكم
  آليـــة الهندسة اإللكترونية بمنوف

ــة المنوفيـةجامع


	covers e_faculty2.doc
	ACKNOWLEDGEMENTS2.doc
	publications from this thesis.doc
	ABSTRACTe2.doc
	table of contents2.doc
	TABLE OF CONTENTS 
	 
	Acknowledgements …………………………………………………. I 
	Publications …………………..………………………………………. II 
	Abstract ……………………………………………………………….  III 
	Table of Contents …………………………………………………… V 
	List of Figures ………………………………………………………..  X 
	List of Tables ………………………………………..………………..   XVIII 
	Acronyms ……………………………………………………………..   XIX 
	Chapter 1: ………………………..….………….…………………….  1 
	1.2 Introduction ……………………………………………………. 1 
	1.2 Research Objective …………………….……………………… 4 
	1.3 Thesis Outline …………………….…………………………… 9 
	Chapter 2: Egypt's Second Nuclear Research Reactor (ETRR-2) …… 10 
	 2.1 Introduction …………………….……………………………… 10 
	 2.2 Nuclear Reactors …………..….…………..….……….……….. 10 
	 2.3 ETRR-2 General Description …………..….………….……….. 11 
	 2.4 Egypt Second Research Reactor (ETRR-2) Systems 12 
	  2.4.1 Reactor Core …………………….……………………...  13 
	 2.5 Cooling Systems …………………….…………………………  13 
	  2.5.1 Core Cooling System …………………….………….….  13 
	  2.5.2 Pool Cooling System …………………….………….…. 14 
	  2.5.3 Auxiliary Pool Cooling System …………………….…..  14 
	  2.5.4 Secondary Cooling System …………..….………….….  15 
	 2.6 Reactor Safety Systems …………………….………….………  15 
	  2.6.1 First Shutdown System (FSS) …………………..….….. 15 
	  2.6.2 Second Shutdown System (SSS) …………………...…..  16 
	  2.6.3 Chimney Water Injection System (CWIS) …………….. 16 
	 2.7 Instrumentation and Control (I & C) …………………….…….  16 
	  2.7.1 Reactor Protection System (RPS) ……………….….…..  18 
	 2.8 Information and supervision level …………………….……….  19 
	  2.8.1 Main Console …………………….……………………. 19 
	  2.8.2 Secondary (Emergency) Console …………………..…..  19 
	  2.8.3 Training Console …………………….…………………. 20 
	 2.9 Accidents Analysis …………………….………………………. 20  
	  2.9.1 Accident Management …………………….……………  20 
	  2.9.2 The Accident Main Contributors & Consequence ……... 21 
	 2.10 Information System …………………….……………………… 23 
	 2.11 Nuclear Instrumentation …………………….………………... 24 
	 2.12 Conventional instrumentation …………………….………….. 24 
	  2.12.1 Field Instruments …………………….………………. 25 
	  2.12.2 Variables Measured …………………….……………. 25 
	 2.12 Accidents Data …………………….………………………….  25 
	Chapter 3: Nuclear Research Reactors Patterns Recognition Using 
	Chapter 4: Genetic Algorithms Based Artificial Neural Networks ….. 57 
	Chapter 5:  Genetic Algorithm-Based Neural Networks for Accidents Diagnosis of Research Reactors on FPGA ……….….….. ... 82 
	 
	Chapter 6: Conclusion and future work ………………..….…………… 111 
	 
	Appendix A: …………………………………………………....….….. 147 
	Appendix B: …………………………………………………....….….. 157 
	Appendix C: ………………………………………………….……….. 132 
	Appendix D: ………………………………………………….……….. 152 
	References ……...……………………………………………....….…... 175 

	List of figures.doc
	LIST OF FIGURES 
	 
	Figure (1.1): Implementation of a neural network that had obtained from Genetic Algorithm (GA) using MATLAB’s toolbox,  
	On FPGA …………………….……………………………...  8 
	Figure (2.1): Most Egypt Second Research Reactor (ETRR-2) Systems ... 12 
	Figure (2.2): The reactor core cooling system …………………………… 14 
	Figure (2.3): Instrumentation & Control Context Block Diagram ……….. 18 
	Figure (3.1): General Structure of Two-Layer Feedforward Network …… 30 
	Figure (3.2): General Structure of a Sample Feedback Network …………  31 
	Figure (3.3): backpropagation sweeps (phases) …………………………..  33 
	Figure (3.4): Backpropagation of the Error in a Two-Layer Network ……  34 
	Figure (3.5): A single Neuron …………………………………………….  35 
	Figure (3.6): Sample of reactor accidents data patterns …………………..  44 
	Figure (3.7): Program flowchart using Matlab …………………………… 44 
	Figure (3.8): Samples of (15x9) matrix of (3x5) bit maps for each accident  45 
	Figure (3.9):  neural network design for accidents patterns recognition ….  46 
	Figure (3.10): Neural Network Training output …………………………..  47 
	Figure (3.11): Performance vs. Number of Epoch ………………………..  47 
	Figure (3.12):  Neural Network Output for Accidents Patterns Recognition 48 
	Figure (3.13): training with noise (Pass2) ………………………………… 49 
	Figure (3.14): training with noise (Pass4) ………………………………… 50 
	Figure (3.15): training with noise (Pass7) ………………………………… 51 
	Figure (3.16): training with noise (Pass9) ………………………………… 51 
	Figure (3.17): the reliability for the network trained with and without noise 53 
	Figure (3.18): Sample Output of the system test when presenting sample of noisy input data to the neural network …………………….. 54 
	Figure (3.19): the reliability for the network trained with and without noise 56 
	Figure (4.1): Sample of reactor accidents data patterns …………………..  63 
	Figure (4.2): The program graphical use interface (GUI) ………………… 64 
	Figure (4.3): Artificial Neural Network and Genetic Algorithm …………. 65 
	Figure (4.4) Real Output ………………………………………………….. 69 
	Figure (4.5) approximated Output ………………………………………...  70 
	Figure (4.6): Layer1 weight and biases matrix (16x10) …………………..  70 
	Figure (4.7): Layer2 weight and biases matrix (11x9) …………..………..  70 
	Figure (4.8) Real Outputs versus the target (LOFA Accident) …………...  72 
	Figure (4.9) Real Outputs versus the target (LOPS Accident) ……………  72 
	Figure (4.10) Real Outputs versus the target (LOHS Accident) ………….  73 
	Figure (4.11) Real Outputs versus the target (SLOCA Accident) ………..  73 
	Figure (4.12) Real Outputs versus the target (MLOCA Accident) ……….  74 
	Figure (4.13) Real Outputs versus the target (LLOCA Accident) ………..  74 
	Figure (4.14) Real Outputs versus the target (UFRI Accident) …………..  75 
	Figure (4.15) Real Outputs versus the target (USRI Accident) …………..  75 
	Figure (4.16) Real Outputs versus the target (Normal Case) …………….  76 
	Figure (4.17): ANN performance vs. Number of iterations ………………  76 
	Figure (4.18): performance vs. number of epochs (GA parameters applied to backpropagation) ……………………………………………  78 
	Figure (4.19): performance vs. number of epochs (Running backpropagation alone) ………………………………………………………..  79 
	Figure (4.20): learning rate vs. number of epochs (GA parameters applied to backpropagation) ……………………………………………  79 
	Figure (4.21): learning rate vs. number of epochs (Running backpropagation) 
	  ……………………………………………………………….  80 
	Figure (5.1): Single neuron module ………………………………………. 84 
	Figure (5.2): A block diagram of a complete hardware neuron of layer 1...  85 
	Figure (5.3): A block diagram of a complete hardware neuron of layer 2… 86 
	Figure (5.4): The block diagram of the complete hardware neural network 87 
	Figure (5.5): Linear Transfer Function (a = purelin (n)) ………………….  88 
	Figure (5.6): Xilinx FPGAs Design Flow Technique (VHDL Design) …..  89 
	Figure (5.7): Xilinx ISE Design Suite 12.1 Project Manager …………….  92 
	Figure (5.8): Layer1 finite state Machine (FSM) of the Two Layers           Hardware Neural Networks …………………………………  94 
	Figure (5.9): Project information …………………………………………. 96 
	Figure (5.10A): Desired Output for LOFA accident ……………………...  97 
	Figure (5.10B): Simulation Real Output for LOFA accident …………….. 97 
	Figure (5.10C): LOFA Accident simulation waveform …………………..  98 
	Figure (5.11): Xilinx Design Flow Processes …………………………….  100 
	Figure (5.12): iMPACT Project GUI ……………………………………... 101 
	Figure (5.13): iMPACT Boundary Scan Result …………………………..  102 
	Figure (5.14): FPGA Programming Succeed ……………………………..  103 
	Figure (5.15): The transmission with 8 data bits, no parity, and 1 stop bit   105 
	Figure (5.16): The menu for sending the Loss of Flow Accident (LOFA) patterns to FPGA through COM4 …………………………  106 
	Figure (5.17): The LEDs on the FPGA kit image for the Loss of Flow 
	                       (LOFA) Accident (TR0) …………………………………... 107 
	Figure (5.18): FPGA kit image response for sending Loss of Flow (LOFA) Accident (TR0) pattern to FPGA ………………………….  107 
	Figure (A-1a): Loss of Flow Accident (LOFA) Accident Simulation Waveform (TR0) ………………………………………………………  114 
	Figure (A-1b): The desired output for Loss of Flow Accident (LOFA) ….  114 
	Figure (A-1c): The Hexadecimal and the corresponding Decimal values for real output of Loss of Flow Accident (LOFA) ………………… 114 
	Figure (A-2a): Loss of Power Supply (LOPS) Accident Simulation Waveform (TR1) ………………………………………………………  115 
	Figure (A-2b): The desired output for Loss of Power Supply Accident (LOPS) 
	  (TR1) ………………………………………………………  115 
	Figure (A-2c): The Hexadecimal and the corresponding Decimal values for real output of Loss of Power Supply Accident (LOPS) ………..  115 
	Figure (A-3a): Loss Of Heat Sink (LOHS) Accident Simulation Waveform (TR2) ……………………………..………………………..  116 
	Figure (A-3b): The desired output for Loss of Heat Sink (LOHS) Accident 116 
	Figure (A-3c): The Hexadecimal and the corresponding Decimal values for real output of Loss of Heat Sink (LOHS) Accident ……………  116 
	Figure (A-4a): Small Loss OF Coolant Accident (SLOCA) Simulation Waveform (TR3) ………………..…………………………  117 
	Figure (A-4b): The desired output for Loss Of Coolant Accident (SLOCA) 117 
	Figure (A-4c): The Hexadecimal and the corresponding Decimal values for real output of Loss of Heat Sink (LOHS) Accident ……………  117 
	Figure (A-5a): Medium Loss OF Coolant Accident (MLOCA) Simulation Waveform (TR4) ………………..…………………………  118 
	Figure (A-5b): The desired output for Medium Loss OF Coolant Accident (MLOCA) ………………..………………………………… 118 
	Figure (A-5c): The Hexadecimal and the corresponding Decimal values for real output of Medium Loss OF Coolant Accident (MLOCA) … 118 
	Figure (A-6a): Large Loss OF Coolant Accident (LLOCA) Simulation Waveform (TR5) ………………..…………………………  119 
	Figure (A-6b): The desired output for Large Loss OF Coolant Accident (LLOCA) ………………..…………………………………  119 
	Figure (A-6c): The Hexadecimal and the corresponding Decimal values for real output of Large Loss OF Coolant Accident (LLOCA) ……  119 
	Figure (A-7a): Uncontrolled Fast Reactivity Insertion (UFRI) Accident Simulation Waveform (TR6) ………………..………….…  120 
	Figure (A-7b): The desired output for Uncontrolled Fast Reactivity Insertion Accident (UFRI) ………………..…………………………  120 
	Figure (A-7c): The Hexadecimal and the corresponding Decimal values for real output of Uncontrolled Fast Reactivity Insertion Accident (UFRI) 
	  ………………..…………………………………………….  120 
	Figure (A-8a): Uncontrolled Slow Reactivity Insertion (USRI) (TR7) …..  121 
	Figure (A-8b): The desired output for Uncontrolled Slow Reactivity Insertion Accident (USRI) ………………..…………………………  121 
	Figure (A-8c): The Hexadecimal and the corresponding Decimal values for real output of Uncontrolled Slow Reactivity Insertion Accident (USRI) ………………..……………………………………  121 
	Figure (A-9a): Normal case Accident Simulation Waveform (TR8) ……..  122 
	Figure (A-9b): The desired output for Normal case ………………………  122 
	Figure (A-9c): The Hexadecimal and the corresponding Decimal values for real output of Normal case ………………..……….…………… 122 
	Figure (B-1a): FPGA kit image for the Loss of Flow Accident (LOFA)- 
	                        TR0 ………………….…………………………………….  123 
	Figure (B-1b): The LEDs FPGA kit image for the Loss of Flow Accident (LOFA)-TR0 ………………………………………………. 123 
	Figure (B-2a): FPGA kit image for the Loss of Power Supply (LOPS)-TR1 124 
	Figure (B-2a): The LEDs on the FPGA kit image for the Loss of Power Supply (LOPS)-TR1 ……………………………………………….  124 
	Figure (B-3a): FPGA kit image for the Loss of Heat Sink (LOHS)-TR2 … 125 
	Figure (B-3b): The LEDs on the FPGA kit image for the Loss of Heat Sink (LOHS)-TR2 ………………………………………………. 125 
	Figure (B-4a): FPGA kit image for the Small Loss of Coolant Accident (SLOCA)-TR3 …………………………………………….. 126 
	Figure (B-4a): The LEDs on the FPGA kit image for the Small Loss of Coolant Accident (SLOCA)-TR3 …………………………………..  126 
	Figure (B-5a): FPGA kit image for the Medium Loss of Coolant Accident (MLOCA)–TR4 …………………………………………… 127 
	Figure (B-5b): The LEDs on the FPGA kit image for the Medium Loss of Coolant Accident (MLOCA)–TR4 ………………………... 127 
	Figure (B-6a): FPGA kit image for the Large Loss of Coolant Accident (LLOCA)–TR5 …………………………………………….  128 
	Figure (B-6b): The LEDs on the FPGA kit image for the Medium Large 
	                         Loss of Coolant Accident (LLOCA)–TR5 ……….………  128 
	Figure (B-7a): FPGA kit image for the Uncontrolled Fast Reactivity Insertion (UFRI)–TR6 ……………………………………………….. 129 
	Figure (B-7b): The LEDs on the FPGA kit image for the Uncontrolled Fast Reactivity Insertion (UFRI)–TR6 …………………………. 129 
	Figure (B-8a): FPGA kit image for the Uncontrolled Slow Reactivity Insertion (USRI)–TR7 ……………………………………………….. 130 
	Figure (B-8b): The LEDs on the FPGA kit image for the Uncontrolled Slow Reactivity Insertion (USRI)–TR7 …………………………. 130 
	Figure (B-9a): Normal case Accident Simulation Waveform (TR8) ……... 131 
	Figure (B-9b): The LEDs on the FPGA kit image for the Normal case Accident Simulation Waveform–TR8 …………………………….…. 131 
	Figure (C.1): A Biological Neuron …………………………..…………… 134 
	Figure (C.2): Detailed structure of an artificial neuron …………..……….  134 
	Figure (C.3): Shortened structure of an artificial neuron …………………  134 
	Figure (C.4):  Basic Elements of an Artificial Neuron …………………...  135 
	Figure (C.5): Affine transformation produced by the presence of a bias; note that vk = bk, at uk = 0 …..………………………………..  137 
	Figure (C.6): Single-Input Neuron …………………………………….….  143 
	Figure (C.7): Multiple-Inputs Neuron …..………………………..…….…  144 
	Figure (C.8a): Hard Limit Transfer Function …………………..………...  145 
	Figure (C.8b): Single-Input hardlim Neuron ………………….………….  145 
	Figure (C.9a): Purelin Transfer Function ……………………………..….  146 
	Figure (C.9b): Single-Input Purelin Neuron ………………..……………  146 
	Figure (C.10): Piecewise Linear Activation Function …………..……….  147 
	Figure (C.11): A Single-layer of S neurons ………………..…………….  148 
	Figure (C.12): Two Layers Architecture …………………..……………..  149 
	Figure (C.13): Tree Layers Architecture …………………..……………..  150 
	Figure (D.1): Neural network hardware categories ……………………....  158 
	Figure (D.2): SISD architecture ………………………………………......  168 
	Figure (D.3): SIMD architecture …………………………………………  168 
	Figure (D.4): SIMD architecture: each processor has its own local memory 169 
	Figure (D.5): SIMD architecture: processors and memory modules communicate with each other via the interconnection network  170 
	Figure (D.6): MISD architecture ………………………………………….  171 
	Figure (D.7): MIMD architecture: shared memory system ………………. 172 
	Figure (D.8): MIMD architecture: message passing system ……………… 172 

	List of tables.doc
	 
	Table 2.1: Transients for Qualitative Accident Diagnosis (Classes) ……... 26 
	Table 2.2: Symptoms for Qualitative Accident Diagnosis (Features) ….. ... 27 
	Table 2.3: Training Data for Qualitative Accident Diagnosis (Data) …….. 27 
	Table 2.4: Output Pattern for Qualitative Accident Diagnosis (Desired output) 
	…………………………………………………………………. 28 
	Table (4.1): Parameters setting for GA …………………………………… 66 
	Table (4.2): Comparison between the outputs provided by regression analysis function for the nine accidents patterns ……………………..  77 
	Table (4.3): Comparison between results when applying GA parameters to backpropagation and running backpropagation alone ……..... 80 
	Table (5.1): Real Output for all accidents Patterns Diagnosis …………..... 98 
	Table (5.2): Device Utilization Summary ………………………………… 109 
	Table (5.3): Design Statistics ……………………………………………... 110 
	 
	 
	 
	 
	 
	 
	 
	 

	Acronyms.doc
	ch1.doc
	CHAPTER (1) 
	 
	INTRODUCTION 
	 
	1.1 INTRODUCTION 
	1.2 Research Objective 
	1.3 Thesis Outline 

	ch2.doc
	CHAPTER (2) 
	 
	EGYPT'S SECOND NUCLEAR RESEARCH REACTOR ( ETRR-2 ) 
	 
	2.1 Introduction 
	2.2 Nuclear Reactors 
	2.3 ETRR-2 General Description 
	2.4 Egypt Second Research Reactor (ETRR-2) Systems 
	2.4.1 Reactor Core 
	2.5 Cooling Systems [1] [6] 
	2.5.1 Core Cooling System 
	2.5.2 Pool Cooling System 
	2.5.3 Auxiliary Pool Cooling System 
	2.5.4 Secondary Cooling System 
	2.6 Reactor Safety Systems [1] [6] 
	2.6.1 First Shutdown System (FSS) 
	2.6.2 Second Shutdown System (SSS) 
	2.6.3 Chimney Water Injection System (CWIS) 
	2.7 Instrumentation and Control (I & C) [1] [6] 
	2.7.1 Reactor Protection System (RPS) 
	2.8 Information and supervision level [1] [6] 
	2.8.1 Main Console 
	2.8.2 Secondary (Emergency) Console 
	2.8.3 Training Console 
	2.9 Accidents Analysis [1] [6] 
	2.9.1 Accident Management 
	2.9.2 The Accident Main Contributors & Consequence 
	Consequence: insufficient core cooling by force convection  
	2.10 Information System 
	2.11 Nuclear Instrumentation 
	2.12 Conventional instrumentation 
	2.12.1 Field Instruments 
	2.12.2 Measured Variables  
	2.13 Accidents Data [1] [6] 
	TRANSIENT


	ch3.doc
	CHAPTER (3) 
	 
	NUCLEAR RESEARCH REACTORS 
	PATTERNS RECOGNITION USING 
	FEEDFORWARD BACKPROPAGATION 
	 
	3.1 Introduction 
	3.2 Feedforward and Feedback Networks 
	3.2.1 Feedforward Network Structure 
	3.2.2 Feedback Network Structure 
	3.3 Artificial Neural Networks Training 
	3.4 Back Propagation Algorithm 
	3.4.1 Training Rule (Delta Training Rule) 
	3.4.2 Neural Network Parameters That Control The Network‘s Performance And Prediction Capability 
	3.4.3 Network Testing   
	3.5 Nuclear Reactor Accidents Patterns Recognition Using Artificial Neural Networks 
	3.5.1 Network Design and Training 
	3.5.2 Neural Network Implementation 
	3.5.2.1 Network Architecture 
	3.5.2.2 Initialization 
	3.5.2.3 Network Training 
	3.5.2.3.1 Training without Noise 
	3.5.2.3.2 Training with Noise 
	3.5.2.3.2.1 Results of training with noise 
	3.5.2.3.3 Training without Noise Again 
	3.5.3 Results and Discussion 

	ch4.doc
	CHAPTER (4) 
	 
	GENETIC ALGORITHMS-BASED ARTIFICIAL NEURAL NETWORKS 
	 
	4.1 Intodruction 
	4.2 Neural networks 
	4.3 Genetic Algorithms (GAs) 
	4.4 Genetic Algorithms Process 
	4.5 Problem Formulation 
	4.6 Proposed System 
	4.6.1 Program Description 
	4.6.2 The Implemented GA 
	4.6.3 Algorithmic Setting  
	4.7 RESULTS AND DISCUSSION 
	4.7.1 Results of Constructed ANN by GA  
	4.7.2 Regression Analysis 
	4.8 Comparing Results to Backpropagation Algorithm ANN 

	ch5.doc
	CHAPTER (5) 
	 
	 
	5.1 INTRODUCTION 
	5.2 Genetic Algorithm-based Neural Network 
	5.3 Single Hardware Neuron Circuitry 
	5.4 Complete Hardware Neural Network architecture 
	5.5 Hardware Implementation on FPGA 
	5.5.1 Design flow techniques 
	5.5.2 Xilinx ISE Design Suite Project Manager 
	5.5.3 Research Work Finite state machine 
	5.5.4 Research Work Simulation 
	5.5.4.1 Simulation’s Results 
	5.5.4.2 Device Implementation 
	5.5.4.3 Device Programming 
	 
	5.6 Communication with FPGA using Serial Port (RS232) 
	5.6.1 Baud rate generator 
	5.6.2 Sending Accidents Patterns 
	5.7 Design Results Summary 

	ch6.doc
	CHAPTER (6) 
	 
	CONCLUSION AND FUTURE WORK 
	6.1 Conclusion 
	6.2 Future Work 

	Appendix A.doc
	Appendix B.doc
	Appendix C.doc
	APPENDIX (C) 
	 
	A REVIEW FOR 
	ARTIFICIAL NEURAL NETWORKS 
	(ANNs) 
	 
	C.1 INTRODUCTION 
	C.2  Neuron Models 
	C.2.1 Biological Neuron 
	C.2.2 Artificial Neuron 
	C.3 Neural Networks Properties and Capabilities 
	C.4 Network Topologies 
	C.5 Artificial Neural Networks Training 
	C.6 Learning Paradigms 
	C.7 Neuron Models 
	C.7.1 Simple Neuron 
	C.7.2 Neuron with Multiple-Inputs 
	C.7.3 Transfer Functions 
	C.7.3.1 Hard Limit Transfer Functions 
	C.7.3.2 Linear Transfer Functions 
	C.7.3.3 Log-Sigmoid Transfer Functions 
	C.7.3.4 Piecewise Linear Transfer Functions 
	C.8 Neural Networks Architecture 
	C.8.1 Single Layer Architecture 
	C.8.2 Multiple Layers Architecture 

	Appendix D.doc
	APPENDIX (D) 
	A REVIEW FOR 
	HARDWARE ARTIFICIAL NEURAL NETWORKS 
	D.1 INTRODUCTION 
	D.2 Hardware Neural Networks 
	D.2.1 Hardware versus Software 
	D.2.2 Neural Networks Hardware Classification 
	D.2.2.1 Accelerator Boards 
	D.2.2.2 Neurocomputers  
	D.2.2.3 Neural Networks Hardware Chips 
	D.2.2.3.1 Digital Neural Networks Chips 
	D.2.2.3.2 Analog Neural Networks Chips 
	D.2.2.3.3 Hybrid Neural Networks Chips 
	D.2.3 Neural Networks Hardware Applications 
	D.3 Parallel Processing Architecture  
	D.3.1 Types of Parallel Computing 
	D.3.1.1 SISD Architecture 
	D.3.1.2 SIMD Architecture 
	D.3.1.3 MISD Architecture 
	D.3.1.4 MIMD Architecture 
	D.3.2 SIMD Architecture for Hardware Implementation of Artificial Neural Networks 

	Refernces2.doc
	 
	Refernces 
	 

	ABSTRACTa1nn.doc
	covers a_faculty.doc

