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h"he thesis focuses on the use of evolutionary algorithm in system identification.
The selection of the model structure and estimating the model parameters are two
important steps in the system identification. For nonlinear system, there are infinite
number of model structure and obtaining the best model structure can be very
difficult.

Evolutionary algorithms can be viewed as algorithm to solve optimization
problems. In this work, evolutionary algorithm will be used to search for the best
model structure. They will also be used in estimating the model parameters for a
given model structure. The proposed algorithm will be used for identifying turbojet
engine, Hammerstein model and other nonlinear system. The result will be

compared with artificial neural network with different training methods.l
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CHAPTER 1

INTRODUCTION

1.1 Introduction

To control a process and make sure it is safe and efficient, one needs to have a good
model of the process. There are two main approaches for obtaining the model:
mathematical modeling and systems identification. Mathematical modeling uses the
physical laws and properties to obtain the model. The systems identification

approach uses the input-output data to obtain the model.

The system identification problem can be defined in different ways. If the system is
totally unknown, black box approach is used. If the structure is known to some
degree but some of the parameters are unknown, then gray box identification is used.
The models used are classified as parametric models or non-parametric models.
Transfer function is an example of a parametric model. Step response, impulse
response, and artificial neural networks (ANN) are examples of non-parametric

models.



1.2 Systems Identification

1.2.1 System Identification History

The origin of the theory of identification starts with introduction of the least squares
method by Gauss in 1795 [1]. Since then, huge amount of research was done. The
huge development in the modeling by Kalman was the main step of reaching the
theory of the prediction modeling with the filtering and control based on the pole’s
placement. The theory was applied to obtain models for electrical and mechanical
dynamic systems. Moreover, the wide application of the theory pushed further to use
the same theory for all the applications where no physical modeling bases are
available. Here, the system identification became important to start based on input
data and noise or noise only to predict the output data of the dynamic system.
Kalman and Ho [2] developed the state variable models based on the historical input

and output data from the dynamic system experiments.

Astrom and Bohlin [3] developed the numerical system identification for the linear
dynamic systems in 1965 when the error prediction identification started, which led
to the ARMAX modeling structure, being available. At the beginning, there were
two approaches: state space models or input and output data models based on the
minimization of the error but after 1975, Lennart Ljung worked more on the software
computation features which was successful to drive prediction error approaches [4].

Then, Gevers and Wahlberg led to the idea of considering the system identification



as a designing problem after observing that all the found best approximated models
were still have errors [5] [6].

1.2.2 System Identification Process

The system identification process is outlined in Figure 1.1. The first step is to design
the experiment and collect data. This includes selection and generation of the input
signal and sampling interval to be used. It also involves the assurance that the
selected input is persistently exciting of sufficient order. It also includes the duration
of the experiment, the data to be collected and weather the system being identified

is operating in open loop case or closed loop case.

Design of Experiment and Collect Data Knowledge

Perform Experiment and Collect Data

Choose Model Structure

Choose Method and Estimate Parameters

Model Validation

Model Accepted?

Figure 1.1: System Identification Procedure



Often it is required to get an initial idea about the main characteristics of the system
such as presence of time delay and nonlinearities. A step signal, a ramp or sinusoidal
inputs are applied. This will help in understanding the general behavior of the
system. The system identification can drive accurate estimated model based on the
persistently exciting input signal. The pseudo random sequence is commonly used
as it has good energy content with wide scale of frequencies. The amplitude of the
signal should be large enough to have a good ratio between the signal and noise and
to overpass the friction problems. The amplitude might take the system into the non-
linearity region. Normally, the input signal saturation gives upper amplitude bound
where the mean values on several cases are non-zeros to eliminate or reduce the
frication problem or to produce the linear model around the stationary point. The
data is usually divided into two parts. The first part is used to conduct the
identification procedure to get the model. The second part of the data is used for the

validation tests [7].

The model structure can be parametric and non-parametric. Selecting the model
structure is a critical step. The estimation quality is totally depending on the model
structure. One needs a model that is flexible enough to represent the system but not
too complex. For linear systems, the model dimension or the number of parameters

involved can be done by trial and error, the objective is to have a simple model that



provides good representation of the data. For nonlinear systems, the problem is much
more complicated. Having more parameters in the model means more calculations
are needed to obtain the model but this does not necessarily mean it is a better model.
It is again a challenge to select the best suitable model structure to represent the
actual system. Once the input-output data is available and the model structure is
selected, the next step is to estimate the parameters of the model. There are many
methods to estimate the model parameters. They include least squares, maximum

likelihood, prediction error and others.

Once the model is obtained, the next step is to do model validation. The main
purpose of model validation is to determine if the obtained model is acceptable or
not. In model validation there are two main concerns: the flexibility of the model
and its complexity. We need to have the model flexible enough to accurately
represent the relationship between the input and the output, but not more complex
than needed. The validation of the selected estimated model structures can be done
by different ways and criteria. Commonly used approaches include simulation and

residual analysis.

1.2.3 System Identification Theory
Theoretically, online system identification can be used for online modeling of the

complex and noncomplex dynamic system. It is a mathematical technique driven



based on the regression theory of the collected experimental output and input data
from the plant or dynamic system experiment. The system identification methods
are classified into traditional and artificial methods. The dynamic system
identification can be considered to consist of two stages. The first step is to have the
model structure and the second step is to have the estimated parameters for that
model structure. The problem of system identification can be considered and
designed as an optimization problem to find the estimated model parameters. And
to reduce the predicted errors for all the parameters between the captured outputs
from the system and the output of the obtained model. Mostly all the current system
identification methods are built based on the mathematic calculations that gives
more analytical form. Firstly, prior historical knowledge is required to determine the
class of models that belong to the targeted dynamic system that may be used. If there
is no prior knowledge, the research might be done by trial and error. The focus in
system identification is the process and mathematical procedure of parameter

identification.

The estimated models of the system identification are particularly important and

required in many applications for many reasons some of which are listed below [4]:

- The accurate models can explain more about the behavior of the process.

- It is highly required to design better controllers.



The estimated model could be one part of the designed controller such as the
feed forward controllers and model reference controllers.
The accurate estimated model is valuable for the operating conditions

optimization and better controller performance.

1.2.4 System Identification Facts and Limitations

The cost of the system identification model is still an important part of the
control designing projects.

The identification of the MIMO dynamic systems is still exceedingly difficult
problem.

Finding the optimal point in the case of the non-convex prediction error is a
difficult problem.

Handling the system identification process is still not friendly and not fancy.
The search of the best model structure is key block in identification.

Any model estimated based on historical data may not be precise.

One record of the historical data may not be enough for precise estimation of

the model.
The input data type, and noise to signal ratio are particularly important to

reach accurate estimated model [8].



1.3 Evolutionary Algorithms

1.3.1 Evolutionary Algorithms History

Darwin evolution theory was an inspiration to develop many approaches in different
science fields such as the control engineering. The evolutionary algorithms were
introduced in the 1960s based on the same theory as a process of population
generations that evolves and optimize the best solution for the started problem [9].
The process simulated on complete repeated cycles of candidate selections that goes
through steps of operations to end with a better new candidate solution and the cycle
is repeated. This operation differs from algorithm to another with different
properties, advantages, and disadvantages. The evolved solution is based on the

fitness function. The candidate with better fitness is selected.

Evolution algorithms are used as optimization methods and several groups of
evolutionary algorithms have been proposed. They include Genetic Algorithm,
differential algorithms, evolution strategies, evolutionary programming, and others.
Historically, Genetic Algorithm (GA) was introduced in 1962 by Holland as an
adaptive reproduction plan of crossover as searching operator with mutation of small
probability as background operator [10]. The selection is used as an operator
depending on binary coding. Then, the created evolution strategies which applied in
distributed mutation, modified the real value vectors and the recombination as main

operators for the searching space. The selection operator and parameter strategy are

8



deterministic with population generation size changing over time. The Evolutionary
Programming is working with the extension of the parameter strategy and mutation

while the selection operator is probabilistic on the search space [11].

1.3.2 Evolutionary Algorithms Applications

Evolutionary algorithms are used in many science fields including the social studies,
economics, mathematics, biology control engineering and others [12], [13]. In
addition, some of the applications and study areas are critical such as the system
learning, aircraft designing, neural networks training, image analysis, DNA structure

analysis, and selection.

1.3.3 Importance of Evolutionary Algorithms

Today in science fields and the industrial systems, millions of the multi objective
optimization problems which are difficult to meet and so hard to be calculated or
obtained analytically. This optimization solution is affecting the quality of the
optimization application performance and all related functions. Moreover, some of
the optimization problems might have variants that changing overtime and the
optimal solution is required in relatively short time. More challenging optimization
problems are those that have non-linear constraints to be satisfied along with the
final solution. EA are open to problem parameters and operator configurations of
numbers, mixed integers etc. Furthermore, the combination of problems and similar

evolutionary approaches can be done easily to strengthen the global search for the
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optimal solution. The search needs a good initial populations list with diverse
candidates that allow more searching areas of the global to be included during the
optimization conversion process. The quality of the population leads to drive more
than one solution and robust on the global search where they can be used for the
multi objective problem. The old traditional methods can only reach one final
solution. More advantages for some of the problems to find the boundary and range
of the solution where can be possible of the wide global population search. In the
worst-case evolutionary techniques can deliver the solution location and width
where simpler approaches can be applied and designed to reach the optimal solution

in a reasonable time. It can be considered as a tuning parameter technique.

1.3.4 Evolutionary Algorithms Process and Structure

After definition of the problem and the clear-targeted fitness function, the structure

can be designed simply as below [14]:

1- Setting up the population of the first generation randomly from a wide range
possible candidate.

2- Finding the fitness of each candidate using the defined fitness function.

3- Selecting a random pair of the population to prepare the parent selected for
the crossover and mutation process.

4- Based on the probability of the crossover rate the parents crossover the pairs

at chosen points for all the parents.
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5- Based on the probability of the mutation rate the patents mute the pairs at each
candidate chosen points.

6- After the previous process, the new population is made to replace the old one
based on the best fitness scores.

7- Repeating the same cycle until the robust optimized solution is reached after
many generations.

8- Terminate the cycle if no improvement on the global searching space after

few generations.

1.4 Turbojet Engines

The turbojet engine system was invented before the Second World War. Turbojet
engines are essential in modern life. It is particularly important to operate them
safely and efficiently. A good model of the turbojet engines is needed to ensure good
operation. Turbojets are air-breathing engines that consist of gas turbine and
propelling nozzle. Physically, the cold air is entering into the compressor to increase
the pressure and temperature within several stages. And during the compression the
air will be mixed with the fuel resulting in a mixture of combustible gas. The
combustion is increasing the pressure and temperature to the highest level to

generate the required force that move the blades and rotate the turbine shatft.
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Figure 1.2: Evolutionary Algorithm Process Structure

The exhausted gas is leaving the engine through a nozzle with exceedingly high
speed that produce huge amount of thrust to power the aircraft. The turbojets are

noisy and not efficient for the low-speed vehicles. The first gas turbine was

12



developed in 1921 by Maxime Guillaume. In 1932 Whittle developed the design into
a two-stage axial compressor that feeding a sided single centrifugal compressor.
Earlier the German turbojets removed some limitations of the operation hours due
to the suitable combustible materials. Rolls-Royce Welland Britch engine
introduced better combustible material to reach 500 operation hours. The structure
of a gas turbine jet engine is shown in Figure 1.3. Later, General Electric modified
the engine further to have more run hours and efficient fuel material during the

Second World War in U.S.A [15].

INTAKE COMPRESSION COMBUSTION EXHAUST

Air Inlet’ Combustion Chambers * Turbine

Cold Section Hot Section

Figure 1.3: Gas Turbine Jet Engine

Figure 1.4: General Electric Turbojet Engine (Model J85-GE-17A).
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The turbojet dynamic system starts of the inlet air with compressor, then the fuel
injection with turbine and the nozzles exhausts of the hot gases. The turbojet engines
have more power efficiency than the piston engines and they can accept high
temperature operation and produce more thrust [16]. The mechanical design of the
turbojet engines needs many things to be satisfied including the requirement of the
high compressor operation range and high efficiency. The turbojet engines involve
high pressures and temperature. Optimization methods are used to get better engine
structural design and avoiding failures. Besides, the turbojet engine is a nonlinear
system that requires accurate model structure and identification to improve the
stability and reliability of the engine. The engine is switching on different operation
modes for different performance requirements which means engine will have
different models. In such cases, the turbojet engine is considered as a multiple model

system [17].

Due to the physical complexity of the dynamic interacted systems on the turbojet
engine, it was one of the interesting areas for manufacturers and researchers in terms
of proper entire system modeling and control. The physics laws are so long and
required a deep focused background on the physical and mechanical science to just
develop mathematical model representing the system and might not be exactly

proper during the practical applications in aerospace, marines, industrial process,
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and vehicles. The wide application users concern the best control of the engine
during the operation and one of the main effecting factors is the accurate
mathematical model. Today, system identification theories and methods can
estimate variety mathematical models based on the regression concepts of the
dynamic system historical data in easy steps. The data regression techniques are
developed into many standard algorithms such the least squares method,
instrumental variable method and furthermore to intelligent artificial techniques
such as the neural network methods. The modelling and identification process
become efficient for more accurate modeling in shorter time and less knowledge of

the dynamic system physics.

1.5 Problem Statement and Thesis Motivation

1.5.1 Problem Statement

This thesis focuses on the system identification of nonlinear dynamic systems using
the parametric black box method modelling and as extensive focus to search on the
suitable nonlinear model structures selection as well as determining the system’s
parameters using evolutionary algorithms and if possible, to work further on the non-
parametric system identification such as the neural network methods for more
comparisons study. Moreover, the evolutionary algorithm will be applied to identify

parameters for Hammerstein model and other nonlinear system.

15



1.5.2 Thesis Motivation

In this thesis the focus will be on the use of the evolutionary algorithms to select the
best model structure for system identification. Evolutionary algorithms have been
used to solve complex optimization problems in many different fields. The
evolutionary algorithms are expected to perform better than conventional = system
identification techniques. The thesis objectives include comparing the classical
parametric system identification application with the system identification when the
evolutionary algorithms are used. In addition, the best system identification using
the evolutionary algorithms with some criterion restrictions are introduced. The
artificial nonparametric neural network methods will be applied and compared with
the proposed algorithms. The evolutionary computations are highly promising
integrated approaches, because of the simple little required knowledgeable
information on the system. They are viewed as a future alternative to the system
identification methods. Moreover, it simply can be combined with other techniques
to form intelligent learning approaches. The online identification and the
Evolutionary Algorithms are both considered as learning integrated artificial
techniques. The artificial techniques offer more flexibility over the traditional

techniques.
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Moreover, interesting observations are given below:

o Limitation of the system identifications developments in the procedural
learning steps and fixed model structures. It is highly analytical and based on
mathematical derivations.

o Combining the smart genetic algorithms with the recursive online
identification algorithms to support and develop the control system solutions.

o Evolutionary techniques can be used on the model structure investigation and

parameter optimization.

1.6 Thesis Objectives and Proposed Goals

1. Applying system identification using evolutionary algorithms approaches and
compare performance results with classical methods.

2. Developing an evaluation and test part for the evolutionary algorithm to be
used in obtaining the model.

3. Applying non-parametric artificial neural networks methods to identify a
model from the data and compare the result with that obtained using the
evolutionary algorithms.

4. Apply evolutionary algorithm in identifying nonlinear system described by

Hammerstein model.
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1.7 Outlines of Thesis

The remaining parts of the thesis are outlined here. In Chapter 2, the literature review
gives an overview of the evolutionary algorithms and their applications in systems
identification. Identifications of jet engines and other applications are also
considered. In Chapter 3, the mathematical methods, problem description and
analysis will be defined. In Chapter 4, the proposed algorithm and methodology will
be discussed. In Chapter 5, simulations and results found are compared and analyzed
for each proposed method. Finally, in Chapter 6 the summary and conclusions of the

thesis will be given.
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CHAPTER 2

LITERATURE REVIEW

2.1 Literature Overview

In this chapter, we provide literature review on the evolutionary algorithms and their
uses in system identification. Section 2.2 covers evolutionary algorithms and
applications. System identification and applications are covered in 2.3. In Section
2.4, Jet Engine modeling is covered. The evolutionary algorithms for system

identification are discussed in Section 2.5.

2.2 Evolutionary Algorithm and Applications

An evolutionary algorithm defines a class of statistical optimization processes that
imitates the natural evolution process. Evolutionary algorithms originated in the
early 1960s, and since then, several evolutionary processes have been proposed [12].
These are mostly genetic algorithms, strategic evolutionary methods, and
evolutionary programming. All these methods function on a class of prospect
solutions. This class is usually modified by the fundamental evolutionary principles
using powerful simplifications. The necessary evolution principles are selection and

evolution.
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The two principles of evolution algorithm, selection, and evolution, anchor on
different aspects of organisms. Selection is the way living organisms compete for
resources. Some microorganisms have more competitive tactics than others and have
better survival chances than others. They survive and reproduce, and this leads to
the continuation of their genetics. A stochastic methodology is used in the
evolutionary algorithms processes to simulate natural selection [18]. The process
allows every solution to reproduce a specific number of times, depending on its
quality. Typically, a scalar fitness function is calculated for evaluating the
individual’s quality [19]. The second principle in evolution refers to the imitation of
the natural capability to create new living organisms by mutation and recombination.
Evolutionary algorithms have been a powerful and robust search operation.
Evolutionary algorithms are suited to optimizing multi-objective solutions because

they can capture many Pareto-optimal results in one simulation run.

They also exploit the resemblance of resolutions by the process of recombination.
Evolutionary algorithm application in optimization is getting a lot of interest from
various scientific and engineering disciplines worldwide. Several different
evolutionary algorithms are applied differently depending on the different
optimization methodologies. They include genetic algorithms, differential

algorithms, evolution strategies, and evolutionary programming.
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The genetic algorithms are applied in civil engineering, operations research,
management science, electronics, and electrical engineering. For instance, a GA-
based optimization model has been developed to reduce energy consumption in gas
purification plants. Besides, in this technique, solution space search simulates the
natural process in the environment, and Darwin's species evolution theory is
contemplated [20]. In a genetic algorithm, the principle of evolution is applied in the
selection. The genetic algorithm ensures that the fittest individual is selected to
produce the next generation. The evolution strategy is also applied in the selection
principle though it is different from the genetic algorithm because its procedure is
different [12]. In the genetic evolution, the new generation is made from the parent
population by selecting individuals based on their fitness, and the population size is
kept constant. In the evolution strategy, the approach is to create a temporary
individual, and its size is different from the original population. The beings in the
transient population are taken through mutations. Differential evolution algorithm is
applied in heating, cooling, and in energy storage systems. Differential algorithm is
applied in a multi-objective algorithm used to aid in analyzing the probability of the
loss of power supply and the cost of electricity [21]. Evolutionary programming is
applied in computer science, software engineering, civil engineering, transportation
science technology, building construction technology. For instance, Yan et al [22],
proposed a self-adaptive bi-subgroup algorithm that aids in solving the hybrid

electric vehicle's Pareto optimal solution. The algorithm has been used to determine

21



the most suitable degree of hybrid for the hybrid electric vehicle. Hongjun Zhang et
al [23], focused on the chaotic system estimation that is a critical issue in the
nonlinear research science. The parametric estimation is designed as varying
model’s optimization problem. The search and investigation of the solution is based
on the learning optimization of the initial population and generations evolution. The
obtained parameters of the chaotic system are tested to make sure it is a local optimal
of the defined domain. The integrated simplex algorithm with the main one to be
used as a tool to support the global optimal solution investigation. The searching
process over all reflections and contractions, the results prove the best solution over
the chaotic identification and PSO optimization. West et al [24], worked on higher
degree of hydraulic manipulator modeling and the estimation of the model
parameters. The model development simulated in special toolbox in MATLAB
within the not found parameters. The objective of the work focused on developing
the methodology to find the parameters feasibility for the consistent inputs, outputs,
and the states of the unknown environment of the system operation and under the
noise. A genetic algorithm is derived to resolve the error in the output into the
required accepted level of accuracy for the manipulator joint. Olteanu Marius et al
[25], worked on the same basis of the modeling process which was going through
many iterations of calculations and estimations to reduce the error for a real system.
Similarly, the genetic algorithm is an optimizing tool that is used here for the

modeling evolution to find the proper parameters of the industrial process. Daniel R.
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Ojeda G. et al [26], worked on a methodology to find the estimated model of the
thermal apparatus for the thermos-electrical forms. The particle swarm optimization
was combined with the Monte Carlo mechanism to estimate the parameters of the
model. The advantages of the approach were to drive the feedback controllers that
is designed in the Gaussian quadratic linear controller which is good for the
uncertainty of the dynamic systems. The simulations and performance of the

estimated parameters convergence proves the effectiveness of the results.

2.3 System Identifications and Applications

System identification is used in developing mathematical models. These models are
implemented to enhance physical understanding of systems, analyzing the properties
of a system, simulations, state estimation, filtering, prediction, monitoring, and
diagnosing faults. Historically, system identification originated by Gauss and his
least-squares methods that was used to build models that describe heavenly objects'
movement. The methods were not implemented by Gauss. Such methods were not
possible  until the emergence of technological computers and the extension
availability of measurement hardware and instrumentation in the 20th century. The
rising requirement in the recent decades for high performance and reliable systems
has further enhanced the need for valid empirical models and, therefore, a direct need

for system identification techniques. It is essential to apply system identification
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methodologies even when the availability of a model structure from the physical
principles is high. It is important to use system identification in the estimation of
parameter values. These schemes make system identification an essential tool in
many engineering applications, from the suppression of vibration to process control
[27]. The system identification technology is widely used in many engineering
fields, but it is also relevant in other areas like economics, medicine, ecology,
biology, and geology. The general purpose of system identification is to provide an
interface that meets the model user’s needs. The system identification consists of a
set of activities, which include a selection of model structure, experiment design,
parameter estimation, and validation of models. Estimation of parameters is the
determination of the parameter values of the model at a particular accuracy level.
There are many algorithms used in the parameter estimation process. One can
configure the algorithms by configuring the minimization criterion to focus the
parameter estimation on the required range of frequency. To configure the estimation
algorithm, one can also specify the options of optimization for the repetitive
algorithm. This includes options like the maximum and a minimum number of loops
[28]. Experiment design is applied when it is possible to produce a rich data set and
provide accurate information. This technique uses elementary models. It is
dependent on the approach of the frequency domain. In this model, one parameter is
not known, and the system is used to produce an informative data collection. The

selection of model structure is the selection of a proper form of a model for a
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particular purpose. This is due to the high number of possibilities. This is often a
challenging problem. The choice is based on prior knowledge about the structure of
the procedure. It can also be influenced by the data analysis process of the data itself.
It is essential to put into consideration the order of the model and the input delay.
Model validation is the process of confirming whether the model that has been
identified suits the intended purpose. System identification is applied in approving
the created models. The process involves running several essential tests on the
developed model against the intended purpose. System identification will use input
signals and the output data to estimate the model structure. The process will tell
whether the model is good enough to be used for its intended function. Obtaining a
correct model is dependent on how well the measured data reflects the system’s
behavior. Abdulla Ayyad et al [29], proposed an approach for the parametric
identification based on the deep learning with a modified feedback relay. The
approach requirements are to provide steady state feedback cycle and ensuring the
stability of the identification process. The approach outputs are based on the deep
learning model that presents the identification of the underlying parameters in less
time. The SoftMax function is updated to confirm more the deep learning model
process. The quadrotor unmanned vehicle application performance is used in the
proposed approach which gives efficient results and accuracy. Asma Atitallah et al
[30], worked on the Wiener time-delay system estimation that shows many

difficulties. However, the rounding property of the hierarchical approach and the
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auxiliary model approach are recommended to solve the mentioned difficulties. The
cost function is minimized by the conjugate algorithm with their start parameters.
Simulation of the proposed approaches was presented. Mohammad Jahani et al [31],
worked on the Hammerstein systems with fractional order and time delay. The
authors proposed a recursive identification based on Genetic Algorithm. The model
consists of two parts, the first one is the radial basis function neural network, and it
is nonlinear and the second one is linear. The genetic algorithm is used to identify
the fraction orders. The parameters are updated by the recursive least squares. The
proposed method is applied and simulated with good and accurate results. Dongmin
Yu et al [32], worked on nonparametric system identification for the fuel cell proton
exchange to increase the efficiency of the design. An improved neural network is
used in the proposed optimization algorithm which is a combination of the fluid
search and the world cup optimization algorithms. The proposed approach is applied
for the efficiency improvement of the parameter’s identification of the fuel cell
proton. The approach is tested in four different operational situations and compared
with the other common algorithms. The simulation graphs prove that the approach
is providing better accuracy of the selected model. Timothy Sand et al [33],
developed an approach for the system identification using the nonlinear adaptive
controller. The used methodology is applied on DC motor controlled by the self-
tuning regulator. Normally the online system identification can be used for

estimating the time-varying plant parameters. The approach is designed to perform
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the self-tuning regulator by the indirect way where both the feedback and
feedforward controls are obtained based on the estimated parameters of the
mathematical model of the motor. The parameters are adapted and quickly
converged as usual into the right model. Moreover, the same approach is modified
with the direct self-tuning regulator to investigate the challenging non-minimum

phase system. Result shows that this approach leads to better controllers.

2.4 Jet Engine Modeling

Irina Carmen Andrei et al [34], worked on finding the undetermined engine
parameters that affect the thrust of the engine. The method is based on the
convergence of a new nonlinear equation of the temperature variables. Another
method was developed based on the fan and temperature variables to find the
pressure of the fan ratio and the rate of the airflow. The study used two cases
approach where completed the mathematical models and the missing parameters and
calculated all other rational operational variables on the off-engine design mode.
Ladislav Nyulaszi et al [35], worked on several traditional methods and
nontraditional model identification based on the turbojet engine experimental data.
The output of the obtained models is compared with the output of the measured
experimental data with the mean error calculations for the best accuracy model.

Karoly Beneda et al [36], worked on linear state space representation and finding the
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coefficients for the turbojet engine. The experimental equipment used in lab for the
history and operations measurements for the purpose of finding the basis of the
quadratic control system using the mathematical model based thermodynamic
principle. The results show extension opportunity of the work to be used on the
education or industrial sector. It is also supporting the reliability of the plant
controllers for the diagnostic studies. K aroly Beneda et al [37], worked on the state
space representation of the micro-jet engine based on the physics principles of the
plant. The reliability improvement is considered as the main advantage of the
integrated control system. The mathematical model is developed to describe the
main factors related to the engine. The obtained model is proposed to be used for the
control system after the identification of the micro turbojet with the fixed exhaust
nozzle. Evgeny Filinov et al [38], worked on many proposed correlated models
based on weight calculations of the small aircraft engine. The feasibility study of the
applications is found after the comparison and analysis of the different models
results. The accuracy of the estimated weights is different from a model to another
model which differs on the numbers of the inputs as well. The main used data is
obtained from the turbofan engines and thrust that is below 50 KN and based on the
collections, the formula is created to find the weight of the design engine. Khaoula
Derbel et al [39], worked on the state space representation to develop the linearized
parametric model from the nonlinear performance for the turbojet engine where the

thrust is the ratio of the turbofan power. The method was introduced recently by
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Rolls Royce engines are also proven in the single turbojet power plant. The second
part is to perform the parameters identification based on the engine operations
measurements. Finally, the model is tested by the simulations for the auto control
mode for the engine and found it to be suitable. Qianjing Chen et al [40], worked on
the development of the simple model for the turbofan engine that differs from the
nonlinear model which is commonly used in the airplane engines. The purpose is to
reduce the long-time calculations required over the iterations. The outputs of the
linear model where the solution equals the nonlinear level component model
solutions are found at the engine operation points. And combined to form variable
state space model. Additionally, its improved further to the complete envelope of the
flights and integrated in a calculation form to get satisfactory behavior and assure
the accuracy. The simulations comparison shows that the obtained combined model
requires less resources during the integration and computation process and maintains

the accuracy.

2.5 Evolutionary Algorithms for System Identification Approaches

Many recent papers of different applications and methods strategy applied in system
identification and evolutionary algorithms were reviewed. Ecaterina Vladu [41],
worked on system identification problem to be formulated as an optimization

problem to find the model and related parameters with the minimum predicated error
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between the measured plant output, and the model output. The system identification
methods are highly analytical and based on mathematical derivations of the system
model. As an alternative and supportive method, the evolutionary computation
seems easier to be combined with different technique of control engineering,
machine learning and artificial intelligent methods. The main contribution of this
paper is to consider the evolutionary approaches for system identification to prove
the performance achievement based on case studies. Wei-Der Chang [42], worked
on a real coded genetic algorithm (GA) that was applied on the system identification
and the control of the nonlinear system classification. It is known that the genetic
algorithm (GA) is globally used as optimization method. In solving the optimization
problem there are two kinds of the genetic algorithm as binary and real coded and
the last one is more useful in the engineering applications. The main contribution of
this paper is to utilize the GA to identify the unknown dynamic system. In addition,
an optimal offline PID controller is tuned using the GA, which shows the
effectiveness of the method. Songtao Xue et al [43], worked on Particle Swarm
Optimization (PSO) as a new method that has yielded to solve the most complex
optimization problems. The advantage of the method is that it uses a simple and
useful way to check the quality of the solution. The main contribution of this paper
is to use the PSO algorithm to identify and estimate the unknown parameters of the
system by formulating the problem as a numerical optimization problem with many

dimensions. The simulation results are identifying multi-degree of freedom (DOF)
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linear and non-linear structure to present the effectiveness of the introduced method.
Habibinejad et al [44], worked on identification and predicting API-X70 steel to
expand the understanding the fundamental of the material quality. The problem is
on predicting the behavior of the material which depends on huge number of
variables that made it more complex and increased the errors. The problem is
formulated to be as an identification problem to find the model and related
parameters with the minimum possible error between the measured data, plant output
and the model output. The Genetic Algorithm (GA) is used to find the structures of
the model based on the history-measured output and input data. The main
contribution of this paper is to use the GA method to predict the gradation of API-
X70 steel mathematical models, which describe the behavior of the plant with low
error. Ozden et al [45], worked on investigation of the development of the system
identification using the Artificial Bee Colony (ABC) algorithm. The system
identification problem can be formulated to be an optimization problem to find the
dynamic model with the related parameters that shows the minimum predicated error
between measured plant output and the model output. The traditional common
system identification techniques such as the recursive least squares method and
autoregressive exogenous method are analytically and based on mathematical
deviation of the dynamic model. The Evolutionary computation approaches are used
as alternative to methods to show how the ABC algorithm can be combined with

system identification, which is used to estimate the unknown parameters of the
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system. The main contribution of this paper as presented is that the linear system
identification has good performance. Moreover, the used identification of the motor
shows the performance of the ABC algorithm, was successfully matched the actual
plant outputs. Thanh N. et al [46], worked on identifying physical parameters of a
large structural system, which gives the challenge of dealing with many unknown
parameters. However, a divide and conquer approach is required to simplify the
problem into many sub-structures for each one less unknown parameter are to be
identified. This leads to more accurate and efficient identification. Moreover, the ill
condition and the nature of the inverse analysis are highly beneficial based on non-
gradient search methods such as the genetic algorithm (GA). The main contribution
of this paper is the use of the GA algorithm based on substructure identification
strategy for large structural systems. This strategy is classified into two significant
improvements: the use of the acceleration measurements to directly account for
interaction between substructures without approximation of interface force and the
other participation on the use of an improved identification method based on the
features of the GA algorithm. Tavakolpour-Saleh et al [47], worked on turbojet
engine input output history data that was recorded by experiment and used for model
investigation through the black box identification methods. The focus on deep
investigation to obtain a proper nonlinear model structure for the parametric one.
Moreover, Neural Network method was applied with configuration to obtain the

non-parametric model. Finally, the validity test carried out based on the output
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selected data and presented the comparison between the two approaches. Andre
Felipe et al [48], worked on Particle Swarm Optimization method that introducing
new structure and combined with traditional identification method for better
convergence results and analysis is based on criterion that can be applied for
different systems. Final improvements expanded for high frequency system
representations of linear and nonlinear dynamic systems. Partha S. Pal et al [49],
worked on the colliding bodies optimization (CBO) approach using the
Hammerstein models for the linear and nonlinear process identification of fourth
order polynomial based on the minimum mean square error. And tested the
optimized output which shows close estimation to the output data. Finally, the
precision and accuracy of results confirmed the effectiveness of the CBO application
for the system identification problems. The least error and convergence time with
results are better compared to the stochastic approaches reviewed. Loris Vincenzi et
al [50], worked on different evolution algorithms which were combined with the
surrogate model to identify the mechanical parameters of a beam for the minimum
global objective function. The Differential Evolution (DE) algorithm is applied with
different vectors of parameters and weighted population for random selection and
conversion after the mutation operation. The results show good improvement of the
performance. Multiple searching parameters are used on the same time. Finally, it

introduced as effective approach called DE-Q.
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Hong Peng et al [51], worked on artificial bee colony and combined with P tissue
system for the infinite impulse dynamic system identification. The P system
structure is considered as the computation part. The ABC is improved to include
evolution criterion for the structure and sequence mechanisms. The P system
designed is intended to identify the infinite impulse system with the optimized filter
coefficients. The combined new approach ABC-PS was compared with the normal
artificial bee colony and other methods which shows the superior efficiency of the
new introduced modified approach. Jinyao Yan et al [52], worked on three model
strategies with nonlinear model structure evolution for dynamic system NARX
identification. The introduced system models are linear in parameter but not linear
in operation signal. The estimation of the parameters is using a set of theoretical
analysis data for possible sets of solutions. And the set of parameter solutions are
passing through the nonlinear functions for survival compete chance. The best
fitness of the function represents the system. Moreover, the nonlinear structure can
be identified and estimated in the existence of different noise signals. Finally, the
simulation was reviewed with the performance advantages over the traditional
identification methods. Yuhao Huang et al [53], worked on literature review that
shows the importance and the need of the system identification using the
evolutionary algorithm especially in the automatic model structure selection. The
used evolutionary algorithm is genetic programming. They were applied for cleaner

energy system optimization. The input data is recorded based on the minimum
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calculated errors. And the validation data are collected from experiment for the
model robustness judgement. The study is based on two- and three-dimension
parametric procedures. Finally, the optimized pareto is reached with optimal
operation condition. Faizal Hafiz et al [54], worked on particle swarm optimization
combined with NARX models for the selection of four polynomial structures and
identification. The learning method is depending on two-dimension UPSO. The
proposed approach is tested by theoretical criterion and compared with the normal
genetic algorithm which confirmed the advance performance over classic methods.
And different nonlinear systems were used to prove the accuracy and capability of
NARX structure selection and robustness results found under the effect of different
noise level as well. K. Worden et al [55], worked on a selected challenging nonlinear
system identification problem. And, focused on the developed methods for solutions.
It is concluded that many general frameworks of different problems range can be
addressed for the evolutionary algorithm optimization. The approach was developed
on previous work and extended on this paper with a greater number of variants where
some of them are used for the first time in system identification. Finally, the authors
provided a discussion with many suggestions on the best practices and opportunities.
Laura S. de Assis et al [56], worked on genetic algorithm as robust evolutionary
method for the nonlinear Volterra series system identification. The obtained
parameters were evaluated over different levels of noise signal for many nonlinear

dynamic systems were reviewed on the literature study. Helon Vicente et al [57],
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worked on the nonlinear system identification using the coevolutionary algorithms
and the artificial neural network. The NARX identification method was applied, and
it gave the most accurate result. It has advantages when applied over the

coevolutionary algorithms on the global optimization search.

2.6 Summary

Based on the literature review we found many published papers and research on the
evolutionary algorithms for system identification applications. Approaches were
developed in different methods with good improvements but not much have been
seen on the nonlinear regressions searches around the possible models that might be
representing the system more accurately. This will lead to improving the
performance. For the turbojet engines, this can improve the stability of operations

and allow application of advanced control theories.
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CHAPTER 3

MATHEMATICAL ANALYSIS

3.1 Introduction
In this chapter, the mathematical equations, key definitions and concepts and the

main algorithm tools are introduced in detail.

3.2 Mathematical Preliminaries and Definitions

3.2.1 Model Structures
A system can be represented by the block diagram such as the one shown in Figure
3.1. The process represents the relationship between the input and the output. A
single-input-single-output discrete-time system can be modeled as
y(t) + a,y(t—1) + -+ +a,,y(t —na) = bju(t—1) + --- +bpu(t—nb)  (3.1)

A alternative way to represent the model is given by

A(q™Hy(®) = B(g~Hu(t) (3.2)

where
A(gY) =14+a,q7 ' +a,q %+ +a,,qg ™ (3.3)
B(q™") =byiq ' +byq 2 + -+ bupg (3.4)

and g~ is known as the backward shift operator. The parameter vector is defined
as

9 == [al a2 ana bl b2 bl’lb ]T (35)
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input output
——”| Process +—o»p

Figure 3.1: Basic Process Block Diagram
The disturbance which is unwanted signal that may enter the system in different
ways and affects the response of the system. One way to represent a system with
output disturbance is shown in Figure 3.2. In such case the disturbance affects the

output directly. The output y(t) can be descriped by the following model.

y(® = G(q~Hu® + H(g™He(t) (3.6)

Disturbance e(t)i

H(q™)
Input U(t) G(q_l) ; Output yﬂ

Figure 3.2: System Block Diagram with Disturbance

Representing the relationship between the inputs and the outputs of the system can
be done in different ways. Different models structures are possible. A simple system
can be described by the classical proportional model

y(t) = Ku(t) (3.7)
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where u(t) and y(t) are the input and the output of the system. Another structure,
the auto-regressive (AR) model is represented by
A(q) y(1) =e() (3.8)
where e(t) is noise. The Auto-Regressive Exogenous model (ARX/NARX) is given
by.
Aqh) y(® =B(q") u(t) +e(t) (3.9)
Other structures include the Auto-Regressive Moving Average Exogenous

(ARMAX) model

A(@) y(0 =B(q") u®) + C(q™) () (3.10)

The Output-Error (OE) model

y(@®) = igg:i u(t) +e(t) (3.11)

Box-Jenkins (BJ) model

_ B(@™ )
y(®) =7 mu®+ o €D (3.12)

The model structure is determined by the way different variables are related and by
the number of the parameter involved. The parameter vector 8 will include all the

parameters involved.

Nonlinear models are much more complicated. There are infinite ways to relate the
inputs and the outputs of system. The model structure can be selected for the linear
and nonlinear dynamic systems based on specific criterion. One commonly used way

to characterize the modeling error is the mean square error (MSE) [58] defined as
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YN (-9 K))°
N

MSE =

(3.13)

The MSE is obtained as the sum of the squares of the difference between the
measured output y(k) and the predicted output $(k) divided by the number of

samples N.

In Evolutionary algorithms a fitness function is used to judge the quality of a
solution. Typically, the fitness function is giving a positive value indicating the
better solution. When Evolutionary algorithms are used in identification, a

commonly used fitness function is given by

Fitness = 100 (1 — ::i:i’;::) (3.14)

The fitness function depends on the measured output y(t) and the estimated outputs

¥y (t) and the average of the output .

3.2.2 System Identification Definition and Methods

The mathematical modeling of the complex dynamic system is an interesting
complex challenge. Systems identification can be used to obtain approximate
representation of the real system. The system identification is a mathematical
technique that generates mathematical models based on the collected experimental

output/input data from the plant.
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The system identification process consists of four main steps: measurements,
estimation, validation, and representation. Each of these steps may involve different
steps. In the measurement step input-output data is collected. This may involve
design of experiment, selection of input signals used, selection of size of data to be
collected. The estimation step involved fitting the data to specified model structure.
The validation process involved performing tests to make sure the selected model is
a good one. The last step is related to selection of appropriate way to represent the
model.

Main System Identification Process Components

Measurement

|

Estimation

|

Validation

]

Representation

Figure 3.3: System Identification Process Block Diagram

3.2.3 Parametric System Identification
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The parametric system identification problem involves determining the parameters
of the model. This can be done in different ways. When all the input-output data is
available offline techniques can be used. Many offline techniques are available
including the Least Squares method. Online techniques in which the parameters are
computed as the data is being available. The model parameters are updated in current
time based on the last data observed. One such method that will be used in this work
is the recursive least squares (RLS) method. In the recursive least squares method,
the identification of the parameters is computed recursively over the interval of time.
It can be applied in online operation system identification problems. The model of
the recursive least squares identification.
y(k) = @(k) 6 + e(k)
where @ (k) is the regressor vector which depends on the model structure, 6 is the

parameter vector and e(k) is noise. If all the input-output data is available, we can

define
y(1) (1) e(1) 0,
y= Y| oo |e@]| _|e@| o8|
y(N) o] ey 6
The model can be expressed as
Y =& 0+ ¢ (3.14)

The least squares estimate is given by
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0=(o"d) 1epTY (3.15)
For recursive least squares, we need an initial guess of the parameter vector 8(0)

and the estimate of the parameters is updated as
O0(n) = 0(n—1)+K(n)e(n) (3.16)
where

P-1(n) =®n)®(n)

(3.17)
P(n) = (P Yn—-1)+ p(n)e’ (n))™?
K(n) = Pn)ep(n) (3.19)
e(n) = yn) — ¢ (Mb(n — 1) (3.20)

3.2.4 Nonparametric System Identification

One of the most important and widely used method of the nonparametric system
identification is the artificial neural network algorithm (ANN). The artificial neural
network is inspired from the biological neural networks that constitute the animal
brains. ANN is a multi-connection weighed branches for unlimited nodes like the
brain representation. And each node forms a neuron that feeds another branch as
inputs. The typical neural network in applications consists of three layers called the
input layer, hidden layer, and output layer. These layers require many training trials
with different neuron numbers and weighted network sizes till reaching reasonable

results. The more learning time and data, the better results obtained which reflects
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the same way of the brain learning operation. Today ANN is used for wide

interesting digital applications including dynamic system identifications.
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Figure 3.4: Deep Learning Neural Network

Here, we selected the NARX neural network model of the wide forms and sizes to
be trained on different trials and algorithms with the historical data that are divided
into 70% for training, 15% for validation and 15% for testing. The first Levenberg-
Marquardt algorithm requires more memory with less training time, and it is
stopping automatically when there is no improvement in the mean square error. The
second Bayesian Regularization algorithm consumes more training time but can
absorb more generalization and noisy historical training data. The training time is
stopped automatically when the adaptive weight is minimized. The third Scaled
Conjugate Gradient algorithm requires less memory and stopping when there is no

improving on the mean squared error on the validation period.
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Input
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Figure 3.6: NARX Artificial Neural Network (MATLAB)
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3.3 Evolutionary Algorithms

3.3.1 Real Coded Genetic Algorithm (RCGA)

Genetic Algorithm is one of the powerful optimizing algorithms that operated based
on the process of the natural selection and genetic transfer between the generations.
Its evolutionary technique that inspired from the biology principles that passes
through section, crossover, and mutation operations. It is computed to solve many
optimization problems through the global data population search and generations
movements and iteration. The generations candidates evaluated by a single or group

of fitness functions.

Population Initialization

The real coded genetic algorithm uses the real numbers to form the genes of the
parameters and variables for continuous optimization search in space domain. The
chromosome of genes is starting from the operating points are selected by the
programmed algorithm criteria. The chromosome vector size is selected based on
the problem solution requirements. The chromosome consist of many genes and each
gene is representing a variable or parameter of the problem. The coding of the
chromosome is described based on the number of M genes decision of the round
interval between [0,1] and the same process is repeated for each chromosome of the

full vector numbers that forming a population of first generation.
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The decoding is processed using the function g(d) where d is between zero and one
and m is more than one. The corresponding parameter is transformed from the

interval and as example function presented as below.

di€[0,1] fori=1,23,.,.,.,m (3.23)
1 m i1
]=

Fitness Function Calculation

The fitness function is the functions selected and calculated to judge the fitness of
the solution candidate based on general or dedicated designed fitness function for
the problem where normally to minimize or maximize targeted value.

Crossover

The simple crossover operator is generating many different offspring numbers which
result the selected number that deciding the once to be considered on the population

set in the selection designed as below.

1€(1,2.. ,n—1] (3.25)

i: It is selected randomly to build the two new chromosomes.

H1 = (c1€3, v, €1, €2y v enen, €2) (3.26)

H2 = (cic3, .o, €2 Cligy v nen, L) (3.27)
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The crossover developed into many equations and concepts between 1990 — 1994
as below listed titles for a reference [59].
-Flat crossover

-Arithmetical crossover

-BLX o crossover

-Linear crossover

-Discrete crossover

-Extended line crossover

-Extended intermediate crossover
-Wright’s heuristic crossover

-Linear BGA crossover

-Fuzzy Connectives Based Crossover

Mutation

The random mutation where a chromosome that the gene Ci to be muted into the
opposite value as C; randomly selected from the chromosome domain.

¢; €la;b;]

c=|cq,-.,Cj, e, Cp] (3.28)

The mutation is also developed into many equations and concepts as below listed.
-Nonuniform mutation

-Muhlenbein mutation
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-Discrete modal mutation

-Continuous modal mutation

Table 3.1: RCGA Algorithms

Algorithms Mutation Crossover

RCGA1l Random Simple

RCGA2 Nen-uniform (b = 5) Simple

RCGA3 Random Arithmetical (A = 0.5)

RCGA4 Non-uniform (b = 5) Arithmetical (A = 0.5)

RCGA5-o Non-uniform (b = 5) BL¥eer (& = 0, .15,.3,.5)

RCGAS®6 Non-uniform (b = 5) Linear

RCGAT Miihlenbein Discrete

RCGAS8 Miihlenbein Extended line

RCGA9 Miihlenbein Extended intermediate

RCGA10 Maodal Discrete Extended intermediate
(Bm = 2, rangmin = 1.0e — 05)

RCGAIlL Modal Continuous Extended intermediate
(Bm = 2, rangmin = 1.0e — 05)

RCGA12 Non-uniform (b = 5) Wright’s heuristic

RCGA13 Miihlenbein Linear BGA

RCGA14-Log  Non-Uniform Logical FCB (¢ = 0.5)

RCGA14-Ham  Non-Uniform Hamacher FCB (v = 0.5)

RCGA14-Alg Non-Uniform Algebraic FCB (v = 0.5)

RCGA14-Ein Non-Uniform Einstein FCB (v = 0.5)

New Generation
The new generation will be formed as recombination from the best fitness found on
the earlier generation after the crossover and mutation process is completed and the

rest to be selected randomly from the main set populated at the starting points.
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Termination Criteria
The termination of the process is at the point where the optimized targeted solution
found, and this decided based on the specifications and quality if the recent best

fitness solution and other extended policy of the problem designer expression.

3.3.2 Particle Swarm Optimization

The Particle Swarm Optimization (PSO) is a searching technique that follow some
animal social behavior. In a group of birds flying in a flock, the movement of a bird
is affected by other birds in the flock. The Particle Swarm Optimization is an
evolutionary algorithm that is searching for the global optimal. PSO was introduced
by Kennedy and Eberhart in 1995 [60]. Each candidate of the population is simply
getting effected by the success of the other neighbor candidate where at the end the
cumulative success can reach the optimal area of the wide searching space. The
swarm is like the population while the particle is like the candidate or individual.
The position of every particle is changing based on experience from neighbors. As
calculated by velocity equation Vi(t) over time step and i is the particle position as

below.

X.;_'_(f —- 1) = X.;(ZL) —- V.;_'(f — 1)
(3.29)

In the starting point of X;(0) can be selected between Xpin and X nax
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Xi(0) € [Xmin,Xmax] (3.30)

For the global optimal PSO

vij(t + 1) = vi5(€) + eara; () [yi; (1) — @i ()] + core; (0)[95(t) — @i (2)] (3.31)

vii(t): is the velocity of the particle i in the dimension j=1,....,ny over step time
Xij(t): is the position of particle i in dimension j overstep time.

C1,C2: positive Acceleration Constant

rlj,r2j: are random values in the range [0, 1]

yi: personal best position

The best personal position in the next step where t+1

_ o) wt) if f(xi(t+1))> f(yi(t))
yilt +1) = { xi(t+1) if f(x(t+1)) < f(yi(?)) (3.32)

where the f(.) is a fitness function. The global best position of y(t) over time is

defined as below.

y(t) € {yo(t), ., ¥n, ()} f(¥(t)) = min{ f(yo(t)),. .., f(¥n.(6))} (3.33)

ng: is the total number on the particle swarm.

The PSO does not have parent selection, recombination nor mutation steps.
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PSO Algorithm Procedure Summary

Create and initialize an ny-dimensional swarm;

Repeat
For each particle i=1,.....,n; do
//set the personal best solution
If f(xi) < f(y1) then
yi=xi;
end
/Iset the global best position if f(yi) < () then
y=yi;
End
End
For each particle i=1,...... ,ns do
update the velocity using the equation (3.31)
update the position using the equation (3.29)
end

until stopping condition is true;

3.4 Problem Statement Description

3.4.1 System Identification Main Problems

The system identification is a technique to reach a mathematical model. Many

difficulties exist in identification. The main problems facing the system

identification are listed as below.

-Model Structure and Selection Complexity

-Captured noise in the collected measured data

-Difficulty on experiments measurement preparations for some applications.

-Time varying system issues and problems happens in time invariant model
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3.4.2 Model Structure and Selection Complexity
The model structure selection is one of the main steps of system identifications due
to the infinitely many possible structures that could be linear or nonlinear with

simple short equation expression and long combination of equations.

Model Structure Choice

-How is the available knowledge processed to provide the dynamic system model
without the noise level effects with a good accuracy?

-How the model choice will be selected to represent the actual real system?

-How many parameters does the selected model have?

-How much captured input and output historical data are enough to converge to the

right model?

All these listed questions are valid, and this thesis focuses to drive proposed

resolutions for the reasonable answers and better identification process.

3.4.3 Extended Problem Statement
This thesis focuses on the system identification of nonlinear turbojet engine systems
and other similar applications using the proposed solution of parametric black box

method modelling and as extensive focus to search on the suitable nonlinear model
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structures selection using different approaches of evolutionary algorithms to satisfy
one of the main system identification problems. And possibly to work further on the
non-parametric system identification such as the neural network methods and the
Hammerstein model identification using the same evolutionary approach for more

comparisons study and further motivations and suggestions of works.

3.5 Analysis of The Problem

The analysis describes the problem mapping between the given available
information and required solution targets with the proposed process scope as below

to introduce the methodology and working procedure in following thesis details.

Proposed Solution Steps:

Apply Random Parametric Nonlinear System Identification Models

- Selecting the Suitable Evolutionary Algorithm

- Designing the Fitness Function of the Problem

- Applying the new approaches for the system identification and
evolutionary algorithm combination.

- Designing the criteria and specification for the best model selection

- Testing the non-parametric system identification methods
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CHAPTER 4

THE PROPOSED ALGORITHM AND METHODOLOGY

4.1 Random Parametric Nonlinear System Identification Models
The random parametric nonlinear system identification models contain some
mixed ARX and NARX models from infinitely many possible models that
assumed nonlinear regressors structure to be used as trial solution for the problem

in recursive identification method.

Commonly Used Application

The proposed applications used the NARX, ARX identification models in the
recursive least square method based on the historical collected data of the jet engine.
The steps are as follows.

The auto-regressive exogenous (ARX) model proposed structure.

yit)= —a;yt—1)...—a,y(t—m)+ b u(t—1)+ -+ b u(t —m) (4.1)

where y(t) is the predicted output. The input and output data are given by

u(t) and y(t).

The parameter vector is given by.

9 = [al az ana bl bz bnb ]T (42)
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4.2 Identification and Evolutionary Algorithm Combination Approach

The number of possible nonlinear model structures is infinite with wide range of
results. The tested limited trials might miss better ones. Thus, the approach uses the
evolutionary genetic algorithms combined with system identification methods to
search in selected domain of all proposed possible model structures with optimized

results.

4.2.1 RCGA Evolutionary Algorithm Selection

The evolutionary algorithms are differing from one to one on the designed process
and optimization features. The problem requires the most applicable algorithm to
reach better results. The Real Coded Genetic Algorithm (RCGA) is selected for the
best model structure search due to the wide possibility in process modifications and

integrations.

4.2.2 Process Design and Creation

The main RCGA block diagram is followed in each step to fit the problem and give

proper results.

Population Initialization

The population initialization is designed for the wide range of regressors that is

selected randomly for each component of the model structure to form the population
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from different ten proposed candidates initially that increases with next trials and

examples.
Crossover Parameter Pc=0.9;
Mutation Parameter Pm=0.005;

The initialization parameters are selected and tuned based on results from first to
second trial. Here the mutation parameter is almost zero with higher number into
the crossover parameter to be major process of the optimization algorithm.

Fitness Function Optimization

The fitness function is basically the objective function to be maximized or
minimized in solving this problem. The problem may involve more than one fitness
function as in the case of multi-objective functions. In this thesis the fitness function
designed as minimization of the mean square error. The evaluation process was the
key point to select the new structure candidate populations. The more searching time
and regressors choices are the more optimized model structure. The evaluation of

each model structure is applied in each generation iteration of the search process.

The evaluation follows the same earlier mentioned process and steps on the

commonly used application of finding the estimated parameters for the proposed
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regressors model structure in the recursive method and calculate the mean square

error for the same generation.

Finding the optimal and most accurate model in each iteration using if function

statement.

It is selecting each couple candidates of the proposed model structures by the
sequence of the generation list. The parents follow the crossover and mutation
process to generate the new child generation of new model structures and continues

for all new iteration and generation to produce more model structure proposals.

Crossover

The crossover process applies between each created couple of parents of the
generation if the random number less than or equal to the crossover parameter set.
The crossover is switching the regressors between the model structures proposed in
parent one and parent two that forming new candidates. The crossover process is
repeated four times to cover the proposed four regressors of each model structure
that can be extended into unlimited number of regressors based on the purpose of

the example and required trials.
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Crossover Example

Parent 1

v (t)= al y(t-1) y(t-2) +a2 sin (y(t-2)) +b1 u(t-1) u(t-2) + b2 u(t-2)

Exchange
Parent 2

v (t)= al sin(y(t-1)) +a2y(t-2) +b1 u(t-1) + b2 u(t-2)
Crossover Result

Child 1

9 (t)= AL Sin((E1)) +a2 sin (y(t-2)) +b1 u(t-1) u(t-2) + b2 u(t-2)

Child 2

9 (t)= @R ED VE2) +a2y(t-2) +b1 u(t-1) + b2 u(t-2)

Figure 4.1: Crossover Process Example
Mutation
The mutation process applies between each created couple of parents of the
generation if the random number less than or equal to the mutation parameter set.
The mutation is switching the regressors into the main NARX model structures

regressor in parent one and parent two that forming new candidates.

Mutation Example

Parent 1
v (t)= al y(t-1) y(t-2) +a2 sin (y(t-2)) +b1 u(t-1) u(t-2) + b2 u(t-2)
Reset Mutation Result

Child 1

9 (t)= @EYET) +a2 sin (y(t-2)) +b1 u(t-1) u(t-2) + b2 u(t-2)

Figure 4.2: Mutation Process Example
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The mutation process is repeated four times to cover the proposed four regressors
of each model structure that can be extended into unlimited number of regressors

based on the purpose of the example and required trials.

New Generation
The new child generation is created after the crossover and mutation with new
features and fitness numbers. It is going for evaluation and storage list for the new
iteration and generation of generation process.
- Evaluation
The new child generation candidates are passing again through the fitness
function and mean square error for the optimal model search and optimization
continuous process as mentioned on the population initialization.
- Storage and Next Iteration
After the evaluation and fitness function the new child generation is listed for the
next iteration to create the child of child candidates. The loop software is storing

the best new generated candidates to be used for the next iteration process.

4.2.3 Test Criteria and Process Termination

The termination criteria are selected based in the performance results of the

optimization values and optimal model improvements.
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4.3 Summary

In this chapter, we presented identification algorithm combining least squares and
evolutionary algorithms. The concepts of crossover and mutation were discussed
specifically for the genetic algorithm that will be used in the simulation in the

coming chapter.
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CHAPTER 5

SIMULATION RESULTS

5.1 Introduction

On the simulation framework started with eight random nonlinear NARX models
for parametric system identification of the turbojet engine historical data that
covering the designed mean squares errors and fitness function criteria for the
comparison on the performance results and the most proper model selection.
Furthermore, the evolutionary algorithm for system identification proposed
approach is applied on the same mentioned framework sequence. Comparison
between the classical nonlinear parametric system identification with the derived

new approach of the genetic algorithmic and system identification is given.

5.2 First Case Study: Classical Applications Simulation

On the first part of the simulation, we introduced eight nonlinear parametric NARX
model structure simulations for the first case study with the supportive simulation
figures, mean squares errors and the fitness function results. In the following we

apply the recursive least squares method to obtain models of the system assuming
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the proposed model structures. For each model, the mean square error of the tested

model and the fitness function number as a comparison criterion between the

different nonlinear models.
5.2.1 Proposed Applications of Methodology

There are infinite number of possibilities of nonlinear models. Here, we are selecting
eight different models to be applied on the same common application which are only

differs on the steps related to model structure.

Input Data

450
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Figure 5.1: Turbojet Engine Historical Input Data
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Output Data

gk | |t ~ | A \
\ / ¥ |/ X \

1 .8 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500

Figure5.2: Turbojet Engine: Historical Output Data

Digitizing the input and output samples from 1 to 3360 historical recorded samples

of time.

The eight proposed models are given in the following Table 5.1

Table 5.1: Suggested Model Structures

Suggested Model Structures

No.
1 y@)=a,yt—1)+a, sin(y(t — 2)) +hut—1Dy(t—1)+ byu(t—2)y(t—2)
2 |50 = g 2D _ _ _

y(t)=a, pe——— +a,y(t—2)+b,u(t—1)+ b, u(t—2)

3 |9@®=asin(y(t—1)+but—1D*y(t—1)
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P = ay exp(y(t—1)) +ay(t—2)+ by ut— 1)+ byu(t—2)

9(©)=ar L=+ by ult—1)+ by u(t—2))

y(@)=a, y(t—=1)+a,sin(y(t—2))+ by u(t—1) + b, u(t —2)

9= aq % + a, sin (y(¢ = 2)) + by u(t — Du(t — 2) + by u(t — 2)

y () =a,y(t—1)+a,sin(y(t—2)) + byu(t —1) + b, u(t — 2)y(t — 2)

The identified models are given in the following pages.

Model Structure No.1

=—0.9948 y(t — 1) — 0.0112sin(y(t — 2)) + 0.0004u(t — 1) y(t — 1)

—0.0004 u(t—2) y(t —2) (5.1)

MSE= 1.6486E-05 and Fitness= 0.0237

Fitting Test Compare
I

ured Output vs Estimated Output
~

Meas

Figure 5.3: Comparison of Measured and Estimated Output for Model No.1
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Error Test

0.005

-001 - -

Figure 5.4: Error Test for Model No.1
Model Structure No.2

y(t—-1)

9 (t) = 0.1174 o OC=TD

+0.9835y(t — 2) + 0.0019 u(t — 1))

—0.0018 u(t — 2) (5.2)

MSE= 6.5921E-05 and Fitness= 0.0475

Fitting Test Compare
1

Measured Output vs Estimated Output

Figure 5.5: Comparison of Measured and Estimated Output for Model No.2
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Error Test
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Figure 5.6: Error Test for Model No.2

Model Structure No.3
y(t) =—2.1448 sin(y(t — 1)) + 0.0021u(t — 1) xy(t — 1)

MSE = 0.0273 and Fitness= 0.9656

Fitting Test Compare

Measured Output vs Estimated Output

! 1
0 500 1000 1500 2000 2500 3000
Time

(5.3)

3500

Figure 5.7: Comparison of Measured and Estimated Output for Model No.3
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Error Test
0.05 T T 1 T 1 1

0.03 ‘

0.02

! [\
-0.01 (i ol ! ! IR ‘ | it tY L
\‘ | | [

0.02 | “ ‘J | |

0 500 1000 1500 2000 2500 3000 3500

Figure 5.8: Error Test for Model No.3

Model Structure Vector No.4
9 () = —0.0019 exp(y(t — 1)) + 1.0044y(t — 2) + 0.002 u(t — 1) — 0.002 u(t —2)
(5.4)

MSE = 6.7980E-05 and Fitness= 0.0482

Fitting Test Compare
I

»
——

Measured Output vs Estimated Output
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=
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Figure 5.9: Comparison of Measured and Estimated Output for Model No.4
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Error Test

Error
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Figure 5.

Model Structure Vector No.5

9 (t) = —1.9981

MSE =

0.0055

y(t—1)
y(t-2)

2000 2500 3000

Time

10: Error Test for Model No.4

—0.0078 u(t— 1) + 0.0100 u(t — 2))

and Fitness=

0.4330

Fitting Test Compare
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Figure 5.11: Comparison of Measured and Estimated Output for Model No.5
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Figure 5.12: Error Test for Model No.5

Model Structure Vector No.6
$(t) = 0.9940 y(t—1) + 0.0111sin (y(t — 2)) + 0.001 u(t — 1) — 0.0009 u(t — 2)
(5.6)

MSE= 1.8863E-05 and Fitness= 0.0254
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Figure 5.13: Comparison of Measured and Estimated Output for Model No.6
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Figure 5.14: Error Test for Model No.6

Model Structure Vector No.7

y@® =

MSE =

Measured Output vs Estimated Output

3.1221 %- 1.1948 sin (y(t — 2)) — 0.00001 u(t — 1) + 0.0007 u(t — 2)

(5.7)

6.6802E-05 and Fitness= 0.0478
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Figure 5.15: Comparison of Measured and Estimated Output for Model No.7
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Figure 5.16: Error Test for Model No.7

Model Structure Vector No.8
9 () = 0.9958y(t — 1) — 0.0057 sin(y(t — 2)) + 0.0003u(t — 1)
—0.0001 u(t — 2)y(t — 2) (5.8)

MSE = 2.0522E-05 and Fitness= 0.0265
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Figure 5.17: Comparison of Measured and Estimated Output for Model No.8
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Figure 5.18: Error Test for Model No.8

5.2.2 Applications Summary

The eight applications are tested with the same historical input-output data and
following the same sequence. Table 5.2 summarize the obtained results of mean
square error and fitness of the tested models. The minimum MSE and fitness
corresponds to the more accurate model. The results shows that case number three
is having the worst accuracy with MSE 2.7360E-02 and Fitness 0.9656. The case
number one is the best accuracy as MSE is 1.6486E-05 and fitness 0.0237. Different
model structures have different results that is depending on the assumed model

structure.
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Table 5.2: Summary of The Model Identification Results

Model No. MSE Fitness
1 1.6486E-05 0.0237
2 6.5921E-05 0.0475
3 2.7360E-02 0.9656
4 6.7980E-05 0.0482
5 5.5000E-03 0.4430
6 1.8863E-05 0.0254
7 6.6802E-05 0.0478
8 2.0522E-05 0.0265

5.3 First Case Study: Evolutionary Algorithm for System Identification Approach

On this second part of the simulation, the evolutionary algorithm for the system
identification is applied to search on wide ranges of the possible non-linear model
structures and tested trough the same MSE and Fitness criteria. The same historical

input-output data is used.
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Applying the Real Coded Genetic Algorithm for NARX System Identification
Applied the genetic algorithm for system identification approach of the wide non-
linear regressors that makes huge number of the proposal model structures for the

optimization process of the best model criteria results.

First Trial
First approach model’s optimization trial simulation of the minimization mean
square error over the generation evolutions, Fitness Test compares the estimated
output against the actual one of the found optimized model structure and the mean
square error tests.

g 103 WS Minimizatin |

22

MSE

0 10 20 30 40 50 60 70 80 90 100
Generation

Figure 5.19: Mean Square Error Minimization for Trial No.1
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First Optimized Found Model

The optimized model structure of the first trial considered the crossover process
without focus on the mutation process. The same MSE and Fitness are used. The
simulation is showing the first graph of the comparison between the measure and
estimated outputs and the second graph as mean square error tests. The initialization
population used 10 random selections. The crossover parameter is 0.9 that have high
probability while the mutation is 0.005 which is almost negligible. The convergence

shows the first improvement at the fifth iteration and got optimized with the best

result at the seventy eighth iteration.
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Figure 5.20: Fitting Test Compare for the Optimized Model No.1
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Figure 5.21: Mean Square Error for the Optimized Model No.1
Result:

The model and corresponding MSE and fitness function are given below.
y(t) =0.9 exp (y(t-1)) - 0.057sin(y-2) +0.03 sin(u(t-1)) - (1/0. 01u(t-2))

-MSE = 7.9361E-05 and Fitness=  0.0521

Second Trial

Second approach models optimization trial simulation of the minimization mean
square error over the generation evolutions, Fitness Test compares the estimated
output against the actual one of the found final optimized model structure and the

mean square error tests.
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Figure 5.22: Mean Square Error Minimization for Trial No.2

Second Optimized Found Model

The Second optimized model structure tuned with the focus on the crossover and
mutation process as well. The same MSE and Fitness are used. The simulation where
is showing the first graph of the compression between the measure and estimated
outputs and the second graph as mean square error tests. The initialization population
used 10 random selections. The crossover parameter is 0.6 that have good probability
while the mutation is 0.05. The conversion shows the first improvement at the twenty

iteration and got optimized with the best result at the fifty iterations.
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Figure 5.24: Mean Square Error for the Optimized Model No.2
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Result:

The model and corresponding MSE and fitness function are given below.

50
u(t—Z)))

$=-10.019 (y(t-1))*+1.04 sin(y(t-2)) +0.020u(t-1) -

MSE = 9.3692E-06 Fitness=  0.0179

5.3.1 Fist Case Study: Approach Summary

The two optimization approach application models are tested with the same
historical input-output data and following the same sequence of the first simulation
part. Table 5.3 is summarizing the mean square error and fitness of the tested models.

The minimum MSE and fitness is the best accurate model and vice versa results.

Table 5.3: Applications Results

Trial No. MSE Fitness
1 7.9361E-05 0.0521
2 9.3692E-06 0.0179

The results shows that trial one is having the worst accuracy of MSE 7.9361E-05,
Fitness 0.0521 and trial number two is the best accuracy as MSE 9.3692E-06 and

fitness 0.0179. This result shows that the second trial gives a model that is better
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than all the eight model structures presented in Section 5.2. Moreover, in comparison
between the different setup crossover and mutation probability parameters between
the two optimization trials, the more tuned trial on the second one shows better speed

in the solution convergence.

5.4 Second Case Study: Classical Applications Simulation

On this part of the simulation, used two nonlinear parametric NARX model structure
simulations for the second case study with the supportive simulation figures, mean
squares errors and the fitness function results. In the following we apply the
recursive least squares method to obtain models of the system assuming two
different model structures proposed. For each model, the mean square error of the
tested model and the fitness function number as a comparison criterion between the

different nonlinear models.

The historical input-output data is generated using a nonlinear model with additive

output noise for the dynamic system below.

y(k) = =02 y(k — 1) — 1.6 sin(y(k — 2)) + 0.8 u(k — Dy(k — 1) (5.11)
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Figure 5.25: Historical Input Data for Dynamic System Case Study 2
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5.4.1 Proposed Applications of Methodology

Model 1:
y (k) = —ay sin(y(k—1)) — a, y(k— 2) + by exp(u(k — 1)) + b, /sin(u(k — 2))
The result is shown below.

MSE=0.2427 and Fitness= 0.3831

The obtained parameters

[a, a, byb,]=[—0.6837 0.8923 0.0011 0.0000]

Fitting Test Compare
T T

Measured Output vs Estimated Output

1
0 500 1000 1500 2000 2500 3000 3500
Time
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Figure 5.27: Second Case Study, Fitting Test Error for The Optimized Model No.1

The graph shows the general and zoomed simulation of comparison between the

measured and estimated outputs.
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Figure 5.28: Second Case Study, Error for the Optimized Model No.1
The graph shows the changes of the mean square error over the time.
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Model 2:

y (k) = —asexp(y(k—1)) —a; y(k—2) + byu(k—1) + b, u(k - 2)

The result is shown below.

MSE= 0.3327 and Fitness= 0.4486

The obtained parameters

[a1 a, b1 bz] == [_01987 09097

— 0.3436

—0.3689]

(5.13)

Measured Output vs Estimated Output
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Measured Output vs Estimated Output

Figure 5.29: Second Case Study, Fitting Test Error for the Optimized Model No.2

The graph shows the general and zoomed simulation of comparison between the

measured and estimated outputs.

Error Test
25 T T T T T I

] 500 1000 1500 2000 2500 3000 3500
Time

Figure 5.30: Second Case Study Error for the Optimized Model No.2
The graph shows the changes of the error over time.
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5.4.2 Application Summary

The two optimization approach application models are tested with the same
historical input-output data and following the same sequence. Table 5.4 is
summarizing the mean square error and fitness of the tested models. The minimum

MSE and fitness is the best accurate model and vice versa results.

Table 5.4: Second Case Classical Method Applications Results

Model No. MSE Fitness
1 0.2427 0.3831
2 0.3327 0.4486

The results show that first model have better accuracy of MSE 0.2427, Fitness

0.3831 better than the second one.

5.5 Second Case Study: Evolutionary Algorithm for System Identification Approach

On this part of the simulation, the evolutionary algorithm for the system
identification is applied to search on wide ranges of the possible non-linear model
structures and tested trough the same MSE and Fitness criteria. The historical input-

output data is used of the second case study application.
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Applying the Real Coded Genetic Algorithm for NARX System Identification
The obtained Genetic Optimized Model:

y (k)= —a; (y(k—1)) —a; sin(y(k—2)) + by u(k—1) + b, exp(u(k — 2))
MSE= 0.1355 and Fitness= 0.2863
The obtained parameters

[a, a, b b,]=[ —0.5014 1.5409 0.0128 — 0.0042]

timization Resull
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Figure 5.31: Mean Square Error Minimization for Second Case Study

The solution shows the first improvement at the seventh iteration and got the

optimized result at the fifteenth iteration.
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Figure 5.32: Fitting Test Compare for the Optimized Model Case Study 2
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Figure 5.33: Mean Square Error for the Optimized Model Case Study 2

5.5.1 Second Case Study: Approach Summary

The results shows that the optimized model obtained by the genetic algorithm is the
best in accuracy and have the minimum mean square error of 0.1355 over the two

classical tested models.

5.6 Artificial Nonparametric Method Simulation

Here, we selected the NARX neural network model of the large number of forms
and sizes to be trained on different trials and algorithms with the turbojet historical

data. The data is divided into 70% for training, 15% for validation and 15% for
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Testing. The first Levenberg-Marquardt algorithm requires more memory with less
training time, and it is stopping automatically when there is no improvement on the
mean square error. The second Bayesian Regularization algorithm consumes more
training time but can absorb more generalization and noisy historical training data.
The training time is stopping automatically when the adaptive weight is minimum.
The third Scaled Conjugate Gradient algorithm requires less memory and stopping

when there is no improving on the mean squared error on the validation period.

5.7 First Case: Artificial Neural Network Algorithm Trainings and Simulation
In this example, we use the turbojet historical data presented in Section 5.2.1. And
applied the neural network fitting tool for different neurons trial with three trainings

algorithms.

Table 5.5: NARX-ANN Performance in Levenberg-Marquardt Training Algorithm

Number of
Training neurons in the Training Validation Testing
Algorithm hidden layer MSE MSE MSE
50 4.00861 E-3 4.38177 E-3 4.15019 E-3
Levenberg-Marquardt 100 4.03658 E-3 4.76044 E-3 4.47626 E-3
250 3.62162 E-3 4.77040 E-3 4.59519 E-3
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; Best Validation Performance is 0.0043818 at epoch 4
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Figure 5.34: 50 Neurons Trial, Best Validation Performance

Best Validation Performance is 0.0047604 at epoch 2
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Figure 5.35: 100 Neurons Trial, Best Validation Performance
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Best Validation Performance is 0.0047704 at epoch 4
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Figure 5.36: 250 Neurons Trial, Best Validation Performance
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Figure 5.37: 50 Neurons Trial, Error Histogram
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Figure 5.38: 100 Neurons Trial, Error Histogram
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Figure 5.39: 250 Neurons Trial, Error Histogram
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Figure 5.41: 100 Neurons Trial, Output Fit Plot
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Figure 5.42: 250 Neurons Trial, Output Fit Plot

The figures show the best validation performance in MSE and includes the train and
test performance during the epochs numbers. Each epochs represent one cycle of the
full training and learning data. The number of epochs is a multiple machine learning
trials for better convergence and generalization. The error histogram shows the
errors for the training, validation, and tests with 20 intervals on the error range which
represent the number of samples from data with each specific error number. The
output fit plot shows the targeted output graph against the actual output for the

training, validation, and test. And plotted the error range and changes during the

97



input changes over time. The repeating figures represent the training trial on

different number of neurons simultaneously as 50,100 and 250 neurons.

Table 5.6: NARX-ANN Performance in Bayesian-Regularization Training Algorithm

Training Number of neurons Training Validation Testing
Algorithm in the hidden layer MSE MSE MSE
Bayesian- 50 4.13793 E-3 4.22371 E-3 4.07158 E-3
Regularization 100 3.97344 E-3 3.64617 E-3 4.57103 E-3
250 3.75895 E-3 4.37121 E-3 4.64978 E-3

Table 5.7: NARX-ANN Performance in Scaled Conjugate Gradient Training Algorithm

Training Number of neurons Training Validation Testing
Algorithm in the hidden layer MSE MSE MSE
Scaled Conjugate 50 4.156756 E-3 4.65900 E-3 5.14821 E-3
Gradient 100 4.29820 E-3 7.57437 E-3 6.65723 E-3
250 531118 E-3 8.77837 E-3 9.31256 E-3

5.7.1 Performance Summary

Different algorithms trainings and number of neurons sizes were tried starting with
a small number of neurons followed by higher numbers. The tables summarize the
results on the obtained mean square error for all the trials and covering the mean
square errors for the training, validation, and testing. The best training MSE is shown
in the first training algorithm of the 250 neurons as (3.62162 E-3) while on the third

training algorithm of the 250 neurons shows the worst as (5.31118 E-3). The
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validation MSE shows the best on the second training algorithm of 100 neurons as
(3.64617 E-3) while the worst shown on the third training algorithm of 250 neurons
as (8.77837 E-3). The Testing MSE shows the best on the second training algorithm
of 50 neurons as (4.07158 E-3) while the worst shown on the third training algorithm
of 250 neurons as (9.31256 E-3). Overall, the second training algorithm representing
the best performance result in the neurons range from 50 to 100 over the validation

and testing data.

5.8 Second Case: Artificial Neural Network Algorithm Trainings and Simulation
In this example, we use the proposed classical example historical data presented in
Section 5.4. And applied the neural network fitting tool for different neurons trial

with three trainings algorithms.

Table 5.8: NARX-ANN Performance in Levenberg-Marquardt Training Algorithm

Training Number of neurons Training Validation Testing
Algorithm in the hidden layer MSE MSE MSE

50 1.61794 1.66219 1.78430

Levenberg-Marquardt 100 1.61824 1.68076 1.64462

250 1.56954 1.84836 1.91592

99



Best Validation Performance is 1.6622 at epoch 2
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Figure 5.43: 50 Neurons Trial, Best Validation Performance

Best Validation Performance is 1.6808 at epoch 2
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Best Validation Performance is 1.8484 at epoch 2
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Figure 5.45: 250 Neurons Trial, Best Validation Performance
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Figure 5.49: 50 Neurons Trial, Output Fit Plot
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Figure 5.51: 250 Neurons Trial, Output Fit Plot

The figures are simulating the same steps and training algorithms for the second

case study which described earlier on the first case.

Table 5.9: NARX-ANN Performance in Bayesian-Regularization Training Algorithm

Training Number of neurons Training Validation Testing
Algorithm in the hidden layer MSE MSE MSE
50 1.59970 0.00 1.71666
Bayesian- 100 1.55762 0.00 1.70362
Regularization 250 1.40826 0.00 2.02297
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Table 5.10: NARX-ANN Performance in Scaled Conjugate Gradient Training Algorithm

Training Number of neurons Training Validation Testing
Algorithm in the hidden layer MSE MSE MSE

50 1.62210 1.74649 1.70385

Scaled Conjugate 100 1.58314 1.77509 1.66594

Gradient 250 1.62857 1.97388 1.96601

5.8.1 Performance Summary

The same algorism trainings and number of neurons sizes were tried starting with
small number of neurons followed by higher numbers for second case similarly as
the first case study steps. The tables summarize the results on the obtained mean
squared error for all the trials and covering the mean square errors for the training,
validation, and testing. The best training MSE is shown in the second training
algorithm of the 250 neurons as (1.40826) while on the third training algorithm of
the 250 neurons shows the worst as (1.62857). The validation MSE shows the best
on the second training algorithm of 50,100 and 250 neurons as (0.00) while the worst
shown on the third training algorithm of 250 neurons as (1.97388). The Testing MSE
shows the best on the first training algorithm of 100 neurons as (1.64462) while the
worst shown on the second training algorithm of 250 neurons as (2.02297). Overall,
the second training algorithm representing the best performance result in the neurons

range from 50 to 100 over the training and validation data.
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5.9 Evolutionary Algorithms for Identification of Hammerstein Models

In this section, we apply the genetic Algorithm to identify a Hammerstein model.
The system being considered is assumed to consist of two blocks, a nonlinear static

subsystem followed by a linear time-invariant subsystem. The system is shown in

Figure 5.52
u(k) x(k) y(k)
Nonlinear System Linear System
B f(.) G(2) T

Figure 5.52 Hammerstein System

In this example the nonlinear block is defined by
x(k) = a; u(k) + a, u?(k) + as u3(k) (5.14)
The linear block is defined as
yk) =a,y(k—=1)+a,y(k—2) +x(k—1) + b, x(k — 2) (5.14)

The true values of the parameters are

[0.’1;0.’2 y 3 5 Aq,05 bz] =[ 1-2, _0-56, 0-52, _]., 0-18, —-0.3 ]
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Figure 5.53: Mean Square Error Minimization for First Hammerstein Solution Trial

MSE=0.0710
Parameters= [0.6349 -0.5258 0.5510 -1.2320 0.3581 -0.4940]
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Figure 5.54: Measured Compared with Estimated Output for First Hammerstein Solution Trial
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Figure 5.56: First Parameter Convergence for First Hammerstein Solution Trial
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Figure 5.57: Second Parameter Convergence for First Hammerstein Solution Trial

Third Parameter
& s

o
=)

06— “‘

04 |l |

120

oz~ | |

0 20 40 60 80 100
Optimial Record

Figure 5.58: Third Parameter Convergence for First Hammerstein Solution Trial
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Figure 5.59: Forth Parameter Convergence for First Hammerstein Solution Trial
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Figure 5.60: Fifth Parameter Convergence for First Hammerstein Solution Trial
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Figure 5.62: Mean Square Error Minimization for Second Hammerstein Solution Trial

MSE=0.0316

Parameters=[ 0.9325 -0.5288 0.5049 -1.5000 0.5536 -0.7686]
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Figure 5.63: Measured Compared with Estimated Output for Second Hammerstein Solution Trial
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Figure 5.64: Parameters Convergence for Second Hammerstein Solution Trial
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Figure 5.68: Forth Parameter Convergence for Second Hammerstein Solution Trial
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Figure 5.69: Fifth Parameter Convergence for Second Hammerstein Solution Trial
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Figure 5.70: Sixth Parameter Convergence for Second Hammerstein Solution Trial
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Figure 5.71: Mean Square Error Minimization for Third Hammerstein Solution Trial

MSE= 0.0207
Parameters= [0.6621 -0.4644 0.5203 -1.6000 0.6359 -0.8480]
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Figure 5.72: Measured Compared with Estimated Output for Third Hammerstein Solution Trial
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Figure 5.74: First Parameter Convergence for Third Hammerstein Solution Trial
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Figure 5.76: Third Parameter Convergence for Third Hammerstein Solution Trial
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Figure 5.77: Forth Parameter Convergence for Third Hammerstein Solution Trial
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Figure 5.78: Fifth Parameter Convergence for Third Hammerstein Solution Trial
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Figure 5.79: Sixth Parameter Convergence for Third Hammerstein Solution Trial

In summary, three trial runs were done. The minimum obtained MSE was 0.0207.

Better results could be obtained with more trials.

5.9.1 Hammerstein Models Identification Summary

In this chapter the evolutionary algorithms have been used to identify systems.

Several examples of the proposed algorithm have been done and good results were

obtained. Real coded genetic algorithm was used to obtain the model structure and

least squares algorithm was used to estimate the parameters. In other examples, the

evolutionary algorithms were used to identify the parameters assuming the model

structure is available. The example includes input-output data of a turbojet system.

Other examples involved nonlinear Hammerstein system.
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CHAPTER 6

SUMMARY AND CONCLUSION

6.1 Summary

In this thesis evolutionary algorithms were used in identifying a model of the system
from input-output historical data. For comparison, eight randomly selected model
structures were identified using classical least squares method. The real codded GA
algorithm was used with the same data to obtain the best model structure and least
squares was used to estimate the parameter of the model. This was shown to give
better result. Other examples were done assuming a given model structure and
evolutionary algorithms were used to obtain the parameters of the nonlinear system.
Thirdly, the non-parametric system identification of neural networks with three
different training methods are applied with various neurons numbers where shows
better results over the increment of the neurons number but goes worse after some
limited numbers. Finally, the evolutionary algorithms still showing the best results
over all and promising good future of the nonlinear model structure optimization

over the large number of possible models.
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6.2 Conclusion and Analysis

The turbojet engine historical data is selected for system identification simulation.
The traditional parametric identification is applied for eight different nonlinear
model structures. The MSE and fitness compression tests shows exceedingly small
differences which reflect the lack of used data and required different model structure
selection functional strategy. Thus, introduced the real coded genetic algorithm as a
useful tool to search for better model structure on the global population and
generation possibilities in short time and resulted two different structured in two trial
runs. The real coded genetic algorithm tool can be improved further with more used
regressor components and regression vector parameters number flexibility. The
results show that the genetic algorithms are useful for system identification and can
be applied on wider areas. In addition, the artificial nonparametric identification is
applied for the NARX Neural Network model in three training algorithms and
different trial neurons number. The results show better mean square error with the
neurons number increment, but it went worse after high a limited range. The NARX
Neural Network is functional tool for the nonlinear dynamic systems identification.
Finally, evolutionary algorithms show the best results over all which gives the signal
of the more possible areas of extensions and investigations with constraints and non-

linear regressors selections and populations startup design. The Programming codes
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are developed by MATLAB and used the Simulink toolboxes for simulations and
comparisons.

6.3 Recommendations

The thesis covered a good area of identification of parametric models and non-
parametric models using neural network. Simulation shows good results. There are
several ways that can be used to extend this work. Recommendation for extensions

includes the following:

- Use the same approach to identify different dynamical system especially the
nonlinear systems.

- Other evolutionary algorithms such as Particle Swarm Optimization and
Artificial Bee Colony to be used for system identification and compare their

performances.
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