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Abstract

This doctoral thesis proposes different control approaches to enhance the per-
formance of the neural network model predictive control. For this purpose, a feed
forward neural network model is suggested to build the prediction model for the
model predictive control. Various metaheuristic algorithms are integrated to solve
the nonlinear and non-convex optimization problem of the neural network model
predictive control, such as particle swarm optimization, teaching learning-based
optimization, and driving training-based optimization algorithms.

Four algorithms are introduced and tested on different systems. In the first
algorithm, the teaching learning-based optimization algorithm is used to solve the
neural network model predictive control optimization problem, with the implemen-
tation of a reduction weighting coefficient in the cost function.This algorithm is
applied to control the permanent magnet synchronous motor speed. As for the
second algorithm, a driving training-based optimization algorithm is proposed to
solve the optimization problem of the neural network model predictive control. This
algorithm is used to control the speed of an electric vehicle. Furthermore, a sequence
of reduction weighting coefficients is integrated into the cost function of the previous
algorithm. This algorithm is applied for the tracking control of a two degrees-of-
freedom robot manipulator.

To ensure a closed-loop stability of the controlled system a Lyapunov function
is incorporated as a constraint in the cost function of the neural network model
predictive control based on the driving training optimization approach. The re-
sulting control algorithm is applied to the speed control of an induction motor,
then compared against a set of control approaches including optimized PID based
on particle swarm optimization algorithm, fuzzy PID, neural network model pre-
dictive control based on different optimization algorithms, such as particle swarm
optimization, teaching learning-based optimization algorithm, and driven training-

based optimization algorithm.



Résumé

Cette thése de doctorat introduit différentes approches de commande pour amé-
liorer les performances de la commande prédictive & modeéle neuronal. A cette fin,
un réseau de neuronestatique est suggéré pour construire le modéle de prédiction
de la commande prédictive a modele neuronal. Divers algorithmes d’optimisation
métaheuristique sont intégrés pour résoudre le probléme d’optimisation non linéaire
et non convexe de la commande prédictive & modeéle neuronal, tels que I'optimisation
par essaims de particules, I'optimisation basée sur l'apprentissage et 1'algorithme
d’optimisation basé sur I'’entrainement.

Quatre algorithmes sont développés et testés sur différents systémes. Dans lapre-
mierestratégie, 'algorithme d’optimisation basé sur I'apprentissage est utilisé pour
résoudre le probléeme d’optimisation de la commande prédictive a modéle neuronal,
avec l'introduction d’un coefficient de pondération dans la fonction de cotit. Cet
algorithme est utilisé pour commander la vitesse d'un moteur synchrone a aimants
permanent. En ce qui concerne la deuxiéme stratégie, un algorithme d’optimisa-
tion basé sur l'entrainement est proposé pour résoudre le probléme d’optimisation
de la commande prédictive & modeéle neuronal. Cet algorithme est utilisé pour
la commande de la vitesse d'un véhicule électrique. En outre, une séquence de
coefficients de pondération est intégrée dans la fonction de cott de l'algorithme
précédent. L’algorithme de commande obtenu est appliqué a la commande dun
bras manipulateur a deux degrés de liberté.

Le dernier algorithme est conc¢u en ajoutant une fonction de Lyapunov comme
contrainte dans la fonction de coiit de la commande prédictive & modéle neuronal
utilisant I'approche d’optimisation basée surl’entrainement.Cette approche permet
de garantir la stabilité en boucle fermée du systéme commandé. I’algorithme dé-
veloppé est appliqué a lacommande de la vitesse d'un moteur & induction, puis
comparé a un ensemble d’approches de commande comprenant le PID optimisé basé
sur 'algorithme d’optimisation par essaims de particules, le PID flou, la commande
prédictive a modéle neuronal basé sur différents algorithmes d’optimisation, tels
que l'optimisation par essaims de particules, ’algorithme d’optimisation basé sur

I’apprentissage et I'algorithme d’optimisation basé sur ’entrainement.
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Introduction

Industrial systems are becoming increasingly complex, which explains their need
for more sophisticated control strategies capable of managing non-linearities, un-
certainties, multi variable interactions, and operational constraints. In this regard,
Model Predictive Control (MPC) has emerged as a very effective approach, as it uses
explicit process models to predict the behavior of the system to be controlled and op-
timizes the applied control actions, over a finite horizon. However, the performance
of traditional model predictive control is highly dependent on the accuracy of the
underlying process model. Linear models or simplified non-linear models utilized in
MPC techniques like Dynamic Matrix Control (DMC), Model Algorithmic Control
(MAC), and Generalized Predictive Control (GPC) are inadequate when working
with highly non-linear or dynamically complicated systems, resulting in less-than-
ideal control performance.

Neural Network Model Predictive Control (NNMPC) has emerged as a powerful
method for addressing these challenges, combining the predictive ability of model
predictive control with the nonlinear modeling ability of neural networks. Neu-
ral networks, thanks to their ability to approximate complex non-linear functions,
have become a more efficient method of modeling complex dynamic systems than
traditional linear or simplified non-linear modeling methods. The integration of
neural networks into the predictive control framework makes NNMPC an approach
with universal approximation capability, learning,adaptability, and generalization
to complex systems. Even though NNMPC offers a lot of benefits for controlling
nonlinear systems, each control step’s success is mostly dependent on resolving a
nonlinear optimization problem, in addition, ensuring the stability of the system
to be controlled in the presence of model inaccuracies and perturbations remains
an essential concern. Real-time implementation of this optimization problem is dif-
ficult due to its non-convexity, high-dimensional, and computationally demanding,
especially for systems with quick dynamics or demanding performance requirements.
Solving this type of optimization problem using conventional deterministic optimiza-
tion methods such as Sequential Quadratic Programming (SQP) or interior point
algorithms proves insufficient, as they are subject to numerous problems such as

sensitivity to initial conditions and convergence to a local optimum.
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To overcome these limitations, metaheuristic optimization algorithms provide a
promising alternative. These algorithms have proven their effectiveness in solving
complex, non-convex optimization problems. Particle Swarm Optimization (PSO),
Teaching Learning Based Optimization (TLBO), Archimedes Optimization Algo-
rithm (AOA) and Driving Training Based Optimization algorithm (DTBO) are
examples of techniques that are natively robust, adaptable, and able to manage
constraints and nonlinearities without the need for derivative information of the
problem to be optimized. These algorithms offer more dependable and effective
solutions to the underlying optimization problem, which can greatly improve the

performance of the NNMPC technique.

e Motivations and objectives:
This thesis aims to improve the performance of neural network model predic-
tive control so that it can control various non-linear systems, guaranteeing
good control performance, namely compensation of parametric variations,
robustness against modeling errors and external disturbances, stability, and
fast response time. This has motivated us to develop different NNMPC-type
control strategies based on the integration of new variants of metaheuristic
optimization algorithms with high convergence speed and precision, the im-
provement of neural network modeling of the systems to be controlled, and
the use of new techniques that can guarantee the closed-loop stability and
robustness of the NNMPC under variable operating conditions.The objective
of this thesis is to study the performance of the proposed improved NNMPC
algorithms through simulations on different reference systems, such as the
asynchronous machine, the permanent magnet synchronous motor, the electric

vehicle, and the manipulator robot.

e Manuscript organization:
This thesis is organized into four chapters. Chapter 1 presents the state of the
arts of model predictive control techniques, including the linear model predic-
tive control, nonlinear model predictive control, and the neural network model
predictive control.Chapter 2 introduces the main concepts of the population-
based metaheuristic optimization algorithms, and their different application
fields. Then it defines the PSO, TLBO, and DTBO algorithms in more
detail.Chapter 3 gives the principle of the NNMPC based on metaheuristic
optimization approach subject to inputs and outputs constraints. Then it
presents the three proposed NNMPC control algorithms, namely, enhanced
NNMPC based on TLBO algorithm, DTBO-based constrained NNMPC, and
improved NNMPC based on DTBO algorithm. The effectiveness of each

proposed control method in terms of accuracy, robustness, and computing time
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is approved by a comparative study of the obtained simulation results of each
proposed control technique compared with the results of other ones. Chapter
4 introduces a new technique to control constrained nonlinear systems, named
Lyapunov-based neural network model predictive control using a metaheuristic
optimization approach. This controller utilizes a feedforward neural network
model as a prediction model and it employs the DTBO algorithm to resolve
the related constrained optimization problem, and the Lyapunov function to

ensure the closed-loop stability.



Chapter 1

Model Predictive Control Literature

Review

1.1 Introduction

This chapter presents an overview of model predictive control, including a brief
review of the used prediction model types, cost functions, and different constraints.
It then gives an overview of the linear model predictive control, nonlinear model
predictive control, and neural network model predictive control, and it presents the
different optimization techniques used in the literature to solve the model predictive
control optimization problem. Additionally, this chapter provides a comprehensive
literature review, offering context for the developed work presented in the subsequent

chapters.

1.2  Model predictive control methodology

Model predictive control, also known as Model-Based Predictive Control (MBPC),
or Receding Horizon Control (RHC)originated in the late 1970s [2]. More specifically
after the works of Richalet and al in 1978 [3]. In 1979 engineers from Shell (Cutler,
Ramaker, Prett, and Gillette) introduced another MPC technique named, Dynamic
Matrix Control (DMC) [4]. The MPC control strategy does not specify a unique
control approach but refers to a variety of control techniques that utilize a model
to predict the system’s future outputs [5-8]. This control strategy is based on
two parts, the first one consists of obtaining an accurate model of the system to
be controlled, and the second part consists of minimizing a performance criterion-
usually the quadratic error between the predicted response and the desired reference
trajectory over a finite horizon (receding horizon ) [9].The MPC technique has been

widely adopted by the academic and industrial world in various sectors [10, 11],
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such as chemical and petroleum industries [12], robotics [13], etc. The popularity
of this type of controller is due to its ability to control different kind of systems,
like multivariable or monovariable, with long delay times, unstable or non-minimal
phases, and those with simple or complex dynamics [14]. All MPC methods rely on
the following points [15]:

e Obtaining the system model to predict its future behavior.

e (Calculation of a sequence of future controls in such a way as to minimize a
finite-horizon quadratic cost function . Typically, this cost function relates to

the error between the reference trajectory, the predicted output.
e Application of the first element of the calculated sequence.

e The previous steps are repeated at the next sampling time, using the receding

horizon principle.
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Figure 1.1 — MPC strategy

Figure 1.1 illustrates this approach, where (g(k+jlk), (j = N1, ..., Np)) represent
the predicted outputs at time k along a finite prediction horizon N, = [Ny, N].
(u(k + jlk),(j = 0,N, — 1)) represent the control signals at the same time £k,
calculated by optimizing a cost function over a finite control horizon N, such that
(N, < N,) and (u(k + jlk) = u(k + N, — 1|k) for N, < j < N,).
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1.2.1 Prediction models

The first and most important step in MPC designing is to obtain a prediction model.
This model is used to predict the system’s output over a given prediction horizon.
It should accurately represent the behavior of the real system, in particular the
relationship between outputs, current measured variables, and the current /future
inputs. The performance, accuracy, and viability of MPC all depend on the used
prediction model. For this issue, different prediction models were proposed in the

literature, such as:

e Linear models including state space models [16], transfer function models,
Auto-Regressive with Exogenous Input (ARX) models [17] and Linear Parameter-
Varying (LPV) models [18]. These models are generally known for their
computational speed, simplicity and stability when modeling linear or ap-
proximately linear systems, but unfortunately this is no longer the case for

highly non-linear systems or systems with variable dynamics.

e Nonlinear models, such as state-space nonlinear models [19], and Nonlinear
ARX (NARX) models.These models give more efficiency in terms of accu-
racy, but they require complex solvers for optimization, and they tack more

computation time.

e Data-driven models: these types, don’t depend on specific equations to explain
the dynamics of the system. Rather, they use input-output data to infer the
behavior of the system. Among these models, we can mention Hammerstein
and Wiener models, fuzzy models [20, 21|, neural network models [22]|, and
Gaussian Processes models (GPs).These models are efficient for systems whose
dynamics are unknown or extremely complex, but they may have significant

computational requirements.

e Hybrid models: these models combine the data-driven models with others, like
neural ordinary differential equation models [23], which consist of a hybridiza-

tion between neural networks and ordinary differential equations.

Additional methods for linear and nonlinear modeling are provided in [24]. If the
used prediction model has a linear form, the optimization problem is represented by a
convex quadratic function with a unique and global minimum, for which a solution
could be obtained analytically, particularly if no constraints are imposed. When
constraints are present, Quadratic Programming (QP)techniques can be employed.
However, when the prediction model is nonlinear, the optimization problem becomes

nonlinear and non-convex, which requires numerical optimization methods.
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1.2.2 Cost function

Cost function is the most important component in the MPC, it is used to guide
the MPC algorithm to minimize the difference between the predicted outputs and
a desired reference trajectory over a prediction horizon, ensuring optimal control
actions. The cost function can include a number of performance indicators like
control effort and tracking error. The cost function is essential for defining control
goals, such as, maintaining stability, tracking accuracy, robustness, and enhancing
system performance. Several cost functions were proposed for the MPC formulation
in the literature, including a quadratic cost function [8]. This type of cost function
is the most widely used one due to its convexity, simplicity,and flexibility [25]. The
mathematical form of this cost function for single input-single output systems is

given as follows:

minj Juw) (Au(k), §(k), r(k)) = Z (r(k +7) — gk +5/k))* + S:(Au(k +j—1))*

(1.1)

where Au(k) = u(k) — u(k — 1) is the control increment, g(k) is the predicted

outputs, r is the desired reference trajectories, N; and Ny are respectively the

minimum and the maximum prediction horizons generally satisfy this constraint
(1 < Ny < Ny) and N, is the control horizon with (0 < N, < Ny).

Economic cost function is another type that was introducedin 2012 [25]. The
purpose of this type of cost function is not to just follow reference trajectories, but
to directly optimize economic performance. This cost function enables the MPC
controller to make choices that improve efficiency, coordinating control measures

with financial goals.The mathematical form of this cost function is as follows:

No
minj, g (u(k), 5(k)) = Y Llu(k+j—1),5(k + j/k)) (1.2)

Jj=N1
where the function L(u(k+j5—1),y(k+j/k)) symbolizes the system’s operational
cost or profit at each time step.The review [26] gives the different applications and
more details of the MPC using this type of cost function. Weighted cost function,
which is initially appeared implicitly in the DMC [4] and the Model Predictive
Heuristic Control (MPHC) [3]| frameworks.It is given for multiple input-multiple

output systems by:
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minju<k)(AU(/f) y(k), r(k))

_ Z r(k +5) = 9k + §/k)TQr(k + 5) = §(k + j/F))] (1.3)

Nu
+ 3 [(Auk +j = 1) R(Au(k + j — 1))]
j=1
where R and () represent the weights matrices, which, even in early imple-
mentations, allowed for adjustments that prioritized accuracy or control effort. In
MPC, weighted cost functions are essential because they provide the flexibility to
customize control strategies to meet certain goals [27]. Even though their design
and tuning have significantly advanced, issues including scaling, trade-offs, and
processing requirements still exist. Developments in adaptive, optimization-based,
and machine learning-assisted weight selection techniques are continuously pushing
the limits of MPC performance. The research paper [28] presents a review of state-
of-the-art methods in a weighting factor design of the MPC.
Robust cost function type was firstly integrated into MPC by Campo and Morari
in 1987 [29]. Their work laid the foundation for robust MPC by proposing methods
to directly handle uncertainties within the cost function given by equation (1.4),

ensuring the controller’s performance remained effective under a wide range of

conditions.
J = i [(r(k+37) — 9k + j/k)"Q(r(k + j) — 9(k + j/k))]
+ Zu [(AU(/C +7— 1))TR(AU(]<: +j— 1))] 4 22 (W, (k —|—j)]2 (1.4)

[ G+ 5/N2) = § (k= 5/N2)T P (1 (= 5/ N2) = (k =+ Na))

where wy represents the disturbance, W represents weighting matrix that penal-
izes uncertainty effects, and P is a positive definite weighting matrix.

Terminal cost function type was proposed by the works of D.QQ. Mayne and H.
Michalska in 1990 [30] and K.R. Muske and J.B. Rawlings in 1993 [31]. This cost

function type is calculated using the equation (1.5) given below:
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minj Jy) (Au(k), y(k),r(k)) =

N2

D [k +3) = gk + 3 /R)TQr(k + ) = 5k + j/K))] (15)
+3 [( Al = D) Rk +j— )] +Vy (y (k+ /N)

where Vi(y(k + j/N3)) is the terminal cost function evaluated at the terminal
state.

Several MPC works have been completed since the introduction of the terminal
cost function type. These include the works described in [32] and [33], which are
designed to ensure the stability and performance of the MPC framework by designing

the terminal cost function and terminal regions.

1.2.3 Constraints handling in model predictive control

The MPC is a widely used control method that handles system constraints during
the optimization process. It is perfect for applications in complex and safety-critical
systems, since it may explicitly take constraints into account at every stage of the
prediction horizon. Various researches are conducted to discuss different types of
constraints, and how they are handled in the MPC framework. Beginning with
the fundamental works, such as those by Bemporad and Morari [34], who suggest
handling state, input, and robust constraints for the MPC framework in uncertain
environments. Since the publication of these foundational works, several studies
have been proposed in this area, including the survey conducted by Schwenzer and
Ay in 2021 [25], where they emphasized practical approaches to handling input,

output, state, and soft constraints with an emphasis on real-world implementation.

1.3 Linear model predictive control

Based on the prediction model, several techniques of Linear MPC (LMPC), for which
a linear prediction model is used, have been developed. A brief review and some

applications of well known LMPC strategiesare given in the following.

1.3.1 Model algorithmic control

Model Algorithmic Control (MAC), also called Model Predictive Heuristic Con-
trol(MPHC), is the earliest linear predictive control strategy, proposed by Richalet
and all in 1978 [3]|.This control technique has been implemented in several industrial

processes, like paper machines [35] and chemical process [8]. The success of the MAC
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method for complex multivariable processes can be attributed to two factors: first,
it uses an impulse response representation as a prediction model, where the state-
space representation is challenging to obtain; second, it uses heuristic algorithms
to solve the MAC optimization problem, which makes it appropriate for real-time

applications that require fast computations.

1.3.2 Dynamic matrix control

Dynamic Matrix Control (DMC) is one of the well-known MPC techniques that
uses the step response as prediction model [2]. In DMC framework, especially in
the enhanced DMC framework named QDM [36] a quadratic programming (QP)
problem is solved over a control horizon to obtain the optimal control actions. The
cost function that is minimized in DMC typically balances tracking performance and
control effort, while adhering to system constraints. DMC has been widely adopted
in various fields such as chemical and petrochemical industries [37].The extensive use
of DMC in these sectors demonstrates how reliable and adaptable it is at handling

intricate, multivariable control problems.

1.3.3 Generalized predictive control

Generalized Predictive Control (GPC)is proposed in the late 1980s, is the most
popular predictive control technique. It uses a Controlled Autoregressive Integrated
Moving Average (CARIMA) [38] model as a prediction model due to its ability to
handle disturbances and provide accurate predictions for the system output [38]. The
optimal control actions are obtained by optimizing a typically quadratic cost func-
tion that strikes a balance between tracking performance and control effort. Since
its appearance and due to their robustness and adaptability, the GPC technique has
been widely adopted in academic research and various industrial applications such

as chemical industries [39] and robotics [40].

1.4 Nonlinear model predictive control

Although, linear MPC techniques give good control performance in many practical
applications, in the case of highly nonlinear systems, severe degradations in the
control performance can be observed [41]. Therefore, to ensure good control per-
formance, Nonlinear MPC (NMPC) methods that use a nonlinear prediction model
should be investigated [42]. In fact, a lot of attention was given to the NMPC
techniques, and several control algorithms were proposed. The main difficulties in
designing any NMPC algorithm are to obtain an accurate nonlinear model for the

system to be controlled and to calculate its optimal control actions by solving the

10
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related nonlinear optimization problem. Actuality, there is not a given modeling
strategy that works perfectly for representing nonlinear systems,so that various

nonlinear models were used as prediction models, such as:

e Volterra series models, which are introduced by Vito Volterra’s work on the
class of integral equations used to model non-linear dynamic systems [43].
These models have been very successful in their use as prediction models in
the NMPC, due to their ability to capture nonlinear dynamics while remaining

computationally feasible, and its capacity to handle memory effects.

e Fuzzy logic models, these models are introduced in the MPC framework by
the work of Bin Huang and Jinfeng Lou [21]|, where they proposed a Fuzzy
Model Predictive Control (FMPC) approach for designing control systems to

handle complex nonlinearities in control applications.

e Neural network models have been applied as prediction models in the MPC
scheme since the works of Andreas Draeger and al,where they proposed a
neural network-based MPC technique to regulate PH in a laboratory-scale
system [44]|. The neural network model becomes a powerful modeling tool for
the NMPC design, due to their capability to model complex nonlinearities,

adaptability, and reduction of model development time [45].

In addition to the selection of an accurate prediction model, the choice of the
optimization technique to solve the nonlinear NMPC optimization problem proves to
be very difficult to guarantee an efficient optimal solution, for this, several techniques

have been proposed in the literature, such as:

e Sequential quadratic programming: Sequential Quadratic Programming
(SQP) is an optimization technique that efficiently manages constraints by
iteratively solving a sequence of quadratic approximations to nonlinear prob-
lems [46]. SQP has several benefits when it comes to managing constraints
and nonlinear dynamics in NMPC [47], but it also has drawbacks in terms
of implementation complexity, sensitivity to initial circumstances, processing

demands, and convergence guarantees.

e Direct multiple shooting: Direct Multiple Shooting (DMS) is a numerical
optimization technique that divides the time horizon into multiple segments
(shooting intervals), where for each segment, the system dynamics are explic-
itly integrated using numerical methods like Runge-Kutta [48]. This technique
is used to solve optimal control problems by enabling the management of
complex constraints and concurrent integration of system dynamics. This

method enables the efficient computation of control inputs by solving the

11
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NMPC nonlinear optimization problem, which takes into account constraints,
system dynamics, and the required performance criteria. Using DMS in NMPC
has several benefits, such as better convergence qualities, increased numerical
stability, and the capacity to manage intricate constraints. But it also brings
with its problems like more complicated computations and the requirement
for advanced initialization techniques to guarantee convergence to the optimal

solution.

Direct collocation: Direct collocation is a numerical optimization method
that discretizes the state and control variables at a set of collocation points over
the entire time horizon, where it uses polynomial interpolation like Lagrange
polynomials to approximate the system dynamics between these points [49].
This method converts continuous-time optimal control problems into nonlinear
programming problems to make the computation of control inputs efficient.
This method is used to solve the NMPC optimization problem using piecewise

polynomials, due to their efficiency.

Variable discretization methods: Variable discretization modifies time
steps or spatial intervals according to system dynamics, error estimates, or
particular performance requirements, in contrast to fixed discretization, which
keeps these intervals constant. These techniques are used in NMPC to modify
the discretization grid during the optimization phase. Numerous research
publications have examined the idea of variable discretization techniques in
NMPC [50].

Neural network-based optimization: A various methods and frameworks
for generating approximate NMPC controllers using Neural Network-Based
Optimization (NNBO) have been given in [51]. Based on the guarantees they

offer these techniques are divided into three categories [51].

— Methods without guarantees include an imitation learning technique,
where a neural network is trained to mimic NMPC controllers by re-
gression, minimizing error between outputs [51]. The works presented
in [52-55] demonstrated the feasibility of this method for NMPC ap-
proximation. These techniques are efficient, but they don’t guarantee
stability or constraint satisfaction, and they frequently call for parallel

safety measures.

— Methods with probabilistic guarantees include statistical learning tech-
niques [56]. These techniquesensure constraints and sub-optimality bounds

by satisfying a given probability and providing statistical assurances

12
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on constraint satisfaction and stability, such as the works presented
in [57,58].

— Methods with strict guarantees aimed at preserving theoretical proper-
ties of NMPC [56], such as stability and constraint satisfaction, these
techniques have been proposed by the works presented in [59], where
they employed a trained neural network to approximate the NMPC cost

function, while ensuring stability and constraint satisfaction.

e Metaheuristic optimization algorithms: Since their appearance, meta-
heuristic algorithms have been very successful in both industry and academics
[60].These algorithms can handle both discrete and continuous optimization
problems and generate excellent best solutions in a reasonable time, and they
are not impacted by initial conditions due to their heuristic and random
features [61]. Because of their capacity to identify nearly optimal solutions in
situations where traditional optimization techniques would not be successful,
metaheuristic algorithms have become extremely effective tools for resolving
the NMPC optimization problem. Among the metaheuristic algorithms that
have been applied for the NMPC optimization problem, we cite: Genetic
Algorithm (GA) [62], Differential Evolution (DE) [63], Particle Swarm Op-
timization (PSO) [64], Artificial Bee Colony (ABC) [65], Teaching Learn-
ing Based Optimization Algorithm (TLBO) [66], Archimedes optimization
algorithm (AOA) [67]and Driving Training Based Optimization Algorithm
(DTBO) [68]. Despite their effectiveness, metaheuristic algorithms are not
flawless methods of optimization. Indeed, some disadvantages could be listed,
such as the need to adjust a number of the algorithm’s parameters before using
it. The efficacy of this type of algorithm is greatly influenced by its parameters,
the ideal values of which are not always known. Although metaheuristic-based
algorithms can typically produce excellent results in a fair time, neither this
nor the fact that the produced solutions are close to the global optimum are

guaranteed by them [61].

To enhance the control performances of the NMPC framework, different strate-
gies have been proposed based on the various prediction models and optimiza-

tion technique cited above, one of these techniques which is more recent and
has been very successful is Neural Network based MPC (NNMPC) [69].

1.5 Neural network model predictive control

By the late 1980s and early 1990s, Narendra and Parthasarathy (1989) utilized

Feedforward Neural Networks (FNNs) to approximate the nonlinear functions gov-
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erning the system dynamics [70]. They demonstrated that Neural Networks (NNs)
could learn the input-output relationships of complex systems through training on
historical data [71|. Their work showed that (NNs) could effectively capture the
behavior of nonlinear systems and handle their complexities, providing a foundation
for using NNs as a viable tool for system identification and control applications.
Their contributions influenced a wide range of applications and spurred further de-
velopments in NN-based control strategies [72]. The 2000s saw a surge in interest as
computational power increased. During this period, NNs were increasingly applied
to chemical process control, where they helped manage complex, nonlinear dynamics
more effectively than traditional methods [73|. Several neural network architectures
have been used as MPC prediction models in the literature, such as Multilayer Per-
ceptron (MLP) [74], Convolutional Neural Networks (CNN) [75], Recurrent Neural
Networks (RNN) [76], Long Short-Term Memory Networks (LSTM) [77], and Gated
Recurrent Units (GRU) [77].To obtain such models, a training step of the neural
network weights is required so several training algorithms have been proposed,
such as Quasi-Newton methods Levenberg-Marquardt algorithm (LM),and Back
propagation algorithm [78§].

The use of neural networks in NMPC has evolved from basic implementations
to sophisticated, real-time control systems. Ongoing research continues to push
the boundaries, focusing on enhancing robustness, efficiency, and applicability to a
wider range of complex, nonlinear systems, like robotics [79], chemical processes [80],
power electronics [81] and smart grid [82]. For this purpose, many NN based NMPC

approaches have been proposed, such as:

e Model-based neural network nonlinear model predictive control: This
control technique uses neural networks as a prediction model in the NMPC
framework, to approximate the system’s nonlinear dynamics based on histor-
ical input-output data. In this method the neural network learns the sys-
tem behavior and provides state predictions over the control horizon, instead
of relying on first principles or physics-based models. The trained neural
network is then integrated in the NMPC to enhance its performances, by
improving model accuracy for complex systems where traditional modeling
is difficult. This method has made the NMPC more applicable to real-world

nonlinear systems, such as robotics [67], and energy Systems [83].

e Model-free neural network nonlinear model predictive control: This
method is directly learned by the neural network without the need for an
explicit system dynamics model [84,85]. Usually, methods from Reinforcement
Learning (RL) are used to do this. Through interaction with the environment,

RL algorithms allow the neural network to learn optimal control rules. Re-
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wards and punishments are sent to the network as input, directing its learning
process. When it is difficult to derive an explicit model for a system, this
method may handle extremely complex and nonlinear systems. The neural
network in this type approach is directly maps states to control actions. With
time, it gains the ability to maximize cumulative rewards. Model-free neural
network propagation is used in many fields, such as robotics, where it is
used for tasks like navigation, manipulation, and interaction with dynamic
environments. The neural network learns control policies that enable the
robot to perform complex tasks without explicit modeling of its dynamics [86].
Another application of this control approach is energy management, where
it is used to optimize energy distribution and storage of smart grids and
energy storage systems where the neural network learns to manage energy flows
efficiently [87], adapting to varying demand and supply conditions. Finally,
autonomous vehicles use this control technique for real-time decision-making
and control, and the neural network learns driving policies that ensure safe

and efficient navigation in a variety of traffic scenarios.

Hybrid neural network nonlinear model predictive control: This
method integrates neural networks with physical models [88|. The physical
model handles the well-understood dynamics of the system, while the neural
network represents its complicated and nonlinear aspects. By merging the
outputs from the physical model with the neural network, the hybrid model
predicts future states. The NMPC then uses these predictions to optimize con-
trol inputs, balancing the advantages of both models to produce reliable and
effective control. This method is integrated in many applications like Hybrid
Electric Vehicles (HEVs) where it is used for optimal power management to
minimize pollution and maximize fuel efficiency, considering that the physical
model takes care of the well-understood engine dynamics, while the neural
network models the nonlinear battery dynamics. In chemical processes, this
control approach is also utilized [89,90]. Here, physical models of the process
equipment are combined with neural networks to capture these nonlinear inter-
actions, guaranteeing exact control and optimization. This control technique
is used by smart grids to regulate the distribution of energy, with the physical
model representing the grid infrastructure and the neural network modeling

nonlinear demand patterns to optimize energy flow and stability.

The nonlinear and nonconvex optimization problem of the model-based Neural
Network Nonlinear Model Predictive Control (NNMPC)cannot be solved using
the same techniques with nonlinear model predictive control, like SQP, interior

point methods [91], and Newton-type methods [92].Due to the disadvantages
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of these classical optimization techniques, such as their sensitivity to initial
conditions, and their difficulty in handling no convexity issues are difficult,
their need for the gradient information for complex models , their problems
with local minima and convergence, their problems with scalability where the
performance decrease when the optimization problem size increases, and their
lack of flexibility [93]. Because of these drawbacks, academics have turned their
attention to metaheuristic algorithms, which have several benefits including
the capacity to explore the entire space, which makes them useful for locating
global optima in nonlinear, non convex environments, the capability to solve
a variety of problems like those with discontinuous or non-differentiable cost
functions, because they do not require gradient information, the robustness
against local minima, the usefulness for real-time applications due to its simple
implementation and parallelize, the capacity to offer improved accuracy, speed,
and robustness in control performance due to its efficiency in the systems with
complicated constraints and fast dynamics which make it well-suited for real-

time applications in NNMPC [66-68|, [94].

1.6 Conclusion

This chapter presented an overview of linear, nonlinear, and neural network MPC,
and it mentioned the different optimization techniques and prediction models used in
each MPC type. It highlighted the challenges and limitations of each MPC method,
emphasizing the importance of neural network MPC. It introduced the advantages of
metaheuristic optimization algorithms to solve the NNMPC optimization problem,
neither than the conventional optimization techniques. The chapter provided the
importance of this type of approach for the control of complex nonlinear systems.
In addition, it has served as literature review, providing readers with a broad

understanding of the current state of the field.
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Chapter 2

Fundamentals of Metaheuristic

Optimization Algorithms

2.1 Introduction

This chapter introduces the key concepts behind population-based meta-heuristic
optimization algorithms and how the corresponding optimization problem is formu-
lated. The definition and the principles of the particle swarm optimization algo-
rithm, the teaching learning based optimization algorithm and the driving training
based optimization algorithm are given. In the last section, some applications of

metaheuristics algorithms in different fields are introduced.

2.2 Basic concepts of metaheuristic optimization al-

gorithms

2.2.1 Origin and definition

In the real world, the existence of many complicated and hybrid problems such as
the transport, storage and location of product sales, the design of communication
networks, scheduling, planning, etc, requires techniques for optimally solving these
problems within a reasonable and acceptable time, which cannot be guaranteed by
exact optimization techniques. To remedy this problem Polya introduced new opti-
mization methods in 1945, called heuristic methods [95], known for their effectiveness
in finding good solutions at a reasonable computational cost, as confirmed by Caserta
and Vol [96]. Several works and variants of this type of algorithm have been
proposed [97]. Despite their successes, heuristic algorithms have several drawbacks,
such as the risk of falling into local optimal traps without being able to escape from

this situation, and the inability to solve real problems of high complexity in a given
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computation time. This is why Fred Glover in the 1980s introduced a new type of
algorithm that is an improvement on heuristic algorithms, called ‘metaheuristic’
[98]. This name is a combination of two words, ‘meta’ meaning a higher-level
methodology, and ‘heuristic’ meaning finding a goal by trial and error. From this
description, metaheuristics can be defined as higher-level heuristic techniques whose
objective is the efficient search for near-optimal solutions by exploring and exploiting
search spaces through the use of learning strategies for structuring information.
Since their appearance, metaheuristic algorithms have been increasingly used to
solve hard problems in several industries and professions, including administration,
planning, architecture, engineering, healthcare, and logistics. Thanks to their ability
to provide a good solution to more complicated optimization problems with in-
complete information or limited computing capacity, unlike traditional optimization
techniques that linearize the cost function or use derivatives and gradients.
Metaheuristics can frequently provide a superior trade-off between computing
time and solution quality, particularly for complex optimization problems [60]. Meta-
heuristic algorithms are adaptable to various real-life optimization problems, balanc-
ing solution quality and computation time without imposing constraints on problem
formulation. However, in order to attain good performance, this flexibility comes at
the cost of requiring significant problem-specific customization. Most metaheuristic

algorithms are characterized by the following properties:

e They are strategies that guide the search process.

They have a stochastic behaviour.

Their objective is to efficiently explore the search space in order to find solu-

tions close to the optimum.

They range from simple local search procedures to complex learning processes.

They are approximate and generally non-deterministic.

They are not problem-specific.

2.2.2 Classification

Several classifications have been proposed for metaheuristic algorithms according to
several criteria, namely those cited below:

2.2.2.1 Nature-inspired or non-nature-inspired

Based on their sources of inspiration, metaheuristic algorithms can be roughly

divided into two groups.The first one is nature-inspired algorithms. They draw
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inspiration from natural events and processes and fall under several subcategories,

which include:

e Evolutionary algorithms: where the process of natural evolution serves as
inspiration, like GA [62].

e Swarm intelligence algorithms: where the collective behavior of decentralized

systems serves as the foundation for these algorithms, like PSO [64].

e Physics-based algorithms: where physical principles and occurrences are the

source of these algorithms, such as Simulated Annealing algorithm(SA) [99].

e Biologically inspired algorithms: which are the ones who mimic the way
biological systems work, like the Artificial Immune Systems Algorithm (AISA)
[100].

e Human-related algorithms: The human-based metaheuristic algorithms are
motivated by social interaction or human behavioral patterns. For example:
the Brainstorm Optimization (BSO) algorithm [101]|, which was used for data
classification, works similarly to how individuals produce ideas. It uses a
collaborative search approach to repeatedly create, evaluate, and refine viable
solutions to solve optimization problems. Teaching learning-based optimiza-
tion [66], takes into account the teacher’s impact on the students in the class.
To explore the search area and find the best solutions, it combines concepts
from both teachers and students. Gaining Sharing Knowledge-Based Algo-
rithm [102](GSKA)which leverages human knowledge acquisition and sharing
to address optimization problems. To enhance the search process and enable
the algorithm to effectively explore the search space and determine optimal
solutions, it promotes collaboration and information sharing. These types of
algorithms are based on the notion that people should share their knowledge

and learn from one another.

The second group of metaheuristic algorithms is the non-nature-inspired one

[103]. This type is derived from other heuristic techniques, such as:

e Tabu Search (TS) [104]: It avoids going over previously investigated solutions

by using memory structures.

e Greedy Randomized Adaptive Search Procedure (GRASP) [105]:It combines

randomization with greedy algorithms.

e Variable Neighborhood Search (VNS) [106]: It systematically modifies the

search process neighborhood structure.
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2.2.2.2 Memory consumption or memoryless

Another way to categorize metaheuristic algorithms is by memory usage, so there
are memory-based and memoryless algorithms [107]. Algorithms of the first category
use memory to retain information about the search history, like the past solutions
founded. Various algorithms belonged to this category, such as TS algorithm, GA,
and Ant Colony Optimization (ACO) algorithm [108].

Algorithms of the second one, which are memoryless algorithms, just use infor-
mation about the current state to make decisions and they do not keep track of
information about previous search states, such as SA algorithm, PSO and Random

Search (RS) algorithm [109].

2.2.2.3 Stochastic or deterministic

It is possible to categorize metaheuristic algorithms according on whether they use
determinism or stochasticity in their search process [107]. Stochastic algorithms,
like GA, SA, PSO and ACO algorithms explore the search space using probabilistic
judgments and random variables. Exploring different areas of the solution space and
avoiding local optima are made easier by the randomization.

Deterministic algorithms employ a predetermined set of guidelines or heuristics
to explore the search space, rather than depending on random processes, as it is the

case for TS, deterministic crowding algorithm [110], and greedy algorithms [111].

2.2.2.4 Greedy or iterative

Greedy algorithms select the locally optimal option at each stage, in an attempt to
reach a global optimum [111]. Although they are usually fast, they might not always
come up with the right answer for challenging issues. Iterative algorithms continu-
ously improve a collection of solutions, over several rounds. To progressively raise
the caliber of the solution, they frequently entail an investigation and exploitation

phase.

2.2.2.5 Local or global search

Based on their search tactics, metaheuristic algorithms can be divided into two
categories: local search algorithms and global search algorithms [112]. The first
category concentrates on investigating the area around the existing solution to find
a better solution in a local area of the search space, one of the most cited algorithms
of this category are T'S, SA, and Hill Climbing (HC) algorithms [113].

Algorithms of the second category are global search algorithms, like GA, PSO
and ACO. This category of algorithms seeks to more thoroughly investigate the
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entire space, frequently employing several potential solutions to prevent becoming

stuck in local optima.

2.2.2.6 Population-based or single-solution-based search

In order to resolve the optimization problem, some algorithms really employ a pop-
ulation of candidate solutions, while others use a single candidate solution [107].In
population-based algorithms, a population of solutions is simultaneously maintained
and evolved. GA, PSO and ACO are ones of this type of algorithms, which are often
better at avoiding local optima and go further into the search space.

While single-solution-based algorithms, like T'S and SA algorithms concentrate
on iteratively refining a single candidate solution. They may be more likely to
become trapped in local optima, although they are usually simpler and use less

computing power.

2.2.2.7 Mimetic algorithms or hybridization

Mimetic algorithms are based on one optimization technique to solve its optimization
problems, while hybrid algorithms are based on the hybridization of two or several
optimization techniques to solve a given optimization problem. The creation of
new hybrid algorithms based on the combination of the best qualities of different
algorithms is growing all the time because they get rid of the trap of local optima,
avoid premature convergence and efficiently explore the search space, offering a
better compromise between the exploration and exploitation quality. Some exemples
of hybride algorithms are: Hybrid Whale and Simulated Annealing (WOA-SA) [114],
Hybrid Ant Colony Optimization and Particle Swarm Optimization (ACO-PSO)
[115], and Hybrid Particle Swarm Optimization and TLBO (HPSO-TLBO) [116].

2.3 Population based metaheuristic algorithms prin-

ciple and concepts

The algorithms of this family are typically founded on the same idea. They often
begin with a population of initial solutions that are randomly generated, and then
use certain search operators on the current population in an iterative attempt to
enhance these solutions. Using a replacement strategy, some or all of the existing
population is swapped out for the newly created population in order to produce a
better population of solutions. This process keeps going until a stopping criterion
is met.
The steps listed below provide a summary of these algorithms’ basic idea.

The most commonly used technical words for this type of algorithm are as follows:
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Algorithm 1 Pseudo code of population-based metaheuristic optimization
algorithms

: STEP 0: Initialization.

Set the initial population

STEP 1: Generation/Replacement

for counter=1 to maximum number of iterations do
Generate the new population.
Update some or all of the old population using the new generated one.
If the stopping criterion is satisfied, go to step 2

end for

STEP 2: output the best solution.

2.3.1 Initial population

Initial population is the first set of candidate solutions generated at the start of
the optimization process. This process requires particular attention, whatever the
meta-heuristic technique employed, as it can significantly influence the performance
and convergence speed of the used optimization algorithm used. The choice of the
initial population for any meta-heuristic algorithm is responsible for preparing the
ground for the search for optimal solutions by that algorithm. If the search space
is poorly covered, the optimization procedure may converge to a local optimum or
take a long time to find the right answer, which can reduce the efficiency of that
algorithm.

The various initialization approaches founded in the literature were divided into
several categories [117], including random, quasi-random, chaos theory, Levy Flight,
ad hoc knowledge of the domain, probability distributions, pseudo-random number

or Monte Carlo methods, greedy, hybrid, and others methods.

2.3.2 Population size

Population size is the number of possible solutions (individuals) that are main-
tained and modified throughout the optimization process. The performance of
the optimization algorithm can be strongly influenced by the population size.The
solution space is more thoroughly explored by large populations, which can result
in good solutions, but also requires more processing power. For less diversity, small
populations risk being caught in local optima, even though the converge is fast.
It should be noted that there is no absolute rule for determining the size of the

population.

22



Chapter 2. Fundamentals of Metaheuristic Optimization Algorithms

2.3.3 Exploration and exploitation

Exploration and exploitation are two essential concepts in population based meta-
heuristic algorithms, which enable the search process to be balanced in order to find
optimal solutions. Exploration refers to the algorithm’s ability to explore different
areas of the analysis space. Its objective is to find new and possibly improved
solutions by organizing the search effort. The aim is to avoid the best local solutions
and ensure a thorough search of the entire solution space. Exploitation focuses on
in-depth research into the best performing solutions in order to perfect and improve
them. The aim is to get closer to the optimum solution by making small, incremental
improvements in promising areas. The balance between exploration and exploitation
is essential to the success of metaheuristic algorithms. Excessive computational
effort caused by poor exploitation can lead to premature convergence towards sub-
optimal solutions, while excessive exploration can lead to premature convergence
towards sub-optimal solutions.It is essential to find an appropriate balance between
exploration and exploitation in order to ensure the efficiency of the optimization
algorithm. To this end, several methods have been proposed, namely adaptive
techniques where the metaheuristic algorithms adjust their parameters dynamically
to move from exploration to exploitation [118|, hybrid approaches where several
metaheuristic algorithms are combined for better exploration and exploitation and

Diversity Metric (DM) methods [119].

2.3.4 Stopping criteria

The stopping criteria, in metaheuristic algorithms are the constraints that establish
when the algorithm should stop. This requirement is necessary to balance the
trade-off between computing effort and solution quality and to guarantee that the
algorithm does not run endlessly. The criteria found in the literature can be divided

into two classes:

e Static procedure: with this approach, the end of the optimization process is
known in advance. A maximum number of cost function evaluations, a limit
on computation resources, or a predetermined number of iterations could be
used to do this. When there is a time constraint, this process is typically

employed.

e Adaptive procedure: With this approach, it is impossible to predict the end of
the optimization process in advance. This might be used when a satisfactory or
optimal solution is found with a predetermined error tolerance, or it could be
applied with a set number of non-improving repeats. There are additional steps

that are unique to population-based metaheuristic algorithms. They typically
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rely on certain population numbers or its evolution. For instance, in specific
situations, the algorithm will halt if the population’s diversity falls below a
predetermined threshold, at which point it will be deemed stationary. When

this occurs, there is no use in carrying on with the optimization procedure.

2.4 Solving an optimization problem using meta-

heuristic algorithms

Any optimization issue, in this instance minimization, has the following standard

form:
m)}n f(X) (2.1)
Subject to:
G(X)=0 (2.2)
H(X)<0 (2.3)

where the variables to be optimized are denoted by X & R™, the number of
optimized variables is denoted by n, the cost function is denoted by f(X), and the
constraints functions are denoted by G(X) and H(X).

The use of population-based metaheuristic algorithms for solving the minimiza-

tion problem defined above can be given by the following standard algorithm:
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Algorithm 2 Pseudo code of population-based metaheuristic optimization
algorithms

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:

: STEP 0: Initialization.

1=0
for j = 1 to Population size do
Choose the initial solution from the search space.
end for
STEP 1: Evaluation.
for j = 1 to Population size do
Evaluate the cost function given by equation (2.1) according to the candidate
solution.
end for
STEP 2: Generation/Replacement.
for j = 1 to Population size do
Generate a new candidate solution.
Apply an updating strategy.
if the replacement is necessary then
The old solution=New candidate solution.
end if
end for
STEP 3: Searching the best solution.
The best solution= The candidate solution for j = 1.
for j = 2 to Population size do
if f(candidate solution)< f(best solution) then
The best solution= The candidate solution.
end if
end for

25:
26:
27:
28:
29:
30:
31:
32:
33:

STEP 4: Stopping the optimization process.
if stopping criteria is satisfied then
Report the best solutionas the solution.
Exit the optimization process.
else
1=1+1
Go back to step 1.
end if

The creation of the subset S of admissible solutions to the problem arising from

the constraints defined above is not always easy in reality. This is why the method of

managing these constraints is of great importance during the optimization process in

order to guarantee the efficiency of the used algorithm. Several constraint handling

techniques have been proposed, namely:

e Penalty methods: In these techniques, a penalty term is added to the cost

function to transform the constrained problem into an unconstrained one.
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The penalty term is determined by the degree of constraint function violation
and the penalty factors, whose values can change as the optimization process
progresses. Kawachi [120] proposes an adaptive method for determining the
penalty factor throughout the evolution process. This method successfully
addresses the problems of over or under penalization, which may cause the

search process to deviate from the optimal one.

e Feasibility rules: Since improper values can cause the search process to deviate
from the region of the optimal solution, it is necessary to test various penalty
factor values to determine the best alternative. The reference [121] presents
a novel method based on a tournament selection operator to compare two
solutions based on the following criteria: any feasible solution is preferred
over any infeasible solution; the solution with the best cost function value
is preferred among two feasible solutions; and the solution with the small

constraint violation value is preferred among two infeasible solutions.

e c-constrained method: In order to provide comparison rules on limited opti-
mization problems during the evolutionary process, Taka Hama [122]| proposed
a modified version of the feasibility rules technique. This method defines the
overall constraint violation function as the sum of all constraints or as the

maximum of all constraints.

e Stochastic ranking: The stochastic ranking method introduced by Runarsson
and Yao [123] is a commonly used constraint handling strategy that avoids
the drawbacks of penalty systems. In order to rank all nearby individuals in
a population from best to worst, stochastic ranking compares them based on

penalty and cost function dominance.

2.5 Used metaheuristic algorithms

To design efficient algorithms for different optimization problems, several meta-
heuristics algorithms have been proposed in the literature. For the work done in

this thesis, the following algorithms are used:

2.5.1 Particle swarm optimization algorithm

The PSO principle, relies on a population of particles forming a swarm. Each
particle in the swarm flies into the search zone to find the best solution (optimum)
for landing, such that the group of flying particles represents changing solutions and
the search zone the set of possible solutions. Each particle is defined by its position

and flight speed (velocity), which changes throughout the iterations (generation)
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thanks to its flight experience (its personal best solution) and that of its swarm
(its swarm’s best solution).The particle swarm continues its search until it reaches
a promising zone that will enable it to reach the global optimum, which will be the
solution to an optimization problem.

The PSO steps can be summarized as follows:

e Step 0: Population size (N,), particles number (N, ), number of optimization

steps (), bounds of particles position (X;, ., X;, ..) and stopping criteria are

min ?
defined.Set the optimization step s=1 , and initialize randomly the position

and velocity of each particle i, which are represented by X; and V;, respectively.

e Step 1: For each particle, evaluate the cost function (f) and determine the

initial global best (gpes;) and initial personal best (ppest)-

e Step 2: Update the pyess and gpes; according to the following conditions:

o If f(Xi(s+1)) < f(Prest i(5)),set  Prest (s +1) = X;(s+1) (2.4)

o If f(Xi(s+1)) < f(gbest ), Stghest = Xi(s+ 1) (2.5)

e Step 3: update the velocity and position of each particle using the following

equations:

o Vi(s+ 1) = c171 [Prest i(s) — Xi(s)] + wVi(s) (2.6)

o Xi(s +1) = Xi(s) + Vi(s) (2.7)

where w is the inertia weight, ¢; and ¢y are acceleration coefficients, 1 and r

are random numbers between 0 and 1.

e Step 4: Continue iterating through steps 1-3 until the stopping condition is

met or the number of optimization steps is attained.

2.5.2 Teaching learning based optimization algorithm

Teaching learning based optimization algorithm is a metaheuristic algorithm inspired
by the teaching and learning process that takes place in a classroom [66]. This
algorithm is based on the principle of finding a global solution from a population

of solutions. The population considered being a set of students and teachers, and
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the search process takes place in two stages: the instructor phase and the student

phase. In the first phase, students learn from their teacher, while in the second,

learners learn through self-interaction. For the TLBO algorithm, the fitness value

of the optimization problem is considered as the learners’ result, the variables of the

cost function represent the subjects taught, and the best solution is defined as the

teacher. The following steps describe the process of the TLBO algorithm:

1.

Ahead the TLBO algorithm runs, the initialization step is necessary to set
the following parameters: The size of the population (N,), the number of
Xi

where (i = 1,2,..., N,), the maximum number of iterations (N;). The initial

maw)

variables to be optimized (N,), the bounds of each variables (X;

min?

solution X}k with (k = 1,2,..., N,), is generated according to the equation
(2.8) defined below:

X; =rand(0,1) (X0 — Xipw ) + Xipw i =1,2,...,N,, k=12 N,

(2.8)

max min min ?

. Use the cost function to evaluate the TLBO population and select the elements

with the best results to be the instructor X}  for each optimized variable,
with k =1,2,..., N,.

. Calculate the average score M, ; for each optimized variables according to

equation (2.9).

Np  xrj
b=1 Xib
N Y

p

M, ;= i=1,2,...,N,, j=1,2,..., N, (2.9)

. Determine the distance ka among the average score of the students and the

teacher for each optimized variable, using equation (2.10).

Dl =r;(X] —TiM;),i=1,2,...,N,,j=12,....N,, k=12,...,N,
(2.10)

where 7; is a random number € [01] , and Ty = round(1l + rand(0,1)).

. Update the previous solutions according to equation (2.11).

Xj

npw; k

:ka+ka,i:1,2,...,Nv,j:1,2,,,_,NS, k=1,2,...,N,
(2.11)
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6. To retain the best solution, use greedy selection between the recently updated
Xj

. ) ;
newiy solution and the previous one (X7,).

7. Select randomly a pair of solution (X,) and (Xj3), and calculate their cost
functions F, and Fjs.

8. Use the equations (2.12) and (2.13) to update the solutions for each pair.

Xnewl, = XI +r; (XL, - X)) it FI < F] |i=1,2,....N,,j=12,...,N,
(2.12)

Xnew Jy = X/ +r; (X} — X0)) if Fj < FJi=1,2,...,N,,j=12,... N,
(2.13)

9. Evaluate the cost function for each improved solution. Only accept the im-

proved solution.

10. Verify if the limit of the stop criteria is reached and keep the best solution if
it is yes or go back to the step (3) if it is not.

2.5.3 Driving training based optimization algorithm

Driving training based optimization is a recent metaheuristic algorithm, inspired
by the human activities of driver training in driving schools [68]. It is based on a
population of learners and instructors that are considered as candidate solutions.
They are updated throughout the optimization process until the best solution is
obtained, which ensures the best value of the cost function.

This search process can be modeled into three phases: phasel, also known as
the training by the driving instructor phase, is used to select the instructors who
will teach the learners-drivers how drive. Phase 2 is referred to as learner driver
patterning from instructor skills phase, during which the student drivers replicate
the instructor’s gestures and maneuvers. Phase3, which is the personal practice
phase, is designed to enhance each learner driver’s progress and improve his driving
skills through individual practice. To implement the DTBO algorithm we need to

follow the following phases:

1. Initialization phase:

e Define the initial population as candidate solutions to the optimization
problem modelled using a matrix called population matrix given by

equation (2.14).
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X1 Tir 0 X1y o TN,
X = X; = Ty v Ty et TN, (2‘14)
X x‘ o .. ‘T . o .. I‘
L Ne 1 Npan, L Nl N NpNo- ] N «Nv

e Initialize randomly the position of the initial population using equation
(2.15).

Tij = Xminj + T (Xmaxj - Xminj) (215)

where X is the population of DTBO, X; is the ¢th candidate solution,
x(i,7) is the value of the jth variable determined by the ith candidate
solution, [V, is the size of the DTBO population, N, is the number of
optimization problem variables, r = random(0,1), Ty and T,,; are

the lower and upper bounds of the jth variable, respectively.

e Use equation (2.16) to evaluate the cost function of each candidate

solution for each variables.

Fy F(Xy)
2 R e

p

where F' is the vector of cost functions and F; is the value of the cost

function provided by the candidate solution.

e Chose the member that has the best value for the cost function as the
best solution (Xjpes).

e End initialization phase.

2. Training phase(P;):
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e Determine the driving instructor matrix DI using equation (2.17).

[ DI, ] [ DI, -~ DI --- DLy, |
DI = DI, = DI,y DI;; Dl;n,
L Dy, 1 Np N, B DIy -+ DInpgy --- Dilngn, 1 Np N,
1=1,2,... Ny, j=1,2,...,N,
(2.17)

where DI; is the driving instructor,D1;; is the jth dimension,and Np; =
0.1N, — (1 — z/N;) is the number of driving instructors, and z is the

current iteration.
e Randomly select the driving instructors from the matrix DI.

e Calculate the new position for each member using equation (2.18), and

update it according to the equation (2.19).

J}Pl _ T j + 7. (D[ki,j - [-xi,j) ) FDI’% < F]
" zj+r. (z;; — DIy, ;), Otherwise (2.18)

i=1,2,...,N,j=12..., N,

xrt FP' < F;
XZ—{ i i (2.19)

] X i Otherwise

where X/ is the new computed status for the ith candidate solution
based on the first phase of DTBO, xf jl is its jth dimension, Ff! is its
cost function value, I is a random number from [1,2] )k; is a random
number from [1, Np;|, DIis a randomly selected driving instructor to
train the ¢th member, DI}, ; is its jth dimension, and Fpy,, is its cost

function value.

e End training phase.

3. Learner driver patterning from instructor skills phase (P;):

e Calculate the Patterning index (P) according to equation (2.20).

Z
P:O.01+O.9(1—F), z=1,2,...,Ng (2.20)
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e Generate the new position based on the linear combination of each
member with the instructor using equation (2.21)and update it according
to equation (2.22).

x)? =P -3+ (1—P).DI, i=1,2,...,N,,j=1,2,...,N, (2.21)

0]

(2.22)

X2 FP?2 < F,
Xi _ 1) [ 7
X; Otherwise

where X7? is the new computed status for the ith candidate solution
based on the second phase of DTBO, x}? is its jth dimension, F;"? is its

cost function value.

e End learner driver patterning from instructor skills phase.
4. Individual practice phase (P;):
e Randomly generate a new position near each learner driver using equa-

tion (2.23) and update it according to equation (2.24), if it improve the

cost function values.

P3 <
;P =2+ (1—-2r)-R- (1——) T
s N, (2.23)
i=1,2,...,N,7=12,...,Ny,z=1,2,...,N;
xrs FI3 < F,
X; = b " (2.24)
X; Otherwise

where R = 0.5, X/ is the new computed status for the ith candidate
solution based on the third phase of DTBO, a:f J?’ is its jth dimension,

FI3 is its cost function value.

e End individual practice.

5. Updated the best solution (Xpes) in accordance with the best cost function

value.

6. This process is continued until the maximum iteration number is attained.

32



Chapter 2. Fundamentals of Metaheuristic Optimization Algorithms

2.6 Applications of metaheuristic algorithms

Metaheuristic algorithms have shown themselves to be beneficial tools for resolving

complex optimization problems in various domains, such as:

e Engineering [124]: Where they are employed to solve complex optimization
problems where traditional methods are inefficient. They help in areas such
as structural design, scheduling, resource allocation, and control systems by
finding near-optimal solutions in large, nonlinear, and multi-objective search
spaces. They are used in manufacturing optimization, supply chain opti-
mization, energy system optimization, process optimization, and structural

optimization.

e Healthcare [125]: Where the metaheuristic algorithms are used to patient
scheduling, resource allocation, treatment planning, medical image analysis,

drug development, disease diagnosis, and medical equipment design.

e Computer science [125]: In this field, metaheuristic algorithms are applied
to networks, machine learning, computer vision, optimization problems, and

natural language processing.

2.7 Conclusion

In conclusion, this chapter provided a comprehensive overview of metaheuristic
algorithm classification, with a particular focus on population-based metaheuristic
optimization algorithms. It outlined their underlying principles and concepts, and
detailed the operational steps of particle swarm optimization, teaching—learning-
based optimization, and driving training—based optimization—three key algorithms
employed in this thesis. Additionally, the chapter highlighted various application

areas where population-based metaheuristics demonstrate significant potential.
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Chapter 3

Neural Network Model and
Metaheuristic Optimization based

Predictive Control

3.1 Introduction

In this chapter, the principles of neural network model-based constrained predic-
tive control using the metaheuristic optimization approach are introduced. Subse-
quently, the design steps of the developed control algorithms using PSO, TLBO, and
DTBO algorithms are outlined.The results of applying these algorithms to control
various nonlinear systems with different complexity are presented and discussed. A
comparative study is conducted to demonstrate the effectiveness of the proposed

control algorithms in terms of accuracy and computational efficiency.

3.2 Neural network model-based predictive control

using metaheuristic optimization approach

Consider the system described by equation (3.1), as follows:

w(k+1) = f(x(k), u(k), v(k))
y(k) = g(x(k), u(k))

where z, u, and y are the system state, input, and output vectors, respectively.v

(3.1)

is the disturbance, and f and g are nonlinear functions. The Neural Network Model
Predictive Control (NNMPC) based on metaheuristic approach is an advanced con-

trol technique that requires two essential steps:

e The first step consists of modeling the dynamics of the system to be controlled
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using a neural network. The most commonly used model structure is given
by:

(3.2)
where n, and n, denote the number of past control inputs and outputs,

respectively. fyn represents the neural network mathematical function.

The obtained model is used to predict the system outputs.

e The second step consists of determining the control to be applied to the system

by solving the optimization problem given by :

min J (Au(k), §(k), y-(F))

N2
=3 [+ ) =k 3R b+ D) =k /D) g
j=N1 '
Ny
+3 [Au(k+j— DRAu(k +j — 1)]
j=1
Subject to:
Ymin <g(k+j><ymax7j:Nl>-"aN2 (34)
Umin < Wk +J) < Umax, 7 =0,..., Ny — 1 (3.5)
Atpin < Au(k 4+ J) < Atpax, 7 = O, ..., Ny — 1 (3.6)
Au(k+j—1)=0 Forj> N, (3.7)

where Au(k) = u(k) —u(k — 1) is the control increment, g(k + j/k) is the pre-
dicted value of the system outputs, y, is the desired reference trajectory,I';(y)
is the output-dependent weight function, and R is a positive definite matrix.
In the minimization problem defined above the input and output constraints

are taken into consideration, and they are handled as follows:

e The input constraints given by equations (3.5), and (3.6) are handled by

limiting the search space of the selected metaheuristic optimization algorithm.
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e The output constraints are handled using the penalty approach, based on the
addition of slack variables to the cost function, to penalize any violation of

constraints [126]. The penalty function I',(y) is given by equation (3.8).

Fyl (yl) 0 0
L=| . 77 (3.8)
0 0 Ly (yn)
where
(O) lf yjmin S y] S yjmax

FZ/J
Ly (y;) = - (3.9)

yJ(O) []‘ + ij] lf y] 2 yjmax or y] S yjmin
with C}, is employed to define the penalization degree, j = 1,2, ...,n where n

is the number of system outputs and y(k) = [y1(k), y2(k), . .., yn(k)]".

3.3 Neural network model predictive control using
the TLBO algorithm: Applied to speed control
of PMSM

3.3.1 PMSM dynamic modeling

The state model for the Permanent Magnet Synchronous Motor(PMSM) in the two-
phase (d, q) reference frame is given by equation (3.10) [127]:

i‘l = (i) [Ud — Rsfl]l + Lq.l’gl'g]
jj2 = <L> [uq - Rsl’g — delxg — Pf&lg] (310)
. zZ
T3 = <7p> [Te - Zipﬂf?, - Tl]
where the state variables 2, xo and x5 are the stator currents iq4, 7,, and angular
speed (w), respectively. The control inputs u, and u, are the stator voltages. R
is the stator resistance, Z, is the pole number, J is the inertia moment, Lq and L,
are the stator inductances, Py is the flux linkage due to the permanent magnet, f
is the viscous friction coefficient,and 7 is the load torque. T is the electromagnetic
torque, given by equation (3.11).
3

T. = <§> Z, [Pras + (La — Ly) 2129) (3.11)

The PMSM parameters employed in this work are listed in table 3.1 [127].
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Table 3.1 — PMSM parameters.

Parameters Values  Parameters Values
Stator resistance( €2 ) 2.98 Stator inductance L,(H) 0.007
Poles number 2 Linkage flux ( Wy, ) 0.125
Inertia moment(kg.m?)  0.00004 Viscous coefficient 0.00011

Stator inductance Ly(H) 0.007

3.3.2 Control strategy

In order to validate the proposed control strategy named Enhanced Neural Net-
work Model Predictive Control based on TLBO algorithm (ENNMPC-TLBO), the
speed control of the PMSM in the two-phase reference frame (d, q) is chosen as an
application. The stator voltages are chosen as the control inputs vector given by:
(u(k;) = [ud,uq]T), the output to be controlled is chosen as the angular speed of
the PMSM represented by:(w(k)), the reference trajectory is represented by:(r(k)),
and the predicted angular speed of the PMSM is given by: (w(k)). The control
block diagram of the ENNMPC-TLBO applied to angular speed control of PMSM
is illustrated in figure 3.1.

/ ENNMPC-TLBO \

Constraints

ug(k)

rE+1),..., ¢+ N2)

ug(k)
Cost function  |ua(k +[D, |- - ug(k+ Nu—1)

w(k+1),...|w(k+ N2

ug(k+[1), |- t1g(k+ Nu—1)

A

Neural
Network

)

Model >

<

\_ <

Figure 3.1 — Control block diagram of the ENNMPC-TLBO applied to the speed control
of the PMSM.

The PMSM angular speed is predicted over a prediction horizon using the ob-
tained model of the system under study. At each sampling time (k) an optimal
sequence of the control input is obtained by online optimizing the cost function
given by equation (3.12). To reduce the computational load a weighting factor is
introduced into the cost function equation (3.12). This weighting factor is given by

equation (3.13).
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min J(Au(k), §(k), r(k))

No . T .
- J;l Q; (y <k + %) e j)) r, (y <k + %) —r(k +j)) (312)
Ny,
+ ) [Au"(k+j - )RAu(k + j — 1)]
where:
1
Q=500 = L2 o (3.13)

3.3.2.1 PMSM neural network modeling

Due to its simplicity and accuracy, a feed forward neural network is used to model the
PMSM dynamic. The configuration of the used neural network model is described

as follows:

e Aninput layer containing six inputs: control inputs (uq(k), ug(k—1), uq(k), ug(k—
1)) and system outputs (y(k),y(k —1)).

e One hidden layer containing seven neurons with hyperbolic tangent sigmoid

activation functions.

e An output layer composed of a one neuron with linear activation function.

For every operational regime of the system, two sets of data are produced using
the state model of the PMSM provided by equation (3.10). The first set is used
to train the neural network while the second one is used for the test purpose of
the trained neural network. Figure 3.2 shows the test results of the neural network

model:
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Figure 3.2 — Test results of the trained neural network model.

The modeling error shown in figure 3.2 is relatively low and the peak values
are due to the hard change of the PMSM angular speed. The obtained values of
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and the correlation
coefficient (R?) are 17.756(rpm), 9.131(rpm), and 0.996, respectively. These values

confirm the good accuracy of the designed model.

3.3.2.2 Control algorithm

The main steps used to design the proposed control algorithm can be summarized

as follows:

1. Phase 1: In this phase, the parameters of the ENNMPC-TLBO, the initial

solutions and the reference trajectory are defined:
e Set Xijk, (t=1,...,N,) as the control inputs at the sampling time k.
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e Generate the initial solution according to equation (2.8).

e Define the desired reference trajectory from k& + Ny to k + N».

2. Phase 2: It’s an optimization loop phase containing the following steps:

e Determine the predicted values of the system output (PMSM angular

speed) utilizing the obtained neural network prediction model.
e Evaluate the cost function for the initial solution using equation (3.12).

e Calculate the average score , and the distance (ka) utilizing equations
(2.9) and (2.10), respectively.

e Update the previous solutions and calculate the (X]ij) using equation
(2.11).

e Calculate the future values of the system output using the new solutions

(X Jsz ,.) and the neural network prediction model.

e Evaluate the cost function for the new solutions using equation (3.12)

and take as the best element as the new solution.

e Select randomly a pair of solutions (X ) and (Xfﬁ) to interact, and

calculate the corresponding cost function values F? and F é

e Use equations(2.12) and (2.13) to update the new founded solutions

e (Calculate the future values of the system output using the neural network

prediction model.

e Evaluate the corresponding values of the cost function of the new solu-

tions using equation (3.12).
e Determine the best solution.

e Keep the best solution if the stop criteria is met or the number of the

maximum iteration (7,4 ) is reached.

3. Phase 3 : Apply to the system, the first element of (X7 ), which is the

tkbest

input control value .Return to phase 2 for the next sampling time.
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3.3.3 Simulation results

Control performance of the proposed ENNMPC-TLBO is evaluated and compared to
the Neural Network Model Predictive Control based on TLBO algorithm (NNMPC-
TLBO) under the same parameters of the TLBO algorithm and the NNMPC, which
are given in table 3.2, and table 3.3, respectively. The obtained simulation results
are shown in figure 3.3, where the desired reference trajectory moves from 0 to 300 to
800 rpm. To evaluate the efficiency of the proposed controller in terms of computing
time, and tracking accuracy, the Mean Absolute Error (MSE), the RMSE, the MAE,

and the computing time are calculated and are given in table 3.4.

Table 3.2 — TLBO parameters

Parameters Values Parameters Values
N, 10 N, 10
N, 2

Table 3.3 — NNMPC parameters

Parameters Values Parameters Values
Ny 1 N, 2

Ny 4 Ugmax (V) 28.87
Sampling time (s) 0.02 Udmin (V) -50
Udmax (V) 50 Ug min (V) -28.87

Table 3.4 — MAE, MSE, RMSE and computing time values of the ENNMPC-TLBO AND
NNMPC-TLBO

NNMPC-TLBO ENNMPC-TLBO

MAE (rpm) 17.7972 16.6411
MSE (rpm) 3080 2055

RMSE (rpm) 63.0865 45.3325
Computing time (ms) 19.4303 12.8592

As shown in figure 3.3, a good tracking accuracy of the reference trajectory is
achieved for both controllers. On the other hand, after the analysis of the MSE,
RMSE, MAE, and computing time values, gathered in table 3.4, we can say that
the proposed controller is faster and more efficient than the NNMPC-TLBO.As
a result, the ENNMPC-TLBO strategy gives good computational efficiency, and
tracking accuracy, making it suitable for controlling nonlinear constrained systems

with fast dynamics.
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Figure 3.3 — Control results of the PMSM using ENNMPC-TLBO and NNMPC-TLBO
controllers/ a) Speed response of the PMSM using multistep reference trajectory/ b)
Error between reference trajectory and actual angular speed/ c¢) Electromagnetic torque

response,/ d) Input control signal ug4 /e) Input control signal u,.
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3.4 DTBO-based neural network model predictive

control: Applied to electric vehicle

3.4.1 Mathematical modeling of EV system

Several electric vehicle models have been proposed in the literature. The model

used in this study [1], consists of a brushed DC motor, battery, velocity controller,

mechanical transmission (gears) and tires, as shown in figure 3.4.
Controller

DC brushed
Motor

Gears Battery

Figure 3.4 — EV block Diagram.

All the parameters used to derive the mathematical model of the EV are defined

in table 3.5.

The equations representing the electrical circuit of the motor, the dynamics of

the motor shaft, the dynamics of the load and the relationship between the angular

velocity of the motor and the forward velocity of the vehicle are defined as follows [1]:

e FElectrical circuit motor equations:

»
w="L, 2 LR i+ kuw,

dt
& Zlm, ko
dt ~ Lp L. ™ L,
e Dynamics equations for the motor shaft:
dw,, .
JmW = kit — Wby — b (wy, — wy) — k (0, — 61)
dw, k. (bn+0) k b k
— = — = —— Wy, — — O+ — —0
T P S MG T A I
o _,
a "
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Table 3.5 — EV system modeling Nomenclature.

Parameters Definition

Jp The inertia of a vehicle

Im The inertia of a motor

k Constant for rotor connection

k, Back EMF constant

ky Torque constant

L, Motor inductance

R, Motor resistance

S Linear vehicle displacement

b Springs for connection rotor damping
by Vehicle damping

1 The motor-to-tire-meter gearing ratio

Rise time

Wheel rotational velocity

Rotational motor velocity

State vector

Displacement during wheel rotation

Displacement during motor rotation

Time constant.

The rated voltage

tS

Wi

wm

T

I6; Weight factor
01

9m

p

U

v

Electrical vehicle velocity

e Load dynamics equations:

d
Jl%:b(wm—w1)+k(9m—01)—b1w1
dw1

Jlgzbwm%-k@m—(b—i‘bl)wl—k@l
dw, b 2 (b+by) k
M %, e — _ Dy
a o Um Tt A

o, _

da

(3.19)
(3.20)
(3.21)

(3.22)

e The relationship between the motor angular velocity and the vehicle driving

velocity is given by equations (3.23)-(3.25).

dU+
T— + U = 1wy,
dt !
v
rn =—
wq
ds
— =
dt

(3.23)

(3.24)

(3.25)
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The combination of the equations (3.14)-(3.25) gives the dynamical model
representing the electric vehicle system given by equation (3.26) and (3.27).

(
. _ _Bm _ ks 1
Ty = mel meQ + Lmu
.k (bm+b) k b k
Ty = Jodn = g W = gty gera o+ G
T3 = To
1 kg (bFb) ok
Ty = T2+ 03 T T4 T %5 (3.26)
Ty = T4
o Tl 1
Te = —Tq4 — 7 Tg
Ty = Tg

[ Y= T6

where:
T

3.4.2 Implementation of the control algorithm

The DTBO algorithm is used to solve the constrained optimization problem given
by equation (3.3). The proposed control approach is evaluated by controlling the
electric vehicle velocity, where the vehicle motor voltage is considered as the control
input, and the vehicle velocity as the output to be regulated to the desired velocity.
The application of the proposed controller named DTBO-based Constrained Neural
Network Model Predictive Control (CNNMPC-DTBO) for EV velocity control is
illustrated by the block diagram shown in figure 3.5.

/ CNNMPC-DTBO \
Y

rk+1),..),r(k+ N2) ‘f' Y u(k) Motor)— Controller

Ld

, y(k)
i(k+1),.. |,k N2) (SOCOSRERORSS . )y Ly v - 1) T >

Ld

- :
Gears Battery

S
Neural
Network

\ Model ~

Figure 3.5 — Block diagram of the CNNMPC-DTBO applied to control EV system.

A A A

3.4.2.1 Neural network modeling of the EV system

To carry out the first stage in the implementation of the CNNMPC-DTBO algo-

rithm, a feedforward neural network having the following structure is used to model
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the electric vehicle system:

e An input layer containing four neurons and having the following input vector:

[u(k = 1), u(k), v(k = 1), v(k)]

e A single hidden layer containing seven neurons with sigmoid activation func-

tion.

e An output layer with a single neuron and linear activation function represent-

ing the predicted electrical vehicle velocity.

Two sets of data are produced using the parameters given in table 3.6 and the
EV dynamical model given in equation (3.26).The first set is used to train the neural
network while the second one is used to test the trained neural network. Figure 3.6

shows the simulation test results of the trained neural network model.

Table 3.6 — EV and DC brushed motor parameters [1].

Parameters Values Parameters Values

R, 0.1(22) by le—5

Ly, 0.01 (H) U 36 (V)

ky 65e — 5 ( V.sec/rad) J; 1000. J,, (Kg. m?)
Ky 0.1 (Nm/A) by le — 3( N.m/(rad/s))
I le-4 (Kg.m?) k le2( N/m)

1 0.005 (m/rad) b 0.1 (N.m/(rad/s))

T 2 (s)

As shown in figure 3.6 the modeling error is small and the obtained values of R?
MAE, MSE, and RMSE are 0.999999, 0.001044, 0.000004, and0.002005, respectively.

These values demonstrate the good accuracy of the developed model.
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Figure 3.6 — Test results of the trained neural network model.

3.4.2.2 Control algorithm

The design steps of the proposed CNNMPC-DTBO algorithmare given below.

e Stage 1:

— Initialize the CNNMPC-DTBO parameters which are (Ny, Ny, N,,, N, Ny
) N’ua Xmim andeaa:)-

— Define the reference trajectory of the EV velocity over the interval [Ny, N].
Let us take the control input that represents the motor voltage in the EV
system, as x;;, where i = [1,2,...,N], and j = [1,2,..., N,]. Initialize

z; ; according to equation (2.15)
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— Use the EV neural network model to predict the future values of the

system output.
— Evaluate the cost function value according to the equation (3.3).
— Select the initial best solution Xpes.
— Set sampling time k = 1.

e Stage 2:

— Use equation (2.18) to determine the new population position xf jl.

— Utilize 2] to calculate the future values of the system output.

— Evaluate the cost function value corresponding to ;.
— Utilize equation (2.19) to update =}

— Use equation (2.20) to define the patterning index (P).

P2

— Generate the new population position z; 7 using equation (2.21).

— Utilize x]7 to calculate the future values of the system output.

— Evaluate the cost function value corresponding to the z?.

— Use equation (2.22) to update z7.

P3

— Generate a new population position for the third phase z; 7 using equa-

tion (2.23).
— Use xf ]3 to calculate the future values of the system output.
— Compute the cost function value corresponding to the xf ]3
— Use equation (2.24) to update z[?.
e Stage 3:
— Update the best founded solution Xp.;.

— Check whether the number of iterations has been reached, keep the best
solution X, if this is the case and go on to stage 4, if not go on to stage
2.

e Stage 4:

— Apply the obtained control value (the first element of Xj.s) on the

system.

— For the next sampling time (k = k + 1), return to stage 2.
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3.4.3 Simulation results

The CNNMPC-DTBO algorithm is applied to control the EV velocity with multistep
reference, and the obtained results are compared to those of the (Neural Network
Model Predictive Control based on PSO algorithm: NNMPC-PSO) using the pa-
rameters gathered in table 3.7.The simulation results of these two techniques are
illustrated in figures 3.7 and 3.8. The obtained values of MAE, MSE, RMSE and

computing time of these two control techniques are gathered in table 3.8.

Table 3.7 — CNNMPC-DTBO parameters.

Parameters Values Parameters Values
Ny 1 N, 2
Ny 4 Sampling time (s) 0.2
Ximin (V) 30 Ximax (V) -30
N, 10 N, 10
N, 1
— 30 T (A) T T T T
=z Reference
g NNMPC-PSO
220 CNNMPC-DTBO 4
2
e
> 10 [~ V 7
[Ra]
(&)
2, - . . . . .
0 5 10 15 20 25 30 35 40 45
Time(s)
10 3B _
—————— NNMPC-PSO-err
CNNMPC-DTBO-err
=
- “
0
0 5 10 15 20 25 30 35 40 45
Time(s)
40 T (C) T T T T

— NNMPC-PSO
CNNMPC-DTBO

20

-20

_40 1 1 1 1 1
0 5 10 15 20 25 30 35 40 45

Time(s)

Figure 3.7 — Results of EV control velocity using CNNMPC-TLBO and NNMPC-PSO
/A) Velocity response of the EV using multistep references/ B) Error between the reference
and actual velocity/ C) Input control signal (Motor voltage).
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The EV distance covered by the change in the EV reference velocity
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Figure 3.8 — The EV distance covered by the change in the EV reference velocity.

Table 3.8 — Computing time, MAE, MSE, and RMSE values of the CNNMPC-DTBO
and NNMPC-PSO.

NNMPC-PSO CNNMPC-DTBO

MAE (m)5) 0.3770 0.2521
MSE (m/s) 2.4220 1.6085
RMSE (m/s) 1.5560 1.2682
Computing time (ms) 4.1915 3.8809

Due to the outcomes showed in figures 3.8 and 3.9, and the values gathered in
table 3.8, we can conclude that the proposed algorithm is more efficient than the
NNMPC-PSO algorithm in terms of MAE and computing time. Therefore, it can
be concluded that the CNNMPC-DTBO outperforms the NNMPC-PSO in terms of

accuracy, efficiency, and real-time application.
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3.5 Improved neural network model predictive con-
trol based on DTBO algorithm: Applied to ma-

nipulator robot

3.5.1 Mathematical modelling and description of a two-degree-

of-freedom manipulator robot

The Two Degree Of Freedom (2-DOF) manipulator robot used in this study is
illustrated by figure 3.9.

F 3

Y

Figure 3.9 — 2-DOF arm robot.

The input variables of this arm robot are the torques of joints 73 and 7. The
output variables are the angular positions ¢; and ¢, corresponding to joint 1 and
2, respectively. The mathematical model of the system under study is obtained by
applying Lagrange’s equation, and it is represented by equations (3.28) [128].

[ My Mo ] [ CI1 Vi _ [ Ty ] (3.28)
My Msy a2 Va T2

F
Fy

Gy

+
G

+ +
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Where:

My =1L + I +myri + (mg +myp) B4 my + (2maliry + 2mplily) cos (q2) +mpl;

M12 = _[2 + mgrg + (m2l17‘2 + lellg) COS (QQ) + leg

M21 = M12

M22 = .[2 + mng + leg

Vi = — (malyira +mplils) (241 + G2) G2 sin (¢2)

Vo = (malyry + mplily) ¢ sin (¢o)

Fi = ¢
Fy = p2go

G1 = (myry + maly +myly) gcos (q1) + (mare + mpls) g cos (q1 + ¢2)

Gy = (mge +my) gracos (q1 + ¢2)

This mathematical model of the 2-DOF arm robot is obtained using the nomencla-

ture presented in table 3.9.

Table 3.9 — The nomenclature of 2-DOF arm robot.

Parameters

Definition

mi2

Mass of link 1 and 2 of the robot.

l2

Length of each link of the robot.

T12

Length to center of mass of each link.

Load mass.

Inertia of each link.

Gravity vector

Friction coefficients.

Gravitational acceleration.

Mass and inertia matrix.

Centrifugal and Coriolis matrix

Friction vector.

The physical parameter values of the system described above are gathered in the

table 3.10 [128].

3.5.2 Implementation of the proposed control strategy

For the NNMPC-DTBO controller, the predicted outputs of the system to be con-

trolled are computed along a prediction horizon, so that for each sampling time (%),

an optimal sequence of control input vector is obtained by on-line optimization of

the cost function given by equation (3.3).

To validate the proposed control strategy named Improved Neural Network

Model Predictive Control based on DTBO algorithm (INNMPC-DTBO), the control
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Table 3.10 — Physical parameters of the 2-DOF arm robot.

Parameters Values Parameters Values

mi 0.3029243 kg my 0.2 kg

My 0.0944039 kg I, 0.00114111 m? kg
Iy 0.2032 m I 0.00202470 m? kg
Iy 0.1524 m I3 0.141231 N m

1 0.104648 m o 0.353078 N m

o 0.081788 m g 9.81 m/s?

of the 2-DOF manipulator arm’s angular positions is considered. The joint torques
71 and 7y are the control inputs vector, and the angular positions ¢; and ¢ of joints
1 and 2, respectively, are the outputs to be controlled. The control block diagram
of the INNMPC-DTBO algorithm is illustrated in figure 3.10.

/ INNMPC-DTBO \

al
refy e+ 1)y, refi (e+Ny) >
refalbt).orefolf+N) » [ 7+, N
> CUNEN
» TQGH-I} A ,ij?{: +Nu—‘l) >
it ) ¢
a s (_
Ck‘l']‘)v-.sqi(k 'NZ) N.Nmodehilg <

Figure 3.10 — Control block diagram of 2-DOF arm robot.

3.5.2.1 Neural network model of the 2-DOF arm robot

Since the robot manipulator has two outputs: the angular position at joints 1 and 2,
two separate neural networks are used, one to predict each output with a sampling
time T, = 10ms. Both neural networks have the same configuration: an input
layer containing eight neurons, one hidden layer containing twenty neurons with a
sigmoid activation function, and an output layer with one linear neuron. The output
of each neural network is the predicted angular position at each joint ¢;(k + 1) and
Go(k + 1), respectively. The input vector of each neural network is structured as
follows: [r(k), 71(k — 1), 72(k), 72(k — 1), 1 (k), 1 (k — 1), q2(k), ga(k — 1)]

The training and test datasets are generated by solving equation (3.28) for

random inputs within the operating range of the system.
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Figure 3.11 — Test results of the neural network model of anglel and angle2.

The test results of the trained models are displayed in figure 3.11, where it is

shown that the modeling error is quite small for the two neural network models.

For the two separate neural networks, the corresponding RMSE and R? values
are 0.00097279801, 0.99999982890, 0.00074415828, and 0.99999968739, respectively.

The derived models show good accuracy, as affirmed by the close proximity of R?

values to one and RMSE values to zero.

3.5.2.2 Control algorithm

The INNMPC-DTBO approach’s phases are listed below.

1. Set the values of the INNMPC-DTBO parameters(Ny, Na, Ny, Ny, Ng, Ny, Xpnin,
and X,,0z)-

2. Determine the reference trajectories of the angular positions (g, o) for the

interval [Ny, Ny]. Let us take the torques of joints 1 and 2 of the robot
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

manipulator as the control inputs, which are represented by z;; with j =
[1,2,...,N,], : = [1,2,..., N,]. Initialize x;; using equation (2.15).

. Use the robot manipulator neural network models to predict the future values

of the system outputs.

. Use equation (3.12), to determine the cost function value of z; ;.

. Determine the initial best solution Xp.s.

Set sampling time k£ = 1.

P1

. Use equation (2.18) to calculate the new population position z; | and update

irj
it using equation (2.19).

. Utilize ]} to predict the future values of outputs ¢, (k + 1) and ga(k + 1).

. Determine the cost function value that corresponds to xf jl.

Use equation (2.19) to update z} .

Define the patterning index P using equation (2.20), and use it to compute

]2 according to equation (2.21).

Use z[7 to predict the outputs ¢i(k 4 1) andga(k + 1).
Determine the value of the cost function that corresponds to xf ]2

Use equation (2.22) to update ;7.

P3

Generate the population position ;7 using equation (2.23).

Use xf 33 to calculate the predicted outputs of the system.

P3
(VN

Determine the value of the cost function that corresponds to x
Update x}? using equation (2.24).
Update the value of Xp.q.

Verify if the maximum number of iterations has been reached. If so, continue

to step 21 and retain the X.; if not, return to step 7.

Apply to the system the first elements of the Xj.s , which are the optimal

control inputs.

For the next sampling time (k = k + 1), return to step 7.
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3.5.3 Simulation results

The control performance of the proposed INNMPC-DTBO is evaluated through a
comparative study with TLBO-based NNMPC, PSO-optimized PID, and DTBO-
based NNMPC. Using INNMPC-DTBO parameters gathered in table 3.11. The

simulation study focuses on controlling the 2-DOF arm robot angular positions to

track given reference trajectories. Figures 3.12 and 3.13 show the obtained simu-

lation results. In order to evaluate the suggested controller concerning computing
effectiveness and tracking precision, the MSE, RMSE, MAE, and the computational

duration required to derive the control signals values, are computed and presented

in table 3.12 for the four controllers.

Table 3.11 — INNMPC-DTBO parameters.

Parameters Values Parameters Values
Ny 1 N, 2

N, 4 Sampling time (s) 0.01
Ximax ((h) 15 Ximin (91) -15
Ximax (QQ) 7 Ximin (Q2) -7

N, 8 Ny 8

N, 2

Table 3.12 — MAE, MSE, RMSE and computing time values of PID-PSO, NNMPC-
TLBO, NNMPC-DTBO and INNMPC-DTBO.

PID NNMPC NNMPC INNMPC

-PSO  -TLBO -DTBO -DTBO
MAE 0.0862 0.0276 0.0284 0.0250
MSE 0.0698 0.0130 0.0126 0.0124
RMSE 0.3647 0.1608 0.1584 0.1571
Computing time (ms) 5.1906 4.9777 4.5107 1.8086
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Figure 3.12 — Control performance of the robot with multi-step trajectories (angular

position of jointl).
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Figure 3.13 — Control performance of the robot with multi-step trajectories (angular

position of joint2).

From the results illustrated by table 3.12, figures 3.12 and 3.13, we can say that
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every controller give a good tracking accuracy of the reference trajectories. Nonethe-
less, the suggested controller’s tracking error and computation time are somewhat
lower than those of the other controllers. The proposed INNMPC-DTBO strategy
gives good computational efficiency, and tracking accuracy, making it suitable for

controlling nonlinear constrained systems with fast dynamics.

3.6 Conclusion

In this chapter, the principle of predictive control using neural network model and
metaheuristic optimization approach, and three corresponding control were intro-
duced. The first, enhanced the cost function of the TLBO-NNMPC, demonstrated
superior accuracy and fast computation in PMSM motor speed control compared to
conventional TLBO-NNMPC. The second, utilizing a DTBO optimization approach,
proved highly effective in electric vehicle speed control, outperforming PSO-based
NNMPC in both precision and computation time. The third, an improved version
of the NNMPC based DTBO with a refined cost function, was applied to position
control of a 2-DOF manipulator robot, showing better performance than the other

controllers such as PSO-optimized PID, TLBO and DTBO-based NNMPC.
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Chapter 4

Neural Network Predictive Control
Design Using Lyapunov Function

and Metaheuristic Optimization

4.1 Introduction

In this chapter, we introduce a new technique to control constrained nonlinear
systems, named Lyapunov-based neural network model predictive control using
metaheuristic optimization approach. This controller utilizes a feedforward neu-
ral network model as a prediction model and employs the driving training-based
optimization algorithm to resolve the related constrained optimization problem.
The proposed controller relies on the simplicity and accuracy of the feedforward
neural network model and the convergence speed of the driving training-based
optimization algorithm. The closed-loop stability of the developed controller is
ensured by including the Lyapunov function as a constraint. The efficiency of the
suggested controller is illustrated by controlling the angular speed of the three-
phase squirrel cage induction motor. The obtained results are contrasted to those of
other methods, specifically the fuzzy logic controller optimized by teaching learning-
based optimization algorithm, the optimized PID with particle swarm optimization
algorithm, the neural network model predictive controller based on particle swarm
optimization algorithm, and the neural network model predictive controller using

driving training based optimization algorithm.
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4.2 Controller design

4.2.1 Principle

Lyapunov -based Model Predictive Control (LMPC) is a control approach integrat-
ing Lyapunov function as constraint in the optimization problem of MPC [129, 130]
. This technique characterizes the region of the closed-loop stability, which makes it
possible to define the operating conditions that maintain the system stability. Since
its appearance, the LMPC method has been extensively utilized for controlling a
various nonlinear systems, such as electrical systems [131| and wind power generation
systems [130]. The proposed method includes Lyapunov -based constraint in the
optimization problem of the neural network model predictive control, and uses the
DTBO algorithm to compute the input control. This method is named Lyapunov-
based Neural Network Model Predictive Control using DTBO algorithm (LNNMPC-
DTBO).The corresponding minimization problem is given by equation (4.1), as

follows:

min, o J (Au(k), 5(k), v (k)
= S |k +5) = 9 (k47 /)Ty ek 5) =9k + /R (41)

+ 300 (AT (k+ j — D RAu(k + 5 — 1)]

Subject to:
Ymin < Yk + ) < Ymax, J = N1, ..., No (4.2)
Umin < Wk 4+ J) < Umax, 7 =0, ..., N, — 1 (4.3)
Atpmin < Au(k + 7) < Aupay, 7 =0, ..., N, — 1 (4.4)
Au(k+7—1)=0 Forj> N, (4.5)

ov

R, k), k) < S Frlk - Dk - Do(k - 1) (16

where u(k) is the actual input control, I'y(y) is the output-dependent weight func-

tion, and V represents the continuous differentiable Lyapunov function.
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4.2.2 Control algorithm

Considering wx; ; as the control inputs, with j = [1,2,...,N,], i« = [1,2,...,N,]| and
N, is the control inputs number, the implementation steps of the LNNMPC-DTBO

control algorithm are given as follows:

Algorithm 3 Pseudo code of the LNNMPC-DTBO algorithm

10:
11:
12:
13:
14:

15:

16:
17:
18:
19:
20:

21:
22:
23:

24:

25:
26:
27:
28:

29:
30:
31:
32:

STEP 1: Initialization.
Set the MPC and DTBO parameters (N1, No, Ny, Ny, Ng, Ny, Xonin, Ximaz)-
Initialize the position of the population x; ; using equation (2.15).
Set sampling time k = 1.
STEP 2: Evaluation of solutions.
Calculate the predicted outputs of the system using the neural network model.
Set a desired reference trajectory along k + Ny to k + Ns.
Evaluate the cost function for z; ; using equation (4.1).
Select the best solution X, that corresponds to the best value of the cost
function.
STEP 3: Optimization loop.
for z =1 to N, do
for:=1to N, do
for j =1to N, do
Generate the new position :L‘f’ ;for the DTBO population using equation
(2.18).
Calculate the predicted outputs of the system by utilizing the neural
network model and 7 i
Compute the cost function value for the new position xﬁ i
Use equation (2.19) to update xfi
Calculate the patterning index according to the equation (2.20).
Compute the new position x; ? using equation (2.21).
Calculate the system predicted outputs using the neural network model
and x; 3
Compute the new value of the cost function for the new position 7 ?
Update xf? using equation (2.22).
Generate the new position of the DTBO population 7 ? with equation
(2.23).
Calculate the system predicted outputs using the neural network model
and 7} ?j’
Update z7 ? using equation (2.24).
end for
end for
Update the best solution X, after evaluationg the cost function of the best
DTBO members.
end for
STEP 4:
Apply the best solution X to the system, which is the optimal control inputs.
Set k = k + 1 and go back to the point 5 for the next sampling time.
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4.3 Stability analysis

This section uses the stability analysis given in [130] and performed in continuous
time, to prove the proposed controller’s closed-loop stability. Knowing that the
optimization criterion of the proposed controller, defined in equation (4.1), can be

written in continuous time as follows:

win [ ) = 9T ) — g+ [ (Bl RGA(r)ar

173 tg

(4.7)
Subject to:

Ymin < Q(t) < Ymax t S tk + N (48)

Umin < U(t) < Umax, t < tp + Ny, (4.9)

Atpin < Au(t) < Atpax, t < tp + Ny (4.10)

Au(t)=0 Fort> N, (4.11)

WM 0 1) () 0 00)) < D 0 ) 1) o ) (022

where h(z(tx)) is the previous input control, u(ty) is the actual input control, N = N,
is the prediction horizon, t € [ty, tg11] with ¢, = kT and Ty is the sampling time.

Assumption 1: Assuming that at the nominal operating point, the asymptotic
stability of the closed-loop system is assured; all state constraints are satisfied in the
stability region with respect to the existing feedback control input u = h(z) € U
for all z € X., where U and X, are the spaces where the control u and the state
are defined, respectively. Therefore, the inequalities bellow, given by equations
(4.13)-(4.15) are valid for the inverse Lyapunov theorem-based nominal closed-loop
system [132,133].

ar(|z]) < V(r) < ay(|z|) (4.13)

agf) F@ h(z),v) < —as(|z]) (4.14)
oV (x)

‘ e < ay(]z|) (4.15)

where a;—1 934 are the r-functions [134].
Let S as the region where the controlled system is stable under the input law

u = h(z) and S,the Lyapunov-based stability zone given by S, := {z € X, : V(z) <
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~} with v is a constant.
Lemma: The inequalities bellow, given by equations (4.16)-(4.18) are hold if
there exist positive constants C, L,, L,, L, and , L,, such that the constraints are

satisfied for all x and wu.

|f(x,u,v)—f(q_:,u,27)| SLxlx_f|+Lv|U—7§| (416)
Ggix)f(m,u,v) _ 3;?)]?(5,%17) < Ly|w — 7| + LyJv — 9 (4.18)

where Z = z(t;) and v = v(ty).

Proof: The equations (4.16) to (4.18) can be easily deduced by using the
Lipschitz property of the function f and the continuous differentiability of the
Lyapunov function V(x), that’s why the details are omitted, and the proof is
considered complete.

Assumption2: assuming that the following scalar exists and is defined by the

equation (4.19), as follows:

Omin = max{V (x(t+Ts)) : V (x(t) <)} (4.19)

where 0 is a constant and d,,,, is the maximum value of V (x(t+T5)) at the next
sampling time when V' (z(t)) is less than the constant 4.

Theorem: For the closed-loop system given in equation (3.1) and controlled
by solving the minimization problem given by equations (4.7)- (4.12), if it exists
x(tg) € Ss,e > 0and § > 0, > Owhere € is a constant, the inequality given by
equation (4.20) can be hold assuming that the equations (4.13) to (4.15) are satisfied.

— a3 (a51(6 9)) + LeCTy + Lyp < —% (4.20)

where for all ¢t > ty there exists (0 > 0, > 0) guaranteeing the maintaining of
states x(t) in the stability region and ¢ is the upper limit of disturbance variation
over a sampling period.
Proof: The time-derivative of the Lyapunov function can be computed using
equation (4.21), taking into account the closed-loop system at time ¢ € [ty, tx 1]
: OV (x(t))
V() = P fla(e), u), o) (1.21)
The following inequality can be extended from equation (4.21) based on the

constraint (4.12) as follows:
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V) < 28D s ugey, o) - L 1) ) 0 00)
oV (& (1)) ' (4.22)
+ Tf (z (tr)  h (2 (try) v (t))

Using equation (4.1), equation (4.22) can be written as follows:

< IV (x (ty))

Via(t) < S

@) h(@ (), v (te)+Le |2(t) — @ (te)[+Lo [v(t) — v ()]
(4.23)
The equation (4.24) below can be written according to equation (4.22) and during

a sampling period where z(t) is continuous:

|z (t) — x (tp)| < CTs (4.24)
It is deduced from equation (4.14) that:

WD 1 (0 b (100) 0 (1)) < et (05 (5) (4.25)

Replacing equations (4.24) and (4.25) in equation (4.23), the equation (4.26)

bellow can be deduced:
Vit < —as (a3 (55)) + LoCT, + Lop (4.26)

If equation (4.20) is fulfilled, then there is an € > 0 such that the subsequent
inequality given by equation (4.27) hold.

V(z(t) < —— (4.27)

The function V' (z(t)) continues to decrease at t € [tx, tx+1], as demonstrated by

the previous inequality. From equation (4.27) we can write:

V() = V (x (tk+1))Ts— V (x (t)) < ;_8 (4.28)

Which result to the following inequality.

V(@ (tes1) < V (2 (1) — (4.29)

Therefore, if x(tx) € Ssthen at time ¢ > ¢, all states of z(¢) remain in the stable
area Ss5. Furthermore, over a finite number of sampling times, the states z(t) will

progressively converge to S5 . and remain in this stable area for all future periods.

min
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4.4 Simulation study

Several simulations are carried out to demonstrate the efficiency of the proposed
LNNMPC-DTBO controller, using as an application a highly nonlinear system: the
squirrel cage induction motor. A comparison study between the suggested controller
and the NNMPC-DTBO, NNMPC-PSO, FLC-TLBO, and PID-PSO is conducted.

4.4.1 Squirrel cage induction motor description

The squirrel cage induction motor is one of the three-phase induction motors cur-
rently used in industry in various applications, such as pumps, conveyors, and
turbines. This type of motor represents an excellent application for scientific research
thanks to the number of nonlinearities it contains. The state model of this type of

motors is given by equation (4.30), as follows [135]:

(
s w R Xl
iy = wy (Uas + Jewo + 5= | 52403 +

. _ w R Xl Xl
Ty = Wp qu_w_le—f_X:S Xm Ty + Xm —1 o)

ir 18
L (we—wy) R X X
T3 — Wy Udr + ew—br$4 + X_; X’;ll’l + XT;Z —1 T3 (430)
L (we—wr) Ry [ X Xoni
Tqg = Wy UqT — I3 + X,'T,« XZ T2 + XT;» — 1)y

\ Y = Wy

where the state vector z = [Fdqustrqu]T are the stator and rotor flux linkages
in the reference frame dq axis. The dq axis stator voltages are the control inputs
[UasUys) and Uy = U, = 0 are the rotor dg axis voltages. The motor’s angular
electrical base frequency is given by w, = 27 f,, w. is the angular speed of the
reference frame, and w, is the angular speed of the rotor. X,,;, X;, X;., X,, and w,

are given by equations (4.31)-(4.35), respectively.

X, = (4.31)
‘Xlls + ‘Xl’ir + ﬁ

Xis - wais (432)

Xir - wair <433>

X = Wi Lun (4.34)
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iy = (%) (T, - T) (4.35)

where T, is the electrical output torque, 7T, is the load torque, L;, is the stator
phase inductance , L;. is the rotor phase inductance and L,, is the mutual induc-
tance.

The electrical parameters of the considered squirrel cage induction motor are
given in Table 4.1 [135]:

Table 4.1 — Induction motor parameters.

Parameters Value
Stator phase inductance ( L;s ) 0.2le — 3H
Rotor phase inductance ( L;. ) 0.6e-3H
Mutual inductance ( L,y ) 4e-3H
Rotor phase resistance ( Rs )  0.19€2
Stator phase resistance ( R, )  0.399

Poles number ( P ) 2
Inertia moment (J) 0.0226kgm”
Base frequency ( fp ) 100 Hz

4.4.2 Neural network modeling of the squirrel cage induction

motor

The model of the induction motor given in equation (4.30) is approximated using
four feedforward neural network with a similar structure: an input layer containing 6
neurons, one hidden layer containing 15 neurons with a sigmoid activation function,
and an output layer with one neuron and having a linear activation function. The
input vector for each neural network is given by [Ugs(k), Uys(k — 1), Uys(k), Fi(k —
1), F;y(k)] where i = {ds,qs,dr,qr} . The outputs are Fds,ﬁqs,ﬁ’dr and qu, that
represent the dq stator and rotor fluxes, respectively. A dataset is generated using
random inputs and the state model given in equation (4.1). The test results of the
obtained neural network models are shown in figure 4.1 and the prediction errors

are shown in figure 4.2.
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Figure 4.1 — Estimated and mesured fluxes: (a) Flux ds (continuous line) and NN model
output (dashed line), (b) Zoom of (a), (¢) Flux gs (continuous line) and NN model output
(dashed line), (d) Zoom of (c), (e) Flux dr (continuous line) and NN model output (dashed
line), (f) Zoom of (e)., (g) Flux qr (continuous line) and NN model output (dashed line),

(h) Zoom of (g).
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The data of table 4.2 shows that the obtained models are quite accurate.

Table 4.2 — Metrics of the NNs prediction models.

Neural Network Metrics  Fyq Fys Fy, F,,
MAE 3.1710  3.1625  3.2703 3.6247
MSE 37.7623 18.3092 3.2703 33.3081
RMSE 6.1451  4.2789  6.7616 5.7713
R? 0.9996  0.9998  0.9995 0.9995

4.4.3 Control implementation

The proposed LNNMPC-DTBO is illustrated by the block diagram of figure 4.3

,given below.

LNNMPC-DTBO

f=h 4

Lf

: Folk
Induction gs (k)
motor Fa(k)
(dq) o

v

y'r(k g 1)»;- . syr(k F N2) Uds(k)

i _ Ugs(k+ 1),..., Ugg(k+ Nu

: Constrained

1 . 15
- MPC Ll
y(k+1),:,--,y{k+N2) > Ugs(k+1),...,Upgs(k + N

i 5 Y Y

- Fys(k+ 1)

| o

| Predicted Fys(k+1)

speed By (k+1) NN model

. - VERL LA S

: | calculation ™ 4 .\

. -

Figure 4.3 — Block diagram of induction motor speed control.

Several simulations are carried out to demonstrate the efficiency of the proposed

LNNMPC-DTBO controller, using as application a highly nonlinear system: the

squirrel cage induction motor. A comparison study between the suggested controller

and the NNMPC-DTBO, NNMPC-PSO, FLC-TLBO and PID-PSO is conducted.
Two simulation cases are performed using the obtained neural network models

and the parameters of the NNMPC, PSO, and DTBO presented in tables 4.3 to 4.5,

respectively.

In the first case, no overshoot constraint is considered, and the multistep refer-

ence trajectory is used to evaluate the control performance of the proposed controller.
The results are compared to those obtained from PID-PSO, FLC-TLBO, NNMPC-
PSO, and NNMPC-DTBO, as shown in figure 4.4. The values of the MAE, MSE,
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Table 4.3 — NNMPC parameters.

Parameters Values Parameters Values
Ny 1 N, 1
N, 4 R de — 4
Sampling time (s) 0.01 Upin (V) -326
Upax(V) 326
Table 4.4 — PSO parameters.

Parameters Values Parameters Values

C1 2 w 1

Co 2 Wy 0.99

N, 10

Table 4.5 — DTBO parameters.

Parameters Values Parameters Values

N, 10 N, 2

N, 10

and RMSE are given in table 4.6. These values demonstrate that the proposed
controller (LNNMPC-DTBO) gives the best tracking accuracy.The values that are

bolded represent the best values.
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Figure 4.4 — Performance of induction motor speed control with multi-step trajectory,
without constraint: (a) Reference trajectory and actual angular speed, (b) Error between
reference trajectory and actual angular speed.
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Table 4.6 — MAE, MSE, RMSE values without constraint.

MAE MSE RMSE
LNNMPC-DTBO 6.2805  4.3214e + 03 65.7375
NNMPC-DTBO  8.0086  4.4242e 4+ 03 66.5149
NNMPC-PSO 12.9689 4.4818e + 03 66.9462
FLC-TLBO 57.7139  2.3954e + 04 154.7719
PID-PSO 53.3979  2.4424e + 04 156.2831

In the second case, a 1% overshoot constraint is imposed for both multi-step and

sinusoidal reference trajectories.

The obtained results for the second case, using multistep and sinusoidal reference

trajectories are presented in figures 4.5 and 4.8, respectively, and the control efforts

signals are given in figures 4.7 and 4.9.
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Figure 4.5 — Performance of induction motor speed control with multi-step trajectory,
and overshoot constraint: (a) Reference trajectory and actual angular speed, (b) Error
between reference trajectory and actual angular speed.
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Figure 4.6 — Electomagnatic torque generated using NNMPC-DTBO algorithm .
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Figure 4.7 — Control effort in the case of multi-step trajectory, with overshoot constraint:
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Figure 4.8 — Performance of induction motor speed control with sinusoidal trajectory
and overshoot constraint: (a) Reference trajectory and actual angular speed, (b) Error
between reference trajectory and actual angular speed.
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Figure 4.9 — Control efforts in the case of sinusoidal trajectory and overshoot constraint:
(a) Control effort Uds, (b) Control effort Ugs.

To evaluate the efficiency of the proposed controller, the values of the MAE,
MSE, RMSE, and computing time are calculated and are given in table 4.7 for the
multistep and sinusoidal reference trajectories. From The values that are bolded,
which represent the best values, it can be concluded that the LNNMPC- DTBO gives

the best tracking accuracy with minimal computing time and without overshoot.

Table 4.7 — MAE, MSE, RMSE values with overshoot constraint.

Trajectory Metric LNNMPCDTBO NNMPCDTBO NNMPCPSO

MAE 8.1908 9.7505 11.7835
Multistep MSE 4.6128e + 03 4.6858e + 03 4.9124e + 03
trajectory RMSE 67.9176 68.4532 70.0886
Time (ms) 1.334174 1.985236 2.1657730
MAE 4.3815 5.8203 6.3724
Sinusoidal ~MSE 35.1412 74.8054 115.6211
trajectory RMSE 5.9280 8.6490 10.7527
Time (ms) 1.148899 1.333881 2.809656
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4.4.3.1 Effect of external disturbances and measurement noise

In order to show the LNNMPC-DTBO controller’s proficiency to reject external
disturbances and compensate for measurement noise, several simulation cases are
envisaged.

In the first case, a measurement noise having an amplitude of 10 (rpm), a mean
value of 0.4955, and a variance of 0.0854 is added to the system output throughout

the simulation as shown in figures 4.10 and 4.11.
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Figure 4.10 — Performance of the induction motor speed control with measurement noise
and multistep trajectory: (a) Reference trajectory and actual angular speed, (b) Error
between reference trajectory and actual angular speed.
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Figure 4.11 — Performance of the induction motor speed control with measurement noise
and sinusoidal trajectory, (a) Reference trajectory and actual angular speed, (b) Error
between reference trajectory and actual angular speed.
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For the second case, two different disturbance types are used with the multistep
and sinusoidal reference trajectories, respectively. The results are gathered in table
4.8. A pulse of —25% of the input is added to the control input during the interval
[1.5s,2.5s] as shown in figures 4.12 and 4.13. An output disturbance with an am-
plitude of +30% of the output is added during the interval [1.5s,2.5s] as illustrated
by figures 4.14 and 4.15.

Table 4.8 — RMAE, MSE, and MAE values for different disturbances and noise.

References Disturbances RMSE MSE MAE

Multistep trajectory -25% input disturbance  68.3632 4.6735e + 03 9.0594

+30%output disturbance 69.5875 4.8424e + 03 8.3371

Measurement noise 65.4385 4.2822¢ + 03 16.4817
Sinusoidal trajectory -25% input disturbance — 6.8910  47.4861 4.8273

+30%output disturbance 13.1040 171.7138 6.8056

Measurement noise 18.4433 340.1548 15.7536
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Figure 4.12 — Performance of the induction motor speed control with input disturbance
and multistep trajectory: (a) Reference trajectory and actual angular speed, (b) Error
between reference trajectory and actual angular speed.
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Figure 4.13 — Performance of the induction motor speed control with input disturbance
and sinusoidal trajectory: (a) Reference trajectory and actual angular speed, (b) Error
between reference trajectory and actual angular speed.

(a)

1500 T T T T
Reference
= N LNNMPC-DTBO
£
E 1000 \r k
o
o i
o
B
w
e
i 500 |- .
=
Eao
0 1 | 1 1 | 1 |
0 0.5 1 1.5 2 25 3 3.5 4
b
1500 T T T { T : T
LNNMPC-DTBO-err
1000 —
=
E
£ soof- -
o
[=]
: A
= (1]
f
-500 | | | | 1 | 1
0 0.5 1. 1.5 2 2.5 3 3.5 4
time (s)

Figure 4.14 — Performance of the induction motor speed control with output disturbance
and multistep trajectory: (a) Reference trajectory and actual angular speed, (b) Error
between reference trajectory and actual angular speed.
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Figure 4.15 — Performance of the induction motor speed control with output disturbance
and sinusoidal trajectory: (a) Reference trajectory and actual angular speed, (b) Error
between reference trajectory and actual angular speed.

In the third case, different perturbations are applied by changing the values of
the load torque 7, as follows: T, = ONm, T, = 5Nm, T, = 10Nm, and T, = 25Nm

as illustrated in table 4.9. The system’s response is illustrated in figures 4.16 and

4.17 with multistep and sinusoidal reference trajectories, respectively.

Table 4.9 — RMSE, MSE, and MAE values for different load torques.

References Load torques RMSE MSE MAE

Multistep trajectory T, = ONm 67.3731 4.5391e 4+ 03 7.6975
T, =5Nm 68.2399 4.6567e + 03 7.6946
T.=10Nm  66.4552 4.4163e+ 03 7.2174
T.=25Nm 69.6708 4.8540e + 03 8.0448

Sinusoidal trajectory T, = ONm 6.4061  41.0384 4.6520
T, =5Nm 5.4623  29.8365 3.9243
T, = 10Nm 5.8357  34.0556 4.1151
T.=25Nm 6.1909 38.3274 4.3836
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Figure 4.16 — Performance of the induction motor speed control with load torque Tr =
25Nm and multistep trajectory: (a) Reference trajectory and actual angular speed, (b)
Error between reference trajectory and actual angular speed.
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Figure 4.17 — Performance of the induction motor speed control with load torque Tr =
25Nm and sinusoidal trajectory, (a) Reference trajectory and actual angular speed, (b)
Error between reference trajectory and actual angular speed.
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After applying various disturbances to the induction motor with multistep and
sinusoidal desired reference trajectories, and based on the results gathered in tables
4.8 and 4.9, the proposed controller demonstrates its robustness with respect to

disturbance rejection and less sensitivity to noise measurement.

4.5 Conclusion

In this work, a new control method called Lyapunov-based neural network model
predictive control using metaheuristic optimization approach was suggested. The
efficiency of this approach is due to the use of neural network models on the one
hand, known for their simplicity and ability to model complex and highly nonlinear
systems, and the use of the DTBO optimization algorithm, known for its fast
convergence, to optimize the cost function of predictive controller, on the other
hand. The stability of the proposed technique was mathematically proved, and the
carried out simulations demonstrated that the proposed controller can successfully
manage the imposed constraints during the optimization process and offers good
results in terms of robustness, accuracy and computation time than the other
considered controller. Considering the obtained results, it can be concluded that
the LNNMPC-DTBO can be used to control highly nonlinear, multivariable, and

constrained systems with fast dynamics.
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The main purpose of this thesis was to improve the performance of the neural
network model predictive control by developing new simple and efficient NNMPC
control algorithms based on the use of metaheuristic optimization techniques. In
this thesis, four algorithms were designed to improve the performance of the NN-
MPC control approach, such as the tracking accuracy, and computational efforts.
The effectiveness of these algorithms was validated by their implementation, using
Intel(R) core (TM) i7-8665U CPU on a wide range of nonlinear systems, including
both single-input, single-output, and multi-input, multi-output systems.

The first controller named improved NNMPC approach based on the TLBO
algorithm proposed a modification at the level of the cost function of the NNMPC.
It was applied for the speed control of a PMSM motor. The simulation results of this
controller proved its efficiency in terms of computation time and accuracy compared
to the results provided by the neural network predictive controller based on the
TLBO algorithm. The second control algorithm named DTBO-based constrained
NNMPC algorithm proposed uses a DTBO metaheuristic algorithm as a novel
optimization approach. The effectiveness of this control algorithm was approved by
its application to the speed control of an electric vehicle, the obtained results of this
technique have demonstrated more efficiency in terms of accuracy and computation
time compared to those obtained by the NNMPC based on the PSO approach. The
third algorithm called improved NNMPC based on DTBO approach, proposed an
enhancement of the second proposed algorithm by modifying its cost function. This
algorithm was applied to the position control of a 2-DOF manipulator robot, and the
obtained results were compared to those of the PID optimized by the PSO-controller
and the neural network model predictive controllers based on the TLBO and DTBO
approaches.

The fourth control algorithm suggested a neural network predictive control design
using Lyapunov function and metaheuristic optimization. This algorithm integrates
a Lyapunov function as constraint in the cost function of the NNMPC and uses a
DTBO algorithm as an optimization approach. The efficiency of this approach
is due to the use of neural network models on the one hand, known for their

simplicity and ability to model complex and highly nonlinear systems, and the use
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of the DTBO optimization algorithm, known for its fast convergence, on the other
hand. The stability of the proposed technique was mathematically proved. The
obtained simulations results of the proposed technique applied to control the speed of
induction motor demonstrated that the proposed controller can successfully manage
the imposed constraints during the optimization process and offers better results in
terms of robustness, accuracy and computation time than the others controller such
as optimized PID by PSO algorithm, fuzzy logic controller using TLBO algorithm,
NNMPC based on PSO and DTBO algorithms. Considering the obtained results, it
can be concluded that the proposed control algorithm can be used to control highly
nonlinear, multivariable, and constrained systems with fast dynamics.

There are several possible extensions of this current work; some of the perspec-

tives that can be backed up are as follows:

e Implementing the proposed control approaches on specialized hardware such
as FPGAs and Raspberry Pi to achieve high computational efficiency. This is

crucial for deploying these controllers in resource-constrained environments.

e Development of a new techniques to apply the NNMPC in experimental con-
figurations with reduced computation time and improved robustness by in-
troducing a new neural network modelling approaches such as Long Short-
Term Memory (LSTM) and a new optimization algorithms like multi-objective

optimization and reinforcement learning-based algorithms.

e Combining the proposed control approaches with other techniques such as

Active disturbances rejection, in order to improve their robustness.
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