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Abstract

This thesis explores the robustification of bio-inspired control methods, focusing on two
key contributions: the artificial immune feedback control system and neural networks.
The primary goal is to enhance their robustness against uncertainties and disturbances,
ultimately improving their performance in real-world applications, using well-known ro-
bust control theory techniques.

The robustification of the artificial immune feedback control system is achieved in the first
contribution through the utilization of Hoo synthesis, embodied in a structured Hoo PID
controller. The second contribution employs the linear quadratic regulator (LQR) state
feedback control law to enhance the robustness of the artificial immune feedback control
system. It is demonstrated that this approach enhances its robustness and adaptability,
making it more suitable for dynamic and uncertain environments. The third contribution
concerns the robustification of a backpropagation neural network-based PID by modify-
ing its structure with a filter.

Throughout the thesis, theoretical frameworks and practical implementations are pre-
sented to demonstrate the effectiveness of the proposed robustification techniques. Sim-
ulation results showcase the improved performance, stability, and adaptability of the bio-
inspired control systems in both artificial immune feedback control and neural networks.

Key words: Robust control, bio-inspired algorithms, optimization.
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Résumé

Cette these explore la robustification des méthodes de commande bio-inspirées, en se con-
centrant sur deux contributions clés : le systtme de commande a rétroaction immunitaire
artificielle et les réseaux neuronaux. L’ objectif principal est d’améliorer leur robustesse
face aux incertitudes et aux perturbations, améliorant ainsi leurs performances dans les
applications du monde réel, en utilisant des techniques bien connues de théorie de com-
mande robuste.

La robustification du systeme de commande a rétroaction immunitaire artificielle est réal-
isée dans la premiere contribution grace a I’utilisation de la syntheése Hoeo, incarnée dans
un controleur PID Heo structuré. La deuxieme contribution utilise la loi de commande
a retour d’état du régulateur quadratique linéaire (LQR) pour améliorer la robustesse du
systtme de commande a rétroaction immunitaire artificielle. Il est démontré que cette
approche améliore sa robustesse et son adaptabilité, la rendant ainsi plus adaptée aux
environnements dynamiques et incertains. La troisieme contribution concerne la robus-
tification d’un PID basé sur un réseau neuronal a propagation arriere en modifiant sa
structure avec un filtre.

Tout au long de la these, des bases théoriques et des mises en ceuvre pratiques sont présen-
tés pour démontrer I’efficacité des techniques de robustification proposées. Les résultats
de simulation mettent en avant les performances améliorées, la stabilité et 1’adaptabilité
des systemes de commande bio-inspirés a la fois dans la commande a rétroaction immu-
nitaire artificielle et les réseaux neuronaux.

Mots clés : Commande robuste, algorithmes bio-inspirés, optimisation.
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Introduction

The field of control systems has witnessed remarkable developments in the recent years,
particularly in the realm of bio inspired control which draw inspiration from the adaptabil-
ity and resilience found in the biological systems, these control strategies could promote
the control challenge of complex and dynamic systems using the bio-inspired control al-
gorithms offering promising solutions for diverse engineering applications[1]]. However,
in practical applications, control systems often encounter uncertainties, disturbances, and
external factors that can affect their performance and stability. Robustness, the ability of
a control system to maintain its desired performance in the face of such challenges, is of
paramount importance[2]].

The primary objective of this thesis is to delve into the realm of bio-inspired control
methods, encompassing the following developed techniques, starting with the artificial
immune systems which represents a computational model inspired by the functioning of
the human immune system such the pattern recognition, memory and response behavior,
the artificial immune system uses several mechanisms like clonal selection, negative se-
lection, optimize control parameters, this lead the improvement of control performance
and robustness in different domains including robotics, industrial automation and process
control [3,4]. Neural networks, which replicate the way the neurons in our brain works,
have found widespread interest in controlling systems as it was employed successfully
in many applications such as: the approximation of complex nonlinear function which
relate the system input with its output, another application of neural network can be seen
in adaptive control, it can adjust continuously the control parameters based on real time
feedback, this is particularly helpful in situations where the system’s dynamic change over
time, in this case the neural network can adapt to these changes and optimize the suitable
control action, furthermore, the neural network can be used in fault detection and diag-

nosis, predictive control, using the reinforcement learning an advanced machine learning

xi
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paradigm[5, |6]. Particle swarm optimization (PSO) is a methaheuristic optimization al-
gorithm that is inspired by the social behavior of birds flocking or fish schooling, it was
applied in wide range of discreet and continues optimization problems[7]]. Furthermore,
it’s worth siting the genetic algorithms (GA), which represent an optimization algorithm
inspired by the process of natural selection and evolution, they are used to find solution
of complex optimization problems|[8].

This research endeavors to refine and enhance the effectiveness of these bio-inspired con-
trol techniques, particularly in the face of uncertainties, disturbances, and variable oper-
ating conditions. In the course of our research, we have achieved promising results that
highlight the potential of these robustified bio-inspired control methods that are not only
inspired by nature but also capable of overcoming the challenges encountered in practical,
real-world systems, in order to revolutionize the field of control systems. The following

thesis is organized into several chapters as follow:

Chapter 1: Robust Control System: This chapter provides an essential foundation by
exploring the fundamentals of robust control systems particularly, the H co synthesis and
the linear quadratic optimal control. It discusses the necessity for robust control in today’s

dynamic and uncertain environments, introducing the concept of robustness.

Chapter 2: Bio-Inspired Control: Bio-inspired control, is the subject of this chapter. It
delves into the principles of the artificial immune feedback control and the neural network,

emphasizing the mechanisms and inspirations drawn from the natural systems.

Chapter 3: H oo based PID Immune Feedback Controller Design: This chapter focuses
on the application of an alternative to the H co control theory known by the structured H
oo control to enhance the robustness of the artificial immune feedback mechanism. It ex-
plores the integration of H oo control methods with bio-inspired principles. A comparative
study between the PID immune feedback controller and the structured H co PID immune
controller is achieved in order to control a magnetic levitated system, with the exhibition

and the discussion of the results found.

Chapter 4: LQR based Fuzzy Immune PID Controller: Chapter 4 delves into the com-
bination of Linear Quadratic Regulator (LQR) and immune feedback control to design a
new robust LQR based fuzzy immune PID controller. This hybrid approach leverages the
strengths of LQR and fuzzy immune feedback control techniques to create a controller

that exhibits robustness in front of the network disturbances comparing its results with
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those found using the classical PID controller and the fuzzy immune PID controller.

Chapter 5: Neural Network PID Controller: In this chapter, we explore the utilization
of neural networks for the design of PID controllers. The integration of artificial neural
networks into control systems provides adaptability and learning capabilities, which can
enhance the robustness of control methods. Our main contribution lies in using a filtered
PI controller, where the neural network learning will be according to this new structure. To
validate this approach, the standard PID controller was robustly synthesized, besides the
neural network PID controller, these three controllers are used separately for the control
of a system with infinite static gain and a pole at the origin, the simulation results are
presented and discussed focusing on the performance robustness test.

The objective of this thesis is to contribute to the advancement of control systems by
robustifying bio-inspired control techniques. By investigating and developing these in-
novative methodologies, we aim to create control systems that mimic nature’s adaptabil-
ity while withstanding the challenges posed by real-world applications. The subsequent
chapters will provide in-depth insights into each aspect of this research, ultimately bring-
ing us closer to achieving more resilient and adaptive control solutions for a wide range

of engineering applications.

0.1 Contribution

The contributions of this thesis were the subject of the following works:

e Banharkou, I., Gherbi, S., Mehennaoui, L. A robust LQR-based fuzzy-immune PID
applied for a greenhouse temperature networked control. European Journal of Elec-
trical Engineering, Vol. 24, No. 3, pp. 133-138. (2022).
https://doi.org/10.18280/ejee.240302

e Benharkou, I., Gherbi, S., Sedraoui, M. et al. A robust proportional filtered integral
controller based on backpropagation neural network. Int. J. Transactions of the
Institute of Measurement and Control, pp. 1-11. (2024).
https://journals.sagepub.com/doi/abs/10.1177/01423312241266011 #tab-contributors.

e Ibtihal Banharkou, Sofiane Gherbi and Lamine Mehennaoui, Robust H oo Arti-
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ficial Immune Feedback Controller, ICTAEE’18: Third International Conference
On Technological Advances in Electrical Engineering, Skikda, Algeria, November

13-15, 2018.

e Ibtihal Banharkou, Sofiane Gherbi, Lamine Mehennaoui and Moussa Sedraoui, A
New Robust Structured H co PID With A Weighting Function Inspired From the
Immune Feedback Mechanism, ICTAEE23: Fourth International Conference On
Technological Advances in Electrical Engineering, Skikda, Algeria, May 23-24,
2023.
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Chapter 1

Robust Control System

1.1 Introduction

Classical feedback control systems have encountered limitations in recent years, primarily
due to their inability to guarantee optimal performance in the presence of perturbations
and uncertainties, particularly in poorly modeled systems. Indeed, it is worth noting that
no mathematical model can precisely represent a physical system due to various factors.
The precise measurement of system parameters can be challenging, and modeling non-
linearities is often a difficult task, which frequently results in their neglect. Consequently,
this process yields a simplified and practical system that lacks certain characteristics and
dynamics inherent in the actual system, referred to as plant uncertainty.

Robust control is a control theory technique that addresses the issue of uncertainty in
control systems. It aims to design controllers that can perform satisfactorily in the pres-
ence of uncertainties, such as parameter variations, disturbances, and noise [[18]. There

are two main types of robustness [[19]:

1. Stability robustness: Ensures the system’s stability in the presence of uncertain-
ties. A system is said to be robustly stable if it remains stable for all plants in the

uncertainty set.

2. Performance robustness: Minimizes performance degradation under uncertain con-
ditions. A system is said to have good performance O robustness if its performance

specifications are met for all plants in the uncertainty set.

some of well known robust control methods are LQG/LQR, Hoo [20]]



2 Chapter 1. Robust Control System

In control engineering, there is also a need to minimize a performance criterion, which
leads to the development of optimization concepts. The optimal control problem can
be described as the task of finding a control signal that not only satisfies to physical
constraints, but also maximizes (or minimizes) a specified performance criterion. [21].
The following chapter gives an overview of the robust control theory, and especially the

Hoo synthesis.

1.2 Plant uncertainty description

The mathematical model is designed for a physical plant complex and subtle, that’s eval-
uated on how closely its response matches the one of the real plant. The discrepancy
between the real system and the modeled one is called uncertainty, whatever the repre-
sentation of uncertainty refers to the mechanism used to describe errors [[10].

The controlled system is bounded by several uncertainties that can be divided in two
classes: disturbance signal and perturbations in the model dynamics. Disturbances in-
clude the external stochastic inputs out of control, they can be from the signals linking the
controlled loop elements as in the output signal acquisition by sensors, noised informa-
tion by the actuator, or from the environment. Dynamic perturbations can be the result of
the changes in system’s parameters or unmodeled plant dynamics and particularly at high
frequencies, as it can be due to the linearization of the system that has the risk of losing
lot of data in the nonlinear parts [22].

These modeling uncertainties will affect with no doubt the stability and performance of
the feedback control, the reason that makes the necessity of taking them into account in

the system model design [23].

1.2.1 Non-parametric Uncertainty Non-parametric uncertainties can be oc-
curred in the aggregation of the nominal system to ease the calculations and to get rid
from the complexity of the complete model that has the risk of missing lot of informa-
tion of the modeled system. other reason of this kind of uncertainties is the parasitic in the
actuators, transmitters or sensors that are often neglected [24]. The non-parametric uncer-
tainties are modeled in one block , this block can be added or multiplied by the nominal
system in different ways and give a perturbed dynamic plant. the additive uncertainty

represents the absolute error between the nominal model and the actual dynamic, while
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the multiplicative uncertainty represents the relative error[25].

1.2.2 Parametric Uncertainty Parametric uncertainties or as they are known by
the structured uncertainties, they represent the uncertainty in the physical system param-
eters estimated from physic laws and engineering, if the model parameters are obtained
experimentally, all the disturbances that affect the system during the experiment increase
the remaining uncertainties that is shown in the system parameters by the marge of toler-
ance, for example the electrical components that have always a range of tolerance we site

the one of the standard resistor which is equal to 2 [22]].

1.3 Hoco Control Theory

The Heo problem was first introduced by its founder, Zames, at the IEEE CDC in 1976
and at the Allerton conference in 1979. It was formally posed in his paper in 1981 [26].
However, the origins of the Hoo problem date back to 1960, it was subsequently extended
based on Zames’ small gain theorem [27]. In 1989, Doyle, Glover, Khargonikar and
Francis [28] argue that the Hoo problem can be solved by the solution of two Riccati
equations. Later in 1994, Gahinet and Apkarian [29] provided a solution to the Hoo

problem by reformulating it as a linear matrix inequality (LMI).

1.3.1 Hoo Norm Performance The Hoo norm is a notation given to the peak
value of a system’s frequency response, this signifies the maximum energy gain over all
the range of frequencies. The Bode diagram, known for representing the frequency re-
sponse of a system through a combination of magnitude and phase plots, was initially
designed for SISO systems. This concept was later extended to MIMO systems, giving
rise to the singular values [30], which are a matrix decomposition playing a crucial role
in the Heo theorem. The following passage provides an overview of the singular values:

The singular values of a matrix M € R™" , noted o; the non-negative square roots of
the eigenvalues of M”M in the order oy > o> > ... > o, , represented in a diagonal
matrix £ € R™" . Moreover, the decomposition of the matrix results two unitary matrices

U e R™ and V € R™" _ such that:
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M'M=UzVT =U
0 0

>
' O] 1’4 (1.1)

Y, = diag(oy,0,,...,0,) , this represents the method, Singular Value Decomposition
(SVD) of the matrix M , one of the frequently used methods of algebra. The greatest
singular value o ,is denoted o (M) and the least singular value o, is denoted o (M) [24].
The concept of Singular Value Decomposition is applied for calculating the Hoo norm as
follow:

Consider a stable transfer function of SISO system G (s) = ZE;)) where U (s) and Y (s)

represent the input signal and the output signal in the frequency domain respectively.

The Hoo norm is defined as follow:

IG (e = Sup (7 (G (jw))) (1.2)

1.3.2 Properties of Hoo

VE,G € C"IF ()G (9l < IF (9)lllIG (9)lleo

F (s
VE,G e CP*",
G (s)

2 sup (I1F (9)lleo, |G ($)ll0)

[ee)

VF,G e CP*", \

F(s) G(s)|_ 2 (IF @l G (9]0

The Heo norm can be calculated according to an algorithm in iterative manner, by found-
ing the smallest value of y where the matrix H (y) has no eigenvalue in the imaginary
axis. The maximum value of y is approved by the following property:

G (s)ll < 7y if and only if the following Hamiltonian matrix has no eigenvalue in the

imaginary axis:
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A-BR'D'C  —yBR'BT
H, = (1.3)
yCTS-'C  —AT + CTDR'B”
With
R=D'D-yI
(1.4)
S = DDT — I

To find the Hoo of norm of a system, we can just look for the smallest value of y where

the matrix H () . the following steps give a linear method to evaluate y [30]:

1. we choose two values of v, yinr and g, with a marge of tolerance ¢ .

2. we test fory = 1/2 ()/sup + yinf) , if H, has no pole in the imaginary axis, so

Ysup =Y otherwise Yint =Y -

3. if Ysup—7Yinr > € s0 go to the step number 2, otherwise [|G (s)|l., = 1/2 (Ysup + 7inf) )

1.3.3 The Standard Hoo Control Problem The standard Hoo "sub-optimal”
control problem can be illustrated by the Linear Fractional Transformation (LFT) scheme
bellow (figurel.l).

w : represents the exogenous inputs (set points, perturbations. . . etc.)

u : is the control signal.

z : 1s the regulated output.

y : is the measured output.

P : is the augmented plant.

K : is the controller.

The state space of the P plant is the following:

X=Ax+ Byw+ Byu
Pi{z= Cix+ Dyw+ Dju (15)

y= Cyrx + Dyyw + Dyu
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Figure 1.1: the standard closed loop Linear Fractional Transformation (LFT) model

From the figure 1.1 above we can write the following presentation:

lzm _|Pie Pre lw@)} w6
(| [Pa(s) Pu||us

u(s) = Ky (s) (1.7)

2(s) = Pw(s) + PpaKy (s) (1.8)

y(s) = (s] = PnK (5))" Pyw(s) (1.9)

From the equations (1.6), (1.7) and (1.8) we can conclude the transfer matrix 7, between

the exogenous inputs and the output to be controlled z .

T.(s) = Fi(P,K) = P11 () + PiaK (8) (s = PpK (5))™' Py (1.10)

The notation F; (P, K) means linear fractional transformation.[9].
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1.3.3.1 Optimal Hoo Control Problem The optimal Heo problem is how to find an
optimal controller capable of stabilizing the given plant and minimizing the Hoo norm
of the closed loop transfer matrix 77, . It should be noted that the Hoo controller is
not exclusively designed for MIMO systems; however, its complexity has rendered it an
impractical choice in many applications. Over time, a more practical suboptimal Heo
controller has been developed, maintaining essential properties, such as lower bandwidth

[LO].

1.3.3.2 Sub-optimal Hoo Control Problem For a given vy > 0, find all controllers
guaranteed ||7,,|l, < ¥ , this characteristic will be used for finding the Hoo Controller
[10].
We can summarize the Hoo Control Problem as follow:
For the stable LFT F; (P, K)
find the controller K where ||F; (P, K)||, <7

1.3.4 Solution of the Hoo Control Problem The state space of the aug-

mented system represented in the figure 1, is taken to be in the following form:

x (1) A B B, || x(?)
z(®)|=|Ci Dy Dpp||w() (L.1D)
y (1) Co Dy Dp||u(n)

With: dim x =n,dim w=m; ,dim u =m, ,dim z=p;,dim y = p,
The following assumptions must be verified before applying the Hoo synthesis [30] [9]:
(A1) (A, B, ) is stabilizable and ( C, , A ) is detectable.

(A2) Dy, =

0
} and Dglz[o 1] .
1

>A — jwl B, |
(A3) has full column rank for all w .
C Dy |

A - jwl B
(A4) has full raw rank for all w .
&) D |

Assumption (A1) is a necessity for the existence of controllers capable to stabilize the sys-

tem. The condition given in the assumption (A2) makes of the controller transfer matrix
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proper. The assumptions (A3) and (A4) guaranteed respectively that the transfer P,_,,(P},)
and P, (P,;) have no zero in the imaginary axis.

For simple expressions, we sit these complementary conditions:

Dy =Dy=0
D12T(C1 D]z) = (O Imz)

B, 0
I,

1.3.5 Solution of the Hoo Control Problem with Riccati equation If

(1.12)
D21T =

Dy,

the assumptions above are hold, the resolution of the Hoo control problem can be solved
by Riccati equations. This method is known also by the algorithm of Glover-Doyle, it
appeared for the first time in 1980 [30].

Riccati equation is given by the following expression:

XA+ATX-XPX+0=0 (1.13)

with: P=PT and Q = QT
The solution X , will be a symmetric matrix if it exists. Where is a stable matrix that the
real part of their eigenvalues is negative, the solution is the following:

-P

A
X = Ric (1.14)
-0 -AT

For the Hoo sub-optimal control problem the theorem below must be verified.
Theorem 1: after satisfying the assumptions A1-A4, the Heo control problem has a solu-

tion, unless the five following equations are verified:

: A Yy ?Bi1B\" — B,B," . :
1. The matrix H,, = doesn’t have eigenvalues in the
-C/'C, -AT

imaginary axis.

2. It exists a symmetric matrix X, = Ric(H) > 0 that means

ATX + XA + X(y2B,BT - B,BX + CTC, = 0.
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: AT yCIC - CIG . .
3. The matrix J, = doesn’t have any eigenvalue in the
-B,B] —A
imaginary axis.

4. It exists a symmetric matrix that Y, = Ric(J») > 0, that means

AY + YAT + Y (y2CIC, - CIC, + B B]) = 0.
5. p(XeYw) < 7>

Theorem 2: after satisfying the conditions given by the theorem above the controller sta-

bilizing the system is described by the following representation:

Aw  Z.YCE
K = (1.15)
-Bl X, 0
with:
Aw=A+y2BB"X, - BB X, - Z..Y..CIC, .
-1

Zoo = (In - y_zYooXoo)
Before applying this controller, we should pass by the first theorem to have an approxi-

mate value of y [9]].

1.3.6 Robust Stability Consider the system with multiplicative uncertainty given

in the figure below (figure 1.2) with multiplicative uncertainty of magnitude |w; (jw)| .

v
=
v

=

\J

_.{F +§< )_.(“ K w2 P )

Figure 1.2: Feedback system with multiplicative uncertainty[9]]

The transfer function of the system with uncertainty is:
Lp = PK(I + LU[A]) =L+ Lw/A; with |A1(](1))| <1, Vw.
In order to learn the robust stability, the figure below shows the the Nyquist plot of the

system, and according to Nyquist concept the Lp should not encircle the point -1.
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Figure 1.3: Nyquist plot of Lp for robust stability[9]

For robust stability, the circle represented Lp should not cover -1, consequently and

Yw :

RS & |w;L| < |1 + L] (1.16)

wyL
‘IJ:L <le|wTl<1 (1.17)
lw; Tl <1 (1.18)

Where is the complementary 7 sensitivity function.
Hence the robust stability requirement is obtained for a system with multiplicative uncer-
tainty [311].

RS & |T| </, (1.19)

1.3.7 Robust Performance To achieve robust performance, the nominal perfor-

mance condition given by the equation below must be satisfied Yo :

NP & |w,S| <1 e |w)|<I1+L| (1.20)
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L

Figure 1.4: Control loop with multiplicative uncertainty[9]]

RP & |w,S,| <1 e w|<|1+L)| (1.21)

The Nyquist plot illustration is given by the following figure (figure 1.5): The robust

A

m

[w, (jo)

T W

\1+L(jm)\

|WIL|

Figure 1.5: Nyquist plot illustration Lp for robust performance[9]]

performance required that L, (jw) should not cross the circle with radius |wp ( jw)|
centred on -1.

The robust performance condition becomes:
RP & |w,| + Ll <11 + L] (1.22)

& |w,(1 + L7 + |wL(1 + D)7 < 1 (1.23)
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Or

RP & max,, (|w,S| + [w,T]) < 1 (1.24)

We summarize the robust conditions cited above by the following equations we get Yw :

NP & |w,S| <1 (1.25)
RS & |w,T| < 1 (1.26)
RP & |w,S|+wT| <1 (1.27)

It can be noted that the robust performance must satisfied the robust stability and nominal

performance conditions[31]].

1.3.8 Weighting functions Consider the following feedback control loop in the

presence of uncertainties:

: tp J
% e u @ ; p Y

Figure 1.6: Standard Feedback Configuration

1.3.8.1 Performance Weighting function To regulate the output, following the refer-
ence signal and rejecting the disturbance. And to improve the performance by minimizing
the steady state error of the plant, the following weighting function was suggested (figure

1. 7)[31], [1O]:

S/M,_, + W,

W, = 1.28
S + EW, ( )

Where:

€ : is the steady state error.
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r e u y Z,

Figure 1.7: Feedback system with output sensitivity weighting function

M, and w, parameters are shown in the figure below(figurel.8):

The choice of an appropriate weighting function W, optimized the frequency response

Me

Figure 1.8: Performance weighting function Bode plot [10]

of the sensitivity function § and the performance of the plant, furthermore the condition

WSl <1 is hold.

1.3.8.2 Control signal Weighting function From the standard closed loop system per-
turbed by the signal d; on the controlled signal, the signal d on the output and the signal

n on the measured signal. the control signal can be written as in the equation below:

u=KSr—-d-n)-Td; (1.29)

The magnitude of |KS| in the low frequencies is limited by an acceptable cost of control
effort and actuator saturation. To reduce the noises and disturbances at control signals
in high frequencies which is limited by the controller bandwidth. A candidate weight is

suggested W, [31], [10]:
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f V

d

T

Figure 1.9: Feedback system with output sensitivity weighting function

W, = M (1.30)

M

Figure 1.10: Control weighting function W, Bode plot [10]

The good choice of W, weighting function limits the magnitude of control signal and

saves the energy of system.

1.3.8.3 Complementary sensitivity Weighting function The complementary sensi-
tivity weighting function as it is illustrated in the figure(1.11) is designed to reduce the

noise and disturbances, it is given by: following[31], [[10]:

Im, + w
W, = (1.31)

s+ &0y,
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QD

Figure 1.11: standard configuration of complementary sensitivity function

Example

Consider the nominal system of third order given by the following transfer function
P(s) = ﬁ , we calculate the robust controller C that minimizes the Hoo norm of

the closed loop feedback system for mixed sensitivity, that should satisfy the conditions

below:
1. The gain crossover pulsation w, range is between 1 and 10 [rad/s]
2. Steady state error is equal to 1/1000
3. Sensitivity pick is ||S]|. < 2
4. The controller gain must be minimized when w > 10w,

The conception of this controller is made using Matlab function "mixsyn"
The weighting functions are adjusted as the following:
Given: w, = 10.

_ s+12 _ K _ L
We ~ 1.25+0.012 W” T 0.95555+9.555 ° Wy W,

The controller Heo is given by the transfer function:

K = 0.28753+278.452+60105+0.000321
- s3+28152+29065+29.03
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Figure 1.12: System response

Allure We.S/Wu.K_S : compromis performances/robustesse

Magnitude (dB)

[
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Figure 1.13: Stability and performance conditions singular values

w.S
it’s clear that < 1 that means the controller calculated guarantees the mixed
W, KPS

sensitivity concept.
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1.4 Optimal Control Theory

The conception of optimization in control was first utilized in the 1960s, seeking the solu-
tion to convex, least squares optimization problems [32]. Optimal control aims to achieve
a system with the best performance index or a designated criterion commonly denoted
as J. This criterion replaces conventional design parameters such as gain, phase margins,
damping ratio, and overshoot [33]]. The Linear Quadratic Regulator (LQR) stands out
as an optimal controller, requiring the system’s state space, which describes the system’s

dynamics, to formulate and optimize the control law.

1.4.1 Optimal Control Theory Problem Consider the system equation
%=Ax+ Bu (1.32)

The block diagram giving the optimal configuration is in the figure below:

u X

::) X = AX + Bu >

Figure 1.14: Quadratic Optimal Regulator systems

To determine the matrix K of the optimal control vector where:

u(t) =-Kx() (1.33)
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We should minimize the performance index[34]
J= f (x" Ox + u" Ru)d (1.34)
0

Where Q and R are positive-definite (or positive-semi-definite) hermitian or real sym-
metric matrices. The term u’ Ru represents the energy of the control signal. The matrices

Q and R represent the relative error and the expenditure of this energy.

1.4.2 Solution of the Optimal Control Theory Problem From the equa-

tion (1.28) and (1.29), we can write:
X =Ax-BKx=(A- BK)x (1.35)

The eigenvalues of matrix A — BK should have negative real parts (i.e. stable closed loop).

Then, We can write:

J = f (x" 0x + x" K" RKx)d (1.36)
0
Hence o
J = f (x" (Q + K"RK) x)dt (1.37)
0
we set:

T (Q + K'RK) x = -4 (x7 Px)

Where P is a positive-definite Hermitian or real symmetric matrix. We obtain then:
X" (Q+K"RK)x = —i"P - x"Pi = —x" [(A- BK)" P+ P (A - BK)| x (1.38)
From the equations(1.33) and (1.34) we can write
(A-BK)'P+P(A- BK) = - (Q+ K"RK) (1.39)

It was proved that if (A — BK) is a stable matrix so a positive-definite matrix P that
satisfies the equation (1.35) exists. The next procedure is to determine the elements of the
matrix P from the matrix (1.35) and see if it’s positive definite.

The performance index J can be evaluated as:
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J = f (x" (@ + K"RK) x)dt = —x"Pa|; = =x" (00) Px(c0) + 2" (0) Px(0)  (1.40)
0
As the matrix (A — BK) has negative real parts, so x (c0) — 0, therefore:
J = x7 (0) Px(0) (1.41)

Thus, the performance index J can be obtained from the initial condition of x and P .
In order to obtain the solution of the quadratic optimal control problem, we pursue as
follow:

First, we put the positive-definite Hermitian or real symmetric matrix R in the form

R =TTT ,where T isanon-singular matrix, than the equation (1.35) can be written as:
(A—BK)'P+P(A - BK) + (Q + KTTTTK) =0 (1.42)

as it can be written as:
ATP 4 PA + [TK - (TT)_IBTP]T [TK - (TT)_lBTP] _PBR'BTP+Q=0 (143)

So the minimization of the he performance index J requires the minimization of the term
x! [TK - (TT)_] BTP]T [TK - (TT)_1 BTP] x .That can be reduced to zero when:

Tk = (17) ' BP.

Hence:

-1
K= T—l(TT) B'P=R'B"P (1.44)

Therefor the optimal control law of the quadratic optimal control problem is the following[34]:

u() = —Kx (@) = —-R'B"Px () (1.45)

We can summarize the solution of the quadratic optimal control problem in two steps:

1. we solve the Riccati equation to determine the matrix P .

2. we substitute the matrix P into the equation (1.40) to find the optimal matrix K,

hence the optimal control law is found.
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1.5 Conclusion

The aim of this chapter is to provide a comprehensive overview of robust control theory,
with a particular focus on Hoo controller synthesis, as most of the control methods de-
veloped in this thesis are rooted in this approach. The discussion covers essential aspects
of robust stability, robust performance, and the utilization of weighting functions. More-
over, a practical demonstration of Hoo synthesis is presented through a straightforward
example.

In the latter part of the chapter, priority is given to introducing fundamental concepts
of optimal control. The objective is to deepen the researcher’s understanding of these
control techniques, laying a strong groundwork for the subsequent exploration within the

thesis.



Chapter 2

Bio-inspired Control

2.1 Introduction

The perfection in the nature creation, its discipline, its rules that organize, control all the
organisms and ensure the suitable behavior of them. All of that make of nature a source
of inspiration and provide a noteworthy artificial intelligence algorithms which can be
used in finding the optimal path, recognition of patterns, invention of several robust and
optimal control laws...etc, we sit the example of the packs of wolves that hunt together
and the migration of birds in flocks together, this notion was inspired in designing virtual
organisms to solve a problem together. The optimization inspired from ants colony, where
the pheromone trails from ants facilitate to find the optimal path by leaving strong trails
on it[35]. The biological immune system is a robust mechanism that uses several ways
of defense to protect the body from foreign particles called antigens, it was inspired and
it gave a computational intelligence paradigm which is known by the artificial immune
system [36]]. As well as the artificial neural network imitated from the biological neural
and takes some of its characteristics such storing knowledge, transmitting the information
from one neuron to another to achieve an action, besides its capacity of learning [37].
Nowadays, neural networks represents the most powerful technique in artificial intelli-
gence.

The following chapter represents the Artificial Immune System and the Artificial neural

network in details and their interest in controlling systems.

21
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2.2 An Overview of the Biological Immune System

The immune system is a mechanism represents a complex of cells, molecules and or-
gans that work in coordination capable to distinguish self and non-self elements, when a
pathogen invade the body it will be detected and mobilized for the elimination. Further-
more, the immune system has the ability of remembering, so if the pathogen enters for
the second time, the reaction will be faster and it won’t waste any time to recognize the
antigen and choose the appropriate way of defense [38]], [39]. The immune response is
divided into innate immunity and adaptive or acquired immunity which can be humoral

response or cell mediated response.

2.2.1 Innate Immunity :

The innate immunity is considered the first line of defense, it includes the physical barriers
such as the skin, the lysozymes in tears, nasal hair and mucus...etc. If the pathogen pen-
etrates the first barriers, this stimulate a non specific immune response by macrophages
and neutrophils, that ingest the antigen to get red from it and to present fragments of its

protein to other immune cells.

2.2.2 Adaptive Immunity :

Adaptive immunity or as it called also acquired immunity, is characterized by the speci-
ficity in its reaction against the antigen, and the white blood cells (Ilymphocytes) the main
element in this immunity response will be changed into memory cells after getting rid
from the foreign pathogen. this characteristic helps to recognize rapidly this pathogen if
it invades the body for another time. The two major types of lymphocytes are T cells and
B cells, T cells enters in the mediated immunity response when the antigen invade a cell
of the host. they can take the form of helper T cells which help the B cells and stimulate
their production of antibodies, the other form is cytotoxic T cells which specialized in
the recognition and the elimination of the infected cells by viruses or cancer. B cells are
the basic of the humoral immunity, they occupy the function of producing the specific

antibodies of the invaded antigen detected by their receptors [36, 40].
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Figure 2.1: Adaptive immune system[11]]

2.3 Artificial Immune System

Artificial Immune System (AIS) is a paradigm elaborated for manipulating data, classify
and reasoning ideas as the natural immune system do. As it is defined as the artificial
immune system is a computational model based upon metaphors of the biological im-
mune one. The artificial immune system is intended to solve problems of optimization,

controlling systems and robot navigation [36]].

2.3.1 Immune Feedback control :

In order to enhance the quality of the classical control, An optimal and non linear con-
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troller was designed according to one of the defense methods using by the immune system,
where this last is formulated into equations that give in the end a robust PID controller.
As it is cited above, the regulation of the immune system in the case of an invasion by
a foreign pathogen which transgresses the first line of defense and induces an humoral
response, is assured by the lymphocytes T cells and B cells and according to the antigen
amount in the organism. As long as the existence of the antigen, the helper T cells stim-
ulate to produce more antibodies, but when the antigen amount is reduced, the helper T
cells amount will be reduced also, and the suppressor T cells will increase to inhibit the
B cells for more creation of antibodies. So the immune system will come back to the
stability.

Basing on this concept of the biological immune defense method, in the generation k of

Stimulation
——  Helper T-cell —l_'_
+
— Antigen |— T - B-cell K
+ —
_>| Supressor T-cell |
Supression
Attack Killer B-cell
™ Antibody J‘—

Figure 2.2: Immune regulating system[12]

an antigen, B cells receive the stimulation from the helper T cells ( T ), and the inhibition

from the suppressor T cells ( T’s ), so we can write the equation below|[[17]:

S (k) = Ty (k) = Ts (k) (2.1)

where Ty (k) and T (k) expressions are given by the following equations:

Ty (k) = k& (k) (2.2)

Ts (k) = ko f (S (k) , AS (k) € (k) (2.3)

e (k) is the antigen amount in a generation k .
ki , k, are respectively the stimulating and the inhibitory factors.

by replacing the equations (2.2) and (2.3) in (2.1) we will have the equation below:
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S (k) = K{1 —nf (S (k),AS (k)} e (k) 2.4)

K=k .

n = ky/ky is a factor related to the stability of the system.

f 1s a nonlinear function which represents the inhibition ability to the external stimu-
lation, it is based on simulation, according to the influence on antigen consistency on

the antibodies under the effect of T cells regulating action. It’s given by the equation

below[41]]:
2

1+ exp(—ax)

fx=1 (2.5)

Figure(2.3) represents the behavior of this function according to the parameter a variation.

This is similar to the classical control law
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Figure 2.3: The effect of a factor on the behavior of the function f[13]]

u(k) = Kye (k) (2.6)

where the gain is non linear K, = K{1 —nf (S (k),AS (k))} .

So we can write the immune feedback control law as the following [17]:

u(k) = K{1—nf@k),Auk)}e k) 2.7)

B cells amount variation is the control signal and the antigen amount represents the error

[42]. K and n are two important parameters that characterize the immune feedback
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control, for having a fast response by increasing K parameter, n factor will reduce the
overshoot of the system’s output. So a reasonable adjustment of these two parameters will
guarantee a faster response with a limited overshoot. [43]].

Table 2.1: Comparison between the biological immune system and the immune feedback
control[12]

Biological immune system Artificial immune system
1. The antigens and antibodies repro- 1. The Kth sampling time of discrete
duction Kth generation artificial immune system
2. &(k) the antigen amount in a gen- 2. e (k) the error between the set value
eration K and the system’s output
3. S (k) the antibodies concentration 3. u(k) the control law delivered by
in a generation K the controller in the generation K

2.4 Neural Networks

The story of the artificial intelligence began with the appearance of the neural networks
concept, when McCulloch and Pitts developed a basic neural network according to their
understanding of neurology in 1943 that can be used just for formal logic simulations.
The researches was continued in this field until the years of 1950s, Rosenblatt could
realize the perceptron model, which includes an input layer, an output layer, connected by
weights that have to be adjusted for a desired output and this helped the perceptron to learn
and recognize individuals. In the 1960s, Widrow and Hoff developed another learning
model used for calculating mean-squares to adjust the weights of the network, as it can be
implemented in a physical plant. In the year of 1969, Marvin Minsky and Seymour Papert
wrote a book about perceptrons limited in single layer models, which was generalized to
multi-layer perceptron, then Paul Werbos who emerged the back propagation algorithm
[44]]. Nowadays, neural networks field grants successful practical results and facilitates

many operations in several sectors especially in controlling systems and optimization.

2.4.1 Biological Neuron and Artificial Neural Network :

As the artificial neural network is imitated from the biological nervous system, it worth
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firstly identifying the biological neural network, its main parts and how it works.

The human brain consists of a 100 billion of neurons, a neuron is characterized by inputs
called dendrites and outputs named axons. The incoming signals from the other neurons
and throw the dendrites, will be treated and summed in the nucleus of the cell body, the
generation of voltage impulse is well done only if the resulting signal between stimulating
and inhibitory effects exceeds the threshold, in this case it will be transmitted via the
axon to the other neurons. Neurons are joined by electro-chemical junctions known by
synapses. The artificial neural network has the same architecture as the biological neuron.
Inputs modeled from synapses, each one is multiplied by a weight. These signals are sent
to a unit called threshold logic unit (TLU) similar in function to the cell body of the
biological neuron. The resulting signals are compared to a given threshold, if they are
larger than the threshold that leads to the activation, otherwise the output is 0 [45]. The

figure below shows both of the biological neuron (a) and the artificial neural (b).

(a)
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IEx)
Nucleus
X
W
X: Wy J—
x IE{KI“.I] II_,-" \_
- (o)
i Activation Transfer "\_ e
/ Output layer
R W :
Hidden layer
Xa

Input layer

Figure 2.4: Biological neuron and artificial neuron[/14]]

The neural network is trained by adjusting the weights (w;, w,, ws, ...w,) as in the figure
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above until its output becomes similar to the chosen function. The nodes in the input are

called the input layer, where the final output is called the output layer.

2.4.2 Neural Network Structure The basic neural network is composed of
only an input layer and an output layer, its called "single layer neural network", then
it has been evolved to more and more complex architecture by adding hidden layers and
formed " the multi layer neural network". The neural network which contains only one
hidden layer takes the name "shallow neural network or vanilla neural network". How-
ever, the neural network which has two or more hidden layers is known by deep neural
network, this last is the most used in practical applications. The activation function in the
multi layer neural network must be different to the linear function, or the hidden layers
will be ineffective and the neural network will take the form of the single layer neuron

network [37]].

2.4.3 Neural Network Learning :

Neural networks learn from the training occurred by the modification of synaptic strengths
or weights, throw several kinds of learning rules, each one of them has its own functional-
ity and model. All the weights are changed according to the same learning rule. Further-
more, neural networks have the ability of learning from examples, demonstrations...etc.

Neural networks have also other noteworthy features:

e Robustness as they can be trained to compensate the damage or noise in hardware
implementations, besides that neural networks maintain the desired response by

increasing or decreasing the error rate when the noise increases.

e Flexibility : neural networks are flexible, they can be applied to a lot of problems.

accept the problems which have an analytical solution.

e Generalization: the results obtained from the training of a given input patterns can
be generalized to other new patterns that share some similarities with the training

ones.

e Content-based retrieval: Neural networks restore memories by matching the exist-
ing data, they can even retrieve the uncompleted or corrupted input patterns effected

by noise.
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[39] Neural networks learning is acquired according to three major families: supervised

learning, unsupervised learning and reinforcement learning.

2.4.3.1 Supervised Learning: This learning model aims to find a function yields the
correct output for a given input pattern, otherwise, this kind of learning should pursuit
target values. The training is made by calculating the outputs of the neural network and
the expected one of the given data and comparing them. Weights are adjusted according
to the error Supervised learning treats two major problems classification and regression.
Examples of supervised learning: perceptron learning algorithm, back-propagation and

least mean squares learning [36, 44].

2.4.3.2 Unsupervised Learning: This kind of learning is achieved without any asso-
ciated target values, that means the training of data is occurred with no given answer. The
clue used in the unsupervised learning is the analyze of data and trying to understand the
similarities and the differences. Examples of the unsupervised learning: adaptive reso-

nance theory, Hebbian learning and Kohonen self organizing maps [36, 44].

2.4.3.3 Reinforcement Learning: is designed to maximize a numerical reward signal
for a defined action, this class of learning estimates the values estimated by agents explic-
itly or implicitly in order to choose the actions that maximize the positive reinforcement
amount achieved by the agents during a period of time. So the reinforcement learning

aims to find the actions which yield the most reword [46].

2.5 Conclusion

This chapter was devoted to introduce two bio-inspired control techniques the artificial
immune feedback control and the artificial neural network, as these techniques were in-
spired from the biological immune systems and the human brain, the analogy between the
biological systems and the artificial ones was presented, the main PID immune feedback
control law is emerged, besides an overview of the the existed learning model used by
the neural network and their application. In the next chapters we intend to robustify these
control techniques with the conventional control techniques such the examples presented

in the first chapter.






Chapter 3

Hoo based PID Immune Feedback

Controller Design

3.1 Introduction

As it was described in the first chapter, the discrepancy between the real system and its
mathematical model is unavoidable, and that will degrade the system performances in-
cluding the robustness. For that, we propose a robust PID controller where its parameters
are calculated using the Hoo synthesis and the immune feedback block is identified and
implemented as a weighting function.

In the following chapter we will state the full method adopted in this work, and for its
application, this technique will be applied for the control of a magnetic levitation sys-
tem (Maglev) which has taken a crucial interest in these last years, this study takes into
account the parametric uncertainties occurred while the identification of the system, and
finally the performance robustness test is examined to analyze the adequacy of the con-
troller proposed.

We will introduce the PID immune feedback controller law and the structured Hoo syn-
thesis, the simulation results given by the PID immune feedback controller and the Hoo

based PID immune feedback controller are compared and discussed.

31
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3.2 Structured H infinity Controller

Despite the advantages of the Hoo synthesis, its engineering application faced many lim-
itations, owing to the complexity of the controller adopted and its high order. A new
structured controller was proposed by Apkarian in the last years, the design procedure
is beginning with the controller structure which is fixed according to the control require-
ments, the selection of the appropriate weighting functions is necessary for an Hoo per-
formance matrix with multi-dimensional performance output and the optimization of the
controller parameters is achieved in the end[47, 48| 49].

The obtained structured Hoo controller based on non-smooth optimization was proven its
effectiveness due to many reasons such as keeping the controller order low, using opti-
mization algorithms to parameterize the parameters of the PID controller and to specify

the structure of the controller[50].

3.3 Application

3.3.1 System description Magnetic levitation system is an advanced technology
in which the magnetic field is generated to keep the levitation of an object without any

support, in the presence of gravity force and parametric uncertainties[S1].

The magnetic levitation system (or as it called Maglev) is widely applied in several
disciplines, electricity, electronics and mechatronics, it was the main idea of friction-less
bearing and the innovative high speed train, which currently used in the most of developed
countries[52].

As the Maglav control challenge is to adjust the steel ball position, an infra-red sensor is
used to measure the actual vertical ball position, this value is transferred to a computer
(the control unit) which sends a voltage between [-5V,5V], converted into current by
a driver embedded to the unit, this last passes throw a coil, hence the production of a

magnetic field [S3], the mechanical unit is shown in the figure below (Figure 3.1).

In general, electromagnetic systems are characterized by an unstable behavior and the

nonlinear modeled equations. Therefore, most control approaches are made according to
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Figure 3.1: Maglev Mechanical Unit [[15]]
the linearized model around a given operating point[54].
From the circuit above, and using Newton and Faraday laws we can write:
d’*x
Wzmg—Fem (31)
di
V=Ri+L.— 3.2
i+ L (3.2)

Where:

i = electric current [A]

x = ball position [m]

m = Mass of the ball [Kg] g = gravity [m/s?]
R, = coil resistance [ Q ]

L. = coil inductance [H]

Using the theorem of the generalized force, the electromagnetic levitation force is written

as:

Foo— [Gwm]

0x

(3.3)
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where the magnetic energy is given by the equation below:

@y = [%Lz’z] (3.4)

Assuming that the relation between coil inductivity and the position of the steel ball is as
follow:

L) =1L, + 27’( (3.5)

where:

L = inductivity [H]

x = the ball position [m]

L, = inductivity when the ball is at the point (x = 0)

K = coil constant [ N * m?/A? ]

From the equations (3.4),(3.5), F.,, can be written as:
%)

i2
F. - KH (3.6)

At the equilibrium point ( x = xy and (i = iy ), the current is constant so its derivative is
becoming null.

So from the equation (3.2), iy becomes:
R
io = R (3.7)

As well, the acceleration is null, so the equation (3.1) becomes:

: 2
mg = K [%} (3.8)
X0
SO:
K
X0 = i() — (39)
mg

To linearize the system, Taylor’s series is applied, and by ignoring the higher order terms,

_ ‘_ (0f G, x))
(ig.x0)Ai Ox

we find:

d*x '_(af(i,x)) (3.10)

ar - i

(i0,x0)Ax
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The Laplace transformation of the equation (3.10) is given y the following equation:
s*Ax = — (K;Ai + K,Ax) (3.11)
Ax (s + K,) = —KiAi (3.12)
-K:
AxAi = ——— 3.13
fracAxAi ST K. ( )
Which represents the transfer function of the system, where:
of (i,x) K2i 2mg
K; = = = 3.14
0i 0i o (3-14)
of (i K.2i 2
g = Y6n _ K2 2mg (3.15)
ox mx3 Xo
According to the measurements achieved in [[15]]
R. =21.5Q
K =1477x10"* [ N = m?/A” ] [Given]
m = 0.021 kg [Given]
L=0.711 H
ih=023 A
X9 =0.15x 107 m
K; =0.5145
K, =0.274
Ax  —0.5145
et 1
Ai s+ 0.274 (3.16)

The block diagram of the controlled system is as follow (figure 3.2):

3.3.2 Controlling Maglev system with PID immune feedback con-

troller As it was descried above in chapter 2, the artificial immune feedback control

aims to improve the control quality and inspire some of the characteristics of the bio-

logical immune system, strong robustness and self adaptability. The immune feedback

controller which is modeled by a non linear proportional action, is merged by the clas-

sical PID controller to overcome its weakness in noise tracking and steady state error

slaked, this involve a robust PID immune feedback controller illustrated in the figure be-
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Figure 3.2: Closed loop response of the uncertain system([/16]]

low (figure 3.3):
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Figure 3.3: PID immune feedback control[17]]

The PID immune feedback control law is given by the equation below:

uk)=ulk—-1)+Ky(e(k) —e(k—1)) + Kie (k) + Ky(e (k) —2e (k- 1)+ e (k- 2))

(3.17)

Where:
K, = K{l —nf (u(k), Au (k))} .

K; and K, are the integral and differential coefficients.

Controlling Maglev system by the artificial immune feedback control is executed in
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Matlab simulink where the parameters of the PID controller are adjusted using ITAE
optimization criterion besides the two factors of the artificial immune bloc 1 and a .
Where the Integral Time Absolute Error (ITAE) criterion is based on the minimization of

the tracking error in a limited time, its mathematical expression is the following [S3] :

[ee)

J:ftle(t)ldt (3.18)

0

Then, the optimized PID parameters K, , K; and K, are expressed as follow:

(o0

MINK,,,K,-,de”e(’th (319)
0

The control loop in Matlab/ Simulink is the following (figure 3.4):

After many simulations, the best response optimized using ITAE algorithm is in the figure

®_. fi me 'I_. filtid

Array_out!

y_out

Array_out

F Y

1 | 05145 I
O H . b il I 2+0.274 ’@

Integer Delay

Figure 3.4: PID immune feedack control

(figure 3.5), Where, the final parameters of the PID controller and the optimized bloc are
fixedintheend at: n =1.3352, a =0.7507, K, = 1.8823, K; = 0.1780, K; = 1.3411.
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Figure 3.5: Closed loop response

3.3.3 Controlling Maglev system with structured PID immune con-
troller In the following section, the alternative method of the Hoo norm known by the
Hoo structured control is adopted. However, the hinfstruct algorithm minimizes the Hoo
norm throw multiple optimizations started from random generated points, by selecting the
desired order and structure of the controller.

We suggest the PID configuration for the controller’s structure with adjustable parameters

given by the equation below:

S
Tf.S +1

C(s) =K, + % + K, (3.20)
3.3.3.1 Weighting function selection In order to enhance the performances of Ma-
glev system obtained by the artificial immune feedback controller and in the presence
of parameters uncertainties, the artificial immune block found in the previous section is
identified using the function "ident" of Matlab, the behavior of the immune block and its
identification is shown in the following figure (3.6):

The identified function is a low pass filter of the second order, to reduce the error sensi-
tivity in the low frequencies for the best disturbance rejection, it is used as a performance
weighting function appending to the nominal system to obtain the corresponding aug-

mented system, its expression is given by the equation below:

_ —0.7659s> — 0.99785 — 0.01028
T $240.6583s + 0.002325

(3.21)
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Figure 3.6: Immune bloc and its identification behavior

According to Matlab simulations, the best achieved Hoo norm is gam = 0.7656 and
the closed loop system is shown in the following figure (3.7):

Figure (3.8) shows the frequency response of the sensitivity function S and the inverse of

closed loop response

y out
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Figure 3.7: Closed loop response

the performance weighting function Wt, it is obvious that the magnitude of S is less than
the magnitude of Wr™! for all frequencies which means that the nominal performance has
been achieved.

In order to demonstrate the control performance robustness and to investigate the impact
of the parametric uncertainties on the identified model of Maglev system, an uncertainty
of 10 % is added to the all system parameters, throw matlab plot, the system’s output is

varying as in the following figure (3.9):
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Figure 3.9: Closed loop response of the uncertain system

the following table is summering the characteristics of the two different responses, the
first one given by the artificial immune feedback controller and the second one given by
the structured h infinity controller, it can be seen that the settling time and the rise time
are considerably reduced, moreover the proposed controller could eliminate totally the
overshoot, and it could guarantee the best position of the levitated body, the steel ball.
Furthermore, the structured PID controller could satisfy the h infinity norm with gamma

factor less than 1 and ensure the performance robustness as it is shown in the figure (3.8)
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It can be observed from the figure (3.9) that the proposed controller is rugged in front of

the parametric uncertainties.

Table 3.1: Maglev setting parameters

Maglev System
controllers kp ki kd O(%) | ts(s) | tr(s)
PID-Immune 1.8823 0.1780 1.3411 15 12.5 1.466
Structured PID -4.92 -2.31e-05 -83.1 0 0.0904| 0.0512

3.4 Conclusion

in this chapter the magnetic levitation system is controlled with the artificial immune
feedback control, where the parameters of PID controller and the non liner block of the
artificial immune system are optimized using ITAE criterion, the system’s output missed
lot of desirable characteristics especially for the chosen system, a slow response with an
important overshoot. For that, the artificial immune block is identified and added to a
structured PID controller as a weighting function, from the results presented above, it
can be seen the amelioration of the system’s response, besides the nominal performance

guaranteed.






Chapter 4

LQR Based Fuzzy Immune PID

Controller Design

4.1 Introduction

The following chapter discusses an innovative bio-inspired controller, where the parame-
ters of the PID immune feedback controller are calculated according to the optimal linear
quadratic algorithm, the proposed controller is applied to adjust the temperature param-
eter of a greenhouse system throw ethernet network. This controller will be compared
with the classical PID and the fuzzy immune PID over Matlab/Simulink environment and

using TrueTime toolbox.

4.2 LQR-based PID Controller

The linear quadratic regulator (LQR) as it is fully described in the first chapter, is charac-
terized by its robust and optimal control law which could fulfill the desired performances
in many control fields, it is based on the selection of feedback gain K that minimizes the
cost function J [34].

In order to simplify the linear quadratic regulator structure and its implementation, its
control law is converted to the three inherent parameters of the PID controller [56]], these

parameters are calculated as in the equations below:

K, KJ=K(C) @.1)

43
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K; = (I, + K,CB)K; 4.2)
Where:
_ C
- o (4.3)
CA - CBK,
K, = (I, + K,CB)™'(K,C + K,CA) (4.4)
K =, + K,CB) 'K, 4.5)

Where (A, B, C) are the system state matrix.

4.3 The proposed LQR-based fuzzy-immune PID

An innovative structure of the fuzzy-immune PID controller is proposed in this work
taking the advantages of the fuzzy-immune PID combined with those of LQR approach
resulting in a new LQR-based fuzzy-immune PID structure, where the parameters of the
PID are adjusted using the LQR-based PID algorithm explained in the previous section,

combined with the artificial immune block.

4.4 Application

4.4.1 System Presentation Due to the numerous advantages of the greenhouses,
their realization is becoming unavoidable in all over the world to extend the production
season of plants and different crops which must grow in a favorable climate and in a good
environmental conditions. Therefore, the chosen controller must overcome the external
influences to guarantee the high quality of plantations with low cost and energy consump-
tion.

The main parameters that should be controlled in a greenhouse are : air temperature, air
moisture, CO, concentration, light density. For that, the greenhouse should be equipped
by several controllers, sensors and actuators [S7]].

The model given in this work represents an experimental model which describes the dy-

namics of the greenhouse climate system (especially the temperature inside) given by [S8]]
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, 1t 1s presented in a parametric ARX model form as follow[39]:

A(g ")y @ =B(q")u(t—nk)+e) (4.6)

where:

A(qfl) =l+aig' +aqg?+ .. .aug".

B(q") =by+big ' +bg + ..apqg .

A (q‘l) and B (q‘l) represent the nominal dynamic of the system.

u (t — nk) 1is the input signal.

y (¢) is the output signal.

nk is the number of input samples occurred before the input affects the output.
e (1) is the disturbance signal.

g~! is the delay operator.

The vector of the estimated parameters is the following:

0 =

ay dy ... dyg b] bg bnb
Using experimental data and MATLAB identification toolbox, the authors in [S8]] obtained
the following temperature control sampled transfer function :

rng '+ rg? 0.2215¢7" + 0.2215¢72

H(qg™") = = 4.7
(q) 1-Lg'+hg? 1-1384g" +0.398942 .7

In the frequency (Laplace) domain it can be written as follow:

o bostb 0514954679

= = 4.8
aps? +a;s+a,  s*+9.205s+2.192 (4.8)

4.5 Greenhouse Networked Control Loop

4.5.1 Networked Control System One of the significant advancements in dig-
ital computation and communication technologies is the development of the Networked
Control Systems (NCSs). These systems facilitate the seamless transmission of informa-
tion among controllers, sensors, and actuators, thanks to their integrated network inter-
faces [60], besides the incredibly benefits added to the conventional control systems such
as higher flexibility, ease of installation and maintenance, and the low cost. In contrast,

the deal with data packet-based communication has unavoidable consequences including
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packet losses, the time delays possibly occurred and other network bandwidth constraints

that can all influence the system’s performance and even bring it to the instability[61]].

4.5.2 Networked Control of the Greenhouse Temperature Due to the
problems occurred during the transmission of the information using networks such as
packets dropouts, time delay..., it is mandatory to use a robust control method to overcome
them. The communication channel chosen for controlling the temperature parameter in
the greenhouse is Ethernet, as it represents the most practical network solution in control-
ling distant systems owing to its easy configuration, low cost and its high communication
rates [62], three nodes are used ( the controller, the system and the network) the config-

uration of the Ethernet network is given by the table below: In the figure below (Figure

Table 4.1: Ethernet network parameters

Parameters Values
Number of nodes Data rate Minimum frame size
3 80000 bits/s 80

4.1) the Simulink model of the networked temperature control system, the Ethernet net-
work is simulated using TrueTime toolbox the most used network simulator thanks to its

rich network components in its library [63]. In the following sections, three controllers
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Figure 4.1: Matlab/Simulink model of the LQR-based fuzzy-immune PID structure

are adopted separately to control the networked greenhouse temperature system model:

the classical PID, the fuzzy immune PID and the proposed LQR based fuzzy immune



4.5. Greenhouse Networked Control Loop 47

controllers. Note that the artificial immune block is integrated only in the second and the

third application.

4.5.2.1 Greenhouse temperature control using an optimally tuned classical PID In
the first application, our system is controlled by the classical PID structure where the
parameters K, , K; and K, are optimally adjusted using the Integral Time Absolute Error
(ITAE) criterion to minimize the tracking error in a minimum time. This optimization
problem can be solved by many software, in our case we used Matlab, the optimal PID

parameters following : K, = 0.3893 , K; = -0.0022, K, = 0.0007 .

4.5.3 Immune feedback law nonlinear function f fuzzy modeling
The non-linear function f plays an important role in the feedback immune PID con-
troller structure, it shapes the system response speed according to the error tracked, as it
has a non linear dynamic, in the two following applications,it will be approximated by
a fuzzy model where the inputs represent, the controller output u (k) and its variation
Au (k) .

The fuzzy sets are P (Positive) and N (Negative). The output variable function
f (u(k),Au(k)) , after fuzzification takes the sets P (Positive), N (Negative) and Z
(Zero).

The fuzzy rules are obtained according to the immune mechanism principle as follows

[64]
1. If uis P and Au is P then f is N
2. If uis P and Au is N then f is Z
3. If uis N and Au is P then f is Z
4. If u is N and Au is N then f is P

The fuzzification is made according to Mamdani approach and the deffuzification is made
by the centroid method.
the artificial immune mechanism gain is adjusted at the value 10 (the best value in terms

of time performances and robustness after several tests) .
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4.5.3.1 Greenhouse temperature control using the fuzzy-immune PID structure In
the second application, the temperature parameter of the greenhouse is adjusted using the
fuzzy-immune PID controller with n = 10

(the best value for high performance and robustness after several tests), here the PID pa-
rameters are also optimally tuned by resolving the ITAE criterion using Matlab software,
we obtained the following values :

K,=04371, K; =0.3107, K; =0.0779 .

4.5.3.2 Greenhouse temperature control using the proposed LQR-based fuzzy-im-
mune PID For the third application, we applied our proposed approach for the green-
house temperature control, the LQR-based fuzzy-immune PID controller uses the same
structure as the fuzzy-immune one, however, the parameters of the PID are adjusted using
the algorithm described in section 4.3.

Controlability: The controlled system is said to be controllable if the initial states can be
transformed to the desired states by a control signal in a finite time[65].

Kalman’s test: A system with state vector x of dimension 7, is controllable if the con-

trollability matrix has collomun rank [65].
1 9.2050]

The controllability matrix is the following: Co = (
0 1

‘We have:
det(Co)=1+#0.

n =2 (the system has 2 states) and rank (Co) = 2 So the system is controllable.

Q =0.06 %I where [ is the identity matrix, R = 0.7 .
The LQR-based PID parameters are founded also using MATLAB software, they are
adjusted as follow:

K,=0.2812, K; =0.2881, K; =0.0310.

4.5.4 Simulation, results and discussion In order to determine the robustness
of the above control methods, different network disturbances are added to each controller
by making some variations in the rate of packets loss probability and in bandwidth sharing

by changing the bandwidth occupied by the disturbing node, for many cases as follow:

1. Case (1): Packets loss probability=0, BW share=0
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2. Case (2): Packets loss probability=0, BW share=0.3
3. Case (3): Packets loss probability=0, BW share=0.5
4. Case (4): Packets loss probability=0.3, BW share=0

5. Case (5): Packets loss probability=0.4, BW share=0

6. Case (6): Packets loss probability=0.3, BW share=0.3

7. Case (7): Packets loss probability=0.5, BW share=0.5

Figures 4.2 to 4.8 represent a square signal tracking of the greenhouse temperature net-

worked control model with the three approaches.
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Figure 4.2: Square signal tracking Case (1)

It can be noticed that:

40

1. The PID controller keeps the system’s robustness with a static error maintained in

all scenarios.

2. The fuzzy immune PID controller maintain a good performances except with high

packets loss percentage, the overshoot increases with 100 %.
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Figure 4.4: Square signal tracking Case (3)
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3. The proposed LQR-based fuzzy immune PID controller could ameliorate consid-

erably the system’s output comparing with the results found using the the fuzzy

immune PID controller, despite all the network disturbances.
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Figure 4.6: Square signal tracking in Case (5)

4.5.4.1 Robustness margins After evaluating the time performances from the simula-
tion results, in this section, the robustness margins are calculated in order to analyze the
system’s robustness using the three control methods (see Table 4.2).

We can pick up the following notes :

e The optimal classical PID controller could attend the highest phase margin and a
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Table 4.2: Robustness margins
’ controllers/margins ‘ M, (dB) ‘ ¢, (deg) ‘ Ay
Optimal PID 52.0685 76.7782 0.4775
Fuzzy-immune PID 81.8488 59.1217 2390.2
LQR-based fuzzy-immune PID 81.8502 49.6752 1377.8
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good gain margin, however,the delay margin is too short, as it corresponds to the

delay amount added to the open loop system before it becomes unstable.

e The fuzzy-immune PID and the LQR-based fuzzy-immune PID controllers have a

nearby robustness margins.

From all these results, it is obvious that the LQR-based fuzzy-immune PID controller
is the most robust and have the best time performances comparing with the classical PID

and the fuzzy immune PID controllers.

4.6 Conclusion

A novel LQR-based fuzzy-immune PID structure is introduced in this chapter, using
one of the bio-inspired control methods existed, the fuzzy immune feedback control law,
where the parameters of the PID controller are adjusted using the linear quadratic opti-
mization algorithm. the application on a networked greenhouse through Ethernet network
shows a good time performances and a high robustness and even in the presence of the
network uncertainties comparing with those found using the classical PID and the fuzzy

immune PID controller. this confirms the superiority of the proposed approach.






Chapter 5

Robust Neural Network PID Controller

Design

5.1 Introduction

Neural networks NN have been successfully applied to control various systems using
different learning methods. The following chapter will shed light on a modified structure
of an NN-PID controller namely the proportional and filtered integral action controller. In
this controller, parameters are calculated using the backpropagation learning algorithm. It
demonstrates advantages in controlling systems with high gain and integral perturbations
by reducing high-frequency noise amplification and enhancing system robustness. Its
application involves three major steps. First, a BPNN-PID controller must be designed to
utilize its optimized parameters for calculating the constant time of a low-pass filter. This
filter is then integrated into the integral action of a BPNN-P-FI controller structure. This
modified structure was primarily designed to eliminate the disadvantage of the derivative
term, which amplifies high-frequency noise. Simulation results prove its contribution
to enhancing time-domain performance and closed-loop robustness compared to those

provided by the optimally tuned PID controller and the BPNN-PID controller..

55
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5.2 Back Propagation Based Neural Network PID Con-

troller Design

5.2.1 Neural Network PID Controller The NN-PID controller combines the
principle of a standard neural network with the classical structure of PID controllers re-
sulting in a robust NN-PID controller with more efficient control laws. In fact, These
control laws could guarantee a noteworthy results in controlling physical systems with
complex dynamics and in the presence of modeling uncertainties and the effect of mea-
surement noise. Therefore, the corresponding NN synthesis model must be designed
according to the analysis of the historical data or from the simulated input signals and the
desired output, the resulting PID has the characteristic of adapting its parameters with the
parametric uncertainties, hence a good reference trajectory tracking with a safe robustness
margin [66]].

figure (5.1) presents a typical neural network PID.

BPNN technique

g™ iGN del y (k)
) § PID Controller g ant — moade >
= —
ue— 1) delay element |«

Figure 5.1: BPNN-PID Controlled Closed-loop System

Here, each node in the input layer is expressed by:

0V =x(j),j=1,23,4 (5.1)
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The outputs of the first and the second layer are calculated with the same manner. For
instance, the outputs of the first layer can be computed using the following two formulas,
given as below

net? (k)= ) w0, i=1,2,3,4,5 (5.2)
07 (k) = f (net? (k) (53)

The activation function to be used in this study presents the tangent hyperbolic function,

expressed as below

ef—e™*

= 54
fO) ="y (5.4)
As the standard PID control law is often expressed by the equation (5.5):
T=t d
u(t) = K, e(t) + K; fe(r)dr + Kdae(t) (5.5
=0

where K, K; and K are the proportional, integral and derivative parameters respectively.

Hence, the corresponding discrete-time PID control law is expressed by:

utk) = utk — 1) + yre(k) — yre(k — 1) + yze(k — 2) (5.6)

where vy, v, and y; are respectively defined by

K,

Nn=7 [T, (1 + K;Ty) + K4]
K,

V2= [T, + 2K,] (5.7
KK,

»=r

Where, T is the sampling time, previously chosen by the user. u is the control signal,
generated from the synthesized standard PID controller, e is the control error, calculated
from the subtraction of the reference input r from the model output y . It is defined, at

each sampling time &, by equation (5.8), given as below

e(k) =r(k) —y(k) (5.8)

This neural network structure will be employed in the next subsection using the back-
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propagation learning approach to tune the PID controller-parameters in the presence of

model-uncertainties and sensor noise effects.

5.2.2 Back Propagation Based PID Controller Backpropagation is a paramount
supervised learning tool in the field of systems control [67]. Many researchers have devel-
oped methods for tuning the PID controller using neural network-based backpropagation
learning (BPNN-PID controller) 169]]. This machine learning based technique focuses
on minimizing the tracking error rate at each sampling time. The weights of the neural
network model are updated backward using an optimization approach known as the gra-
dient descent method. At the end of the learning procedure, this algorithm finds the best
combination of parameters for the PID controller, resulting in a robust controller with au-
tomatic online parameter tuning [[66, [70]. The standard BPNN-PID controller design can

be illustrated as shown in the figure below:

BPNN technique

Error back propagation :

0] (k)

Aw;; (k) = -1 o + alw;; (k — 1)
. d
r(k ' s ’71': 03
0(—) t : ( PI Controller >R pal.:;w;il = ;E s e S nodal _:®'E'_)
| — | S . :
Proposed controller Perturbed system
L et delay element

Figure 5.2: Closed-loop system based on the proposed BPNN-P-FI controller for
uncertain system

The backpropagation process involves calculating the hidden layer inputs and outputs

using equation(5.9) to equation (5.11), given as below

net” (k) = " % w0 (5.9)
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0 (k) = g (net}” (k)) (5.10)
where 0(]3) k), , 0(23) (k) and 023) (k) represents the three gains of the standard BPNN-PID
controller K, K; and K, respectively. They are given by:

0 (k) = K,, 05 (k) = K;, O (k) = K4 (5.11)

Second, as the three gains of the standard BPNN-PID controller are assumed to be non-

negative, the activation function is chosen according to equation(5.12), given by

X

g(x) = 5 (1+ tanh (1) = 5.12)

e*+e*
The error back propagation which requires to be minimized J is formulated, at each sam-
pling time k from the preceding control error denoted by e, equation (5.13), it is given
by
1
J (k) = 5(r (k) - y (k))° (5.13)

Third, this training algorithm must be repeated until the squared error reaches its mini-
mum value. Since the error minimization is operated according to the gradient descent
method, each weight updating is guaranteed by satisfying equation(5.14), expressed as

below
aJ (k)

3)
ow;;

AwY (k) = -1 (5.14)

where 7 is the learning rate. Moreover, as the gradient descent-based minimization pro-
cess is usually associated with the problem "local minima", this could lead to the failure of
ensuring optimal tuning of the controller parameters. Therefore, the possibility of adding
the momentum factor @ in equation(5.14) is necessary during the error minimization in
the back propagation learning. That means the weight change Awﬁf ) is affected by the
previous data, equation (5.15), this expression is becoming as follow:

aJ (k)

3)
wy;

Aw (k) = —n + ahuw® (k1) (5.15)
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The partial variation of the back propagation error is equation(5.16), expressed by

oI (k) _3J (k) dy(k) du(k) 00, (k) Oner” (k)

= . . . . 5.16
ow) Oy k) duk) OO (k) dnet (k)  ow!’ (10
The derivative ratio, i.e. ZZ—E:; can be approximated by the alternative expression, given
by equation (5.17) as below
dy(k) _ yk) —yk - 1)
= 5.17
ou(k)  u(k) —utk—1) 5.17)
Accordingly, the control law derivative can be written like follow
ou (k)
———=ece(k)—ek—-1) (5.18)
a0% (k)
ou (k
O _ ey (5.19)
005" (k)
ou (k)
———=ce(k)—-2e(k-1)+e(k—-2) (5.20)
a0y (k)

;3) (k) 1s performed by equation (5.21),

As a result, from equation (5.15), the update of Aw);
expressed by
AwY (k) = 6P 0P + aAuw) (k- 1) (5.21)

where the parameter 6§3 ) is calculated by equation (5.22), expressed by

Oy (k) Ou (k)
ou (k) 90 (k)

6 = e (k) g (net;” () (5.22)
Also, from equation(5.15), the update of Angz.) (k) 1s performed by equation (5.23), as

follow

Aw? (k) = 6?0 + adw (k- 1) (5.23)

where the updating of the hidden layer weights 552) is computed by equation (5.24), given
by
87 = f (net?® () » 1,67 ws) (k) (5.24)

Here, the derivative of the two activation functions f (x) and g (x) are respectively de-

fined by equation (5.25), given as below
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f=1-f
g (x)=g@)1-gx)

(5.25)

5.3 The Proposed BPNN-P-FI Controller Synthesis

Binding a low-pass filter directly downstream to the integral part of the PID controller
being synthesized provides a significant improvement in time performance, as well as
robustness, as proven in numerous systems. This improvement is achieved by enhancing
gain and phase margins, thus reducing overshoot. The derivative action amplifies high-
frequency signals, which is not recommended for systems vulnerable to external noise,
particularly in industrial processes controlled by mathematical models with high static
gain and/or poles at the origin.

Indeed, the Proportional-Filtered Integral (P-FI) controller operates similarly to the
standard PID controller but without the drawbacks associated with using only the integral
() or derivative (D) terms. These drawbacks often lead to issues such as windup and
amplification of sensor noise in closed-loop system responses [[/1, [72]. Therefore, a low-

pass filter, expressed by equation (5.26), is adopted in the proposed controller synthesis.

F(s) = 5.26
(8) Trs+1 (5.26)
The resulting P-FI controller will have the following transfer function
K; 1
Cp- =K, +— 5.27
P-ri(5) % E (Tfs n 1) ( )

The proposed control structure unifies the standard PID controller and the low-pass
filter. The main advantage of employing this structure lies, on the one hand, the satis-
faction of +20dB down-slope in the open-loop modulus frequency response of |Gpol,z =
|G, (w) Cp_p; (w)| 5, plotted in semi-logarithmic scales in the Bode diagram. Where, ac-
cording to the principle of loop shaping, more attenuation of the sensor noise effect was
hold, which often occurs at the high frequencies. On the other hand, this modified struc-
ture guarantees a significant robust stability (RS ) margin despite the unstructured additive

model uncertainties that were added to the nominal model output. Furthermore, it allows
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to improve the nominal performance (N P) at low frequencies by filtering the integral part

where its effect becomes more dominant in this frequency range.

5.3.1 Low pass Filter Design The idea of computing the low-pass filter con-
stant 7' lies in one of the main control methods: Internal Model Control (IMC) or Two-
stage Internal Model Control (TS-IMC), which is the latest advanced version of the for-
mer. TS-IMC successfully overcomes the main drawback of the IMC method, namely
the sluggish response when subjected to a load disturbance input. This sluggishness often
arises due to the presence of specific poles leading to inherent slow behavior in the actual
dynamics of the process being controlled. Consequently, the adoption of a two-degree-
of-freedom controller structure, i.e., 2 — DOF, is required in the synthesis of the desired
controller [71]]. Building upon these benefits, the controller synthesis used in this paper is
based on the principles of the TS-IMC method [72] to compute the desired time constant
as follows:
0%

where the two coefficients @y and @, are given from the Maclaurin series polynomial

expansion of the PID controller law expressed by:

1
C(s)=-— (a/o +a s+ anst + ..+ a,,s") (5.29)
Ry

According to equation (5.5), we can deduce the following expression to express the trans-

fer function of the standard PID controller:
1 2
Crin(s) = = (Ki + K5 + Ky5°) (5.30)
s

From equation (5.29), equation (5.30) and equation (5.31), the low-pass filter time con-

K
T, = ,/% (5.31)

5.3.2 PBNN-P-FI Controller Parameters Learning Procedure In the

stant T’y is computed by

synthesis of the proposed P-FI BPNN controller, the same NN model, served to design

the standard BPNN-PID controller, is adopted. However, the only difference lies in con-
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sidering only the two inputs, i.e., K, and K;. Then, the two input and output layers, the
hidden layer and the training algorithm can be updated using equation (5.9) to equation
(5.24) taking care the switching-off the hidden-layer output 0(33) (k) = K, during the fit-
ness minimization process. It is therefore appropriate to adopt the discrete-time BPNN
P-FI control law instead of one based on the BPNN-PID. Where the new parameters of
the discrete time P-FI control law are expressed as follow:

The P-FI control law given by the equation (5.27) can be rewritten as in the equation

(5.32):
Kprs2 + K,s + K;
S + Tsz

Cpri(s) = ( )E(S) (5.32)

where E(s) is the Laplace transform of the control error, given previously in equation
(5.8). Also, the discrete-time of equation (5.32) yields also equation (5.33), expressed as

below:

Mp—fi(k) - up—fi(k - 1)+

T
ot ®) = 2y gk = )+ ik = 2)
T’
e(k) —2e(k — 1) + e(k — 2) (5.33)
= Kpr T >
k) — e(k - 1

Then, the discrete-time of the control law u,_s;, provided by the proposed P-FI controller,

is given by the following equation:

up-ri(k) = ayup_yitk — 1) = asuy ik = 2) + bye(k)— (5.34)
bze(k -1+ b3€(k -2)
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Where the coefficients a;, a,, by, b, and b; are respectively expressed by:

_1+2p
= 1+
o B
2 1+
KT,
b]ZKp 1+m) (5.35)
1+2
= HE)
e
m‘&1+ﬁ

where the parameter 8 = ;—’: depends heavily on selecting the sampling time 7. The
proposed method using the BPNN-P-FI controller can be summarized in the proposed

flowchart, depicted in figure (5.3).

5.4 Application, results and discussion

In order to prove the effectiveness of the proposed robust BPNN-P-FI controller, a transfer
function with a very high gain and a pole at the origin presented in [73]) is chosen as the

typical model for this application, it is given by :

523500

5.36
s3 + 87.3552 4+ 10470s ( )

G(s) =

The presence of a pole at the origin of the s-plane in G(s) implies an infinite static gain,
resulting in marginal stability for the closed-loop system.
First, the standard PID controller is tuned using PidT uner, the parameters setting in the

frequency-domain are the following:

e Desired bandwidth wg = 100 rad/s.

e Desired phase margin ¢ = 63°.

After several trials, we obtained the best gains values of the standard PID controller

as :
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Figure 5.3: The flowchart describing the BPNN-P-FI synthesis procedure
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K,, = 0.83756234, K;, = 13.435, K;, = 0.01861.

According to the results found using the PID controller, it is glaring that the gain
associated to integral action is very important, the reason which will inevitably impacts
the time response of the closed-loop system and especially during the transient phase,
resulting an important rise time and a significant overshoot. To overcome this issue, it
will be necessary to consider different bandwidth wg. As a matter of fact, choosing an
alternative bandwidth will spur a considerable degradation of non-minimum phase (NP)
properties owing to the presence of a high steady-state. To strike a balance between these
conflicting aims of non-minimum phase and robust stability (NP/RS), we have selected
wp equal to: wp = 100rad/s as it offers the best trade-off between these two objectives.
Now, for the two remaining controllers based on BPNN, before starting the algorithm
steps, it is necessary first to initialize the weights, this action will be achieved randomly
using Matlab software, then, the discretization of equation (5.36) is performed using the

sampling time: 7's = 0.02sec resulting the following discrete-time transfer function :

0.3969z7% + 0.8507z + 0.1573

G = 5.37
) = 30769322 - 0.056362 — 0.1743 (5-37)
where the associated digital process output y (k) is given by
y(k) = 0.7693y(k — 1) + 0.05636y(k — 2)+
0.1743y(k — 3) + 0.3969u(k — 1) + 0.8507u(k — 2)+ (5.38)

0.1573u(k — 3)

5.4.1 BPNN-PID and BPNN-P-FI Synthesis

5.4.1.1 BPNN-PID controller synthesis The synthesis of the standard BPNN-PID
controller is conducted as described above, utilizing the discrete output provided by Equa-
tion (5.38). The neural network employed here is trained using the backpropagation
learning method with the gradient descent algorithm to minimize the backpropagation
error. This iterative process is repeated multiple times until the error is significantly re-
duced, and then the final controller parameters are determined. This determination in-

volves starting from several random weight initializations within a time simulation range
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of [0, tmax = 10] sec.

The initial values assigned to the integral and derivative gains are set close to zero.
However, the proportional gain is initially set to 0.5 to prevent null commands, as men-
tioned in Equation (5.5), which could hinder the minimization of the backpropagation
error. The evolution of the three setting parameters is depicted in Figure (5.4), starting
from the preset initial values until they converge to their final stationary values. The re-

sulting stationary values of each gain are as follows:
K, =0.6234, K; =0.2624 , K;, = 0.2525.

Utilizing Equations (5.6) and (5.7), which describe the relationship between the op-
timal control law and the control error in discrete time, we can extract the following

parameters during the entire time simulation:

y, = 8.4815, v, = 16.333, y; = 7.8548.

5.4.1.2 The BPNN PI-F controller synthesis As mentioned before, the time constant
of the low pass filter is calculated using equation (5.32) according to the results found
using the NNPID controller. Hence, the resulting transfer function of the desired low-
pass filter is given by

1
F(s)= — .
()= 0085 + 1 (5.39)

The following step is to bind this filter F(s) in cascade with the integral part of the standard
BPNN-PID structure by omitting completely the derivative part. Then, the backpropaga-
tion learning will be achieved using this new control-loop generated using the second
NN architecture, in order to adjust the proportional and integral gains of the proposed
BPNN-P-FI controller following the same procedure as that of the standard BPNN-PID
controller, leading to the following results: K,, = 0.5035, K;, = 0.007.

Finally, using these values to set the parameters of the desired optimal control law with

the control error (equation (5.34) and equation (5.35) gives:

a; = 1.9918, a, = 0.99181, b, = 0.50379, b, = 1.0029, b3 = 0.49938.
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Figure 5.4: Evolution of three setting parameters of the standard BPNN-PID controller

5.4.2 Time-domain Responses Comparison In this section, we intend to
compare the time-domain performances provided by the three different controllers pre-
sented in this work. First of all, the process outputs is computed at each sampling time
using the discrete transfer function given by the equation equation (5.38), where the ini-
tialization sequence of the control and process-output signals are all set by zero. Also, it
is important to note that the closed-loop system has a fast time response using the three
controllers, where, the time simulation was reduced from f,,,x = 10sec. to f,.x = 0.5sec.
for more details of the transient-state performances. Now, it is worth to point out that
the nominal performance properties (NP) generally includes key characteristics such as a
small settling time, low overshoot, and minimal time required to mitigate tracking errors.
Referring to figure (5.5), it is glaring that the proposed BPNN-P-FI controller outper-
forms the other two controllers in terms of NP. The system’s output of the proposed con-

troller could guarantee a faster settling time of #,,, = 0.05 seconds, a lower overshoot of

559

D% = 5.41% at tpq, = 0.04 seconds, and the shortest time required to minimize as much
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as possible the steady-state tracking errors of 7, = 0.09 seconds. Comparing to the two
other controllers, the standard BPNN-PID controller occupies the second-best position,
where the standard PID controller demonstrates the least favorable performance.

Table 5.11 summaries the performance of the three controllers throw the parameters
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Figure 5.5: Reference tracking dynamics ensured in time domain by the three controllers

characterized reference tracking dynamics, where the superior parameter values are high-
lighted in bold. Moreover, Table 5.2 provides an overview of the enhancement percentage
of each parameter, which is computed by comparing the time response of the proposed
BPNN-P-FI controller with that of the other two controllers. This ratio is calculated ac-

cording to the following rule:

performance of the designed controller—per formance of the BPNN—P—F1 %
- (Y
performance of the designed controller

Considering the NP/RS trade-off, the BPNN-P-FI controller proves to be the most favor-

able choice for controlling a physical process described by a plant model with an a high
order gain and a pole located at the origin of the s-plane. It offers a superior balance
between achieving excellent nominal performance properties and ensuring robust stabil-
ity. The BPNN-P-FI controller demonstrates significant improvements in terms of settling
time, overshoot, and tracking error compared to the standard PID and standard BPNN-
PID controllers.

where t,, t; and Dq, are the rise time, the settling time and the overshoot respectively.
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Table 5.1: Step response characteristics of each controller

t, (sec.) | t, (sec.) | Dgq
BPNN-P-FI | 0.05 0.09 541
BPNN-PID | 0.08 0.22 9.64
PID 0.26 0.41 14.36

Table 5.2: : Improvement percentage (in %) of each time response parameter that is
ensured when the proposed BPNN-P-FI controller is applied
t, (sec.) | t; (sec.) | Dgq,
BPNN-P-FI compared to BPNN-PID | 37.5% | 59.09% | 43.87%
BPNN-P-FI compared to PID 80.76% | 78.04% | 62.32%

5.5 Robustness analysis

This section aims to evaluate the robustness of the closed-loop system controlled by the
three synthesized controllers in the presence of unknown modeling uncertainties. These
modeling uncertainties are the relative deviation between the nominal model and all
neighboring perturbed models. First, the examination of the sensor noise suppression
dynamics, can provide valuable information about robust stability and especially the at-
tenuation of the effect of sensor noise that commonly occurs at high frequencies. besides
the closed-loop stability assessment in the presence of unstructured multiplicative uncer-
tainties, as at high frequencies, the closed-loop system should exhibit minimal sensitivity

to these uncertainties [74].

5.5.1 Frequency-domain Robustness Comparison In the following part,
figure (5.6) a noise is added to the sensor signal of the controlling loop, comparing
the sensor noise suppression dynamics, applied in the frequency-domain by the three
previously presented controllers. It represents the frequency response in terms of the
maximal singular value plot of the complementary sensitivity function oy [S(w)] =
Omax [Go(w)/(1 + G,(w))]. Therefore, it provides valuable information regarding the ro-
bust stability (RS) properties including the attenuation of sensor noise effects, typically
at the high frequencies, as well as the closed-loop stability in the presence of the un-
structured multiplicative uncertainties. Here, G,(s) = G(s)C(s) represents the open-loop
system, which depends on the synthesized controller.

On the other hand, it is well known that robust stability is ensured when o,y [S (w)]
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Figure 5.6: Sensor noise suppression dynamics ensured in frequency domain by the three
controllers

decreases significantly at high frequencies and approaches unity (0,5) at low frequencies.
Regarding figure (5.6),the proposed BPNN-P-FI controller, o« [S .(w)] remains below
+80,5 within the frequency range w € [103, 105] rad/ sec.. In contrast, the standard
PID controller and the standard BPNN-PID controller exhibit 0.« [S .(w)] values below
+40,45 and +20,5, respectively, within the same frequency range. Based on the observa-
tions cited above, the proposed BPNN-P-FI controller exhibits the best performance in
terms of robust stability. It offers over twice time sensor noise diminution compared to
the standard PID controller and more than four times compared to the standard BPNN-
PID controller. Consequently, the proposed BPNN-P-FI controller achieves the highest
level of robustness, followed by the standard PID controller in the second position and the
standard BPNN-PID controller in the third position.

An other robustness test is applied by adding noise at the system’s output. Therefore,
a random values of the order of 1 % are added to the output in order to simulate the
noise affect, the following figure (5.7) describes the system’s behaviour using the three
proposed controllers, PID, BPNN-PID and BPNN-P-FI : After applying a disturbance at
the system’s output, the BPNN-PID and the BPNN-P-FI controllers still keeping the re-
quired performance and the robustness of the system owing to the adaptive control, with
a negligible overshoot given by the BPNN-P-FI, where it’s glaring that the PID controller

presents an important overshoot of 14 % besides the time taken to reach the steady state.
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Figure 5.7: System’s output after applying the noise at the system’s output

Consequently the superiority of the proposed BPNN-P-FI controller.

5.5.2 Perturbation rejection In the following part, another aspect of the sys-
tem’s robustness test regarding the perturbation rejection. We assume that perturbations
are applied to the output of the nominal model to closely match it with the measured pro-
cess output, the amplitude of this perturbation input is assumed to be equal to 25% of the
the setpoint. It is applied exactly at the starting time ¢ = 0.5 s. Additionally, the syn-
thesized nominal model includes a high static gain, which has a significant impact on the
trade-off between performance and robustness of the closed-loop system besides the loca-
tion of one pole at the origin. Furthermore, this system is considered uncertain, where its
gain value is deviating from the nominal value by a relative gap equal to 30%. This means
that, since the nominal gain is equal to 523500, the corresponding uncertain gains have
values fluctuating randomly between the two upper and lower limits, given respectively
by 680550 and 366450. In this study, 200 uncertain static gains are generated, resulting in
a total of 200 perturbed model. Accordingly, the best possible trade-off is realized when a
good set point tracking dynamics is maintained with the best of these properties, such as
rise time, settling time, overshoot, regardless the effect of the perturbation input. Simulta-
neously, good rejection dynamic is ensured when the effect of the model uncertainties is
rapidly attenuated without impacting the performance of the closed-loop system. Taking

all these key requirements into account, the nominal model controlled by the BPNN-P-
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FI controller ensured the best performance-robustness trade-off with respect to all types
of modeling uncertainties, ensuring a good mitigation of the perturbation effect, with a
faster time response compared to that supplied by the two remaining controllers (see fig-

ure(5.8)).
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Figure 5.8: Perturbation rejection dynamics for the nominal model controlled by the
three controllers

Eventually, in the figure (5.9), the output of the 200 closed loop uncertain model is
presented by the dashed lines where each one of them encompasses the same perturba-
tion effect, and using the three preceding controllers, it is glaring that the best trade-off is
always achieved by the closed-loop system controlled by the proposed BPNN-P-FI con-
troller.

Also, all resulting outputs are compared by the one provided for the nominal model case
of the functioning system, which is mentioned using solid-line.

For further clarification, the transient-state part, as well as the one representing the dis-
turbance rejection part of each previous controller, are zoomed in the two-time ranges
comprised between 0 < ¢ < 0.2 sec. and 0.49 < r < 0.7 sec, respectively. Accordingly,
the time response related to the proposed BPNN-P-FI controller attains the desired output
very quickly, while the overshoots are much more limited than those corresponding to the
two remaining controllers. These positive requirements are reached not only in the case of
nominal operating state but also in the case of all uncertain models. Simultaneously, the

disturbance rejection is guaranteed in sufficiently fast time even in the presence of these
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Figure 5.9: Perturbation rejection dynamics for 200 high-gain perturbed model
controlled by the three controllers

uncertainties, where the tracking errors are completely eliminated in a time not exceeding
t=0.1 sec. (see (figure(5.10)) As a result, the closed-loop system based on the proposed
controller becomes much less sensitive to model uncertainties compared to the other two

closed-loop systems based on the other two controllers.

5.6 Conclusion

This chapter addresses the robustness enhancement of the BPNN-PID controller by draw-
ing inspiration from the filtered PI controller. The core concept of this approach involves
integrating key characteristics of the filtered PI controller, which incorporates a low-pass
filter in cascade with its integral part, while omitting the derivative action. This inte-
gration leads to significant performance improvements, especially in processes involving
high-gain integral systems, as it effectively mitigates noise amplification in high frequen-
cies.

The proposed BPNN-P-FI controller entails a two-step parameter tuning process. Ini-

tially, the three gains of the standard BPNN-PID controller are determined via backpropa-
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Figure 5.10: Highlighting the transient-state and the disturbance rejection zones for each
controller

gation learning using a gradient descent minimization process. Subsequently, these gains
are utilized to compute the coefficients of the low-pass filter, aimed at mitigating unde-
sired effects stemming from the derivative action during the controller synthesis phase.

The proportional and integral gains of the robustified controller necessitate readjust-
ment to accommodate the insertion of the low-pass filter in the control loop. The robust
stability of the BPNN-P-FI controller is assessed in the frequency domain, while its nom-
inal performance is analyzed in the time domain.

To validate this approach, the standard PID controller is robustly and optimally synthe-
sized using the ’Pid Tuner’ command in Matlab software. Simulation results are obtained
by individually applying these three controllers to control an industrial process character-
ized by an infinite static gain and a pole at the origin of the s-plane, representing stability
limits.

The findings underscore the superiority of the proposed BPNN-P-FI controller com-
pared to the other two controllers, particularly in achieving a favorable balance between

nominal performance and robust stability.






General Conclusion

Bio-inspired algorithms have proven to be efficient strategies across various scientific
fields. Recently, much research has focused extensively on their development. In control
systems, these algorithms are widely employed, particularly in the synthesis of innova-
tive controllers for complex systems, enhancing the performance of closed-loop systems.
However, despite their efficacy, there remains a significant gap in exploring the robust-
ness aspect. Insufficient attention has been devoted to quantifying and enhancing the
robustness of such controllers, especially concerning the diverse uncertainties affecting
the closed-loop system, such as parametric and non-parametric variations, unknown un-
certainties, sensor noise effects, and more. Addressing these robustness challenges is
crucial for ensuring the reliability and effectiveness of bio-inspired controllers in real-
world applications. In this thesis, we have explored and developed some bio-inspired
control strategies, especially focusing on feedback immune control, fuzzy immune con-
trol, and neural networks. Our aim was to enhance their robustness, adaptability, and
performance across a wide range of applications. The first section introduces the concept
of robust control, which comprises advanced control methodologies used to maintain the
stability of closed-loop systems against different perturbations, such as parametric and
non-parametric uncertainties. The second chapter delves into the presentation of the con-
sidered bio-inspired algorithms in this thesis, which are : the artificial immune feedback
control and neural networks, which mimic the adaptability and resilience observed in bi-
ological systems. This chapter is considered as a foundation for the subsequent chapters,

wherein we delve deeper into their applications and potential enhancements.

In Chapter 3, our objective was to enhance the robustness of the Artificial Immune
Feedback PID Controller. To achieve this, we designed a combined Hoo controller design
method (a well-known and widely used robust control method), with the immune feed-

back PID controller. As application model, we choose the magnetic levitation system,
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where the goal is to adjust the position of the magnetic ball and maintain it suspended
without any support. This task presents a significant challenge due to gravitational forces,
wind, disturbances, and inherent uncertainties during system identification. Therefore,
the robust control is essential to ensure stability and accurate positioning of the levitated
object. To address these challenges, we adopted two controllers : Initially, the PID im-
mune feedback controller alone did not meet the required performance criteria, exhibiting
a significant overshoot of 13.6 % and settling and rise time of 12.5 seconds and 1.466
seconds respectively. However, when we applied the structured Heo PID controller af-
ter identifying and incorporating the nonlinear block of the immune system, the closed
loop time response performances improved significantly. The overshoot was eliminated
definitely where the settling and rise time were reduced to 0.0904 seconds and 0.0512
seconds respectively. The structured Heo PID immune controller was able to guarantee
robust performance, as demonstrated through simulation tests conducted in the presence

of parametric uncertainties.

In Chapter 4, we used the robust Linear Quadratic Regulator (LQR) control law to en-
hance the robustness of the feedback Immune PID Controller. Additionally, we modeled
the immune block using a Mamdani’s fuzzy model, which provides more flexibility to
address various uncertainties. As a result, we developed the LQR-based Fuzzy Immune
PID controller. The key contribution lies in optimizing the parameters of the PID immune
controller using the LQR algorithm. To demonstrate the effectiveness of our controller in
the presence of uncertainties, we applied it to greenhouse temperature system controlled
through an Ethernet network. Such system is subject of different network disturbances
such as packet dropout and bandwidth sharing rates of the disturbing nodes. For com-
parison purpose, multiple perturbations scenarios were simulated to assess the robustness
of the greenhouse temperature control system using three controllers : the classical PID,
the PID immune feedback controller, and the LQR-based PID immune controller. The
PID controller could present a good robustness with a permanent static gain in all sce-
narios. The fuzzy immune feedback controller maintain a good performance except with
high packets loss probability, where the overshoot increased to 100%. The LQR-based
fuzzy immune PID controller exhibited a good performance illustrated in the robustness
margins, the highest gain margin of 81.8502 dB comparing to the two values obtained

by using the two previous controllers 52.0685 and 81.8488. The simulation results pre-
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sented proves the superiority of the proposed controller in terms of time performances

and robustness against network uncertainties.

In the final part of our work, we investigated the Backpropagation Neural Network
PID controller (BPNN-PID). Our primary objective was to enhance its robustness in con-
trolling a class of complex systems, particularly the high-gain integral system, which are
known for their sensitivity to sensor noise in the high-frequency range. As a contribution,
we introduced the Filtered Backpropagation Neural Network PI controller (BPNN-P-FI).
This controller inherits the advantages of the BPNN-PID while mitigating its disadvan-
tages, particularly its sensitivity to sensor noise arising from the presence of derivative
action. This enhancement is achieved by incorporating a low-pass filter, which enhances
the robustness of the controlled system against sensor noise by eliminating the need of

derivative action.

The effectiveness of these two controllers, in addition to the traditional PID controller,
was compared in controlling a linearized industrial system drawn from literature, which
was modeled as a high-gain integral system. This system is characterized by an infi-
nite static gain and a pole at the origin. Robustness simulation tests were conducted
in the frequency domain, evaluating the suppression of sensor noise, permanent noise
at the system’s output, and parametric variations. The proposed BPNN-P-FI controller
demonstrated the highest level of robustness and time performance in the simulation
tests, where we found improvements in step response characteristics compared to the
classical PID controller as follows: 80.76% for the rise time, 78.09% for the settling
time, and a 62.32% improvement in overshoot attenuation from 14.36 to 5.41. Addi-
tionally, the enhancement of these parameters comparing to the BPNN-PID controller
was also achieved with improvements 37.5%, 59.09% and 43.87% respectively. Accord-
ing to the other robustness tests starting from the sensor noise suppression, the proposed
BPNN-P-FI controller ensured the robust stability where o .« [S -(w)] was mitigated sig-
nificantly at high frequencies and settled down below +80,z within the frequency range
w € [103, 10° ] rad/ sec . In contrast, the standard PID controller and the standard BPNN-
PID controller exhibit o,y [S (w)] values below +40,5 and +20,5, respectively, within
the same frequency range. Moreover, the advantages guaranteed by the proposed con-
troller can be seen through the other robustness tests performed in adding a permanent

noise at the system’s output where the system could maintain the stability of the system,
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and when the perturbation was injected to the uncertain model, the error tracking was
completely eliminated in a time not exceeding 0.1 seconds, and it presented much less
sensitivity to model uncertainties compared to the other two closed loop systems based
on the other two controllers adopted.

Future Work

As part of our future work, we intend to expand our research to include other recent bio-
inspired algorithms, particularly those focused on meta-heuristic optimization. Our aim
is to explore their application in various classes of systems, such as nonlinear continuous
and discrete systems, as well as event-based systems. The primary objective is to inves-
tigate their robustness against different uncertainties. Additionally, we plan to enhance
their robustness using various techniques. Another important goal is to apply our findings

to real-world processes.
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Appendix A

Framework for tuning fixed control

structures

Assuming the standard form of the structured H co synthesis given by the figure below:

W —Z
P(s)
u C(s)---0 y
0 .- C8)
C(s)

Figure A.1: Standard form of the structured H co synthesis

The structured H oo synthesis involves solving semi-infinite, non-convex, and non-smooth

algorithms under the form[49]:

min imize ||F,P (s), C (s)|l, < minimize max[d'(Fl (P (jw).x)) (A1)
C(s)

XxeRK wel0,00

11



12 Appendix A. Framework for tuning fixed control structures

Where C(s) is the structured controller and the vector x gathers all low-level tunable
parameters in C(s). This is a challenging mathematical programming problem, it is worth
noting that the right hand side function of the equation (A.1) represents the composition

of the convex but nonsmooth function max & (.) with the non-convex but differentiable
w

mapping x — F; (IAJ (jw), x) . This composite function is the full description of the Clarke

subdifferential is accessible [[75]. This program can be rewritten as:

min imize f(x) © max f(w,x) (A.2)
xERK wel0,00]

to solve the equation (A.2), it was constructed in a tangent model around the current iterate

x which represents a "quadratic first-order" local approximation of the original problem.

An adequate descent direction 4 is then computed by solving a convex quadratic program

of the form:

heRK 2=

minimize fuo(x + h) = max f (w, x) = fuo () + ¢ h+ %hTQh (A.3)
f

Where: Q; is some finite set of frequencies and ¢, € df (w,x) is a subgradient of
f (w, x) many possible implementations of this scheme are available in [/6] . However,
Q/ has to contain the active frequencies w, achieving the peak value in equation (A.2).
This minimal requirement is enough for the program to converge[49]]. By adding a few
well chosen frequencies, the tangent model given by equation (A.3) can be improved,
where including frequencies bracketing, the corresponding pic can significantly accelerate
the convergence [76, [77]]

A.1 Software Tools

The solution of the structured H co problem can be effectuated in Matlab using some soft-
ware tools, these last are available in Robust control toolbox. The general structure of
tunable transfer function provides by the software is given by the instruction below:
C=ltiblock.tf(’C’ ) number of zeros’,’ number of poles’)

However, it exists other instructions for pre-defined tunning for gains, PIDs, and state

space. The tunable block of the PID controller is denoted by this expression:

C=ltiblock.pid("C’,’PID’)
The structured H oo design achieved by the satisfaction of the following requirements for
the feedback loop:
[WeSllew < LIW, Tl <1 (A.4)

Where: S is the sensitivity function and the complementary sensitivity function, and W,,
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W, are the frequency-weighting functions.

The weighting functions are represented using the following instruction makeweight:

W = makeweight(dcgain,[freq,mag],hfgain)
W(0)=dcgain
W(Inf)=hfgain
W(jfreq)=mag
The aggregate transfer function H (s) = Diag (W,S, W,T) is represented in Matlab by
the variable HO and it depends on the tunable PID block, it is given by the following ex-

pression:

HO=blkdiag(We*S,Wt*T)
Once the standard form is formulated, the minimization of the linear fractional transfor-

mation is achieved by the following command:

op=hinfstructOptions(’RandomStart’,number of random starts)

[H,gam]=hinfstruct(HO,op)
Hinfstruct can be configured to run multiple optimizations from random generated start-
ing points.

The tuned PID controller has an access using the following command:

Cl=getBlockValue(H, C”)






Appendix B

PID equivalent to the linear quadratic

regulator

The following method proposed by Mukhopadhyay is designed specially to avoid high

cost and complexity of optimal regulators, starting from the linear state space system:

X=Ax+ Bu
(B.1)
y=Cx

Assuming y, f ydt,y as the inputs of the controlled input u which can be expressed as:
u=-K,y— K,-fydt— K.y (B.2)

for
u@0) =0

By substituting the first equation in the second equation we can write:
u=-K,Cx-K; fydt - K,C (Ax + Bu)
Or
u=-K,Cx— I?,-fydt

(B.3)

Where the new PID gains are defined as:
K, =, + K,.CB)" (K,C + K,CA) (B.4)

15
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K=, + K,CB)'K; (B.5)
Expressing the new variable:
!
z= f ydt (B.6)
0
for
z(0)=0

Then we can write:

z=y=Cx (B.7)

The augmented states of the system will be defined as:
x=[xz]” (B.8)
The new system’s representation will be as follow:
¥=AxX+ Bu (B.9)
Where the augmented system matrices are expressed as:

_a o] . [B
A= B=

0

Minimising the following performance index with Q, R as augmented state and input

weighting matrices:
I -
J== f (%" 0% + u” Ru)d (B.10)
2 Jo
The desired optimal control law is given by the equation below:
u* = -R'B" Px (B.11)
Where P is the positive-definite solution of the nonlinear algebric Riccati equation:
PA+A"PBR'B" + 0 =0 (B.12)
Comparing the equation (B.3) and (B.11) we can extract the following expressions:

K,=R'B'P,,,K; =R'B"P), (B.13)
p
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P11, Pi», are the submatrices of the matrix P:

Py P
Pl, Py

(B.14)

From these new gains we can rewrite the PID gains in the forms:

|K,K4| = K,C (B.15)
Where:
. C
 |CA-CBK,
K; = (Im + KdCB) [_(i (B16)

B.1 Software Tools

The augmented system is presented in Matlab as follow:
A=[As,zeros(ns,ls);Cs,zeros(ls,ls)];

B=[Bs;zeros(Is,ms)];

C=[Cs,zeros(lIs,ls);zeros(ls,ns),eye(ls,ls)];

Cd=[Cs,zeros(Is,ls);zeros(Is,ns),zeros(ls,ls)];

Where: As, Bs, Cs are given from the initial state representation, ns,ls,ms are the matrices
lengths.

For the controller design:

LQR-based PID output-feedback controller design for linear time invariant systems is
given by the following function which based on S. Mukhopadhyay: P.I.D. equivalent of

optimal regulator .

[F,P,El= LQRPID(sys,Q,R,N)

It calculates the optimal (if 1=n/2) or the sub-optimal (if | ~ =n/2) output-feedback PID
(Proportional-Integral-Derivative)

Where:

F, P, E arerespectively: the PID parameters presented in a vector, the solution of Riccati
equation, the closed loop system eigen values.

However, this function is effectuated after testing the matrices lengths and applying the

following instructions:
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[~,Pr,Er] =Ilgr(A,B,Q,R,N)

P11=Pr(1:ns,1:ns);

P12=Pr(1:ns,ns+1:ns+Is);

K, and K; are given by the two following instructions:
sKp=inv(R)*(Bs’*P11+N(1:ns,1:ms)’);

sKi=inv(R)*(Bs’*P12+N(ns+1:ns+1s,1:ms)’);

The matrix given by the equation (B.16) is defined by the the instruction: sC=[Cs;Cs*As-
Cs*Bs*sKp];

Kpd=sKp*pinv(sC);

The final parameters of the PID controller ( equations (B.15),(B,16) ) are the following:
Kp=Kpd(1:ms,]1:Is);

Kd=Kpd(1:ms,Is+1:Is+l1s);

Ki=(eye(ms)+Kd*Cs*Bs)*sKi;

Fr=[Kp Ki KdJ;
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