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Resumen

Las máquinas eléctricas de corriente directa son versátiles y muy utilizadas en nuestra

vida diaria [39]. Estas máquinas pueden ser usadas como motores y se utilizan en el

transporte, en la industria y en el hogar, y en muchas otras aplicaciones. Este es el caso

del motor de corriente directa con excitación en el devanado de campo, el cual es utilizado

en esta tesis.

Por otro lado, se conoce que las redes neuronales se utilizan en el diseño de sistemas de

identificación y control de sistemas no lineales complejos; esto es debido a que presentan

buena capacidad de aprendizaje y adaptación ante la presencia de perturbaciones externas

y errores en el modelado.

Dentro de los algoritmos de entrenamiento que existen en la actualidad para redes

neuronales, presentan algunas desventajas como: lento aprendizaje, alta sensibilidad a las

condiciones iniciales, mínimos locales, entre otras. Como una alternativa viable se han

propuesto algoritmos de entrenamiento de redes neuronales basados en el filtro de Kalman

([12], [13], [41]).

Por otra parte, es sabido que la técnica de control por modos deslizantes es robusta ante

la presencia de perturbaciones externas que se encuentran en el subespacio de control [8].
Esta técnica es una herramienta efectiva en el control de sistemas no lineales; sin embargo,

en tiempo continuo, su alta frecuencia de conmutación resulta ser una desventaja. Aunque

los modos deslizantes en tiempo discreto no presentan este problema.

Esta tesis presenta la solución de un problema de seguimiento de trayectoria de ve

locidad angular y par electromagnético de un motor de corriente directa con excitación

en el devanado de campo. Esto se logra mediante la identificación del modelo de la planta

utilizando una red neuronal recurrente de alto orden en tiempo discreto. Basado en el

modelo de identificación neuronal, se aplican las técnicas de control por bloques y modos

deslizantes discretos. Además se muestra el análisis de estabilidad del sistema completo

que se realiza bajo el esquema de Lyapunov. Para validar el análisis teórico, los resultados

se presentan mediante la simulación y finalmente se diseña y construye un prototipo, que

es utilizado para la implementación en tiempo real de los esquemas de control propuestos.
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Abstract

Direct current (DC) machines are versatile and extensively used every day [39]. This

kind of machines can be used as motor and their applications can be in transportation,

industry, household, among others. This is the case of the DC motor with sepárate

winding excitation, which is presented in this dissertation.

In the other hand, it is known that neural networks are used in identification and

control of nonlinear complex systems, due to its good capacity of learning and adaptation

in presence of external disturbances and uncertainties.

Usually, training algorithms for neural networks present disadvantages such as slow

learning speed, local minima and high sensitivity to initial conditions, among others.

Henee, as a very viable altemative, training algorithms for neural networks based on

Kalman filtering have been recently proposed ([12], [13], [41]).

Also, it is known that the sliding mode control technique achieves robustness with

respect to matched perturbations [8]. This technique is an effective tool for controlling

nonlinear systems; nevertheless, in continuous-time, its high frequency of switching is a

disadvantage. Although, the sliding modes in discrete-time do not present this problem.

This dissertation presents the solution of trajectory tracking of angular speed and

electromagnetic torque for a DC motor with sepárate winding excitation, which is done by

the identification of the plant model using a recurrent high order neural network (RHONN)

in discrete-time. Based on the neural identifier model, discrete-time block control and

sliding mode techniques are applied; the stability analysis for the whole system using

the Lyapunov approach is also included. In order to validate the theoretical analysis,

application results are obtained via simulation and finally a prototype is designed and

integrated, where real-time experiments are implemented.
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Chapter 1

Introduction.

This chapter presents a brief description of the preliminary knowledge required to

develop this dissertation. Additionally, the motivation, the objectives and the dissertation

outline are also included.

1.1 Preliminaries

DC motors with sepárate winding excitation play an important role in industry due

to its versatility for connection and control. For variable speed and torque applications,

the objective is to manipúlate the control inputs in such a manner as to make the motor

outputs to track a trajectory, requiring a rapid recovery from speed drop caused by a

load disturbance. In a DC motor the magnetic field is always at right angle with the field

created by the armature winding; this condition is needed to genérate máximum torque.

The field and armature windings are excited from sepárate sources; henee, the DC motor

with sepárate winding excitation is a nonlinear multi-input multi-output (MIMO) plant,

with two control inputs (armature and field voltages), two controlled outputs (angular

speed and field current) or (the electromagnetic torque controlling the armature and

field currents) and one disturbance (the load torque). Provided that the state variables

are measured and the plant parameters are known, different controllers have been pro

posed in continuous-time, for example sliding mode controllers ([1], [5], [36], [44], [45])
and passivity-based ones [23]. Furthermore, there exist no many publications for control

ling the electromagnetic torque; the only available is [17], to the best of our knowledge.

Besides, it is known that the sliding mode controllers ensure robustness of the closed-loop

system with respect to match perturbations [8] . In practice, many control plants dynam

ics have both, matched and unmatched perturbations (for example electrical drives) due

to many parameter variations and external disturbances (load torque).

1



2 CHAPTER 1. INTRODUCTION-

On the other hand, a neural network (NN) is a massively parallel distributed processor
which can store experimental knowledge and makes it available for use [14]. It resembles

the brain in two respects:

1. Knowledge is acquired by the network through a learning process.

2. Interneuron connection strengths known as synaptic weights are used to store the

knowledge.

Artificial NN are systems inspired from how the human brain works. They consist

of a finite number of neurons, which are interconnected to each other. The strength of

the connections is quantified by means of synaptic weights. The property of primary

significance for a NN is its ability to learn from its environment, and to improve its

performance through learning [34]. Other basic feature of neural architectures is that

they work in parallel. Besides, artificial NN can perform human brain-like tasks such as

object and pattern recognition or associative memory. Artificial NN have also provided

good solutions to many problems in various fields: such as classification, visión, speech,

signal processing, time series prediction, modeling and control, robotics, optimization,

experts systems, financial applications, and filtering, among others ([24], [47]). Therefore,

artificial NN have become an attractive tool which can be used to construct a model of

complex nonlinear processes [24] ,
as exemplified by their applications to identification and

control of nonlinear and complex systems [11]; the use of high order neural networks for

identification and control has recently been increased [10]. Other interest for studying

NN is because they have very good capability in adaptability and learning in presence of

external disturbances and uncertainties in modeling.

It is known that for many nonlinear systems, it is often a challenge to obtain their

accurate and reliable mathematical models, regarding to their physically complex struc

tures and hidden parameters, as discussed in [7]. Therefore, system identification becomes

an important problem and even necessary before system control can be considered not

only for understanding and predicting the behavior of the system, but also to obtain

an effective control law. Then, the neural identification problem consists in selecting an

appropriate neural identification model, and in adjusting its parameters according to an

adaptive law, such that the response of the neural identifier model to an input signal (or

class of input signáis), approximates the response of the real system for the same input

[35].

The best well-known training approach for recurrent neural networks (RNN) is the

back propagation through time learning [41]. However, it is a first order gradient descent

method and henee its learning speed could be very slow [41]. Recently the Extended
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Kalman Filter (EKF) based algorithms have been introduced to train neural networks, in

order to improve the learning convergence [41]. EKF training of neural networks, both

feedforward and recurrent ones, have proven to be reliable and practical for many appli

cations over the past twelve years [41]. There already exist publications about trajectory

tracking using neural networks ([10], [35], [37]); in most of them, the design methodology

is based on the Lyapunov approach. However, most of those works were developed for

continuous-time systems. Moreover, discrete-time neural networks are better fitted for

real-time implementations.

There are different altemative approaches that could be followed in the real-time im

plementations using a digital computer in control systems [16]. One of them is to obtain

a continuous-time process model and then to synthesize a continuous-time controller us

ing well-established design methodologies; and then, to discretize the continuous-time

controller. Other one is to obtain a discrete-time process model directly by identifica

tion methods or via time discretization of a continuous-time model and, then directly

synthesize a discrete-time controller; this controller is implemented digitally using rapid

sampling, by applying the methodological principies of the so called discrete-equivalent

design. For nonlinear discrete-time systems, the real-time implementations control prob

lem is complex due to couplings among subsystems, inputs and outputs [11].

In recent adaptive and robust control literature, numerous approaches have been pro

posed for the design of nonlinear control systems. Among those, block control (BC)

combined with sliding mode (SM) constitutes a well suited design methodology ([26],

[27]). Nevertheless, as well as several feedback linearization schemes, the BC technique

requires non-singularity of parameters in order to preserve controllability of NN. In this

dissertation, we use an EKF-based training algorithm for a recurrent high order neural

network (RHONN), in order to identify the model plant and to overeóme the controller

singularity problem; based on this neural identifier model, a discrete-time SM control law

is derived. The block control approach is used to design a nonlinear sliding manifold such

that the resulting sliding mode dynamics are described by a desired linear system. The

proposed neural identifier and block control applicability are illustrated by angular speed

and electromagnetic torque trajectory tracking for a DC motor, via simulations and a

prototype is completely integrated, where real-time experiments are implemented.

1.2 Motivation

According to the faets above exposed, it is a necessity to synthesize control algorithms

for a class of MIMO discrete-time nonlinear systems (particularly for a DC motor with
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sepárate winding excitation) based on a RHONN. These algorithms must be robust in

presence of external disturbances and parameters variations. It is also necessary to test

the applicability of the theoretical analysis with real-time experiments.

1.3 Objective

To control the angular speed and the electromagnetic torque of the DC motor with

sepárate winding excitation. In order to achieve this objective, in this dissertation the

following steps are considered:

1. To develop a neural identifier in the nonlinear controllable form based on a discrete-

time recurrent high order neural network for a DC motor with sepárate winding

excitation.

2. To train the neural identifier with the extended Kalman filter algorithm.

3. To synthesize a discrete-time control law for the DC motor based on the neural

identifier with the block control and sliding modes techniques.

4. To design and build a prototype to test in real-time the neural networks control

algorithm for a DC motor with sepárate winding excitation.

1.4 Dissertation Outline

This dissertation presents a solution of trajectory tracking for unknown nonlinear

systems (particularly for a DC motor with sepárate winding excitation). Two cases are

considered: the first one, is the angular speed and field current tracking; the second

one, is the electromagnetic torque tracking. For both cases, an indirect design method is

considered, which is solved with the block control and sliding modes control techniques

under complete access to the state vector. The proposed schemes are developed in discrete-

time. Moreover, the stability analysis for the whole system is developed. Finally, to test

the functionality of the proposed schemes, experimental tests are done in a prototype.

All of these results are original and constitute the main contribution of this dissertation.

The dissertation is organized as follows:

Chapter 2 deals with the main theoretical required fundamentáis, including mathe

matical background, the plant model to be controlled and its representation in continuous

and discrete-time. We also introduce the neural network structure to identify the plant
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model and its respective training algorithm; additionally, it is explained the nonlinear con

trollable form of the neural network and the applicability of the block control and sliding

modes techniques. Finally, the stability analysis for the whole system is developed.

Chapter 3 presents the prototype which is integrated in order to perform the exper

imental tests, as well as the respective data of the parts included in this prototype.

Chapter 4 first, proposes the RHONN to identify the plant model; then, the EKF

algorithm is applied for training the neural network identifier. Additionally, it is explained

the application of the block control and discrete-time sliding modes techniques, in order

to control the angular speed and the electromagnetic torque of a DC motor with sep

árate winding excitation. Finally, simulations and real-time implementation results are

presented.

Chapter 5 presents the conclusions and future work.

Appendix A deals with the conditions required for the block controllable form.

Appendix B lists publications related of this dissertation.
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Chapter 2

Fundamentáis and Control Scheme

In this chapter, we present the main theoretical fundamentáis used in this dissertation,

including mathematical background, the plant model to be controlled and its represen

tation in continuous and discrete-time. We also introduce the neural network structure

to identify the plant model and its respective training algorithm. Additionally, it is ex

plained the nonlinear controllable form of the neural network and the applicability of the

block control and sliding modes techniques. Finally the stability analysis for the whole

system is developed.

2.1 Mathematical Preliminaries

In this section, important mathematical preliminaries, required in future chapters, are

presented; it cióse follows [11]. Through this dissertation, we use k as the sampling step,

k £ 0 U Z+ |«| as the absolute valué and, ||*|| as the Euclidean norm for vectors and as

any adequate norm for matrices.

Consider a MIMO nonlinear system:

X(k + 1) = F(X(k),u(k),k) (2.1)

y (k) = h(X(k)) (2.2)

where x e -K", u S *#m* and F £ 3?" x 3?m -> 5R™ is nonlinear function.

Definition 1 [11] The system (2.1) is said to be forced, or to have input. In contrast the

system described by an equation without explicit presence of an input u, that is

X(k+l) = F(x(k))

7



8 CHAPTER 2. FUNDAMENTALS AND CONTROL SCHEME

is said to be unforced. It can be obtained after selecting the input u as a feedback function

of the state

u(k)=ú(X(k)) (2.3)

Such substitution eliminates u:

x(k+l)=F(x(k),ti(X(k))) (2.4)

and yields an unforced system (2A)[18[.

Definition 2 [11] The solution of (2.1)
— (2.3) is semiglobally uniformly ultimately bounded

(SGUUB), iffor any fi, a compact subset of _ín and all x (ko) £ fi, there exists an e > 0

and a number N (e, x (ko)) such that \\x (k)\\ < e for all k > k0 + N.

In other words, the solution of (2.1) is said to be SGUUB if, for any a priory given

(arbitrarily large) bounded set fi and any a priory given (arbitrarily small) set fio, which

contains (0, 0) as an interior point, there exists a control (2.3) such that every trajectory

of the closed loop system starting from fi enters the set fi0 — {x (k) \ \\x (k)\\ < £_, in a

finite time and remains in it thereafter.

Theorem 1 [11] Let V (x(k)) a Lyapunov function for the discrete-time system (2.1),

which satisfies the following properties:

7i(||x(*)H) < V(x(k))<l2(\\X(k)\\)

V(X(k + l))-V(x(k)) = -\V(X(k))

< -tt(||x(fc))|| + áo

where So is a positive constant, 71 (•) and 72 (•) are strictly increasing functions, and

73 (•) is a continuous, nondecreasing function. Thus if AV (x(k)) < 0 for \\x(k)\\ > do,

then x(k) is uniformly ultimately bounded, i.e. there is a time instant kr, such that

\\x(k)\\<60,Vk<kT.

Definition 3 [18] A subset S £ 5R" is bounded if there is r >0 such that \\x\\ <r for all

xes.

Theorem 2 (Separation Principie) [22]: The asymptotic stabilization problem of the sys

tem (2.1)- (2.2), via estimated state feedback

u(k) = 4(x(k))

X(k + 1) = F(x(k),u(k),y(k)) (2.5)

is solvable if and only if, the system (2.1)-(2.2) is asymptotically stabilizable and expo

nentially detectable.
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Corollary 1 [22] There is an exponential observer for a Lyapunov stable discrete-time

nonlinear system (2.1)-(2.2) with u = 0 if, and only if, the linear approximation

x(k + l) = AX(k) + Bu(k)

y(k) = CX(k) (2.6)

A~

dX x=o
du

C= —

x=o
dx

x=o

of the system (2.1)- (2.2) is detectable.

2.2 The Direct-Current Machine

The Direct-current machine is extensively used in industry. It can be controlled over

a wide range relatively easy. Large DC machines (in tens or hundreds of horse-power)

are used in machine tools, printing presses, conveyors, fans, pumps, hoists, cranes, paper

milis, rolling milis, and so forth [39] . In a DC machine, the armature winding is placed on

the rotor and the field windings are placed on the stator. When the field and armature

windings are supplied from sepárate voltage sources, the device may opérate as either a

motor or a generator; it is a motor if it is driving a torque load and a generator if it is

being driven by a type of prime mover. In the present work, the DC machine is used as a

motor and is connected as sepárate winding excitation. The Fig. 2.1 shows the equivalent

circuit of a DC machine. The equations of voltage and torque are shown below.

2.2.1 Voltage and Torque Equations

The voltage equations for the field winding and rotor coil are [20]

«/
= ^f + ^f (2-7)

ua
= Raia +

—jj- (2.8)

where Ra and R¡ are the resistance of the armature coil and field winding, respectively;

ia is the armature current; ./ is the field current; Xf is the field flux linkage; Aa is the

armature flux linkage, u¡ and ua are the field winding and rotor coil voltages, respectively.

The expressions for the flux linkage are

X¡ = Lfif + Lfaia (2.9)

Aa = Lafif + Laia (2.10)
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where Lf and La are the inductances of the field winding and armature coil, respectively;

Laf = Lfa is the mutual inductance between the field winding and armature coil.

The mutual inductance between the field winding and armature coil is

La¡ = —Lcos6r

where __ is constant.

Substituting (2.10) and (2.11) in (2.8), we obtain:

(2.11)

Raia + -t, (-L cos Qrif + Laia)

and

ua
= Raía + umLif sin 9,

d9r

dt
Lcos9r + La—^

dt

(2.12)

(2.13)

For a machine with commutator, the pseudo stationary coil _._/ is constant for the

position of the brushes 9r = n/2 and wm
= -^-; then

dia
ua = Raia + Laju}mif + La— (2.14)

Then, according to the equivalent circuit of a DC-machine represented in Fig. 2.1, the

field and armature voltage equations can be represented in the following form [20]:

(2.15)
u¡ Rf + pL¡ 0 i¡

Ua LafU-m Ra + pLa Ía

with p
= d/dt, wm is the angular speed.

The voltage induced in the armature circuit is ua = LafU,mif, and is commonly referred

to as the counter or back emf. It also represents the open-circuit armature voltage.

The electromagnetic torque [20] is given by

Te — Laflalf (2.16)

Note that the electromagnetic torque depends on the valué of La¡. Clearly if La¡ is

uncertain, this induces an uncertainty also in the valué of Te.

The torque and angular speed are related by

J,
(¡Ur,

dt
+ beum + TL (2.17)

where Je is the inertia of the rotor (kg ■ m? or J ■ s2); be is a damping coefficient associated

with the mechanical rotational system of the machine (N-m s); TL is the load torque

(N-m); and *^n* is the acceleration of the machine (m ■ s~2).
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Figure 2.1: Equivalent circuit of a DC-machine

2.2.2 DC Motor Model

The state space equations of the DC motor can be obtained with the direct manipulation

of the field and armature voltages equations (2.15) and the torque and angular speed

relation (2.17). Then the third order continuous-time DC motor model is given by [20]

wm =

dia

~dt

dif
~dt

~

be Laf . .
1

—

rwm + -y-iaif
~

-jTL
Je Je Je.

R„ 1Laf .

,

"Tía
-

-r-umis + —ua
J->a J-'a *->a

(2.18)

R}. 1

-u¡

where u.m is the angular speed; ia is the armature current, if is the field current, ua is

the applied armature voltage; u¡ is the applied field voltage; be is the equivalent viscous

friction coefficient of motor and load referred to motor output shaft; Je is the equivalent

moment of inertia of motor armature and load referred to motor output shaft; La¡ is the

mutual inductance between the field winding and the armature coil; T¡_ is the load torque;

Ra is the armature resistance; La is the armature inductance; Rf is the field resistance

and L¡ is the field inductance.

The DC motor with sepárate wind excitation has two control inputs (the armature

and field voltage), two controlled outputs (the angular speed and the field current or

the electromagnetic torque) and one disturbance (the load torque). For electromagnetic

torque or angular speed control applications, the objective is to manipúlate the inputs in

such a manner as to forcé the motor outputs to track a desired trajectory.
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2.2.3 Discrete-time DC Motor Model

For implementing a digital computer-control system, a time discretization procedure

has to be applied to the continuous-time system. We first put in evidence the discrete-

time structure of the discretized model. This model (2.18) can be described using the

Euler method [16], as

ojm(k + 1) = ujm(k) + Ts (-b-fum(k) + ^fia(k)if(k) - \TL(k)
\ Je Je Je

Ía(k + l) = ia(k)+Ts(-^ia(k)-^U.m(k)i¡(k) + j-Ua(k)\ (2.19)

-|^/(*) + f«/(*))
where k £ Z+ U 0 is the discrete time with Z+ the set of nonnegative numbers, and T¡¡ is

the sampling period.

We will propose a new structure on the basis of the first approximation. The reason

behind this choice is that one of the interesting properties of NN is that the adjusting of

their parameters to compesate the effects of the neglected terms.

2.3 Neural Networks

Recently, NN have become an attractive tool which can be used to construct a model

of complex nonlinear processes. This is due to NN have an inherent ability to learn and

approximate a nonlinear function arbitrarily well. A large number of identification and

control structures have been proposed on the basis of neural networks in recent years [24] .

In general, it is possible to define four different classes of neural architectures [14], as:

single and multilayer feedforward networks, lattice structures and recurrent ones. The

last ones are described below.

2.3.1 Recurrent High Order Neural Networks

They distinguish from a feedforward neural network, for having have at least one

feedback loop. For example, a recurrent network may consist of a single layer of neurons

with each neuron feeding its output signal back to the inputs of all the other neurons, as

illustrated in Fig. 2.2, where there are no self-feedback loops in the network. The recurrent

network illustrated in Fig. 2.2 also has no hidden neurons. In Fig. 2.3 we illustrate

another class of recurrent networks with hidden neurons. The feedback connections shown

)

if(k+í) = if(k)+T_
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Figure 2.2: Recurrent network with no self-feedback loops and no hidden neurons

in Fig. 2.3 originate from the hidden neurons as well as from the output neurons. The

presence of feedback loops, as in Fig. 2.2 or as in Fig. 2.3, has a profound impact on the

learning capability of the network, and on its performance [14]. Moreover, the feedback

loops involve the use of particular branches composed of unit-delay elements (denoted by

q~l), which result in a nonlinear dynamical behavior by virtue of the nonlinear nature

of the neurons. The neural networks described previously, are denominated of first order

because the entrance to a neuron represents the linear combination of its components. In

a recurrent second order neural network, the total input to the neuron is not only a linear

combination of the components, but also of their produets. Moreover, one can pursue

along this line and include high-order interactions of high order. This kind of neural

networks are called recurrent high order neural networks (RHONN) [19]. The RHONN

model is flexible and allows to incorpórate to the neural model a priory information about

the system structure with less units.

2.3.2 Neural Identification

It is known that for many nonlinear systems it is often difficult to obtain their accurate

and reliable mathematical model, due to their physically complex structures and hidden
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Figure 2.3: Recurrent network with hidden neurons

parameters, as is discussed in [7]. Therefore, system identification becomes an important

problem and even necessary before system control can be considered not only for under

standing and predicting the behavior of the system, but also to obtain an effective control

law. The neural identification problem consist of the selection of an appropriate neural

identification model and adjusting its parameters according to an adaptive law, such the

response of the model to an input signal (or class of inputs signáis), approximates the

response of the real system for the same input [35].

The neural identification scheme, which is used in the present work, is illustrated in

Fig. 2.4.

2.3.3 Discrete-time Recurrent High Order Neural Networks

Consider the following discrete-time RHONN:

Xi(k + 1) = wfzi (x(k), u(k)) ,
i = 1, • • •

,
n (2.20)

where ar¿, i = 1, * • •

,n is the state of the ith neuron, x(k) is the plant state, L¡ is the

respective number of high-order connections, { Ix, /->, • • ■

, /_,, } is a collection of non-ordered
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Figure 2.4: Neural identification scheme

subsets of {1, 2, ■ ■ ■

, n}, n is the state dimensión, w_, i = 1, ■ • ■

,
n is the respective on-line

adapted weight vector, and z¿ (x(fc),u(fc)) is given by

Zi(X(k),u(k)) =

<■"-<

1 -.67- %
n ií*í(a)

FU/,. %,
dij (¿)

(2.21)

with dij being a nonnegative integers, and t/¿ is defined as follows:

.'/„ S(Xi(k))

Vi

Vin+l

Vin-X

S(Xn(k))

ux(k)

um(k)

(2.22)

In (2.22), u(k) = [ux(k), ...,um(k)] is the input vector to the neural network, and

5 (•) is defined by

(2.23)S^k» =

Tw

i

-Px(k))

Note that in (2.22), u(k) is not affected by sigmoidal function (2.23), this is due to

the fact to have an affine control.
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Figure 2.5: Scheme of a discrete-time RHONN

Fig. 2.5 shows the scheme of a discrete-time RHONN.

From (2.20) three possible models of RHONN can be derived:

• Parallel model. In this configuration, the feedback connections of the NN are from

the NN outputs.

Xi(k + 1) = wjzi(x(k),u(k)), i = 1, ••• ,n (2.24)

• Series-Parallel model. In this configuration, the feedback connections of the NN are

from the real plant outputs.

Xi(k + 1) =wjzi(x(k),u(k)), .*=!,... ,n (2.25)

• Feedforward model (HONN). In this configuration, the connections of the NN are

from the input signáis.

Xi(k) = wfzi(u(k)), i = 1,
■■■

,n (2.26)

where x(k) is the NN state vector, x(k) is the plant state vector and u(k) is the input

vector to the NN.
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In the present dissertation, we use the series-parallel configuration (2.25) due to the

fact that this model constitutes a well approximation method of the real plant by the

neural identifier.

Consider the problem to approximate the general discrete-time nonlinear system (2.1),

by the following discrete-time RHONN series-parallel representation [35]

xi(k + l)=wfzi(X(k),u(k)) + eZi, .

= l,-..,n (2.27)

where Xi is the zth plant state, e2j is a bounded approximation error, which can be reduced

by increasing the number of the adjustable weights [35]. Assume that there exists ideal

weights vector w¡ such that \\eZi\\ can be minimized on a compact set fiz< C SftL- The

ideal weight vector w* is an artificial quantity required for analytical purpose [35]. In

general, it is assumed that this vector exists and is constant but unknown. Let us define

its estimate as Wi and the estimation error as

Wi(k) = Wi(k)-w¡. (2.28)

The estimate t_>
■ is adjusted by the EKF based algorithm.

2.3.4 The Extended Kalman Filtering Training Algorithm

The Kalman filtering (KF), formulated in the state-space representation of linear

dynamical systems, provides a recursive solution to the linear optimal filtering problem.

It applies to stationary as well as nonstationary enviroments. The solution is recursive

because each updated estimate of the state is computed from the previous one and the new

input data; henee, only the previous estimate requires storage. In addition to eliminating

the need to storing the entire past observe data, the KF is computationally more efficient

than computing the estimate directly from the entire past observed data, at each step of

the filtering process [13]. The KF estimates the state of a linear system with additive

state and output noises [12], [42]. The KF has been proposed for the training of the NN.

The main features for KF-based neural network training are:

1. The network weights become the states to be estimated. In this case, the error

between the neural network output and the measured plant output can be considered

as additive white noise.

2. The measurement used for the KF is the output of the neural identifier.

3. The training goal is to find the optimal weight valúes which minimize the prediction

error.
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NN training results on a nonlinear systems; henee, the Extended Kalman Filter (EKF)
is required.

Consider a special case of the MIMO system (2.1) in discrete-time, represented in state

space as:

X(k+1) = F(X(k),u(k),k)+q(k) (2.29)

y(k) = h(X(k))+v(k) (2.30)

where x(k) is the state of the plant; u(k) is the input to the system; q(k) and v(k)

are independent noises of process and measurement respectively; F (•) is the nonlinear

transition matricial function, possibly time-varying; h (•) is the nonlinear measurement

function, possibly time-varying too; the idea is to linearize equations (2.29)-(2.30) at each

instant of time around the most recently estimation. Once the system is linearized, the

equations of KF are applied. Therefore, the training of NN is visulized as an optimal

filtering problem, where a recursive solution is required, and is not necessary to store all

the evolution weights; this is the essence to use the KF for neural networks training.

In this dissertation, we use the EKF-based training algorithm described by

Wi(k + 1) = Wi(k) + ■niKi(k)ei(k) (2.31)

Ki(k) = Pi(k)Hi(k)Mi(k) (2.32)

P_(k + 1) = P_(k)
- K^HjP^k) + Q_(k)

where .

= 1, ■ ■ ■

,n and with

M.(fc) = [R_(k) + iíf (fc)P,(fc)_í¿(fc)]
-1

(2.33)

dik) = Xi(k)
- Xi(k) (2.34)

Ci(k) £ 3? is the respective identification error, Pi(k) £ Jí1*.*1*. is the prediction error

covariance matrix at step fc, Wi(k) £ 5RL* is the weight (state) vector, L¿ is the respective
number of neural network weights, Xi(k) is the ¿th plant state, x,(k) is the ith neural

network state, n is the number of states, Kj(k) £ _tLi is the Kalman gain vector, QAk)

£ JÍL,xLi is the NN weight estimation noise covariance matrix, Ri(k) £ 5R is the error

noise covariance; Hi £ 3?L' is a vector, in which each entry (/¿y) is the derivative of one

of the neural network state (_;,(fc)), with respect to one neural network weight, (w¡ (k))
as follows

dxi(k)

dwu(k) w.tk\=wAk+l)
(2.35)
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where i = 1, • • •

, n and j = 1, • ■ • Li. Usually P¿ and Qi are initialized as diagonal matrices,

with entries P.(0) and Q¿(0), respectively. It is important to remark that Hi(k), Ki(k)

and Pi(k) for the EFK are bounded; for a detailed explanation of this fact see [42].

2.4 Nonlinear Block Controllable Form with Distur

bances

In this section, a discontinuous control strategy will be develop for a class of nonlinear

systems in the Nonlinear Block Controllable (NBC) form.

Consider a discrete-time nonlinear system

x(k + í) = f(x(k)) + B(x(k))u(k) + d(uj(k)) (2.36)

y(k) = h(x(k)) (2.37)

where k £ Z, is a subset of the real numbers called the sampling instants, the state

vector x(k) is defined on a neighborhood X of the origin of 5R", u(k) £ 9?m is the input

vector, y(k) £ ffi is the output vector. The vector f(x(k)), the columns of g(x(k))

and d(u>(k)) are smooth vector fields of class C^.-, and in addition, it is assumed that

/(O) = 0, h(0) = 0, and that d(u>(k)) is a known perturbation term that could result

from modelling errors, aging and disturbances, which exist in any realistic problem. This

assumption will be removed later on. On the other hand, the output tracking error is

defined as the difference between the output of the system, yk, and a reference signal to

be tracked, g(u(k)), i.e.,

e(k) = y(k) -

g(w(k)) (2.38)

The reference signal, g(u(k)), is generated by an external system described by

u(k + 1) = s(u(k)), w(k) £ 3?3 (2.39)

By means of non-singular transformations, system (2.36) is represented in NBC form
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as follows:

xx(k + l) = fx(xx(k)) + Bx(xx(k))x2(k) + dx(uj(k))

x2(k + \) = f2(x_(k),x2(k)) + B2(x_(k),x2(k))x3(k) + d2(u.(k))

Xi(k + l) = fi(xl(k)r...,xi(k)) + Bi(xx(k),...,xi(k))xi+x(k) + di(u>(k)) (2.40)

xr(k+l) = fr(x_(k),...,xr(k)) + Br(x_(k),...,xT(k))uk + dr(uj(k))

(i = 3,..., n-1)

y(k) = xx(k) (2.41)

x(k) £ 3?", u(k) £ &», y(k) £ W, u(k) £dts nx=p<m<n

r -xT

where x(k) = -rf(fc) ■•• xj(k) with Xj(k) £ 5R"j , j = l,...,r; and the set of

numbers (nx, . . .

, nr) defines the structure of system (2.40) a_s follows

ni <n2 < ... <nr <m (2.42)

with the following assumptions:

Assumption 1 The Bj matrix has full row rank

r

rank(Bj) = n¿ Va; £ Rn with y2nó = n*

3=1

Assumption 2 The Bj matrix is bounded

\Bj(x_(k),...,xr(k))\<<;j, qj>0.

The procedure of reducing the system (2.36) to the NBC form (2.40) based on integral
transformation method [28], is presented in Appendix A.

2.5 Control Scheme

The scheme used in the present work is the Neural and Sliding Modes Control where

the control law is developed from neural identification model of the plant. Fig. 2 6

displays the proposed control scheme. This kind of scheme is considered an "indirect

control system'' The idea is to use a neural network (neural identifier) to built a block

control model of the plant whose parameters (weights) are updated on-line. Using these
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Figure 2.6: Control Scheme

parameters, by means of the sliding modes technique a control law is synthesized. The

control objective is to develop the output plant tracks a desired reference signal given by

the reference system.

We use a neural model for the next reasons: the parameters and the external distur

bance of the plant to be controlled are unknown, then, it is necessary to approximate the

response of the plant model with the response of a neural identifier for the same input; we

can propose a neural identifier structure based on the plant model structure (in case of

the plant structure is known) and use a priory information about the plant for the neural

identifier training; based on the neural identifier structure, a particular control technique

is applied.

2.5.1 Neural Block Identification

In this sub-section we consider the problem to identify the nonlinear system (2.1) using

a RHONN (2.20) trained with the EKF algorithm (2.31)-(2.33) based on the following

theorem.

Theorem 3 The RHONN (2.20) trained with the EKF-based algorithm (2.31)-(2.33) to

identify the nonlinear plant (2.1), ensures that the weight estimation error (2.28) and

the identification error (2.3J,) are semiglobally uniformly ultimately bounded (SGUUB);

moreover, the RHONN weights remain bounded.
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The respective proof is presented in [2].

In this work, we consider system (2.1)-(2.2) represented in the following triangular

form:

XX(k + l) = fi(x2(k),k)

X¿(fc + 1) = fi((xi+l(k)),k),i = 2,...,r-l (2.43)

Xr(fc + 1) = Mx(k),u(k),k)

¡/(fc) = h(X(k))=x1(k).

where x G 3?" is the state vector of the plant, x = [x1T X2T---XtT] > Xi £ *Kni ; X* =

[x1T X2T---XlT] V •= -R"1 is the output vector to be controlled. The numbers n¿, i —

1, ..., r define the structure of the plant and satisfy n¿ < rij+i and Y^_ ní = n- ft is assumed

that

~*(S.-"''*6*-
It is clear that this assumption is needed for system (2.43) be controllable. Moreover,

the control signal requires to be bounded by

||t_(fc)|| <u0, u0>0. (2.44)

Note that the motor model has the structure (2.43) with x1 =

u>m, x2 = (í_ if)T
nx
= \,n2 = 2 and r = 2.

Given that system (2.43) h.as the triangular structure, the sliding mode block feedback

linearization technique ([10], [26]) can be applied to design a control law. For this, we

propose the neural identifier (2.20) in the following NBC form, which corresponds to

system (2.43) structure:

x\k + \) = W_(k)zx{X\k)) +WxX\k)

x\k + \) = Wi(k)Zi (t(k)) + WiXi+1(k), (2.45)

i = 2,..., r-l

xr(k + l) = WT(k)zT(X(k)) + WTu(k)

y(k) = h(X(k)) = x_(k)

where x £ 3?" is the state vector of the neuronal identifier, x = [x1T x2T...xrT]
T

, x¿ 6 9?"* ■

x* = [x1T x2T...xiT]T y £ 5R"1 is the output vector; Wit i = 1, ...,r is the respective on

line adapted weight matrix; Wi is a matrix which is required to have constant entries in
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order to define the controllability weights and guarantee the controllability of the system

[10]; Zi (x*(k)) is defined as in (2.21).

2.5.2 Control Synthesis

The control synthesis is based on the following proposition:

Proposition 1 Given a desired output trajectory x\> ^e dynamic system (2-43) with

output x1 and a neural network (2.45) with output x1, then it is possible to establish the

following inequality [10]:

|U_-X1||<|k1-x1|| + ||X--x1|| (2.46)

where (\¿
— x1) is the system output tracking error, (x1 — x1) is the output identification

error and (x¿ — x1) is the RHONN output tracking error.

It is possible to establish Proposition 1 due to the Separation Principie for discrete-

time nonlinear systems [22], as stated in Theorem 2 and Corollary 1 if in (2.6) C = I.

Based on Propostion 1, it is possible to divide the tracking error in two parts [10]:

1. Minimization of (a:1 — x1)- which can be achieved by the proposed on-line identifi

cation algorithm (2.31)-(2.33) on the basis of Theorem 3.

2. Minimization of (xj
— x1), for that a tracking algorithm is developed on the basis

of the neural identifier (2.45).

Following Theorem 3, there exists a bounded vector valued function A¿(fc) such that

Xi(k)=xi(k) + Ai(k), i = l,...,r (2.47)

with

IIA4 (fc) || < Ca- (2.48)

The control law is now developed based on the neural network identifier (2.45) updated

with the EKF algorithm (2.31)-(2.33). Applying the block control technique, we introduce

the following iterative transformation:

e\k) = Xl(k)-Xld(k)

= x'W-X-M + A^fc),

é(k) = **(*)- x¿(*) (2.49)

= xl(k) -

x.(fc) + A¿(fc), i = 2,...,r



24 CHAPTER 2. FUNDAMENTALS AND CONTROL SCHEME

where x_ is the desired valué for x% and

X„(fc) = W_-x[Kit\k)-f_{x\k),k)]

XÍ+1(*) = ^fWW - h (r(k),k)] (2.50)

.

= 2,...,r,

where f_ (Xl(k), fc) = H^zi (xl(k))-X\(k), fi (T(k), fc) = WiZi (t(k)) -xí(*). » = 2, ...,r

with K¿ a Schur matrix.

Proposition 2 Transformation (2.49) and (2.50) reduces system (2.45) to the following

form:

el(k + l) = Kie1(fc) + Ñ'I£2(fc) + Á1(fe)

é(k + l) = Kiei(fc) + W¿ei+1(fc) + Á¿(fc), (2.51)

er(k + l) = Wr(k)zT(x(k)) + Wru(k)

-Xrd(fc + l) + A-(fc)

i = 2,--- ,r-l

w/iere Á¿(fc) = A.(fc + 1), i = 1, • ■ •

,
r.

Proof. The procedure cióse follows the one presented in Appendix A.

Step 1. At this step, deriving the error dynamics (2.49)

£1(fc) = x1(fc)-x_(fc) + A1(fc)

by using system (2.45) and imposing the desired dynamics (Kie^fc) + Ai(fc)), yields

£x(fc + l) - ¿{k+l)-ú{k + l) + &i{k) (2.52)

= h(x\k),k) + W_x2(k) + h_(k)

= Kl£l(fc) + Á-.(fc)

where fi(x\k),k) = W_(k)z_ (x\k))
- xld(k + l) and Ki is a Shur matrix* Then* we

calcúlate the desired valué of the virtual control x2(&) from (2.52) of the form

xl(k) = -W^&tfW.k) -Ki*,(*)] (2*53)

The second error e2(fc) is defined as (2.49)
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e2(k) = x2(k)-xl(k) (2.54)

Then substituting

X2(k)=e2(k) + x2d(k)

into (2.52), gives the first transformed block (2.51), namely

sl(k + 1) = Kie.(Jfc) + W_e2(k) + Á_(¿fe). (2.55)

Step 2. At this step, proceeding in the same way, error £2(fc) is represented as

£2(fc) = x2(k) -

x_(fe) + A2(fc)

having the dynamics

e2(fc + 1) = /2(x2(A;), fc) + W2X3(k) + Á2(fc) (2.56)

where x2 = [x1T X2T]T A2(fc)
■***-

A2(fc + 1) and

Mx2(k), fc) = W2(k)z2 (x2(fc))
- xl {k + 1)

Now, imposing the desired dynamics of the form

e2(k + 1) = K2e2(fc) + Á2(fc) (2.57)

we calcúlate the desired valué Xd(k) from (2.56) and (2.57) as

xl(k) = -W2l[f2(x2(k), fc) - K2e2(fc)] (2.58)

which is the reference valué for x3(k)- Forming the third control error

e3(k) = xHk)-X3d(k)

we have

X3(k)=e3(k) + X3Ak)- (2.59)

Using (2.59) and (2.58), the equation (2.56) is rewritten in the new variables £2(fc) and

e3(fc) as

£2(fc + 1) = K2£2(fc) + W^2£3(fc) + Á2(fc).
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Step r. Iterating these steps and having finally the desired valué xd(k), we introduce

the last error vector £r(fc) :

er(k) = xr(k)-Xrd(k)

= ^(fc)-xrd(fc) + A-(fc).

Then the last block of (2.45) can be represented of the form

£r(fc + l) = Wr(k)zr(x(k))+WTu(k)

-Xd(k + l) + Ar(k).

Thus the (2.49) and (2.50) reduces the system (2.45) to (2.51). ■

The sliding function sd (fc) can be derived from the block control transformation (2.49),

and a natural selection for this function is sq (fc) = £r (k). Thus, the last block of system

(2.51) is represented as

sD(k + 1) = /, (x(k), fc) + Wru(k) + Á-(fc) (2.60)

with

fr (X(k), fc) = WT(k)zr (x(fc))
-

Xd(k + 1). (2.61)

To enforce sliding mode on the manifold sD
= 0, u(k) can be selected as u(k) = ueg(fc)

[44] and

ueq(k) =
- [Wr]

_1

[fr (X(k), fc) + Ar(fc)j (2.62)

where the equivalent control ueq(k) is calculated as the solution of so(k + 1) = 0. This

control brings the system trajectory on the sliding manifold sD(k) = 0 in one sampling

time period. However, ueq(k) (2.62) can not be implemented since the identification

error Ár(fc) is unknown. Indeed, it is possible to cancel the only nonlinear known term

fr (x(k),k) in (2.60) by the control

u(k)=us(k), us(k) = -[Wr]-1fr(x(k),k) (2.63)

remaining the uncertain term Ár(fc). Therefore, in order to reduce the effect of Á-(fc), we

impose the desired dynamics for the sliding variable sD as ([46], [48])

sD(k + l) = Ar(k)-AT(k-l). (2.64)
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The term Ar(fc —

1) can be calculated from equation (2.60) as

Ar(fc -

1) = aD(k) - /r (x(fc - 1), fc
-

1) - Wru(k - 1) (2.65)

By inserting (2.65) in (2.64), and then comparing it with equation (2.60), the approx

imate equivalent control becomes

u(k) = üeq(k)

üe-(fc) = -[W^

+[wrr

(2.66)

sD(k) + fr(x(k),k)

fr(X(k-l),k-l)

+üeq(k
- 1).

Taking into account the control constrain (2.44), we define u(k) [44], as:

(JA ___ { üei(k) for HW-OII ^ uo

lu°R(Sí for HW*)ll>«o
(2.67)

To proceed with the stability analysis, we establish that the closed-loop system ((2.60)

and (2.67)) motion over the manifold so(k + 1) = 0 is stable.

First, to reveal the structure of the control us(k) (2.63) and system (2.60) let us

represent them, respectively, by imposing the term (s__> (fc)
—

xr (k) + x_ (k) = 0) :

us(k) = -[Wr]-1[sD(k)-xT(k)+Xd(k)

+fr(x(k),k)]

= -_WT]-1[sD(k) + fa(X(k),k)]

and

aD(k + l) = sD(k)-Xr(k) + Xd(k)

+fr(x(k),k) +W,u(k)+Ar(k)

= sD(k) + fs(X(k),k) + WTu(k) + AT(k)

where

/- (X(k), k) = -XT (k) + X_ (k) + fr (X(k),k)

To this end we introduce the following assumption.

(2.68)
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Assumption 3 The máximum valué u0 of the control is such that

Uq > Sr, Sr [^•]"1ll(ll/-(fc)ll + IIÁ.(fc)¡). (2.69)

This assumption implies that the control resource is enough to guarantee the achieve

ment of control requirements. Now we are ready to formúlate the following result.

Proposition 3 // the Assumption 3 (2.69) is fulfilled, then the control law (2.67) with

(2.66) and (2.63) ensures for system (2.45) the sliding manifold sD(k) = 0 is stable and

there is a time kx such that

\sD(k)\\ < £T for k > kx,

With ^r Á-(fc) -

Ar(k
- 1)

Proof. For the case ||üe(7(A.) || < Un, üeq(k) is applied, yielding motion in the neighborhood
of the sliding manifold ||s£)(fc)|| __ <_r at time fci + 1.

For the case ||üeg(fc)|| > u0, the proposed control strategy is u(k) = u0 iü8[fcL ■ and the

closed-loop system becomes

aD(k+l) = sD(k) + fs(x(k),k)

+^r«0Tí?£7§M + Ár (k)

(2.70)

«.(*)ll

+Ár(fc).

The rate of change of a Lyapunov function candidate function V(k) = ||sz*i(fc)|| along
the motion of the system (2.70) is given by

AV(fc) = \\sD(k + l)\\
-

\\sD(k)\\

Ar(fc) -||sD(fc)||

< \sD(k) + fs(k)\\

-\\sD(k)\\.

Applying Assumption 3 (2.69) yields

M0

m
-i

+ Ar(fc)
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M*) + /.(*)||-
u0

< \\aD(k)\\+Sr-
u0

mr
<\\aD(k)\\.

Ar(k)

Therefore AV < 0, which implies ||sd(&)|| decreces monotonically. Substituting

/- (x(fc - 1), fc - 1) = aD(k) - Wru(k - 1) - Ár(fc - 1) and then /- (x(fc), fc) = aD (fc) +

fs (x(k).k) (2.68) in equation (2.66) we have

sD(k) + fT(x(k),k)

-fT(x(k-l),k »]

üeq(k) = -[Wr]''

+u(k
- 1)

= -[^r]_1[/r(xW,*%) + A.(fc-l)]
= ~

[Wr]
_1

Ud (k) + fs (x(k), k) + Ar(fc - 1)

Now using (2.69) results in

||Üeí(fc)||<|[lVr]-1|||SD(fc)||+(.r.
Therefore there will be a time kx such that ||üeg(A.)|| í_ uo, for fc > fci. At that time, the

equivalent control u(k) = üeq(k) (2.66) is applied, yielding the motion in the neighborhood

of the sliding manifold ||so(fc)|| < tr at time fci + 1. ■

2.5.3 Sliding Mode Dynamics

The above results implies that the closed-loop system motion remains within an 0(TS)

boundary layer [46] of sd = 0, with Ts as the sampling period. This motion is governed by

the following reduced order system (Sliding Mode Equation (SME)) derived from (2.51):

e(k + l) = A_e(k) + A(k) (2.71)

where £ = [£1T e2T ...¿T~^T]T , As = K + W
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K •***-

diag {K_,- ■■

,Kr-_}.

W = subdiag {Wx, ■ ■ ■ ,Wr-2,0} .

A(fc) = [Ái(fc+l),...,Á-_2(fc + l),

Ar_i(fc + 1)]T

Ar_i(fc + 1) = IVr_i(Ár(fc)-Ár_i(fc)) + Ár_1(fc).

To analyze the stability of the linear perturbed system (2.71) consider the Lyapunov

function

V(k) = eT(k)Pe(k) (2.72)

with a P positive definite solution of the following Lyapunov equation:

ATSPKS -P=-Q, Q > 0, Q = QT (2.73)

Proposition 4 If for some 7 > 0 the following condition:

■WQ + P) -

7 |K-P||
- 72amax(P) > 0 (2.74)

holds, then there is fc2 > fci such that a solution of the SME (2. 71) is uniformly ultimately

bounded by

||e(*)ll<5- Vfc>fc2, <. = -||A(fc)||. (2.75)

Proof. Calculating the difference of the Lypunov function candidate (2.72) along the

trajectories of the system (2.71) yields

AV(Jfc) = V(k + l)-V(k)

= eT(k + \)Pe(k+l)-eT(k)Pe(k)
= (eTAj(k) + AT(fc)) P (Ase(k) + A(fc))

-eT(k)Pe(k) (2.76)
= eT(k)ATs PAse(k) + 2eT(k)ATsPA(k)

+AT(k)PA(k) - eT(k)Pe(k).

Then using (2.73), we have
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AV(k) = -eT(k)(Q + P)e(k)

+eT(k)DA(k) + AT(k)PA(k)

< -amin(Q + P)\\e(k)\\2

+ ||^P||||£(fc)||||A(fc)||

-kw(P)||A(fc)||2

Now, introducing a bound

||£(fc)||>i||A(fc)||, 7>0 (2.77)
7

results in

AK(fc) < -ami„(Q + P)||£(fc)||2

+ [7||^r^||+72«max(P)]lk(fc)||2

Now, it is evidently that if the condition (2.74), namely

amin(Q + P)
-

7 \\ATSP\\
~ 72<w(P) > 0

is fulfilled then AV(k) is negative outside the región (2.77). Henee there exist a time

instant fc2 such that the solution of system (2.71) enters the región (2.75) and will remain

in it for all Vfc > fc2. ■

Results obtained in Propositions (2)- (4), can be formulated in the following theorem.

Theorem 4 If the Assumption 3 (2.69) and the condition (2.74) are satisfied then a

solution of the closed-loop system (2-45) using (2.67) and the tracking error (2.49) are

uniformly ultimately bounded.
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Chapter 3

Experimental Prototype

This chapter describes the prototype in which the experimental tests are performed.

The schematic representation of the control prototype is presented in Fig. 3.1, and the

prototype parts description are included below.

3.1 DC Machine

The DC motor used for this application is a sepárate winding excitation one; it means

that the field and armature windings are excited from sepárate sources. This motor has

two field coils which are connected in series (shunt wound connection). The connection

made in this application with the DC motor is shown in Fig. 3.2. One of the advantages

of this connection is that is possible to control the angular speed or the electromagnetic

torque without changing the connection. The termináis (Pl and P4) and (Al and __2)

are connected to the IGBT teaching system, as it is shown in Fig. 3.12. Fig. 3.3 shows

the DC motor used for the present work. The main characteristics of this motor are:

• 1750 RPM.

• Armature voltage 90 V

• Field voltage 100 V

• Armature current 3 A.

• Field current 0.3 A.

• Electrical power 0.25 HP

For more information of the DC motor consult [3] .

33
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Figure 3.1: Schematic representation of the control prototype.
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Figure 3.2: DC motor with shunt wound connection.
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Figure 3.3: DC motor.

3.2 Incremental Encoder

The incremental encoder is used for the measurement of the angular speed. The model

used for this application is H25E-SS-1024. The main characteristics are described below.

3.2.1 Description

• It produces a series of square waves as it rotates (channels A and B) which are

offsets each other by 1/4 of a cycle (90 degrees). This type of signal is referred to

as quadrature and allows the user to determine not only the speed but its direction

as well.

• Resolution of 1024 cycles per turn.

• Supply voltage: 5 to 28 Volts.

• Frequency response: 1000 khz.

• Máximum RPM measurement: 6, 000.

The incremental encoder is connected directly to the incremental encoder interface

of the data acquisition board DS1104, as is shown in Fig. 3.4. Fig. 3.5 presents the

incremental encoder used for the present project. For more details of the incremental

encoder, consult [4]. Fig. 3.6 displays the incremental encoder coupled with the DC

motor.
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Figure 3.4: Connection between the Incremental encoder and the DS1104 data acquisition
board.

Figure 3.5: Incremental encoder H25E-SS-1024.
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Figure 3.6: Incremental encoder coupled with the DC motor.

3.3 Current Sensors

The armature and field currents are measured with the LEM HX-10P current sensor.

In this application, we use sensors whose characteristics are:

• Galvanic isolation between primary and secondary circuit.

• Hall effect measuring principie.

• Isolation voltage 3000 V

• Low power consumption.

• Power supply from ±12 V to ±15 V

• Output voltage ±4 V with a measurement of ±10 A.

For DC motor drives, the application of this kind of sensors, present the following

advantages:

• Low insertion losses.
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Figure 3.7: Connection ofthe LEM HX-lOP current sensors with the DS1104.

• Easy to install with automatic handling system.

• Small size and space saving.

• Wide current ratings range.

• High immunity to external interference.

The output of the current sensors are connected directly to two inputs of the A/D
of the DS1104 data acquisition board (ADCH1 and ADCH2). Fig. 3.7 displays the

connection of the LEM HX-lOP current sensors with the DS1104 data acquisition board

and the DC motor, for measuring: a) the armature current and b) the field current.

For more information about the current sensors, consult [21]. Fig. 3.8 shows the LEM

HX-lOP.

3.4 DS1104 Data Acquisition Board

The data acquisiton stand alone board used for real-time implementation is the DS1104

manufactured by dSPACE. The main characteristics of this board are:
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Figure 3.8: Current sensor LEM HX-lOP.

• Cost-effective system for controller development

• Single-board PCI hardware for use in PCs

• Set of Intelligent I/O on-board

• Incremental encoder interface

• Serial Interface (UART)

• Application áreas. The real-time hardware based on PowerPC technology and its

set of I/O interfaces make this board an ideal solution for developing controllers in

various fields, such as drivers, robotics, aerospace and automotive.

• Key benefits. It upgrades the PC to a powerful development system for rapid

control prototyping. Real-Time Interface provides Simulink blocks for graphical

configuration of analog to digital converters (A/D), digital to analog converters

(D/A), digital I/O lines, incremental encoder interface and PWM generation, for

example. The board can be installed in virtually any PC with a free 5 V PCI slot.

• Using Real-Time Interface (RTI). With RTI, it can easily run the function models

on the DS1104 Controller board. It is possible to configure all I/O graphically by

dragging RTI blocks and to reduce implementation time to a minimum.

Fig. 3.9 presents the DS1104 data acquisition board and Fig. 3.10 portraits a view of

the DS1104 board connected to the PCI bus in the PC. For more information about the

data acquisition board DS1104, consult [9].
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Figure 3.9: DS1104 data acquisition board.

3.5 Signal Coupling

The digital outputs of the DS1104 data acquisition board are TTL volts (+5 V for

1 and 0 V for 0). Meanwhile, the logic levéis of the IGBT system are CMOS (+15 V

for 1 and 0 V for 0). Therefore, it is necessary to couple the TTL to CMOS voltages,

particularly the SPWM3 (phase 1, 2 and 3), 101, 102 and 705 outputs of the data

acquisition board.

This coupling must:

• to have sufficient capacity of response for not to retard the signáis of the SPWMZ.

• to work at the frequency of the IGBT system module that is 20 Khz.

• to have high immunity to external interference.

• to have protections to minimize safety hazards.

• to have independent power supply.

Fig. 3.11 presents the TTL-CMOS coupling as well as connections between the DS1104

data acquisition board with the IGBT system. The TTL-CMOS coupling consists of the

following parts:
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Figure 3.10: View of the DS1104 board connected to the PCI bus in the PC.

• Transistor 2N3904 NPN (Ql).

• Diode 1N904 (Dl).

• Integrated Circuit 74LS04 Inverter gate (ICl).

• Integrated Circuit MM74HC4049 Inverter gate (IC2).

• Resistances of 4.7 KQ (Rl and R2).

• Resistances of 3.9 Kü (R3).

3.6 Power Module

The power module is constituted by the IGBT teaching system, which is a three-

phase rectifier plus inverter with brake chopper. It is manufactured by SEMIKRON and

is used specially for motors. For this dissertation, it is used as a rectifier and the AC

voltage is supplied from the three phase variable autotransformer. The signal rectified is



CHAPTER 3. EXPERIMENTAL PROTOTYPE

—O
TTL inl

From

DS1104

SPWM3 ICl

(phase 1)

TTL in2

From

DS1104

SPWM3 ICl

(phase 2)

—O

TTL in3

From

DS1104

SPWM3 ICl

(phase 3)

•H>

TTL in4.

From

DS1104

(IOD

TTL in5.

From

DS1104

(103)

—>

—O

TTL in6.

From

DS1104

(105)

Ground

CMOS oul 1.

To IGBT

system

(input 1)

CMOS out2.

To IGBT

system

(input 3)

CMOS out3.

To IGBT

system

(input 5)

CMOS out4.

To IGBT

system

(input 2)

CMOS out5.

To IGBT

system

(input 4)

CMOS out6.

To IGBT

system

(input 7)

Ground

Figure 3.11: TTL-CMOS coupling.
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Input

Figure 3.12: Connection between the IGBT system and the DC motor.

used for providing the DC voltage to the DC motor. The IGBT system has seven inputs

(inputs 1-7) which are excited from the data acquisition board (through TTL-CMOS

coupling), as shown in Fig. 3.12. Only inputs 1 and 4 of the IGBT system are excited

when the armature winding is polarized for clock wise rotation, and only inputs 2 and

3 are polarized when the armature is polarized for counter clock wise rotation. Inputs 5

and 7 are excited to créate the electromagnetic field required for the DC Motor. Inputs

1, 3 and 5 are excited from the SPWM3 (phase 1, 2 and 3 respectively) outputs of the

data acquisition board, for giving the appropriate DC voltage to the armature winding

(input 1 or 3) and to the field winding (input 5). Termináis SPWM3 (phase 1, 2 and

3) of the data acquisition board provide the pulse wide modulation (PWM) for creating

the appropriate voltage. Connection of the DC motor and the IGBT system is shown in

Fig. 3.12; output termináis 1 and 2 are connected to the armature winding termináis __1

and _42, respectively and output termináis 3 and 4 are connected to the field winding Pl

and P4, respectively. Fig. 3.13 shows the IGBT Teaching System. For more information

about the IGBT system, consult [38].

3.7 Computer Station

A PC is used for supervisión. The software of the DS1104 data acquisition board is

compatible with the software of MATLAB and Simulink of Mathworks. Fig. 3.14 shows
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Figure 3.13: IGBT Teaching system.

the application of the DS1104 board software directly from Simulink. Fig. 3.15 presents

a desktop interface for the DS1104 board, to display the real-time experiments.

3.8 Variable Autotransformer

This autotransformer is used for providing the AC voltage to the IGBT system. The

variable autotransformer connection is presented in Fig. 3.16 and a view of it is shown in

Fig. 3.17. The main characteristics of the variable autotransformer are:

• Input 240 Vac, 60 hz.

• Output 280 Vac, 15 A, 7.26 KVA.

For more information about the variable autotransformer, consult [43].

3.9 Mechanical Load

The mechanical load is constituted by a mechanical coupling between the DC motor

with an induction motor, as is shown in Fig. 3.18. This mechanical coupling is for

providing an inertial load to the DC motor.

A view of the complete prototype is presented in Fig. 3.18
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Figure 3.16: Variable autotransformer connection.

Figure 3.17: View of the variable autotransformer.
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Figure 3.18: Complete prototype.
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Chapter 4

Neural DC Motor Identification and

Control

In this chapter, we test the applicability of the identification and control scheme

proposed in Chapter 2 in order to illustrate identification of the plant model and the

control of the angular speed and the electromagnetic torque for a DC motor with sepárate

winding excitation, whose model is presented in section 2.2. Additionally, simulations and

real-time implementation results are presented.

4.1 Neural Network Identification

Based on the DC motor discrete-time model (2.19), the following RHONN is proposed:

x_(k + l) = wn(k)S (um(k)) + üjxia(k)

x2(k + l) = W2_(k)S(<Jm(k))S(if(k)) + W22(k)S(ia(k)) (4.1)

+w23(k)S (if(k)) + w2ux(k)

x3(k + \) = w3X(k)S(if(k)) + w3u2(k)

where x.(fc), i = 1,2,3 is the state of the ¿th neuron; xx(k) is the estimate of the angular

speed uim(k); x2(k) is the estimate of the armature current ia(k); x3(k) is the estimate

of the field current if(k); ux(k) = ua(k) is the voltage applied to the armature winding;

u2(k) = uf(k) is the votage applied to the filed winding; wxx(k), w2X(k), w22(k), w23(k) and

t-3! (fc) are the respective on-line adapted weights; the weights wx, w2 and w3 are constant

positive parameters, which are selected in order to minimize the identification error and

are called the controllability weights [10]; and S(») is defined in (2.23). We propose this

49
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structure because it is triangular, similar to (2.45), and allows the application of the BC

technique as explained in Chapter 2. Moreover, this structure uses a reduced number of

weights to obtain an adequate identification.

The training of the proposed RHONN (4.1) uses the EKF algorithm (2.31)-(2.33)

and it is performed on-line using a series-parallel configuration ([15], [35]). All the NN

states are initialized in a random way as well as the weights vectors. It is important to

note that the initial conditions of the NN are completely different from the plant initial

conditions. The weights constant valúes are: wx
= 0.0150, w2 = 191.93 and ü)3 = 0.0001.

The covariance matrices are initialized as diagonals, which their corresponding valúes are:

Pi(0) = P3(0) = 1 x IO8, P2(0) = 1 x 104, Qi(0) = 1 x IO5. Q2(0) = 1 x 108, Q3 = 1 x 103,

Pi(0) = ñ3(0) = 1 x IO4 and P2(0) = 5 x IO4

4.2 Angular Speed Control

The goal is to define a control law to achieve angular speed control. Consider

ing xi(fc) = um(k), X2(k) = ia(k), X3(fc) = if(k), zx(xi(k)) = S (wm(k)) , z2(x(k)) =

[S (um(k)) S (if(k)) S (ia(k)) S (if(k))]T, z3 (X_(k)) = S (if(k)) , wx(k) = wn(k), w3(k)

w3X(k), w2(k) = [w2X(k) w22(k) w23(k)] then system (4.1) can be represented as the

BC form consisting of two blocks (similar to (2.45)):

{x_(k + 1) = w_(k)zx (xi(fc)) + ü>iX2(k) (4.2)

í x2(k + l) = wT¿(k)z2(X(k)) + w2u_(k)
(4 3)

x3(k + 1) = w3(k)z3 (xz(k)) + w3u2(k)

where x1 = xx, x2 = [x2 x3]T. nx = l,n2 = 2 and r = 2.

At the first step, let us define Xu(k) and Xu(k) as the speed and field current desired

trajectories, respectively. Defining the speed error

ex(k) = Xx(fc)-X_(fc)

= xHV-xlW + A^k)

and applying the block control technique for the first block (4.2), we have

£_(*. + _) = fi(Xi{k),k)+w_X2(k) + A_(k) (4.4)

= kxe_(k) + A_(k)
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where /i(xi(fc),fc) = wx(k)z_ (xi(k))~Xid(k+l), |k-J < 1, ki£i(fc) is the desired dynamics
for ex(k) .and Ái(fc) = Ax(k + 1). Then the desired valué X2d(k) for X2(k) is calculated

from (4.4) as

X2é(k) = [tüi]-1 -fx(xi(k),k) + kxex(k)

At the second step, given X2d(k) and Xu(k) as the desired valúes for the armature

X2(fc) and field Xz{k) currents, respectively, a second error vector e2(k) is defined as

e2(k) =.
e2(k)

e3(k)

X2(k)
- X2d(k)

Xs(k)
- X3d(k)

x2(k) -

X2d(k) + A2(fc)

x3(k)
-

X3d(k) + A3(k)

Thus, the system (4.2)-(4.3) in the new variables £1, e2 and £3 is presented of the form

'
£l(fc "I- 1) = ki£!(fc) + W_£2(k) + Áj(fc)

f £2(fc + 1) = f2(x(k), fc) + w2ux(k) + A2(k)

I e3(k + l) = f3 (X3(k), fc) + w3u2(k) + A3(k)

(4.5)

(4.6)

where x(fc) = [xi(k), X2(k), XÁk)]T, and Á¿(fc) = A¿(fc + 1), i = 2,3. Selecting the sliding

variables as s2(k) = e2(k), and s3(k) = e3(k) and taking into account the respective

bounds ||ííi|| < uox and ||u2|| < u02 for the armature and field voltages, respectively, the

following control is proposed (2.67):

ux(k) =
üXeq(k) for ||üie,(fc)|| < uoi

uoiji^jjf for ||üie9(fc)|| >uoi
(4.7)

and

üieq(k)

uu(k)

-\w2\

+ m]

a2(k) + f2(x(k)ík)

f2(x(k-l),k-l) + üleq(k- 1)

[Ña]-1 h (X(k)xk)

u2(k) ■i
ü2eq(k) for \\ü2eq(k)\\ < u02

"02,1^)11 for \\ü2eq(k)\\ > uq2
(4.8)
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with

ü2eq(k) = -

[w3]~

+m

s3(k) + f3(X3(k),k)

f3(x3(k-l),k-l) + ü2eq(k
-

1)

u23(k) = -\w3]-lf3(xÁk),k).

Considering Proposition 3, under the condition

w2uX0 > Sx, Sx = (||/2s(fc)||
w3u20 > S2, S2 = (||/3-(fc)||

A2(fc)

A3(fc)

fs(x(k),k) -XT(k)+Xrd(k) + fr(x(k),k)

control (4.7) and (4.8) is able to drive the system (4.6) onto a small neighborhood of the

sliding manifold e2(fc) = 0 and e3(k) = 0. Henee, the armature and field control errors

satisfies

\e2(k)\ = \X2(k)
- X2d(k)\ < 0(TS)

\e3(k)\ = \x3(k)-X3d(k)\<0(Ts).

The sliding mode motion in a 0(TS) boundary layer of £2(fc) = 0 is described by the

first order system:

ex(k + 1) = ki£i(fc) + ú>i£2(fc) + Ái(fc) (4.9)

By direct inspection of (4.9) or considering Proposition 4, there exists fc-, such that

Vfc > fci, the speed control error £-.(fc) satisfies

IMfc)|| <<-*!, ¿i =
- Ái(fc) +0(TS).
7

where 0(TS) is the boundary layer as defined in [46] and Ta is the sampling period.

It is worth to mention that the identification error Ai (fc) can become arbitrarily small

by adding more order terms into the neural identifier (4.1) and increasing the number of

adjustable weights.
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4.3 Electromagnetic Torque Control

Given full state measurements, the control objective is to develop the electromagnetic

torque amplitude tracking of the DC motor (2.18) by the armature and field current

amplitude tracking, as we see in the equation (2.16), using discrete-time SM control.

In (4.2) and (4.3), let us define xd(k) = [Xtd(k) v3<*(fc)]T as the armature and field

current references, respectively. To control these variables, we define

£2(fc) = X2(k)-X2d(k)

= x2(k) - X2d(k) + A2(k) (4.10)

where £2(fc) = [e2(k) e3(k)]T X2(k) = [x_(*J X3(fc)]T A2(fc) = [A2(fc) A3(fc)]r; with

£2(k) = X2(k)
-

X2d(k), £3(fc) = X3(k) -

X3d(k), and x_(fc) is the desired valué for x2(fc)*

Applying the SM control technique, we have

e2(k + 1) = /2(x(fc), k) + w2u(k) + Á2(fc) (4.11)

where f2(X(k),k) = [f2(X2(k),k) f3(X3(k),k)]T u(k) = [ux(k) u2(k)]T, A2(k) = [A2(k)

A3(fc)]T f2(X2(k),k) = w2(k)z2(x(k))-X2d(k + l), w2 = [w2 w3]T f3(X3(k),k) =

w3(k)z3 (x3(k))
- xsd(k + 1), and A2(fc) = [A2(fc + 1) A3(fc + 1)]T Then, selecting the

sliding variable as s2(k) = £2(fc), where s2(k) = [s2(k) S3(fc)]T and taking into account

the respective bounds ||ui|| < u0i and ||í_2|| < u02 for the armature and field voltages

respectively, the following control is proposed (2.67):

u(k) = í Üeq{k) f°r "Üe,(fc)" " U°

(4 12)

\ u°ñMim
for H««í(*)II >Uo

where üeq(k) = [üie,(fc) ü2e,(fc)]T u0 = [u0i W02]7, "s
= ["is u2s]T with

üeq(k) = -w

+w

s2(k) + f2(x(k),k)

/2(x(fc-i),fc-i) + üeq(k
- 1)

«.(fc) = -wf2(X(k),k)

where ti) = [w2l w3lY

Considering Proposition 3, under the condition
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W Uq > S, 5 =
ll/a.(A)ll +

W(*)ll +
A2(fc)

A3(fc)

fa(x(k),k) = -Xr(k) + Xrd(k) + fr(x(k),k)

control (4.12) is able to drive the system (4.11) onto a small neighborhood of the sliding

manifold £2(fc) = 0. Henee, the armature and field control errors satisfies

M*)| = |X2.fc)-X2*.(fc)|<0(Ts)

|e>(*)| = |X3(fe)-X3_(fc)|<0(Ts).

Considering Proposition 4, there exists fci such that Vfc > fci, the electromagnetic

torque control error £2(fc) satisfies

\\s2(k)\\<S, S = -\K2(k)\+0(Ts).
where 0(Ta) is the boundary layer as defined in [46] and Ta is the sampling period.

It is worth to mention that the identification error A2(fc) becomes arbitrarily small

by adding more order terms into the neural identifier (4.1) and increasing the number of

adjustable weights.

4.4 Simulations

For simulations, we consider a DC motor with sepárate winding excitation (2.19),

whose parameters are listed in Table 4.1. These parameters correspond to a 5 Horse

Power (HP) DC motor and are taken from [32].

4.4.1 Identification

Simulations are performed giving the same input for system (4.1) and for the plant

model (2.19), using the parameters listed in Table 4.1. The results are included as follows:

Fig. 4.1 presents angular speed identification, where xx(k) identifies Xi(k) = u.m(k),
with Fig. 4.2 showing the respective error Xi(k) - xi(k); Fig. 4.3 displays armature

current identification, where x2(k) identifies X2(fc) = ia(k), with Fig. 4.4 portraiting the

respective error X2W
- ^(fc); and Fig. 4.5 shows the field current identification, where

x3(k) identifies xÁk) = if(k), with Fig. 4.6 presenting the respective error Xs(k)-x3(k).
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Parameter Valué Description

Ra 1.6 fi Armature resistance

Rf 2500 fi Resistance of field winding

Je 0.0315 kg ■ m2 Moment of inertia

La 16 mH Armature inductance

h 156 mH Field inductance

be iq-7 kg-m

3
Viscous friction coefficient

Laf 1.976 H Mutual inductance

TL 7.81 N-m Nominal load

w„ 183.25 -^
¡8

Nominal speed

Ua 200 V Armature voltage

Uf 200 1/ Field voltage

Ts 0.5 ms Sampling period

P 5 HP Electrical Power

Table 4.1: DC motor parameters.

Figs. 4.7, 4.8 and 4.9 show the evolution weights wn(k), w2(k) and w3X(k), respectively,

for the identification process. Inputs ua and u¡ are defined as chirp functions. A chirp

function is a sine wave whose frequency increases at a linear rate with time [32]. In this

dissertation, a chirp function is used for excitation of the system dynamics.

As we can see in Figs. 4.1, 4.3, and 4.5, simulation results for identification are very

encouraging; the response of the neural identifier (4.1) aproximates well the response of

the plant model (2.19) in a short period of time.

4.4.2 Angular Speed Tracking

Tracking performance can be verified for the two plant outputs (angular speed and field

current); simulations are performed for system (4.1), using the parameters listed in Table

4.1 and varying the load torque and the armature and field resistances, as shown in Figs.

4.10, 4.11, and 4.12, respectively. The controller is incepted at time equal to 0.5 seconds

in order to let the system identification to converge. Simulations results are presented

as follows: Fig. 4.13 shows the angular speed tracking performance, with __r(fc) as the

reference angular speed and u>m(k) as the measured angular speed, Fig. 4.14 presents the

respective error w-(fc)
-

wm(fc); Fig. 4.15 displays the field current tracking performance

with ifr(k) as the field current reference and i¡(k) as the field current output, and with

Fig. 4.16 showing the respective error -/--(fc)
-

i¡(k); Fig. 4.10 displays the load torque
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Figure 4.1: Angular speed identification: £i(fc) (solid line), Xi{k) (dashed line).

Figure 4.2: Angular speed identification error Xi(k)
-

xx(k).
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Figure 4.3: Armature current identification: x2(k) (solid line), X2(fc) (dashed line).

Figure 4.4: Armature current identification error X2(fc)
—

x2(k).
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Figure 4.5: Field current identification: x3(k) (solid line), x3{k) (dashed line).

0.08

Figure 4.6: Field current identification error x3{k) -

x3(k).
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Figure 4.7: Evolution weights: wxx(k)

Figure 4.8: Evolution weights: w2(k)
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Figure 4.9: Evolution weights: 1031 (fc)

T__ applied as an external disturbance; Figs. 4.11 and 4.12 present parametric variation

in the armature and field resistance (Ra) and (Rf) respectively; and Figs. 4.17, 4.18 and

4.19 show the evolution weights wxx(k), w2(k) and w3í(k), respectively, for angular speed

control process.

It is important to mention that in Figs. 4.13 and 4.15, we do not perceive oscillations

as presented in the identification process; this is due to the fact that in these figures the

identifier variables are not displayed.

Regarding Figs. 4.13 and 4.15, simulation results for angular speed and field current

tracking present good behavior in presence of parameter variations and external distur

bances. It is important to say that our scheme does not require to measure or to estimate

the load torque.
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Figure 4.10: Load Torque TL.
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Figure 4.12: Field resistance variation Rf.

Figure 4.13: Angular speed tracking performance: u>r(fc) (dashed line) and um(k) (solid

line).
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Figure 4.14: Angular speed tracking error cjr(k)
—

wm(k).

Figure 4.15: Field current tracking performance: z/r(fc) (dashed line) and if(k) (solid

line).
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Figure 4.16: Field current tracking error i¡T(k)
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Figure 4.17: Evolution weights: u-n(fc)
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4.4.3 Electromagnetic Torque Tracking

Tracking performance is verified for the electromagnetic torque; the controller is in

cepted at time equal to 0.5 seconds in order to let the system identification to converge; the

simulations results are presented as follows: Fig. 4.20 shows the electromagnetic torque

tracking performance with Ter(k) as the reference electromagnetic torque and Te(k) as the

electromagnetic torque output and Fig. 4.21 displays the respective error TeT(k) —

Te(k).

Figs. 4.22, 4.23 and 4.24 show the evolution weights wxx(k), w2(k) and w3x(k), respec

tively, for electromagnetic torque control process. These results are very encouraging.

Figure 4.20: Electromagnetic torque tracking performance: Ter(fc) (dashed line) and Te(k)

(solid line).
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Figure 4.21: Electromagnetic torque tracking error Ter(k)
— Te(k).
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Figure 4.22: Evolution weights: wxx(k)
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4.5 Real-Time results

Experimental tests are done using the prototype described in Chapter 3. Results

presented in this section include: identification of the DC motor plant using the RHONN

(4.1) identifier trained with the EKF (2.31 - 2.32); and angular speed and electromagnetic

torque tracking in real-time. It is important to remark that for real-time implementation,

we use a 0.25 HP DC motor, whose parameters are unknown. Experiments are performed

with a sampling time of 0.5 ms.

4.5.1 Identification

During the identification process, the real plant and the NN (4.1) work in open-loop

with the same input vector ua u¡ ; ua and u¡ are defined as chirp functions with

90 and 100 V of amplitude, respectively, and a frequency from 1 Hz to 10 Hz for both

signáis. Identification results are included as follows: Fig. 4.25 presents the angular speed

identification, with Xi(k) that identifies xi(*0 = um(k) and with Fig. 4.26 displaying

the respective error Xi(k)
-

%i(k); Fig. 4.27 shows the armature current identification,

with x2(fc) that identifies X2CO = ia(k), and with Fig. 4.28 presenting the respective

error X2W _ x2(k); and Fig. 4.29 shows the field current identification, with ^(fc) that

identifies x3(k) = i¡(k), with Fig. 4.30 displaying the respective error x3{k) -x3(k). Figs.

4.31, 4.32 and 4.33 show the evolution weights wu(k), w2(k) and w3í(k), respectively, for

identification process. The obtained results are very good.

4.5.2 Angular Speed Tracking

Tracking performance is verified for the two plant outputs -_m(fc) and if(k). Real-time

results are done with senoidal, triangular and a pulse train respectively, as trajectories

to be tracked for the angular speed, as shown in Figs. 4.34, 4.40, and 4.46, where w-(fc)

is the reference speed and u.m(k) is the speed output; additionally, their corresponding

errors wr(fc) -wm(fc) (Figs. 4.35, 4.41, and 4.47), as well as the control signáis (Figs. 4.36,

4.42, and 4.48) for each case, are displayed. We incept disturbances at different times

for each tracking case in order to verify the rapid drop recovery for the speed caused

by these disturbances. The disturbances are created braking suddenly the motor shaft.

Fig. 4.52 presents the field current tracking performance
with _/r(fc) as the reference field

current and i¡(k) as the field current output; Fig. 4.53 shows the field current tracking

error i¡T(k)
— ¿/(fc). In Figs. 4.36, 4.42, 4.48 and 4.52 the controller is incepted at time

equal to 3, 2, 3 and 2.5 seconds, respectively, in order to let the system identification to

converge. The evolution weights wxx(k), w2(k) and w3x(k) are shown in Figs. 4.37 - 4.39,
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Figure 4.25: Angular speed identification: Xi(fc) (solid line), Xi(k) (dashed line).

Figure 4.26: Angular speed identification error: Xi(*0 _ xx(k).
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Figure 4.27: Armature current identification: x2(k) (solid line), X2(k) (dashed line).

0.05

-0.05 ■

Figure 4.28: Armature current identification error: X2(fc)
- x2(k).
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0.25

0.15

0.05

Figure 4.29: Field current identification: x3(k) (solid line), x3(k) (dashed line).

Figure 4.30: Field current identification error: x3(k)
- x3(k).



4.5. REAL-TIME RESULTS 73

Figure 4.31: Evolution weights: wxx(k)

Figure 4.32: Evolution weights: w2(k)
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Figure 4.33: Evolution weights: i-»3i(fc)

4.43 4.45 and 4.49 - 4.51 for each case of trayectory tracking (senoidal, triangular and

a pulse train) respectively. The parameters of the neural network controller in the real

time experiments are: «0i = 90 Volts, u02 = 100 Volts, ki = k2 = k3 = 0.9, sampling

time of 0.5 ms.

Regarding Figs. 4.34, 4.40, and 4.46, real-time results for angular speed tracking

present good behavior and have a rapid recovery from speed drop caused by external

load disturbances. It is worth to note that our scheme does not require to measure or to

estimate the load torque and behave well even if the parameters are unknown; most of

the existing publications can not handle these conditions.
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Figure 4.34: Speed tracking performance for a senoidal as the reference signal: wr(k)

(dashed line), wm(k) (solid line).

30 35

Figure 4.35: Angular speed tracking error for a senoidal as the reference signal: -.-(fc)

wm(fc).
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Figure 4.36: Control signal of the armature winding for a senoidal as the reference signal.

800

Figure 4.37: Evolution weights: wxx(k)
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Figure 4.38: Evolution weights: w2(k)

Figure 4.39: Evolution weights: w3X(k)
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Figure 4.40: Speed tracking performance for a triangular as the reference signal: wr(k)

(dashed line), wm(k) (solid line).

Figure 4.41: Angular speed tracking error for a triangular as the reference signal: u-y(fc)

um(k).
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Figure 4.42: Control signal of the armature winding for a triangular as the reference

signal.

Figure 4.43: Evolution weights: wxx(k)
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Figure 4.44: Evolution weights: iú2(fc)

Figure 4.45: Evolution weights: w3X(k)
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Figure 4.46: Speed tracking performance for a pulse train as the reference signal: wT(k)

(dashed line), wm(k) (solid line).

Figure 4.47: Angular speed tracking error for a pulse train as the reference signal: ur(k)
■

-_m(fc).
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Figure 4.48: Control signal of the armature winding for a pulse train as the reference

signal.

800

-

tx

1

,{ 1* ■ h
,

1

f f700

600 -

1 1
■

500

|
■

400 ! I
.300

f V

200 -

100 -

0

100

J -

) 5 10 15

t (s)

2 . 25 30 3

Figure 4.49: Evolution weights: wu(k)
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Figure 4.50: Evolution weights: w2(k)

Figure 4.51: Evolution weights: W3i(fc)
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Figure 4.52: Field current tracking performance: i/T(k) (dashed line), ¿/(fc) (solid line).

4.5.3 Electromagnetic Torque Tracking

Tracking performance is verified for the electromagnetic torque output controlling

the two variables ¿a(fc) and ¿/(fc). The induction motor works at nominal angular speed;

the electromagnetic torque controller of the DC motor is incepted at time equal to 1

second in order to let the system identification to converge. The electromagnetic torque

controlled in the DC motor causes a reduction of the angular speed in the induction motor.

Real-time results are presented as follows: Fig. 4.54 shows the electromagnetic torque

tracking performance with Ter(k) as the reference electromagnetic torque and Te(k) as

the electromagnetic torque output; Fig. 4.55 presents the electromagnetic torque tracking

error TeT(k)
—

Te(k); Fig. 4.56 displays the angular speed reduction in the induction motor

caused by the electromagnetic torque controlled in the DC motor; and Figs. 4.57, 4.58 and

4.59 show the evolution weights wxx(k), w2(k) and w3_(k), respectively, for elctromagnetic

torque control process. The parameters of the neural network controller in the real time

experiments are: u0i
= 90 Volts, u02 = 100 Volts, lix = k2 = k3 = 0.9, sampling time of

0.5 ms.

Note that Te depends on the valué of Laf. In this case, it can be observed that if

the exact valué of La¡ is not known, the problem of tracking the electromagnetic torque

reference, becomes a problem of tracking an uncertain signal. This is a very difficult

problem in general. Some works recently appeared deal with this problem in the case
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Figure 4.53: Field current tracking error: ¿/--(fc)
—

¿/(fc).

when the reference signal is generated by uncertain linear system, the so called exosystem.

This is known as the robust regulation problem with uncertain exosystems ([6], [30], [31],

[33], [40]); however, to the best of our knowledge, the general case is still an open problem.

Regarding to Fig. 4.54, real-time results for electromagnetic torque tracking are very

good. It is worth to note that our scheme behaves well even if the parameters are unknown.
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Figure 4.54: Electromagnetic Torque tracking: Ter(k) (Electromagnetic torque reference

in dashed line), Te(k) (Electromagnetic torque output in solid line).
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Figure 4.55: Electromagnetic torque tracking error Ter(fc)
- Te(k).
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Figure 4.57: Evolution weights: wxx(k)
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Figure 4.58: Evolution weights: w2(k)
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Figure 4.59: Evolution weights: w3X(k)



Chapter 5

Conclusions and Future Work

5.1 Conclusions

In the present dissertation, a method to design a robust indirect control for a class

of MIMO discrete-time nonlinear (particularly to a DC motor with sepárate winding

excitation) uncertain system is developed. This method proposes a control scheme which

can be applied with full state measurement; additionally, it includes:

1. A discrete-time recurrent high order neural network in order to identify the plant

model is proposed. The proposed neural identifier is in the nonlinear block con

trollable form, which allows to apply the block feedback linearization control and

sliding modes techniques. This neural identifier is trained with the EKF algorithm

using a series-parallel configuration.

2. Based on the neural identifier model and applying the discrete-time block control

approach, a nonlinear sliding manifold with a desired asymptotically stable motions,

is formulated. Using a Lyapunov functions approach, a discrete-time sliding mode

control which makes the designed sliding manifold attractive, is introduced.

3. A prototype is integrated in order to test in real-time the proposed identifier and

control scheme.

4. Effectiveness of this scheme are illustrated via computer simulations and real-time

implementation for two cases: the angular speed and field current controller, and

the electromagnetic torque controller.

The combine approach, which includes identification of the plant with the neural net

work and application of the block control and sliding modes control techniques, ensure
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robustness with respect to external disturbances and parameter variation and stable de

sired sliding motion over the designed proposed sliding manifold.

The advantages of this control scheme with respect to other controllers (particularly

controlling the angular speed and the electromagnetic torque of the DC motor with sep

árate winding excitation) are: this scheme does not require the knowledge of the plant

parameters, neither the load torque; this scheme is developed and analyzed in discrete-

time; also the validation of these analysis is shown with real-time results. Furthermore,

we develop a control scheme for electromagnetic torque even that there exist no many

publications for controlling the electromagnetic torque; the only available is [17], to the

best of our knowledge. Additionally, this control technique can be applied to systems

that are or can be transformed to the NBC form which is possible to apply the procedure

presented in this dissertation. And finally, in this control scheme and in the stability

analysis, a method for reducing the effect of unknown terms is considered.

5.2 Future work

Researches will be continué along the following lines:

1. To develop a similar scheme for angular position.

2. To develop robust direct neural controller based on the backstepping technique,

approximated by a high order neural network, for angular speed, electromagnetic

torque and angular position.

3. To perform real-time implementation of these new controllers.

4. To compare the results of the neural networks control schemes with the block control

and backstepping control schemes.
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Appendix A

Block Linearizing Transformation

This appendix presents the procedure of reducing the system (2.36) to the NBC form

(2.40) and cióse follows [25], [26] and [29].

In this dissertation, system (2.40) is considered with structure ni = n2 = . . .
= nr =

m, where the block control design procedure consists of a step-by-step construction of a

new system with states e¿(fc) = Xj(k)
—

Xj¿(k), j — 1, . . . ,r, where Xj¡d(k) is the desired

valué for Xj(k), which will be defined by such construction.

Define a new variable, £i(fc) = e(fc), (see (2.38)), i.e.,

ex(k) = xx(k)
-

xx4(k) (A.1)

with £i,_(fc) = g(u)(k)). Once defined the new first variable (A.1), one step ahead is done

as

ei(k + 1) = h(xx(k)) + B_(xx(k))x2(k) + dx(u(k)) (A.2)

where dx(u(k)) = dx(cj(k))
- xhd(k + l)(w(fc)).

Equation (A.2) is viewed as a block with state £i(fc), and a;2(fc) as pseudo-control

input, where desired dynamics must to be imposed. This can be solved using Assumption

1 along with the anticipation of the desired dynamics for this block as follows:

£l(k +l) = fx(xx(k)) + Bi(xi(k))x2(k) + dx(oj(k)) = Kiei(fc) (A.3)

where the design matrix Ki is chosen as Ki = diag {kn, . . .

, kim} with |kig| < 1, q
=

1, . . . ,m to assure stability of block (A.3). From (A.3), x2(k) is calculated as

x2(k) = [BiOr-tfc))]-1 (Kxex(k)
-

fx(xx(k))
-

d,(w(fc))) . (A.4)

Note that the calculated valué of state x2(k) in (A.4) is not the real valué of such

state; instead, it represents the desired behavior for x2(k) that drives the first block to
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the desired dynamics. In order to avoid confusions, this desired valué of x2(fc) is redefined

as x24(k), so, equation (A.4) is rewritten as

x2(k) = [Pi^fc))]-1 {Kiei(k)
- fx(xx(k)) -dx(cj(k)))

Proceeding in the same way as for the first block, a second variable in new coordinates

is defined, e2(k) = x2(k)
—

x2<d(k). Taking one step ahead in e2(k) yields

e2(k + l) = x2(k + 1)
-

x2¡d(k + 1)

= /2(xi(fc), x2(fc)) + B2(xi(k),x2(k))x3(k) + d2(u(k))

where d2(u(k)) = d2(u(k))
—

-r2i_(fc-|-l). The desired dynamics for this block are imposed

as follows:

e2(k + l) = f2(xx(k),x2(k)) + B2(xx(k),x2(k))x3(k) + d2(uj(k)) = K2£2(fc) (A.5)

where K2 = diag {k2i, . . .

, k2m} with |k2,| < 1, q — 1, . . .

,
m. Using Assumption 1, the

desired valué x34(k) is calculated from (A.5) as

x34(k) = [P2(x1(fc),-r2(fc))]-1 (K2e2(fc)
-

f2(xi(k),x2(k))
- d2(u(k))) .

These steps are taken iteratively. At the last step, the known desired variable is xr,d,k,

and the last new variable is defined as er(fc) = xr(k)
—

xr¿(k). As usually, taking one step

ahead, we have

eT(k + 1) = fT(xx(k), ..., xr(k)) + BT(xx(k), ..., xr(k))u(k) + dr(üj(k))

where (_r(<_j(fc)) =- dr(txj(k)) —

xr.d(k + 1). It is worth to mention that the new variables

**•_ (k), J
'

= 1, • ■ •

, r, compound a nonlinear transformation of the state x(k), defined as

£i(fc) = Xi(fc) -xl4(k) = tpi(xx(k),Lj(k))

e2(k) = x2(k)
- [BiíxiW)]-1 (Kxei(k)

-

fx(xx(k))
-

dx(uj(k)))
= xp2(xx(k),x2(k),u(k))

e3(k) = x3(k) -

[B2(xx (fc), x2(k))]~l (K2£2(fc)
- f2(xx(k), x2(k))

- d2(w(k)))

= <f3(xi(k),x2(k),x3(k),u.(k))

er(k) = xr(k)
- xr4(k) = ipr(xi(k),x2(k),...,xT(k),u)(k)).
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In this way, a diffeomorphic transformation e(fc) = xp(x(k),uj(k))=[tp[ . . . xpJ]T is de

fined, simplifying system (2.40) to the following form:

£i(fc + l) = Kiei(fc) + Bxe2(k) (A.6)

e2(k + l) = K2e2(k) + B2e3(k)

er_i(fc+l) = Kr_1er._1(fc) + -_V_1er(fc)

£r(k+l) = fr(xX(k),...,Xr(k))+Br(xX(k),...,Xr(k))u(k)+dr(Lj(k)).
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