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Resumen

La tecnologfa en redes neuronales ha llamado mucho la atencién en afios recientes; su habilidad para aprender
relaciones no lineales es ampliamente apreciada y se utiliza en diferentes aplicaciones: el modelado de sistemas
dindmicos, procesamiento de sefales y disefio de sistemas de control son de las méds comunes. La teoria de
neurocomputacién ha madurado considerablemente durante la pasada década y muchos problemas de redes
neuronales: disefno, entrenamiento y evaluacién han sido resueltos.

La teorfa de sistemas de estructura variable ha mostrado un enorme potencial en varios campos de investi-
gacién. En particular, el control de estructura variable ha probado ser una valiosa herramienta para disefiar
sistemas de control, debido, entre otras cosas, a la robustez contra las perturbaciones que cumplan la llamada
condicién de acoplamiento. Otra caracteristica del control de estructura variable es la descomposicién del diseno
del controlador en dos pasos; primero se selecciona una variedad deslizante donde el sistema se comporta de
una manera adecuada, y segundo se disefia un control discontinuo que lleve al sistema a dicha variedad y lo
mantenga ahi.

El objetivo principal de esta tesis es proponer un esquema de control basado en identificacién por redes
neuronales y en sistemas de estructura variable. Dicho esquema es aplicable para un amplio conjunto de sistemas
no lineales, llamados sistemas controlables a bloques. Una red neuronal recurrente se usa para identificar la
planta, con una ley de adaptacién de pesos que garantiza esta tarea. Basado en este identificador neuronal, se
disefia el controlador de modos deslizantes que lleva el estado del identificador a la variedad deslizante deseada;
dicha variedad se disefia usando la técnica de control a bloques. El sistema completo de control garantiza que la
salida del sistema real siga a una sefial de referencia pre-especificada. Adicionalmente, esta estrategia de control
permite usar identificadores de orden parcial; esto reduce considerablemente la complejidad computacional del
controlador.

La aplicabilidad de este esquema de control se prueba en un motor de induccién y en un generador sincrono,
por medio de simulaciones. El control neuronal a bloques para el motor de induccién muestra gran robustez
contra las perturbaciones de par de carga y las variaciones en la resistencia del rotor. Ademds, se derivaron dos
leyes de control alternativas para este motor: un controlador de modos deslizantes singulares y un controlador
neuronal a bloques con restricciones de entrada. Ambos presentan un desempeno muy similar al mostrado por el
controllador neuronal a bloques original. Por otro lado, el controlador del generador sincrono se disené haciendo
ciertos cambios al controlador neuronal propuesto anteriormente. Sin embargo, esta nueva estrategia de control
muestra gran robustez bajo las perturbaciones de corto circuito en las barras terminales.

Finalmente, se presenta un nuevo tépico; las redes neuronales recurrentes de estructura variable. La teoria
de sistemas de estructura variable se utiliza para analizar el comportamiento de estas redes. El objetivo de este
esquema de identificacién es seleccionar una estructura adecuada para el identificador neuronal. Los resultados
obtenidos en simulacion son muy prometedores cuando se aplica este esquema a la identificacién de sistemas
caéticos; en particular el esquema se prueba en el sistema caético de Chen y en el circuito caético de Chua.



Abstract

The technology of neural networks has attracted much attention in recent years; their ability to learn nonlinear
relationships is widely appreciated and are used in many different classes of applications; modelling of dynamics
systems, signal processing and control-system design being some of the most common. The theory of neural
computing has matured considerably over the last decade and many problems of neural-network; design, training
and evaluation have been yet solved.

The Variable Structure Systems (VSS) theory has revealed an enormous potential in several interesting
research trends. In particular, Variable Structure Control (VSC) has become an effective tool for control
systems design, due to, among other things, the robustness in presence of disturbances that satisfy the so-called
matching condition. Other feature of Variable Structure Control is the decomposition of the controller design
in two steps: first, the selection of the sliding manifold where the system exhibits a well-behavior, and second.
the design of a discontinuous control law which drives the system into the desired sliding manifold and keep it
there.

The main goal of this thesis is to propose a control scheme based on neural networks identification and Variable
Structure Systems. Such scheme is applicable to a wide class of nonlinear systems called Block Controllable
(BC) systems. A recurrent neural network is used to identify the plant, with an update law that guarantees
such task. The sliding modes controller is designed to drive the identifier state into the desired sliding manifold,
which is designed using the Block Control technique. The overall control system guarantees that the output
of the real system tracks a pre-specified reference signal. Additionally, this strategy allows to use partial state
identifiers; this fact reduce considerably the computational complexity of the Neural Block Controller (NBC).

The robustness of this control scheme is tested on an induction motor and a synchronous generator. The
Neural Block Controller for induction motors shows to be robust respect to load torque and rotor resistance
variations. Additionally, two alternative control laws are derived to control this motor: Singular Sliding Mode
(SSM) controller and the Neural Block Control with input constrains. Both controllers present a performance
very similar as the Neural Block Controller proposed originally. On the other hand, the synchronous generator
controller was designed doing slight changes to the NBC, in order to fit this scheme to the plant model.
Nevertheless, this new control strategy shows to be robust respect to short circuit disturbances. Simulations
results are presented for both systems.

Finally, a new topic is presented; the Variable Structure Recurrent Neural Networks (VSRNN) for nonlinear
system identification. VSS theory is used to analyze the VSRNN behavior. The aim of this identification
scheme is to select an adequate neural identifier structure. The simulation results are very encouraging when
the scheme is applied to chaos identification. In particular the scheme is tested with the Chen’s chaotic system
and the Chua’s chaotic circuit.
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Chapter 1

Introduction

Artificial Neural Networks (ANN) are systems inspired from how the human brain works. The
brain is a highly complex, nonlinear, and parallel information-processing system. It has the
capability of organizing its structural elements, called neurons, which interact massively among
them, through synaptic connections. So, the biological neural networks are capable to perform
certain tasks (e.g. pattern recognition, perception, motion control, etc.) in approximately
100-200 ms, whereas tasks of much less complexity may take days on a conventional computer
(19].

An ANN consists 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 neural networks is its ability to learn from its environment, and to improve
its performance through learning [46]. The performance improvement takes place over time in
accordance with some prescribed measure. A neural network learn about its environment by
an active process of adjustment applied to its synaptic weights. Ideally, the network becomes
more knowledgeable about its environment as the learning process goes through.

Other basic feature of neural architectures is that they work in parallel. Although ANNs can
perform human brain-like tasks such as object and pattern recognition or associative memory,
there is still a big distance between them and the biological ones. Nevertheless, they are
certainly a powerful tool to deal with a large set of interesting problems. Indeed, ANNs have
provided good solutions to many problems in various fields: such as classification, vision, speech,
signal processing, time series prediction, modelling and control, robotics, optimization, experts
systems and financial applications, among others [62].

Several motives have originally leaded researchers to study neural networks. One of the
primary motives was to create a computer program able to learn from experience. When the
experience mentioned is interpreted as knowledge about how certain inputs affecting a plant, it
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is obvious that neural networks must have something in common with the techniques applied
in control systems.

1.1 Neural Networks in Control Systems

Frequently, modern control systems require a very structured knowledge about the system to be
controlled; such knowledge should be represented in terms of differential or difference equations.
This mathematical description of the dynamic system is named as the model. Basically, there
are two ways to obtain a model; it can be derived in a deductive manner using physics laws, or it
can be inferred from a set of data collected during a practical experiment with the system. The
first method can be simple, but in many cases it is excessively time-consuming. Sometimes, it
may be even considered unrealistic or impossible to obtain an accurate model in this way. The
second method, which is commonly referred as identification system, it could be a useful short
cut for deriving mathematical models. Although system identification not always results in
equally accurate model, a satisfactory model can often be obtained with reasonable effort. The
main drawback is the requirement to conduct a practical experiment which brings the system
through its range of operation. Also a certain knowledge about the plant is still required.

System identification are widely used in relation to control systems design and many suc-
cessful applications have been made over the years. Sometimes system identification is even
implemented as an integral part of the controller. This is known as an adaptive controller and
it is typically designed to control systems whose dynamical characteristics vary with time. In
the typical adaptive controller a model that is valid under the current operating conditions is
identified on-line, and the controller is then, in such way, redesigned in agreement with this
model.

Much literature is available on system identification, adaptive control and control system
design in general, but traditionally most of it has focused on dealing with models and controllers
described by linear differential or difference equations. However, motivated by the fact that
all systems exhibit some kind of nonlinear behavior. Recently, there has been much focus on
different approaches to nonlinear system identification and controller design. One of the key
players in this endeavor are the ANNs. The following features of ANNs makes them particularly
attractive for application to modelling and control of nonlinear systems [21]:

e Artificial Neural Networks are universal approximators (8]. It has been proven that any
continuous nonlinear function can be approximated arbitrarily well over a compact set by
a multilayer neural network which consist of one or more hidden layers.

e Learning and adaptation. The intelligence of neural networks comes from their gener-
alization ability with respect to unknown data. On-line adaptation of the weights is
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possible.

e Multivariable systems. ANNs have many inputs and outputs, which makes it easy to
model multivariable systems.

Hence, unknown nonlinear functions in dynamical models and controllers can be parametrized
by means of neural networks architectures. Although this fact has enormous potential abilities,
there are also a number of weak points, for example: the existence of many local optima in
learning algorithms, the choice of complexity of the neural networks and the stability analysis
of dynamical systems which contains ANN architectures.

Most of the applications of neural networks to nonlinear identification and control is based
on the feedforward ones [18], [21]. Lately, the use of recurrent neural networks which allows a
more efficient modeling of dynamic systems, is increasing (57, [47]. A recurrent neural network
distinguishes itself from feedforward ones because it has at least one feedback loop. For example,
a recurrent neural 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 [19].

In this research, the neural identifier is built using High Order Recurrent Neural Networks
(RHONN) [28]; which are an efficient tool for nonlinear identification and ensures error ex-
ponential convergence [29]. However, such algorithm requires too much computations, so a
simpler adaptation parameters algorithm is used [48].

1.2 Variable Structure Control

Usually, the Variable Structure Control (VSC) algorithms [59] enforce sliding mode motion into
some manifold of the state space. The methodology for sliding mode control consists basically
of two steps. Sliding motion is governed by a reduced order system depending on the equations
of some surfaces, whose intersection describes a manifold, which is called the sliding manifold.

The first stage of design is the selection of the sliding manifold where the sliding motion
exhibits desired properties. For this stage, many standard control methods can be applied;
stabilization, pole replacement, dynamic optimization, etc. In this research work, the so-called
Nonlinear Block Control technique [34] is used to design such sliding manifold.

The second stage is to find a discontinuous control law which enforces sliding mode on the
sliding manifold selected at the first stage. This second problem is of reduced order as well,
since its dimension is equal to the number of discontinuity surfaces, which is usually equal to
the dimension of the control space.



8 CHAPTER 1. INTRODUCTION

By separating the control problem in two motions of lower dimensions — the first motion pro-
ceeds sliding mode within a finite time interval and the second motion is the sliding mode with
the desired properties —, the design procedure is considerably simplified. Additionally, sliding
modes are insensitive with respect to unknown plant parameters and external disturbances
which satisfies the so-called matching condition.

This thesis proposes a trajectory tracking control scheme which combines VSC and neu-
ral networks approach [52][36][12]. So that, the matched disturbances are rejected by VSC
and the effect of unmatched ones is compensated by neural identification. Modifying existing
identification schemes based on recurrent neural networks (28], a neural network identifier of
block controllable form is proposed. Based on this model, a discontinuous control law which
combines block control [34] and VSC with sliding mode techniques [58], is derived. The block
control approach is used to design a nonlinear sliding surface such that the resulting sliding
mode dynamics is described by a desired linear system. The proposed neural identifier and
control strategy allow trajectory tracking for systems which are represented in the nonlinear
block controllable form.

1.3 Thesis Outline

The outline of this thesis is as follows:

e Chapter 2. The neural model used through this work is introduced. This model, called
Recurrent High Order Neural Networks (RHONN), is a polynomial extension of the well-
known Hopfield neural network.

o Chapter 3. The neural block control is explained for a the block controllable systems; a
particular case when the relative degree equal or less than 2, is analyzed in detail.

e Chapter 4. Three control strategies are derived for induction motor control application;
Neural Block Control (NBC), Singular Sliding Modes (SSM) control and NBC with input
restrictions. The results are published in (36] and [13].

e Chapter 5. A control law is derived to reject the effect of the short circuit disturbance
in a synchronous generator connected to a infinite bus; a three-order model is used to
simulate this generator. [12] resumes the obtained results.

e Chapter 6. Based on RHONN identifiers, the nonlinear systems identification via Variable
Structure Recurrent Neural Network (VSRNN) is proposed. This scheme is not only a
parametric identification but also a structural identification. [49] and [50] are fruits of
this research.
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e Chapter 7. Finally, the conclusions of this work are presented.

e Appendix A. The block control with input constrains for inductions motors is explained.
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Chapter 2

Recurrent High-Order Neural
Networks

The use of multilayer neural networks is well known for pattern recognition and for modelling
of static systems. The network is trained to learn an input-output map [46]. Theoretical works
have proven that, even with one hidden layer, a neural network can uniformly approximate any
continuous function over a compact domain, provided that the network has a sufficient number
of synaptic connections.

A typical nonlinear identification problem consists of selecting an appropriate model and
adjusting its parameters according with some adaptive law, such that the response of the
model to an input signal approximates the response of the real system.

Depending on the level of a priori knowledge about the plant, the identification problem can
be approached in different ways. If the identification is based exclusively on measured data,
assuming no knowledge about the physics of the plant, the identification process is called black-
boz modelling, which is the typical approach used for neural networks identification schemes.
In contrast to this, the white-boz modelling is used for a pure physical modelling of the system.
When certain level of insight about the system exists and is utilized to improve the empirical
modelling, the phrase gray-boz modelling is used. This is the approach used in this work; we
take some information about the plant structure and use it to select the identifier structure. In
particular, the block controllable form and the relative degree are taken into account to build
the neural identifier.

11
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2.1 Neural Model

For the identification task, expansions of the first order Hopfield model called High Order
Recurrent Neural Networks (RHONN) are used [28], which presents more interactions among
the neurons [29]. Additionally, the RHONN model is very flexible and allows to incorporate to
the neural identifier a priori information about the plant structure.

A recurrent high-order recurrent neural network of 7 neuron and m inputs is defined as [29)

L;
T; = —a;z; + Zw,-k H nzj(k), i=1,..,n (2.1)
k=1

JEIL
where z; is the i-th neuron state, L; is the number of high order connections, {I;, 5, ..., I, } is

a collection of non-ordered subsets of {1,2,...,m 4+ n}, a; > 0, wi are the adjustable weights
of the neural network, d;(k) are non-negative integers, and 7 is a vector defined as

[ m ] [ S(@) ]
n S(zn
N(n+1) Uy
L T)(n+m) J | Um ]

with u = [u1, ug, ..., um]T being the input to the neural networks, and S(-) a smooth hyperbolic
tangent function formulated by
2

S@) = 1+exp(—Bz)

Hence S(z) € [-1,1]. As can be seen, (2.1) allows the inclusion of high order terms.

Let define the vector

d;(1)

Pi1 [Lien, 75
Pi2 I1; 77%(2)

Pi(X, u) — 1 — 1612: J
;. d'(L,)

PiL, HjEIL TIJ'J

It is worth mentioning that the entries of p;(z,u) are multiplying combination of elements of
n(z,u). In a more compact notation, (2.1) can be rewritten as
L

T; = —a;T; + E WikPig,  ©=1,..,m
k=1
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[s0 )+

Figure 2.1: A 2nd-order RHONN example.

or
i = —a;z; + W, pi(x,u), i=1,..,n (2.2)
where w; = [wiq..w; )"
Figure 2.1 shows a RHONN example, where

I = —ai111+ ’LUuS(.’L'l) + w125($1)2 + wl3S(.'E1)S(.’L'2) —+ Wiy
Iy = —aT2+ w215($2) + w225(l‘2)2 + 1.U23S(.’131)S(.’132) + woqUy

withn=2,m=1,L1=L2=4.

2.2 On-line Identification

In this section, we consider the problem of identifying a nonlinear system given by
x =f(x,u) (2.3)

where x € R, u € R™, f is a smooth vector field and f;(x,u) its entries. In order to identify
system (2.3), as discussed in [29], we assume that it is fully described by a RHONN, with each
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neuron state given by
% = —aox + Wi pi(x,u) + vi(x, u) (24)

with w}, p;, € Rl The optimal unknown parameters vector w; is defined as

w; = arg min {Sup |£:06w) + aix; = wiTpy(x, ) — ”"(X’u)l} )
1 x,u

Let define the modelling error term v; as

vi(t) = filx, w) + aix; — Wi pi(x, ). (2.6)
The proposed neural model (2.3) allows to match the identification algorithm to the real
plant.
In order to identify model (2.3), it is assumed that the plant is represented by the proposed
RHONN (2.4). Then two possible models can be built.
e Parallel model
I; = —a;z; + W, py(x,u), CES I (2.7)

e Series-Parallel model

T; = —a;T; +WiTPi(X,u), i=1.,n (2.8}

where z; is the i-th component of the RHONN, and X is the plant state. To develop the
weight update law, the series-parallel model is used.

2.2.1 On-Line Weight Update Law

Let define the :—th identification error
€ =Ti — X,

and the i—th parameter error
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Assuming that the error modelling term is zero, from (2.3) and (2.4) the identification error
dynamics is obtained as

& = —ae; + W, p;. (2.9)
The next lemma is needed to develop the adaptive law (see Theorem 4.4 in [26]).

Lemma 2.1 Consider the system

x = f(x) (2.10)
where x € R™ and f(x) is locally Lipschitz. Assume that there exists a function V : R* — R*
radially unbounded and continuously differentiable such that

/= 2k <~ W) <0

Vx € R", where W(z) is a positive semidefinite function, then all trajectories of (2.10) are
bounded for t > 0, moreover

tlirg W(x(t)) = 0.

Using Lemma 2.1 we propose a positive definite function V;(e;, W;) and a parameter adaptive
law such that lim;_,, V;(e;(t), W;(t)) exists and V; is uniformly continuous and V;(t) — 0 implies
that e;(t) — 0, when ¢t — oo. Thereafter, let consider the Lyapunov function candidate

Vi= %(ef + W, [W,) (2.11)

where I'; is a symmetric positive definite matrix. Differentiating (2.11) along the trajectories
of (2.9), we obtain

Vi = —aie? + eiW] p, + W] T W, (2.12)

If we define the weight adaptive law [48] as
W, = —el'p, (2.13)
then the equation (2.12) becomes
V,; = —a,-e? < 0.
Using Lemma 2.1, the adaptive law (2.13) ensures that the weights are bounded and the

identification error converges to zero, with x = [e; W]" V(x) = Vi(e;, W), and W (x) = a;e?.
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2.2.2 Robust Weight Update Law

For the case when the modelling error term is not zero we can guarantee neither the boundness
of the parameters nor the convergence to zero of the identification error. Then we need to apply
the adaptive law (2.13) with the o-modification [23] in order to guarantee at least, that the
identification error and the weights are bounded for any time. Hence we propose the adaptive
law

w; = —I7 ' (e:p; — ouwi) (2.14)
where o, is given as:

q
o; = (U%:”-) oy, iIf M; < ”Wz” <2M;
zor i will > 2M;

with integer ¢ > 1, and o;, and M; positive constants.

Lemma 2.2 Assume that the system (2.4) and the RHONN (2.9) and all parameters are
adapted using the law (2.14). Then, e; and w; converges into a bounded set.

Proof. The time derivative of V; (2.11) along the trajectories of (2.9) and (2.14) is given by

y 2 =T
V; = —a;ef — oW, w; — e;vi(x,a).

Applying the triangular inequality and defining dy = max;<o(v:(X, 1)), we have

2 2
. - el d
V; < —ae? - oW, Wi + = + =
2 2
Since w; = w; — W}
=TT ~ T =~ ~ T % L 2 1 *[12
-W, W; = —(W, W; + W, Wi)§”§llwi“ +§||Wz'”
therefore
2 2
. e 1 - 1 . d
Vi < —a;el + 5~ §<Tz'||Wi||2 + 50w II* + 70

Selecting a; > 3, we define a; = a; — 3, so that
" 1 = p 1 *|12 d%
Vi < —auel — 50,—|lw,~||2 + '2—Ui||wi I|” + D)
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Substituting e; from (2.11) in the above inequality, we have

d2
2.

1

1
20‘,||W,||2 +35 0z||W ||2

Vi < -aV;+ a,-v'vg-l"i\ir,-

Taking the worst case, when ||w;|| > 2M;, we select g;, > 2a||T[|, so that

d2

1
Vi< —a;Vi+ = a,,,||w||2 O%

Therefore, [e; W, |7 converges on the residual set

po={lest i< 2 (Goolwiip + 5}

and stay there. So the proof is completed. m
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Chapter 3

Neural Block Control

In this scheme, the control law is based on the neural networks, whose inputs are the states
of the plant and the RHONN weights are updated depending on the identification error [48].
Figure 3.1 explains the proposed control scheme.

The identification and control scheme used in this research is based on the following property:

Given a desired output trajectory, expressed on output variables as y.,, a nonlinear system
with output yp, and a neural network output yy, then it is possible to establish the inequality

lyr = yely < lyw = yplly + lyr=ynl,
with |-||, as the Euclidean norm.

where y, — yp is the system output tracking error, yy — yp is the output identification error
and yny— y, is the RHONN output tracking error. Hence, it is possible to divide the tracking
problem in two parts:

1. Minimization of ||yn — yp||,,which can be achieved by the proposed on-line identification
algorithm.

2. Minimization of ||yny—y,||,, for which a tracking algorithm is developed on the basis of
the neural identifier (2.8).

The second goal can be reached by designing a control law based on the RHONN model.
To design such controller we propose to use of the so called Neural Block Control [52], [51].
This control technique requires the plant to have the Block Controllable Form (BCF) [34], so a
RHONN identifier with BCF is proposed. Based on this neural model a discontinuous control

19
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Figure 3.1: Block Control Scheme.

law, which combines block control [34] and VSC with sliding mode technique [58], is derived.
The block control approach is used to design a nonlinear sliding surface such that the resulting

sliding mode dynamics is described by a desired linear system.

One additional advantage about using VSC is the separation of the system dynamics in two
motions, so that, only a partial state RHONN is needed to derive the control law. This strategy
is used to control an induction motor in Chapter 4 and a synchronous generator in Chapter 5.

3.1 Nonlinear Block Controllable Form

Let consider the nonlinear system

x=f(xt)+B(xt)u

where x € D,CR", and u € U C R™ is bounded by

lu| <

The vector field f (x, t) and the columns of B (x,t) = [ b
are sufficiently smooth. Additionally assume that f (0,t) =

ug, ug >0

1(x:t) ba(x.t)

(3.1)

(3.2)

b (x.t) ]
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Definition 3.1 Let the system

Xl = fl (Xl» t) + Bl (X1, t) X2
X2 = f (X1aX2,t) + B; (XIaXZ’t) X3
xi = B0 Xot) +Bi(xn - Xot)in i=3,...,r—1 (33)

Xr = f"‘ (Xl"" )Xr+1at) +B7‘ (Xl"" 1Xr+1’t)u
Xr+1 = f1‘+1 (x1)"‘ ,Xr+1,t) +Br+1 (xh'-- ,X,-+1,t)u
and the output
yr=h(x)=x:

It is said that this system has the Nonlinear Block Controllable Form with Zero Dynamics,
where

rank(B;)=n; Vx € D,CR" andt€[0,00), 1=1,...,7 (3.4)

and X' = (xl,xz,... ’Xr+1)' The numbers ny,ny, ... ,n, are known as the controllability

indezxes and satisfies
np<ng<---<n. <M

: 1
with 3715 n; = n.

It is easy to see that the relative degree of the system (3.3) is 7 with respect to the output
yp

3.2 General Neural Block Controller

Let consider a system with NBC form (3.3) with n; = ny = ng = ... = n,. Additionally, assume
that the system has a Block Controllable (BC) RHONN representation given by

xi = ff (x,, W) +B] (xq, W) xo + vi(t)
X2 f; (Xl’ sz*) * B; (Xl)XZaw‘) X3 + V2(t)

X'i = f';r (Xla X27 viaay Xi:W*) + B: (XU X27 seey Xivw‘) Xi+1 + Vi(t) (35)

x. = £06w)+B](x,w)u+v,()
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Let define ¢1 = n1, g2 = 1 + N2, -, ¢ = Gi1 + Nyyogy = n, with 2 = 1,2,...,7 Then
£ (x1 X2 s X W) = Aix; + [)‘(qx+l)(qu,+1)’X17X2»--in)y )‘(q.'+2)(WEq,+2),X1aX2~---’Xi),---,
/\(q*+"i)(wZ‘Ii+ni)’ X1 X2 -+ xi)]T’ Ai:diag{—a’(qz'+1)’ T (gi+2)) - —a(qz'+m)} i=12,..,7. Where,
Ai(w,x) i =1,2,...,n and the entries of B} (X1, X2, ---Xi, W*) Xip1 & = 1,2,...,7 are of high-
order connections, with wj, w3, ...,w}, as the optimal weight vectors and v;(t) is the vector of
modeling error terms; Additionally we assume that ||v;(t)|| < dy; for all time.

So we propose the RHONN identifier with the Block Controllable form, expressed by

Xy = i"1(K1,X1,W)"‘]?)’1()(1aW)Xz
5<2 = f5 (%2, X1, X2, W) + B1 (X1, X2, W) X3

).('i = f’i(x’i,XIaxz’”-ath)+Bi(x17x27"'1Xiaw)Xi+1 (36)

).(1‘ = ?r (XT,X,W) + Er (x,w)u

whit £; (X1, X2 - Xir W) = Agx+ [)‘(Qi+1) (w(q-;+1)7 Xl)’ Agi+2) (w(q,—+2)’ X1)s oo )‘(q:'+n1)(w(q,+n,)’ Xl)]
Ai=diag{—a(g+1), —0(gi+2), - — Q(gi+n))} ¢ = 1,2,...,7. Where, Xi(w,,x) ¢+ = 1,2,...,n and
the entries of B; (X1, X2, Xi» W) Xiy1 ¢ = 1,2,...,7 are of high-order connections, and wi,

Wy, ...,W,, are the adaptive weight vectors. Additionally, B; (X1, X2, ---Xi» W) Xi41 are full rank
matrices and their weights are constants.

As mentioned before, we have separated the tracking problem in two almost independent
problems; the first is treated as an identification problem in Chapter 2 and the other is treated
as a control problem. In this Section a control technique is developed to drive the neural output
yn~, whose dynamics are given by equation (3.5), to a desired output y,.

3.2.1 Sliding Manifold Design

Define the error vector z; as
Z) =X1—Yr
where y, is the desired output. Then the dynamics for z; is

z =fi (X1, X1, W) +B, (X1, W) X2 — ¥r- (3.7)

Substitution of e; = X3 — X, in the above equation yields
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2z = fi (x1,X1, W) — ¥»+B1 (X1, W) (x2 — €2). (3.8)

Let the fictitious control x2, in the block (3.7) be chosen as
x2 = B! (x,, W) [—?1 (x1, X1, W) + K121 — B1 (x;, W) €2 — ¥ | + 22 (3.9)

where K, is a Hurwitz matrix, Bl‘l (x1, w) is the inverse of B, (x;,w). We can have a new
desired dynamics for the block (3.8) selecting eigenvalues of K;. Then z; dynamics is given by

z, = K1z1+B1 (X1, W) 22

Then 2z, is obtained from (3.9) as

1 = = . .
2= Bl (XI’W) [fl (xl»th) - Kz, + B, (Xl)w) ety txe =0 (xl’th’yr)'

Now, differentiating z, along the trajectories of (3.6) results
2= fé(xla X5 Yrs ymyr;w) + B2X3

where (X1, X, W,¥r, Vr:¥r) = Xa + 3_01.x1 + 8—"‘1x1 + -"’ﬁl)@ + a—“’-w+a—a1yr+a—“’- ) Substi-
tuting e3 = x3 — X3, the above equation can be rewntten as

é2 = ?Z(XZ,X,Yr,}.’r,s'mW) + BZ (X17X27w) (X3 - 93) (310)
22 = E;(X, wka V(t)) + fé(XQ, X yr,yrayraw) + B2 (Xls X2 W) X3
with fs(X’w' V(t)) = (g—;le + Qﬂ ) and ?2()(17 X’yra}.Ir,yr,W) = _B2 (Xla X2, W) e3+

ax,
is bounded.

(a—“lx + a—“lw+i‘ﬂyr+ Qg-ly,) Notlce that f, is measurable and £} is not measurable but it

Let the fictitious control x3, in the block (3.10), be selected as

= EEI (Xl’ W) [—fg(x2, X5 ¥Yrs yr’yraw)+KZZ2] + 23

Then the z; dynamics is given by

2y = Kozo+B2 (X1, X2 W) 23 + § (%, W, 1(2)).

We continue along this way until we obtain
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. .. 9 ~ -
z; = L(Xi, X Y Yo Frees Yo W) + Bi (X1, Xas -0 Xy W) Xiq1 + B (3, W™, (1)) (3.11)

where 1 = 3,... ,r — 1 and x;4, is the fictitious control for (3.11) giving as

iy & : o
Xi+1= Bi ! (X17X27 -",Xiaw) _fi(xi’X)y”yNyP“ y'r ,W)+K1;Zi +Z1,+1.

Then (3.11) can be rewritten as

ii = Kizi+Bi (Xh X219 Xi» W) Zi41 + f‘i*(X) W)‘, V(t))

This procedure yields the nonlinear transformation

2, = X1—Yr

-_1 -~
7z = X+B; (x1,w) [fl (X1, X1, W) "lelJ

] = @ &
z; = X3+B2 (X1,X2aW) [f2(X2’X,yn)’r,an) - K2z2] (312)

~—1 - v (2)
z; = x'i+Bi (XI,XZ)"'7X1"W) l:fi(x’iax’y”yr:yr--- Y- ,W) - Kizi

where:=3,... ,r—1.

The dynamics for system(3.3) in z-coordinates is

il = K1Z1+B122
Zo = K222+E2Z3 + f;
z3 = Ksz3+Bszs + 15 (3.13)

Z,_1 = Kr-lzr-l+Br—1zr+fi*
Zp = fr+l§,u+f:. (3.14)
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3.2.2 Discontinuous Feedback

Now, the variable structure control action is selected by

u = —uoB'sign (z,) . (3.15)

Substitution of (3.15) into (3.14) yields
7o = £, + £ — uosign(z,). (3.16)

Assume now that the following bound is satisfied
|E + £

then the controller (3.15) with ug chosen as
qo

, < qo,and go >0 Vt

Up > +dy, dop>0

guarantees a sliding mode on the surface z, = 0 in a finite time. Indeed, taking the Lyapunov
function candidate V; = %erz,, we have that along the trajectories of (3.14)

V. = —ug llz-|l, + z [E +f:]
do V2dg
= uovr = aollzelly < ——= lzrll, <~ VvV

which shows that the Lyapunov function vanish in a finite time. This fact implies the existence
of the sliding motions on the manifold z, = 0. This motion is described in new variables z by
the linear system n — n, order

IN

il = K1Z1+ﬁ122
Z9 = K2Z2+B223 + f;
73 = K323+B3Z4 + f; (317)

o F*
z,.1 = Koz, +1 .

Now, rewriting the system (3.17) as

71 K; 0 -- 0 3} B,z
Z9 _ 0 Ky, --- 0 Z9 n Bozj; + fg
: : : 0 : :

Zr 1 0 0 0 K., Z,_1 £,

which can be consider as a linear stable one, perturbed by the last term. So, if such term is
bounded, we can conclude that the trajectories of [z, 5,2, ,, .., le]T are ultimate bounded
[26].
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3.3 Neural Block Control with Relative Degree 2

First, recall that the control problem with relative degree is trivial for VSC. Now, let consider a
system with NBC form (3.3) and relative degree equal to 2 and n; = n,. Additionally, assume
that the first block of this system has a Block Controllable (BC) RHONN representation given
by

x1= f{ (x1,) + BI (x1,) X2 + v (t) (3.18)

where ff (Xl,t) = AXI + [)‘I(WI?XI)’ )‘Z(W;X1)> R )‘nx (w:qul)]T’ A =diag{—a1, —ag,... —
an }, (Wi, xq) © = 1,2,...,m; and the entries of B} (x,t) X, are of high order terms. With
wi, w3, ...,w}, as the optimal weight vectors and v(t) = [v1(t),v2(t), ...,vn, ()] is the vector of
modeling error terms.

So we propose, for the block (3.18), a partial state RHONN identifier with the Block Con-
trollable form, expressed by

xi1= fi (x1,X1,t) + B1 (x1,t) X2 (3.19)
where f; (x1, X1, ) = Ax1+[ A (W, X1), A2(Wa, X1), -y Any (wnl,xl)]T X(w,x)i=12,..,m

and the entries of B, (x;,t) x, are the same of high-order terms than in (3.18), but wy,
Wo, ...,Wp, are the adaptive weight vectors

3.3.1 Sliding Manifold Design

Define the error vector z; as

Z) =X1—Yr

Then the dynamics for z; is
z = f (x1,x1, W) +B1 (x1, W) X2 — ¥ (3.20)
let the fictitious control X, in the block (3.19), be chosen as
X2 = B (1, w) [—fi (x1,x1, W) + K121 — ¥, | + 29 (3.21)

where K is a Hurwitz matrix, l~31‘1 (x1, W) is the inverse of l§1 (x3 ), w). It is worth mentioning
that due to the time-varying nature of some RHONN parameters, B, (x;, w) may lose rank, so
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we assume that w varies in such a way that By (x1, w) keeps its rank for all time. With the
fictitious control X, (3.21), we have a new desired dynamics for the block (3.20) selecting the
eigenvalues of K.

Then z, is obtained from (3.21) as

z, = B! (x1, W) [ﬁ (x1, x1, W) — Kiz1 + S’r] +X2
and the dynamics for 2z, is rewritten as

z1 = Kiyz; + E] (xl, W) Z3.
Now, differentiating z, along the trajectories of (3.3) it results
7 = f2(x11 X5 ¥rs }.'r’yr,w) + Bou (3'22)

where f2(xl, X W, ¥r, yrayr) = f2(X)— (%}fl + g_;llfl + ‘g%i’f2 + %W+%}S’r+%%}yr>

3.3.2 Discontinuous Feedback

Now, the VSC action is selected as

u = —u,B;'sign (z°) (3.23)

Substitution of (3.23) into (3.22) yields

Zo = fz(xh X W,yn}.'r,yr) - UOSign(z2)- (3-24)

Let assume now that the following bound is satisfied

||f2(X1,X,W,yr,yr,yr)”2 < quand Go > 0 vt (325)

then the controller (3.23) with ug chosen as

Uug > ;:T +dy, do>0 (3.26)

r

guarantees a sliding mode on the surface z; = 0 in a finite time. Indeed, taking the Lyapunov
function candidate V; = 12,22, we have that along the trajectories of (3.24)

VT = —Up ||Z2“1 + Z2-r [E(xl, X> W, ¥Yr, ymyr)]

d V2d
~luo/r = ol 2l < —Z2= lzall, < —2= VW

IA
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which shows that the Lyapunov function vanishes in a finite time. This fact implies the existence
of the sliding motions on the surface z; = 0. This motion is described in new variables z; by
the linear system n,-th order

71 = K27y (3.27)

Therefore, we have guaranteed the convergence of the neural output yy to the desired output
y-. Note that if the relative degree is 2 then the disturbances [£57,...,fT. ]T of the general

I

NBC, do not appear in the dynamics of z;, assuring its convergence to zero.

3.3.3 Stability Analysis without Modelling Error

Lemma 3.1 Let a system with BCF with output yn= X, relative degree equal to 2 and n, =
ne = m. Additionally, its first block has a neural representation as (3.18) and the modelling
error terms are zeros. Suppose that

o A partial state RHONN as described in (3.19) is used to identify (3.18), the RHONN
adaptive parameters are updated as in (2.13).

o The desired output y,, y, and ¥, are bounded.

The matriz By (x,,t) does not lose rank, for all t.

The stability margin (3.26) is satisfied.

A neural block controller based on model (3.19) is applied to the system, as done in Section
3.8.

Then, the output yn tracks for a desired output y,.

Proof. Let propose the following like Lyapunov candidate function.

1 1m
V==-ee+-=-
ee—f-2

2

1
W) T, + §z1TPz1 (3.28)
1

1=
where R is a symmetric positive definite matrix and e = [e, ey, .., enl]T

Assuming that all of the modelling error terms v(t) are zeros and the manifold z, = ( has
been reached, the time derivative of (3.28) along the trajectories of (2.9), (2.13) and (3.27), is
expressed as

V = —e'Qe — 2,5z,
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where Q = —(A + A"), and S = —(RK + K'R) are a positive definite matrices and A =
diag{a,,az, ... ,an, }.

Then, by using Lemma 2.1, we conclude that e and z; are asymptotically stable in the
manifold z; = 0. Therefore yy — yp and yy — y,, so we conclude that yp — y,. ®

3.3.4 Stability Analysis with Modelling Error

Lemma 3.2 Let assume the same BC system and the same assumptions as in Lemma 3.1,
with the parameters update law 2.14 and the modeling error terms not zero but bounded. Then

the vector [eT,w™,wj ,...,w, ,z]|" converges to a bounded set

Proof. Recall Lemma 2.2, then [e; W] i = 1,2, ...,m; converges into the residual set

Di={le sl v 2 (Goultwili + 5) )

Assuming that the matrix B, (x;,t) has full rank and the stability margin (3.26) is satisfied,
the neural block controller of this Section guarantees the convergence of z; to zero. Hence the
proof is complete. m
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Chapter 4

Induction Motor Neural Control

Induction motors are widely used in industrial applications due to their reliability, simpler
construction and reduced cost with respect, for example, to D.C. motors. However, the control
of induction motors can be a difficult problem since the dynamics are highly nonlinear and
the parameters, mainly rotor resistance and load torque, could de considered as time varying.
Provided that all state variables are measured and all parameters are known, different controllers
can be, and indeed have been proposed, including the field oriented controller (3], [32], VSC
sliding mode controller [56], [59], and more recently, exact input-output linearization [31], [37]
and passivity-based controllers [43].

Comparing with other approaches, VSC sliding controller achieves robust performance prop-
erties for the closed-loop system. However, this robustness property can be provided only with
respect to uncertainties which satisfy the so-called matching condition. On the other hand,
the uncertainty, caused by rotor resistance and load torque variations, does not satisfy the
matching condition. On-line identification of the load torque was proposed first in [56]. In
[40], a nonlinear input-output state feedback linearizing control scheme, which is adaptive with
respect to both load torque and rotor resistance, was proposed. In our researches, we assume
that all of the induction motor parameters can change in a wide range.

In the Section 4.4 of this chapter the Neural Block Control [52] [51] approach is used to
design a nonlinear sliding surface such that the resulting sliding mode dynamics is described
by a desired linear system. An alternative control law is derived in Section 4.5, using Singular
Sliding Modes technique [11] [35].

For some applications, it is important however to take into account the discrete feature of
the electrical drives, as done in [9], where the Direct Torque Control (DTC), a heuristic control
strategy for high power induction motor application, is proposed. The DTC is particularly
appealing for slow-sampling applications, where the average approximation used for the im-

31
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plementation of modulation-based control may be inadequate. There has been some efforts
to study the DTC controller stability, for example [44] and [6]. As well as DTC strategy, the
approach of Section 4.6 switches the power electronic devices just one time, per sample time.

The proposed neural identifier and control strategies allow trajectory tracking for induction
motors.

4.1 Induction Motor Model

For electrical motors applications, the drives are basically constant voltage sources connected
to the motor windings by power electronic switching devices (BJT, GTO, IGBT, etc.). Figure
4.1 shows a switched inverter, connected to a three-phase induction motor [33]. The switching
elements may be, for example, IGBT(Insulated-Gate Bipolar Transistor). Each IGBT pair can
be manipulated by one of the control binary variables a, b and ¢. The power transistors are
commuted from the ON (saturation) to the OFF(cut-off) state and vice versa, depending on
theirs corresponding binary variables, as illustrated in Figure 4.1. All binary variables may
change their states independently. Hence, there are eight possible combinations.

"l
>t

TN T
® ~
Kt £

>l
.
il

ol

-

Figure 4.1: The inverter and induction motor connection.

A three-phase circuit can be reduced to a more convenient two-phase model. Let define the
input voltage vector u = [uq ug]', in the two-phase a — 3 reference frame (5], where u, and ug
stand, respectively, for the voltage applied to the induction motor stator windings. Then, the
available input vectors are restricted to a discrete set U. The relation between these voltages
vectors and the binary variables (a, b and ¢) is formulated as
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Figure 4.2: Avaliable Stator Voltages Vectors

abc | U Ug ug
000 | ug 0 0
100 | uy | 2V,/3 0
110 [uy | Vo/3 | Vi/V3
010 [ us | —Vi/3 | Vo/V3
011 [ uy | —2V;/3 0
001 [us | —V,/3 | -V,/V3
101 [ug | Vo/3 | -Vo/V/3
111 | uy 0 0

Table 1. Binary variables and theirs corresponding input voltages vectors

where V, is given by the constant voltage source, which feeds the inverter. Figure 4.2 is the
phase portrait of the available input vectors.

In many applications the discrete constrains (Table 1) imposed by the inverter (Figure 4.1)
are solved by using a PWM (Pulse Width Modulator) approach [33]. So one may assume that
the input u can be any bounded time function, as done in Section 4.4 and 4.5. In Section 4.6
the control law is derived considering such constrains without using PWM.

The following equation set is presented in the stator-fixed a— [ coordinate system (see for
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instance [5]); they describes the induction motor dynamics

% = a(Yaip — Ygia) — Ty

ﬁp—t"‘ = —C¥q — MWy + C3iq

% = —cobg + npwib, + caig (4.1)
%‘E = €44 + CsNpWY 5 — Cslg + Crlia

-(fil;: = C4Pg — CsMpwiP, — Csig + Crug

where w represents the angular velocity of the motor shaft, 1, and 14 are, respectively, the rotor
magnetic flux leakage components, i, and ig are, respectively, the stator current components,
uq and ug stand, respectively, for the voltage applied on the stator windings, and T}, represents
the load torque perturbation. The constants ¢;, 2 =0, ..., 7 are defined as follows:

yC4 =

1 3 Mn, R, R.M R, M
4= PRTEIR T T L L -
M R,L? + R, M? Lo
LI, — M2 " T(L,L, - M2 = LI, — M2
where L, L, and M, are respectively the stator and rotor inductances and mutual inductance
between the rotor and the stator. R, and R, the stator and rotor resistances, J the rotor

moment of inertia and n, the number of stator winding pole pairs.

Cs =

It is more suitable for neural network identification to present the induction motor model in
new variables defined as x, = w, X, = ¥4, X, = ¥4 X, = %a> X, = ig- Henceforth, the model
(4.1) can be rewritten as

X1 = clXxexs — XaXa) — coTL

X2 = —C2X2 — MpX1X3 +C3X4

X3 = —CX3+MpXi1X2 + C3Xs (4.2)
Xs = CaXg+CsMpX1X3 — CoXq + Crlla

X6 = CaX3 — C5MpX1X2 — C6Xs + Crug

This system is in a quasi-nonlinear block controllable (NBC) form. Then the above model
can be expressed in block form as

b= () + B 0dX (4.3)
X' = flx',x*) +Byu (4.4)

>
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with x = [XI x3]" xi =[x X XslT. X1 = [xa Xs]| u=[uaupg]” m=3andny=m=2.

—coT}, —CiX3 CiX2
fi(x1) = | —cax2 — mpXxaXs + c3X4 Bi(x;) = C3 0
—C2X3 + NpX1X2 + C3X5 0 C3

C4Xo + CsN. - ¢ cr 0
Byl 0] = | 6B SRS T A ] B, = [ d

CaX3 — CsMpX1X2 — C6X5 0 ¢

Commonly, induction motor applications require not only shaft speed regulation, but also
flux magnitude ¢ = x% + x% regulation. Based on this model, the so-called dynamic block
controllable neural network is proposed in the Section 4.3.

4.2 Flux Observer

Since the currents and velocity are the only measurable variables the rotor fluxes estimation
is required for neural networks identification. This flux estimator was proposed in [36]; it is
a partial state observer with adjustable convergence rate. This features enables to reduce the
number of calculations comparing with a full state observer. To obtain the flux estimation,
only the stator currents dynamics is used. The proposed observer has the following form

Xa = —CsXa+ Cour +a
Xs = —CsXs+Ceuztup

where %, and ¥ are the estimation of currents x, and x5 and v = [v, vg]"is the observer input.

Let define current observer error as €, = x4 — X4 and €g = x5 — X5, whose dynamics is given
by

éa = C4X2 + C5MpX1X3 — Vo

€a = CaX3 = CsMpX1X2 — VB
Then, on the sliding surface €,, g = 0, the following invariance equation is satisfied

0 = caxz +CsMpX1X3 — Vaeq (4.5)

0 = caxs— CsMpX1X2 — VBeq
With Ve; = [Vaeq, Ugeq) | @s the equivalent value of v.

Now, based on unit control, v, and vs are selected as
€p

U VD —
“ lEgI +6

€a
=lj————and vg =1
1|Eal+6 A 2
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with l;, l; and 6 are positive observer parameters.

If I}, I, are enough large and ¢ is sufficiently small we guarantee a sliding motion on surface
€q, €3 = 0. So v is taken as an estimated of v.,. Therefore we can express (4.5) as

C4 CsTpX1 X2 | _ | Va
—C5Mp X1 C4 X3 Ug
from the this equation, it is possible to obtain the estimation of x, and x; as

[ X2 | _ 1 [ Cq —C5MpX1 ] [?)a
X3

c; + (esmpx1)? | CsMeXa C4 vg
where the estimated fluxes are ¥, and ¥3. For the rest of the calculations on this chapter, the
estimated fluxes are considered as the real ones.

4.3 Neural Model for Induction Motors

Usually, for nonlinear control systems, the plant model is obtained from the plant physics. For
neural control, we propose to build a neural model based on a given plant model structure.
The RHONN scheme is very flexible and allows to incorporate a priori information about the
plant structure to the neural identifier.

So, let assume that the model (4.2) has the RHONN representation given by

X1 = —ax; +wiS(xy) + wixaS(xs)xa + wi3S(X2)xs + wis + vi(2)
X2 = —aaXs + w5 S(X2) + wiS(x1)S(Xs) + wisxa + va(t)
X3 = —aszxs+ w3 S(xs) +wis(x1)S(xe) + wisxs + va(t)

where Wi = (w}y, Wiy, wis, wiy]T Wi = [why, why, whs) " and w3 = [w§;, wiy, wiy] " are the opti-
mal weight vectors, which are constant and unknown, and p; = [S(x;),S(Xx3)X4 S(X2)Xs, 1]7
P2 = [S(x2), S(x1)S(xa), x4) " and p3 = [S(x3), S(x1)S (x2), Xs]| are the high order term vec-
tors. Finally, v1(t), va(t), v3(t) are the modelling error terms.

Hence, second-order RHONN is used as the identifier. In order to introduce as much infor-
mation as possible about the induction motor and based on the mathematical model (4.2), the
following neural model is proposed

&1 = —a1zy +wnS(x;) + w128 (x3)Xs + w13S(X2) X5 + wia
iy = —agzy + Wy S(xe) + w2S(x1)S(Xs) + wasky (4.6)
i3 = —azzs+ wsS(x3) + w2S(x1)S(X2) + wazxs.
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According to Chapter 2, for this model w; = (w11, w1z, w13, wia)T W2 = [we1, was, wes]" and
w3 = w3, wag, W33]T are the adaptive RHONN parameters.

For this neural model, z, is the neural speed or velocity, and z; and z3 are the neural fluxes,
so they are used to identify x;, x, and x; respectively. The neural weights w; = {1,2,3} are
updated according to the adaptive law (2.14) from Chapter 3. The term w4 is a kind of bias
[19] and has the function of compensating the load torque effect; this term does not contradict
any assumption used to develop the weight adaptive law.

The output variables to be controlled are the speed x; and the neural flux magnitude ¢,
respectively. Now, let define the neural flux magnitude as ¢ = z% + z32, then, according to
Chapter 2, the plant output is yp = [x; ¢]7 the neural output is yy = [z1 ¢]" and the
reference signal is y, = [w, ¢,]7

As can be seen in Section 4.4, neural currents are no required, due to the control strategy
used in this work.

4.4 Neural Block Control

In this Section, based on the neural identifier (4.6), a control law is developed. Such control law
is derived using block control strategy [34] and sliding modes control [59]. Due to the relative
degree of the induction motor, the neural block controller for systems with relative degree 2 is
applied from Section 3.3.

The neural model (4.6) and the stator currents model (4.4) are combined to obtain a quasi
NBC form, consisting of two blocks:

).{1 = ?l(xla X1 W) + Bl(X}v W)XZ
X2 = fa(x;x2) +Byu (4.7)

7 " u=(uaug)” m=3and np=m=2.

with x! = [z1, 23, 23] X = [Xa» X5

_ qu(x],XpW) —a121 + wnS(x;) + wia
fi(x, X, W) = | fr2(x, x0, W) | = | —02%2 + waS(xs) + w22 S(x1)S(xs)
Sia(xq, x1, W) —a3%3 + w315(x3) + w325 (x1)S (x2)

) —wlgS(x3) 'w.',SS(X2)
Bi(x;,w) = Wa3 0
0 W33
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For shorter notation all the weights are ordered in one vector w = [w] wj wj ]T This model
can be reduced to the NBC-form [34], and therefore the block control methodology is applied.
At first, the tracking error for the neural output is rewritten as

= Z1 _ | 1 —wr
Tl [ e-e

Then, the tracking error dynamics can be expressed as the first block of the NBC-form:

(4.8)

i1= ?1 (xla X1» Way'r)'*'Bl (Xp W)X2 (49)

fuxLxswye) | = wi2S(x3) wi13S(xz) :
/] ) ) 7. , B ,W) = , th
_ Jr2(x1, X1, W,¥r) 106, W) 2wgsXy  2WasXs "
fui(x1, X1, W, ¥r) = —a171 + w11 S(x;) + wie — W, and

where fi(x1, X1, W,¥r) = [

fr2(x1, X1, W,¥r) = 222 (—agz2 + waS(xg) + w2eS(21)S(xs)) +
2z3(—a373 + w31S(x3) + wa2S(x1)S(x2)) — @r-

Due to time varying nature of RHONN weights, we can not guarantee that rank(B,)= 2 for
all time, so we assume that those parameters do not change their signs, keeping B, as a full
rank matrix.

4.4.1 Control Law

Following the block control strategy, the quasi-control vector x, is selected as

X2 = l: )X(: ] = EI_I(XI)W) (_Fl(xl,xl,w,yr) + Kzl) + 2o

-k 0 51 2wszx —2wo3X
here K = ,Bit =1 ° 2
v 0 —kp | 1 T3 [ —w13S(X2) wi2S(xa)
2w12w33x35(x3) - 2w13w23x25'(x2), and k)l, kg > 0.

and z, = [?],withb':
5

Then, (4.9) can be rewritten as

#1= Kz, 4B, (x,, W)xe.

Now, the new variables z, are expressed as
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Z2 = Bl—l(XbW) (fl(xu X1, W,¥r) — Kzl) + X2 = 02(X1, X1, X2, W, Y7 ¥rs X2) (4.10)

Taking the time derivative of (4.10), the second block of the NBC-form for the variables z,
and zs is presented as

2o = fh(x!, x, 1, F,#,w) + Bou (4.11)
where £5(x1, X, W,yr, ¥+, 5+) = f2(x)— ("’—"‘Lf +3ufy + Juf, + "’—“Lw+a—°lyr+g—;}5;r)
Now, the VSC control strategy formulated as
u = —ugsign (z°)
under the condition
crug > |Ba(x1, %, W,yr, ¥ ¥r)|,

guarantees a sliding mode on the surface

Z4=0, 25=0

in finite time. Then the sliding dynamics, for the tracking errors variables z; and zj, is governed
by the second order linear system

21 = —k1z1

Z = —kyz

with desired eigenvalues —k; and —k;. Hence, we conclude that the neural output tracks the
reference, but for the motor outputs we cannot conclude the same. This topic is analyzed in
the following Subsection.

4.4.2 Stability Analysis

Assuming that all the modeling error terms are zeros and the surface z, = 0 has been reached,
let propose the following candidate Lyapunov function.

138, . - 1
V=_ee+ 3 S W, W, + ;leRzl (4.12)
=1

D =
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where R is a symmetric positive definite matrix and e = [e;, ez, e3)"

Under the assumption that all of the modelling error terms are zeros, the time derivative of
(4.12) along the trajectories of (2.13), (4.2), (4.6), (4.9) and (4.11), is expressed as

V =—-e'Qe —z, Sz,

where A = diag{a1, 02,03}, Q= —(A+AT) and S = —(RK + K'R) are positive definite
matrices

Then, by using Lemma 3.1, we conclude that e and z; are asymptotically stable in the
manifold z; = 0. Then yp — yy and yy — y,. So we conclude that yp — y,.

4.5 Neural Control with Singular Sliding Modes

In this section, the goal is to force the induction motor position to track a specified speed
reference without flux tracking. In order to achieve this tracking, a control law based on the
singular sliding modes technique [35][54](53] is developed. Given a reference w,, we propose the
next change of variables

21 =21 — Wy
Differentiating 2; along the trajectories of (4.6), we obtain.

z = —a1z1 + wiuS(xy) + wi2S(xs)xa + w1sS(Xa)Xs — wr = —k121 + 2 (413)

Solving for 2, the above equation, it yields

22 = k121 — a1z + w11 S(xq) + w125 (X3) x4 + w13S (X2) X5 — Wr

Then the z; dynamics is given by
25 = fa(z1, X, W1, wr) + w12678(X3)Ua + W13c7S (X2)up (4.14)
where fa(z1, X,W1, @) = %7;3'71 + ,f;’—;% (fi(x1) + Bi(x1)xz) + %ﬁ%fz(x) + g—f&wl - Wy
Now, we design the control law

Uy = —sign(wi2S(xs))sign(z2)ug
—sign(w13S(x2))stgn(z2)uo.

Ug
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Then (4.14) can be rewritten as

Zy = fa(z1, X, W1, Wr, &r) — ey (|w128(x3)| + [w13S(X2)|) sign(22)

A sufficient condition to guarantee that z; converges to zero is
(lwr2erS(x2)| + lwizerS(xs)uo > [ fo(z1, X, W1, 65)[, Vit
and then (4.13) is expressed by

i]_ = —klzl.

Therefore, z; converges asymptotically to zero.

Because of the induction motor is Bounded-Input-Bounded-Output BIBO [26] and the input
is bounded, the internal dynamics are bounded for any time. Notice that this controller does
not require the neural fluxes, because the flux magnitude regulation is not one of the goals for
this controller.

4.5.1 Stability Analysis

Let propose the following candidate Lyapunov function

1. - 1 1
W [yWy + =22 + =22 (4.15)

12
V=3ea+3 2413

Assuming that the modeling error terms are zeros and differentiating (4.15) along the tra-
jectories of (2.9), (2.13),(4.2), (4.13) and (4.14). it yields

V = —a1el—ki 2 + 25 (z1 + fo(z1, X, W1, Wr, @r) — Up (|wiowssS(x3)| + |wizwssS(x2)|) sign(z2))

Additionally, assume that the following bounds are satisfied

|21 e f2(~"31,X,W1ywr,‘Dr)| S QO,a-nd 9o >0

[uo (JwizerS(x3)| + lwizcrS(x2))| = go + do, do >0, i =1,2
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then
2 (+21 + fa(@1, X, W1, W, Or) — o (|w1267S(x3)| + [w1aerS(xo)|) sign(22)) < —dol22|
which shows that the time derivative V satisfies the following inequality

V< —alef - klzf — dp| 2

Analogously to Subsection 4.4, we conclude that, e;, z; and 2, converge to zero, therefore
Xl — Wp.

4.6 Neural Block Control with Discrete Input Constrains

For induction motor drives, the PWM is used to approach the desired control signal. Such
modulator forces each power device to switch several times per sample time. However, if the
devices are operated at high frequency, this switching PWM strategy may destroy the electronic
devices in a short time period, since for every switching (on and off) there is a dissipated power
peak and frequently voltage overshooting.

In this Section, based on the Variable Structure Control (VSC) method [58], we propose a
discontinuous control strategy for induction motors. Such control scheme enables to reduce the
device switching to only one during the sample time, instead of the two switching required by
the PWM. This enables to reduce the power electronic devices wearing, and increase theirs life
span. This control scheme is based on the Block Control with Input Constrains for induction
motors; see Appendix A.

To derive the control law, let start from equation (4.8), but with a slight change, which yields

7= f1 (xl, X1, W,¥,)+ B1(X1’W)X1= —Kz,+z,. (4.16)

Solving the equation (4.16) for z; results

Zo= fl(xl)‘Xb w, y'r) + Bl(Xl’ W)X2+Kzl'

Then the dynamics for z, are

i2= F2(x1)X7wayr5$’r) +B2(X1,W)u (417)
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) . _21X,X,W,yr,)"r) Oz3 il il 229  Ozp3

%}v’v and Bs(x,, w) = Bi(x,;, w)B,.

Now, we select the desired sliding manifold as z,; = 0. The next scope is to design a control
law which forces the system to reach the desired manifold. This controller must be a logic
function which maps from the continuous state x to the admissible input vectors set U (see

Table 1), in order to switch the control binary variables, such that, the desired voltage feeds
the induction motor.

4.6.1 Sliding Modes Controller Design

Assumption 4.1. There exists at least one discrete value u; € U, such that

sign(B,(x;, w)u,) = —sign(z,), for all z; with x,, x5 # 0. (4.18)

The controller must select one element of U that satisfies (4.18), and then change the binary
variables such that the selected input vector is fed to the stator windings. By using the model
(4.2) instead of (4.6), the above assumption is a fact; the proof can be found in Appendix A,
Section 2.

Now we analyze the controller stability. Let ba1, bye be the rows of ]_32(x1, w), then it can
be expressed as

Ba(x;, W)u, = l:)muk — Sign'(l:)21uk)|§21uk| _ IEzlukl 0 sign(lz)gluk)
D N b22uk sign(bgguk) |b22uk | 0 |b22uk | sign(bgguk)
(4.19)
Using (4.18), the expression (4.19) can be formulated as
= _ Ileuk | O G = _ | leuk I 0 .
Bawiu = | P9 o0 | sien@aie,wug == [ Pl 0 sign(an)
Hence, (4.17) is rewritten as
2= Fa(x), x, W, ¥,) = B'(xy, w, u)sign(z,) (4.20)

where

| by 0

, —
B (xl’ W u) B 0 b22uk|
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which guarantees a sliding mode on the surface z; = 0 in a finite time. Under the condition
|f—21(X11X’w,yT7y1‘)| < |521uk| and |f22(XI,X,W,I‘, l.')| < |l—)21uk|, Vit. (421)

The sliding dynamics, in the tracking errors variables z; and z; (4.8), is governed by the
second order linear system

—k12

Il

2
52 = —k?222
with desired eigenvalues —k; and —k,.

Note that some of the available input vectors, presented in Table 1 may satisfy the condition
(4.18), at the same time; we select the input vector that maximizes ||1—32(x1,w)uk||, in order
to increase the sliding motion stability margin given by (4.21).

4.6.2 Stability Analysis

In order to analyze stability, let propose the following candidate Lyapunov function

1 138 1 1
V==zeet+=S w Iiw;+ -z Rz + ~2] 2 (4.22)
2 24 2 2
where R is a symmetric positive definite matrix and e = [61,62,63]T Assuming that the

modeling error terms are zeros and differentiating (4.22) along the trajectories of (2.13), (4.2),
(4.6), (4.16) and (4.20), it yields

V = —e'Qe — 2,5z, + z; (2Rz; + [,—B'sign(z,))

with Q= —(A+A") and S = —(RK + K'R) as positive definite matrices. Additionally,
assume that the following bound is satisfied

Hfg + 2Rz1||2 < qo,and go >0
If the matrix B’ satisfies
|bouk| > go +do, do >0, =12
then

z; B'sign(z,) + z, [2Rz' + B] < — (g0 + do) llz2ll, + qo 122, < —do |22,
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which shows that the time derivative V satisfies the following inequality

V < —e"Qe — 2] Sz; — dy ||z,

Using Lemma 3.1, we conclude that plant output yp = [x;, ¥] tracks the reference signal
Y = [ry 9,]7

For the three control strategies developed in this chapter, it is possible to prove that vector
leT,z",w] wj ,w;]T converges into a bounded ball, when the modeling errors are not zero but

bounded. The proof is straight forward (see Lemma 3.2).

4.7 Simulations

In this section, we present the results obtained using the identification scheme and the control
laws proposed above. The nominal values of the induction motor parameters are given in the
next table:

Parameter | Value Description

R, 14Q Stator Resistance

L, 400mH Stator self Inductance
M 37TTmH Mutual Inductance

R, 10.1Q2 Rotor Resistance

L; 412.8mH | Rotor self Inductance

Ny 2 Number of pairs of poles
J 0.01Kgm | Inertia Momentum

The design parameters for the fluxes observer are [;,l; = 3500; for the neural network,
we selected a; = 100, a; = a3 = 500, 8 = 0.1, I'T' = diag{500,500,500}, [, = '3 =
diag{500, 500, 50}. In order to test the proposed scheme performance, a variation of 2 Ohm
per second is added to the rotor resistance, in addition we include a square torque disturbance
(see Figure 4.3 and Figure 4.4).

4.7.1 Neural Block Controller Simulation

The results for velocity and flux are presented in Figur: 4.5 and Figure 4.6, respectively. As
can be seen, the performance of the proposed scheme s very satisfactory. Figure 4.7 shows
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the flux observer and flux identifier response. The current in phase a an its estimated can
be compared in Figure 4.8. Figure 4.9 is a phase portrait of the stator currents. Finally, the
identifier parameters are plotted in Figure 4.10.

4.7.2 SSM Controller Simulation

Figure 4.11 shows the speed behavior, using the SSM controller. Although the robustness of this
control law is very good, the currents harmonics may be unacceptable, as can be appreciated
in Figure 4.12.

4.7.3 Simulation of Neural Block Controller with Discrete Input
Constrains

Figures 4.13 and 4.14 show the performance of this control strategy. Figure 4.15 is a phase
portrait of the stator currents, it can be verified that the harmonics are low.

4.7.4 Moadification for robustness improving

The robustness is improved by substituting z' = [ >ij1 ::' J instead of 2! = [ S;_ :r } in

the control laws. Although, the control law is more robust than the explained in Sections 4.4,
4.5 and 4.6, it does not fit the stated stability analysis, so this work are left as a future research
topic. Figures 4.16-4.20 show the improved robustness of this modification.

4.8 Conclusions

Based on recurrent neural networks and VSC methodology, three control strategies for induction
motors are presented. The stability, for both the identifier and the controller, is analyzed, and
it is proved that the proposed control laws forces the closed loop trajectory to converge and
stay in a manifold, which guarantees that the tracking error tends to zero. The robustness of
these control scheme is tested in presence of different kind of disturbances such as load torque
variations and changes on the induction motor parameters. The simulation results are very
encouraging, Additionally [36] and [13] are two publications, which resume the results of this
chapter..
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Chapter 5

Synchronous Generator Neural Control

Modern human society needs an ever-increasing supply of electrical power. Very complex
power systems have been built to satisfy this increasing demand. The trend in electric power
production is toward an interconnected network of transmission lines linking generators and
loads into large integrated systems. Successful operation of a power system depends largely on
the engineer’s ability to provide reliable and interrupted service to the loads; ideally the loads
must be fed at constant frequency at all times.

The first requirement of a reliable service is to keep the synchronous generators running in
parallel and with adequate capacity to meet the load demand. If at any time a generator loses
synchronism with the rest of the system, significant voltage and current fluctuations may occur
and transmission lines may be automatically tripped by their relays at undesired locations.

Feedback linearization was one of the early strategies to be explored, with applications pro-
posed to both single and multimachine systems, even with output feedback and state observers
(39], [27], [24], [61] and [41]. Robustness issues, both against parameter uncertainties and not
modelled dynamics are still open, as well as stability analysis for the output feedback case.
Others recent works on energy related design techniques, have been developed for the well-
known single machine third-order flux decaying [45]; most of these results are based on the
application of damping injection controller [2], [14]. As done in Chapter 4, Block Control and
Neural Networks are combined to obtain a robust control law, capable to reject disturbances
which affect the system.
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5.1 Mathematical Model

Commonly an electric power network consists of NV generators connected by lossless transmission
lines. It is assumed that the mechanical input power of each generator is constant. The machine
model considered here is the classical flux-decay model (the one axis model) given in (1] and
[15]; exciters and governors are not included in this model. Thus, we have for k =1,..., N :

(.Sk = Awk
. M,
Myw, = Ppk — Pex — Drwi — MiPCOI
. X — X! X,
Téoquk = va_'_n COS((Sk — 6k+n) + Efdk — —X%l: (I;k

where subscript & relates to the generator number, 6y is the load angle, Awy = wy — w; is the
speed deviation, and Ey is the quadrature axis internal voltage, P is the mechanical power,
F4x is the excitation field voltage, Pcor = ZkN=1(Pmk — P.;) and P is the generated electrical
power. Full details of the model and definitions of parameters can be found in [15] and (1].

For the single machine infinite bus (SMIB) case, the above model simplifies to the well-known
third-order model [45], which is used in most transient stability studies in power systems. The
dynamics of a single synchronous generator is described by the following equations [2]

X1 = Xo (5.1a)
Xe = —bixzsin(xi) —baxa + P (5.1b)
X3 = bscos(x;) —baxs+E+u (5.1c)

The state variables of this system are the load angle x,, the shaft speed deviation from the
synchronous speed x,, and the quadrature axis internal voltage x;. The inputs P = %TI}E and
E = % are held constant, and a supplementary signal u is added to the field voltage which
represents the control input. The coefficients b;, ¢ = 1, ...,4 are positive.

5.2 Neural Model for Synchronous (GGenerators

Notice that the model (5.1) has relative degree 3, so we cannot apply the control scheme used
for the induction motor in Chapter 4. On other hand, the general neural block control of Section
3.2 may be inadequate due to the uncertainties involved in such controller. Nevertheless, we
can take advantage from the model (5.1a), it is has not parameters which may vary with time,
so it is valid to consider no adaptive parameter for its neural identifier state. Then, some slight
changes are made to the identification scheme of Chapter and to the control strategy of Chapter
3, in order to fit them to this generator model.
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So, let assume that the model (5.1a)-(5.1b) has the RHONN representation given by
X1 = Xe (5.2a)
X2 = =Xzt wyuS(Xe) + wpS(x:)S(xs) + P+ va(t) (5.2b)

where w3 = [w3,, w},]" is the optimal weight vector, which is constant and unknown, p, =
[S(x2),S(x1)S(x3)]" is the high order term vector and v;(t) is the modelling error term.

For this application some modifications are done with respect to the identification scheme
used before. Based on the neural model (5.2a)-(5.2b), we propose the next neural model to
identify the synchronous generator (5.1)

& = —a(z1 - x1) + 22 (5.3)
Ty = —aZy +wnS(xg) +w2S(x1)S(x;) + P

According to the neural structure explained in Chapter 2; x = [x;, X2» X3)' X = [z,
2T w2 = [war, waT Py = [S(xa), S(x1)S(x)]T

Now, assuming a zero modeling error term, the identification error dynamics is

&= Ae + b(W, p,)

—ai 1

0 —a, |2ndb=1[0 1]T  Let define the following candidate
—ay

where e = [e; €]’ A = [

Lyapunov function

1
V= %eTe+§v'v2T ToWwg

by selecting a;a; > 3, Q = — AT+A)isa positive definite matrix, then
g 1

T
V =—e"Qe+exW; p, + Wy [a W,
Recalling Chapter 2 and using the adaptive law
V'V2=62F;1p2 (54)

the convergence to zero of e and the boundness of wy, are assured.

If the modeling error term is no zero, the o-modification (2.14) is applied to guarantee the
identification and parametric errors boundness; see Lemma 2.2.
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5.3 Neural Block Control

The goal of the proposed scheme is to force the synchronous generator to track a specified
reference. In order to achieve this tracking, we develop a control law based on the sliding modes
technique. Let define 6, as the desired constant value for the load angle. Then according to
Chapter 3 the plant output is yp = X;, the neural output is yy = z; and the reference signal
is y, = 6.

The tracking error is given by
21 =12, — b, (5.5)
and the dynamics for the new variable z; can be obtained from (5.3) and (5.5) as
21 = —aie; + Ty = —k121 + 2 (5.6)
with the new variable
20 = k121 — aie; + T2
whose dynamics is given by
20 = ky(—aje1 + x2) — ay(a1€; + T2) — aaZy + wa1S(x2) + w22 S(X1)S(x3) + P = —kazo + 23
with
z3 = f2(x, %) + w225 (x1)S (x3)
where fo(x,X) = ka2o + k1(—a1e1 + z2) — a1(a1e1 + T2) — agzy + wo1S(xo) + P

Then the time derivative of 23 is expressed by

o= 22005, OBkt inS(a)S) + SO e, 6

oS
+w2S(x,) 65?;3) (bzcos(x;) — baxz + E +u)

Taking into account that the control should be bounded, |u| < ug, up > 0, we propose the
following discontinuous control law:

= —uosign(uasS () 52 )sign ) (53)

Then the closed system (5.7), (5.8) becomes

fa = i =~ woumS(a) 528 sign(i) .9)
3
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where f; = 205+ O8005 4 0in S (x1) S (xs) + waaS (xs) 24y + waaS (x1) 25252 (bs cos (1)
b4X3 + E)

If the following condition is satisfied

oS
151> wlwnS(a) 2520, ve

a sliding motion on the nonlinear surface 23 = 0 is guaranteed [58]. Then the control error
sliding mode dynamics on this surface is described by the second order linear system

21 = —kiz1+ 2 (510)
2:'2 = —k222

which is stable for k; > 0 and k; > 0. Hence, we can assure asymptotic convergence for the
control errors. Notice that (5.10) can be rewritten as

=Kz1
wherezlz[?JK=[_gl Ik}
2 —Kg

5.3.1 Stability Analysis

In order to analyze the stability, let propose the following candidate Lyapunov function

1
~2z; 23 (5.11)

1
~z/ Rz, + 5

1 1
V==xee+ —W, JTowa + 7

2 2

where R is a symmetric positive definite matrix and e = [e;, e5]" Assuming that the modeling
error term is zero and differentiating (5.11) along the trajectories of (5.3), (5.4), (5.2) and (5.9),
it yields

05(x3)
0x;

V=-e"Qe- z,5z; + z; (2sz1 + f3 — ug |waeS(z1)

sign,(zg,))

with S = —(RK + KTR) are a positive definite matrices. Additionally, assume that the fol-
lowing bound is satisfied

|f—3 + 2szl2| < go,and gg >0
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If ug |weaS (;1!;1)%&7-2 satisfies

Ox3

Ug w225($1)aS(X3) >q+dy, dg>0,i=1,2
Oxs
then
95(xs)| .. z
23up |wepS(T1) B sign(zs)za+2s [fa + 2bRz;| < — (o + do) | 23| + qo|2s] < —do|zs]
3

which shows that the time derivative V satisfies the following inequality

V<—-e"Qe- zISzl — dp|zs| (5.12)

Using Lemma 3.1, we conclude that plant output yp = x; tracks the reference signal y, = §,.

It is possible to prove that vector [e”,wj ,z1, 22, z3]" converges into a bounded ball, when the
modeling errors are not zero but bounded. The proof is straight forward (see Lemma 3.2).

5.4 Simulations

The parameters of the model (5.1), given on the next table, are taken from (1], and the operating
conditions are as in [14].

Parameter | Value (p.u)
b1 34.29

bo 0.0

b3 0.149

by 0.3341

P 28.22

E 0.2405

We analyze the response of the system to a short circuit generated by the connection of a small
impedance between the machine’s terminal and the ground; this impedance is disconnected after
a certain time, called the clearing time. Then, the system goes back to its pre-disturbance state;
during the fault occurrence, trajectories could diverge, if no control action is introduced. The
largest time interval, before instability, is named the critical clearing time.

The design parameters for the neural network were selected as a; = 10, 8 = 1, I';! =
diag{200,200}, and k; = 5 and k; = 5 were used for the control law. In order to test the
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Load angle (rad )

Time (s)

9 10
Figure 5.1: Plant angle (), ), identified angle (z;) and reference angle (6,).

robustness of the proposed scheme, the described short circuit is added at ¢ = 1, with an
clearing time, t; = 40ms. The load angle is shown in Figure 5.1, In Figure 5.2 the angular
velocity for the plant and for the neural identifier can be seen; the weights w, are plotted in
Figure 5.4, and the input signal is shown in Figure 5.5.

5.5 Conclusions

Similarly as done for induction motors, a neural identifier was proposed for the generator, but
with some slight changes due to the relative degree of the plant. Nevertheless, the proposed
control scheme shows good robustness under short circuit disturbance. The results of this
chapter were presented in [12].



64

Rotor speed (rad/seg )

CHAPTER 5. SYNCHRONOUS GENERATOR NEURAL CONTROL

1.5

0.5

-0.5 -

Time (s)
1 1 1 e L e

9 10

w
IS
o -
<)
~
@
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Chapter 6

Variable Structure Recurrent Neural
Networks

A challenger problem for nonlinear systems identification is to select a suitable structure for
the identifier; recurrent neural networks offer the advantage of well approximating a nonlinear
system to an arbitrarily accurate level [8], provided that the neural identifier has sufficiently
large number of synaptic connections [29]. However, it is quite difficult to determine the number
of sufficient synaptic connections to approximate a given dynamical system in general. If the
neural identifier does not have enough synaptic connections, it is not possible to assure that
the parameters converge to their optimal values, even using persistently excited inputs, and in
many cases the identification error does not converge to zero. On the other hand, if there are
too many synaptic connections, computational burden will be huge and the suggested solution
becomes impractical.

In this chapter, to alleviate the aforementioned troublesome situation, the Variable Structure
Neural Network (VSRNN) [49] are proposed, for continuous-time nonlinear dynamical systems
identification. In this approach, an initial configuration for the neural identifier is first assumed.
If a pre-specified error bound is not reached, more synaptic connections will be added, and an-
other cycle of experimentation will begin, until the output performance of the network satisfies
the pre-desired criterion. Complex chaotic systems are used to illustrate the capability and
applicability of the proposed identification scheme.

6.1 Switching Systems

First it is convenient to define a switching system. Let the family of vector fields be P =
{fo(x,u,t), f7 : R* x R™ — R, 0 € I'}, where ' is an index set, £7(0,0,-) = 0 Vo € T, and for
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each o € T, 7 is locally Lispchitz on x and uniformly on ¢ [38]. Such vector fields are usually
referred as subsystems.

Given the family P, consider a switched system,
x = O (x,u,t) (6.1)

where x € ®", u € ®* t < 0, and s is the switching signal, defined as a time discontinuous
function [0,00) — T, and associated with the signal s(¢) there is a sequence of real numbers
T =ty <t <..<tr< .. called switching time sequence, and a index sequence ¥ =
00,01, -y Ok, ..., SUch that s(t) = oy for all tx <t < te41.

Switched systems are of variable structure; they are a simple model of (the continuous por-
tion) of hybrid systems [63]. So, s(t) can be changed at any time by some higher process,
such as a controller, computer, or human operators [4]. We focus specially on the continuous
switched systems, which have the additional constraint that the switched subsystems agree at
the switching time. More specifically, consider (6.1) with switching time sequence T and index
sequence ¥, such that £5%-1)(x(te), u(tx),te) = F*)(x(tk), u(te) tx). So continuous switched
systems require that the vector field is continuous over time.

6.2 VSRNN model

Define the dynamics of each neuron of a Variable Structure Recurrent Neural Networks (VS-
RNN) [49] by

I = —aiz + f(x,u,wy), i=1,...,m. (6.2)

For the i—th neuron, consider a family of functions: P; = {f7 (x,u, w;), f7 : R*xR™x Rl - R,
o €I}, where T; = {0,1,2,..., A;}, si(t) : [0,00) — T} is the switching signal, and A, is the
maximal number, which is finite, of the high-order connections for the ith neuron.

It is suggested here to select P; such that P, = {f> = wlTp), fl = f +w; ro+1)Pi(ro+1)s

£ = 77 Wi (1040 Pi (194411 O = 2, -y A}, Where w0, p0 € R and LY is the number of initial
high-order connections. Hence, the maximal number of high order connections is L? + A,.

For simplicity, P, is rewritten as P, = {f = w{' p, fi = wi'p}, o f;"’T= wiTp?, o =
o—1
2,...,A;}, where w; = (w7 wi,(L?+1)]T pi = [p7 pi,(L?+1)]T’ wi = [w, 7"’1"(L?+o)]-r and

o o—-1)T .
07 = (07T pirosoy) T With o =2, A

Let f© = woTp? and f> = w] p; be the initial or minimal structure and the maximal
structure, respectively, for the sth neuron state. Let the high-order connections, which have
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not been connected at t, < t < t,4,, be denoted by W?'p¢ It is noted that for the VSRNN,
the time function s;, defined for the i—th neuron, is increasing, with s;(0) = 0.

The function s; is determined by an external agent, called supervisor; this agent evaluates
the VSRNN performance and, depending on this evaluation, it calculates the values of s;(t)
on-line. According to the definitions of the family of functions P;, and of the switching function
si, the indexes sequence ¥;, which is 0,1, 2, ..., A;, is defined off-line. Hence, only the switching
time sequence T; is determined, on-line, by the supervisor.

As stated above, the weights are time functions; hence, every w;;, j = 1,2, ..., L?, for the
initial structure, is a solution of the differential equation

wi; = vi;(t), wi;(0) € R. (6.3)
Forl =LY +1,L2+2,.. LY +k,..., LY + A, the weights are given by
wy = p(t — te)va(t), wa(0) =0, (6.4)

where v;(-) is a bounded time function defined in Subsection 6.3.1, and u(-) is the well-known
unit step function. The above equations imply that all the not included weights are zeros, until
the respective high-order connections are added. Notice that (6.2) is a continuous switched
system, due to the way as we have defined the weights behavior, which are zero until the are
connected to the VSRNN.

6.3 Nonlinear System Identification with VSRNN

As done in Chapter 2, consider a nonlinear system of the form (2.3), which can be represented
by (2.4) and the optimal weight w} defined as in (2.5), with zero modelling error term.

Assumption 6.1. The optimal weight vector w; can be expressed as

*

w; = [wi T T

1
where the entries of w;? can be any finite value and the ones of W;? are zeros.

This assumption implies that there could exist a neural structure, simpler than the maximal
one, which can approximate arbitrary well the system (2.4). It is worth mentioning that, here,
the dimensions of w;? and W;? are unknown.

To develop an on-line weights update law, the Series-Parallel model (2.8) is used. The idea
is to propose an initial structure for the RHONN and then adapt the neural parameters in
such a way that if an error criterion is not satisfied during a period of time, then an extra
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Figure 6.1: Identication block scheme

high-order connection is added. It continues adding different high-order connections, until
the error criterion is satisfied or the maximal neural structure is reached. Figure 6.1 shows a
block diagram of this scheme, where the supervisor evaluates the VSRNN’s performance. For
simplicity of notation, the subindex ¢ in the switching function s is dropped.

As in the definition of a VSRNN, one can define w; = [w}*T W:*T|T where w!*"p? are

the added connections to the VSRNN, while w}*"p; are the not added connections for all
ts <t <tgqr.

Define the i—th identification error as
€ = Ti — Xj»
and the i—th parameter error at t, <t < t,y; as
W, =w] — w®

Then, from (6.2) and (2.4), one can obtain the error equation

~ *sT _s —*sT =3

€ = —aie; + W;° p; — W;" P, (6.5)

6.3.1 On-line Identification

Consider the Lyapunov function candidate

1 T -
Vi=Slvel + W W;), (6.6)
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where 7 is the learning rate. Differentiating (6.6) along the trajectories of (6.5) gives

. L]
Vi = —yai€el +yeiW; p} —veiw b + W/ W, (6.7)

If one defines the weight adaptive law as [48]

2,8
W
. 8
i

p; (6.8)

w

then (6.3) and (6.4) are satisfied, and the equation (6.7) becomes
= *3T =8

V= —yaief — ye:w;*" p;

Considering Assumption 6.1, it is possible to find some intermediate structures, simpler than
the maximal structure, such that the term W}*Tp{ = 0. Hence, there exists some finite time,
tg, such that

’ 2
‘/i = —7Ya;€;,

for all t > t,. This means that, after the gth connection has been added to the VSRNN, one
will not consider to add more high-order terms to the network.

Using Lemma 2.1 and Assumption 6.1, it is easy to see that if one further reduces the
modelling error term, by adding sufficient connections at a finite time ¢,, then with the adaptive
law (6.8) one can guarantee that the weights are bounded and the identification error converge
to zero after t,.

6.3.2 Robust On-line Identification

When the modelling error term is not zero, the adaptive law (6.8) does not guarantee either
the boundness of the weights or the convergence of the identification error to zero. Therefore,
the learning law (6.8) has to be modified in order to avoid the parameters drift problem. For
this, the well-known o-modification scheme (23] is applied to (6.8):

W] = —ve;p] — oW}, (6.9)
where o; is given as
0, if[lwi|l < M;
s q
o; = (“—Xiﬂ) Oiyy if Mi < ”Wf” < 2M,
Oy I [|WE| > 2M;

with integer ¢ > 1, and o0,, and M, are positive constar:ts.
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Lemma 6.1 Let consider the system (2.4) and the VSRNN (6.2), whose parameters are adapted
using the law (6.9). Then, e;, w; converge into a bounded set.

Proof. The differential of V; along the trajectories of (6.5) and (6.9) is given by

sT —xsT =5

V; = —ya;e? — oW WS — ye, W ps.

Applying the inequality

. g - 1 . 1
—wiTwy = — (%W} — W Twi) < o] [Wi1° + o] [wil

and defining dy = max;<o(W?*" p$), one obtains

2,2
. A | 1 d?
Vi < —yeiel + T2 - Soill Wil + sallwilP + 2
Define a = a; — 1~; then,
j . 1 v d?
V; < —yae? — —a,“w 12 + 2cr,||w [I? + —29.
Substituting e; from (6.6) in the above inequality yields
Tg 1 s|12 1 *S 2 d(2)
V; < —aV; + aw, w; — §a1||w I|“+ 20,||w [+ 5

Considering the worst case, when ||[w?|| > 2M;, one can select 0;, > 20, so that

2

. . 1 .
Vi < —aV; + ol [w*|* + §Uz'ollwis||2 t5

Therefore, [e; W:"]T converges exponentially on the residual set

. 1 /1 d?
e A gt T e 2 2612 4 0
D;= {[e, W A] Vi < = (2owllw I 2)}

and the proof is completed. m
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6.4 VSRNN Supervisor

The aforementioned supervisor criterion, for evaluating the VSRNN performance, is described
as follows. Time is divided over the evaluation intervals; each one with a length 7' called the
evaluation period. Define the evaluation function as

Ei=e}, Tk<t<T(k+1), ETk)=0, k=1,2,.... (6.10)

Obviously, E; > 0, and it is monotonically increasing for Tk < t < T'(k + 1). If, at the end
of each evaluation interval, E;(T'(k + 1)) > ¢;, then the supervisor adds the next high-order
connection; otherwise, the neuron keeps its current structure, with ¢; being a pre-specified
positive bound for F;.

6.5 Chaos Identification via VSRNN

Recently, controlling and ordering chaos has received increasing attention from various scien-
tific and engineering communities. To control a chaotic system, as for the control of a general
nonlinear system, an important requirement usually is to have a good model of the under-
lying system. For many nonlinear systems, particularly chaotic systems in applications, it is
often difficult to obtain an accurate and faithful mathematical model, regarding their physi-
cally complex structures and hidden parameters [50]. Therefore, system identification becomes
important and even necessary before system control can be discussed.

In order to test the capability and applicability of the proposed scheme, the complex chaotic
Chen’s system is selected as an example. This chaotic system is described by the following
differential equations [55):

X1 = alxe —x1)

X2 = (c—a)x; —Xx1Xx3 + X2
X3 = XiXe —bxs,

which is chaotic when a = 35, b= 3, ¢ = 28.

The RHONN fixed parameters used in the simulation are the following: a; = 18, a; = 38,
a;=28,3=0.15 1, ={[100],[010],{300],[030],[500],[050],(700],{070],(900],(09
0]}, ,={100],[010],{101],(300],(030],(303],[5>00],(050],(505],[707]}, ;={00
1],[110],(003],[330],[005],(550],[007],(770],[¢09],[99 0]}

The supervisor parameters used are: ¢; = 0.005, ¢; = 0.3, ¢ = 0.1, T = 10s.
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As can be seen from Figure 6.2, Figure 6.3, and Figure 6.4, the proposed scheme is able
to reproduce the Chen’s chaotic attractor. Figure 6.5 shows the evaluation functions Ei, Es,
and Fj. The initial and added weights are plotted in Figure 6.6. Finally, in Figure 6.7, the
switching signals s;, s and s3 are shown.

For further testing of the proposed scheme, the complex chaotic Chua’s circuit is considered
here. This chaotic system is given by the following differential equations [55]:

x1 = pl=x1+x2— fx1))
X2 = X1—X2t+Xs3
XS = -QX2,

which is chaotic when p = 10, g = 14.87 and f(z) = moz + 3(m1 — mo)(|z + 1| — |z — 1|), with
my = —0.68 and m; = —1.27.

The RHONN fixed parameters used in the simulation are the following: a; = 8, a; = 8,
a; =8,4=0.15I; = {[1 0 0],[0 1 0],[3 0 0],{0 3 0],[5 0 0],{0 5 0],{7 0 0],[0 7 0],(9 0 0],[0 9 0]},
ILL={[100],[010],[00 1],[300],030][00 3],[500],[0 50],/005],700]}, I3 = {[010],(00
1],{0 3 0},[0 0 3],[0 5 0],{0 0 5],[0 7 0],[0 0 7],{0 9 0],[0 0 9]}.

The supervisor parameters used are: ¢; = 0.0001, ¢, = 0.00005, c5 = 0.00005, T = 10s.

As well as in the first reported simulation, Figure 6.8, Figure 6.9 and Figure 6.10 show that
the proposed scheme is able to reproduce the Chua chaotic attractor. The evaluation functions
E,, E; and Ej3 are shown in Figure 6.11, and the z; weights and switching signals are plotted
in Figure 6.12 and Figure 6.13, respectively.

6.6 Conclusions

In this chapter, the VSRNN has been proposed for nonlinear system identification. This scheme
aims to trade off between the identifier performance and the computational complexity. The
results are very encouraging, particularly when the scheme is applied to chaos identification.
Let us make an analogy between the VSC and the VSRNN scheme, both are divided in two
parts; first, sliding mode controller force the system to converge into a desired manifold and
the VSRNN supervisor reduces the modelling error term by adding high-order connections,
second, once the system is on the sliding manifold it is well-behaved, on the other hand when
the modelling error is reduced, such that the error identification tends to zero.

As mentioned in this Chapter the index sequence X;, is defined before the identification
process starts. In order to further improve the VSRNN identification performance, the I,
sequence could be given by the supervisor, it means that the high-order connections would be
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Figure 6.8: Phase portait of Chen’s chaotic system
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connected or disconnected in a arbitrary order. It is worth to mention that [49] and [50] present
the results of this chapter.
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Chapter 7

Conclusions and Future Work

This thesis, combines VSC and neural networks, in particular the Neural Block Control, which
is proposed in Chapter 3 for any block controllable system, resulting in an output tracking
controller. Such control strategy consists of proposing a block controllable neural identifier,
which updates the adaptive weights, such that, the identification error converge into bounded
set (or to zero when the modelling error is zero). For a given output reference the block
control algorithm based on the identifier is applied, yielding a discontinuous control law which
guarantees the tracking error being ultimate bounded. The overall control system assures that
the real plant output tracks the desired output with a small error tracking.

The RHONN are used to design the neural identifiers [28]; the parameter update law was
inspired from [48]. To assure the trajectory tracking is needed to guarantee that some identifier
parameter do not cross by zero, because the RHONN would lose the controllability property.
Such condition is assumed as true for the overall stability analysis. An interesting topic would
be to design a parameter adaptive law which assures such weights do not change sign, as
well as, the convergence of the identification error to zero, or at least, the convergence into a
bounded ball. This problem is left as future research. Other drawback of this scheme is that
the controller does not drives the neural outputs error to zero, this obstacle can be eliminated
if the relative degree of real plant is equal to 2. Moreover if the modelling error terms are
neglected, the overall control strategy guarantees that the real plant output tracks the desired
output signal.

This strategy was used to control induction motors, whose model has relative degree equal
to 2. In addition to Neural Block Controller, other two controller were designed following the
same philosophy; the Singular Sliding Mode (SSM) controller and the Neural Block Control
with input constrains. Because the main goal for induction motor control applications is the
shaft angular speed regulation, the SSM controller does :10t control the magnetic flux; this
control strategy achieved the best robust performance, but it may generate spurious current
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harmonics, making this scheme inviable. For the third control strategy, the Neural Block
Control was modified to fit one of the hardest technological constraints, the switching nature
of the electrical drives; this control scheme lets to avoid the PWM approach, and yields an
actuator model closer to the real one. Additionally this control scheme may reduce the energy
dissipated by the motor drive, decreasing heating of the power electronics.

In Chapter 5 the synchronous generator control problem was stated, this system has relative
degree 3, so the neural block controller are not able to drive the neural output to the desired
one. This disadvantage may makes unreliable this controller, due to the capital importance the
output regulation for this kind of systems. Nevertheless, we take advantage from the original
model, for which the load angle model has not uncertainties. So an alternative neural block
identifier was proposed; based on this identifier the block controller ensures the neural output
tracking and therefore the real output tracking when the modelling error is zero. Work is
progress to apply this scheme to the decentralized control for multi-machine power systems.

Notice that modelling error term plays an important role on the robustness of these control
strategies; if such term is too large, it may makes inviable the proposed control scheme. As
mentioned before, the modelling error term can be reduced with a suitable identifier structure,
but frequently such structure is not easy to find. In Chapter 6, the VSRNN is proposed to
select an accurate structure of the neural identifier before to close the feedback control loop.
This identification system is used to establish a model structure, it is useful for tuning and
simulation before applying the controller to the real plant. Although the results are very
encouraging, particularly when the scheme is applied to chaos identification, VSRNN were
not able to find suitable neural structure to identify and control neither induction motors nor
synchronous generators. So that, the selection of the identifier structure can be still considered
as an open problem for some applications. Nevertheless, the VSRNN identification scheme can
be considered as a first step for the structural neural identification, for nonlinear dynamical
systems. The VSRNN imposes several constrains; the neurons has to be continuous switched
systems, the subsystems are ordered in an increasing complexity way, the index sequence is
given off-line, the error criterion is based on the identification error, the high-order connection
can only be added. So for future research we propose to relax such constrains, allowing; index
sequence given on-line, subsystems not ordered, error criterion based on modelling error and
check for not useful high-order connections removing them.
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Appendix A

Block Control with Input Constraints
for Induction Motors

In this Appendix, the Block Control with input constrains for the induction motor is developed
based on the regular model (4.1). Following the sliding mode control strategy, the first step
is to design a manifold in the state space, where the tracking errors are asymptotically stable.
The block control technique [34] is used to derive such sliding manifold. The next step is to
select a discontinuous control law, which guarantees that such manifold is attractive.

The model (4.1) has a quasi NBC ( Nonlinear Block Controllable) form, consisting of two
blocks:

X1 = fi(x;) + By(x;)x, (A1)
).{1 = f2(X)+B2u

with x = [X;,%,]" X1 = (W, ¥, Y57 X2 = [ia,ig]” U = [taug]”
—coTL —ayg v,
fi(x,) = | —co¥q — npwily B:(x,) = c3 0

—Cg + Mpwip, 0 c3
fQ(X) — [ c4¢a P csnpw¢ﬂ - Cﬁia

o | B,= [ ¢ 0 ]
CaPg — Csmpwip, — Colg 0 ¢
This model can be reduced to the NBC-form, and therefore the block control methodology
(34] can be applied. w, and ¢, are the reference signals for the output variables w and ¢ =
o = 92 + 2, respectively. The tracking errors for the speed and the flux magnitude are
defined as

21
z, =
22

_ W= -
(o] "
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Then, the tracking error dynamics can be expressed as the first block of the NBC-form:
7= f1(’{1) + Bl(xl)x2 = Y¥r (A3)
where 2z, = ;4 is the vector of the new variables, f; (x;) = [ ]J;;
5
—011/)3 ¥, _ | Wr _ ki 0
| == 15

2e30, 203004 e rank(Bl(xl)) -
The desired linearized dynamics for (A.1) is chosen as

z21= —Kz,+2 (A1)

Solving the equations (A.1) and (A.4) for z; results on
Zy= F1 (xl) + Bl(xl)xg - }.'1-+Kzl — C12(}(1’ X0, Yr yr)

Then the dynamics for z; is

Zo= fz(x, Yr Y'r) + BZ(xl)u (A5)
where f,(x) =%%22)'c1 + -‘;—‘;zzfg + %‘5})’@ + %%fj?r, Bs(x,) = Bi(x,)B, and rank(B;(x'))=2.

Now, we select the desired sliding manifold as z; = 0. The next step is to design a control
law which forces the system to reach the desired manifold. This controller must be a logic
function which maps from the continuous state x to the admissible input vectors set U (see
Table 4.1), in order to switch the control binary variables, such that, the desired voltage feeds
the induction motor.

A.1 Sliding Modes Controller Design

Notice that the term Bj(x,)u describes a x; —dependent bilinear transformation, which maps
from the discrete input space U to the continuous space, or ]_32(x1)u - U — R? Because the
matrix By(x,) has full rank for all 1,,%5 # 0, it maps from two different elements of U onto
different vectors in 2 Now, we rewrite

.BQ(XI) = B;BO(XI)

where B, = {‘:157 26267 ] Bo(x,) = [ —w% 5;’ ]
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Hence, the mapping B, can be seen as a composition of two transformations defined by
Bo(x,) and Bj.

In order to have a simple terminology, we establish the following definition:

Definition A.1 A 2-by-1 vector set covers all the quadrants in R% space, if at least one of
them lies on each one of the space quadrants.

As can be seen in Figure 4.2, U covers all the quadrants of the input space. Let V' be the
image of the set U under the mapping By. By the following lemma states that V' also covers
all the quadrants.

Lemma A.1 The angle between any pair of vectors of U is equal to the one between their
corresponding images under the mapping By.

Proof. By is a symmetric type matrix, whose columns bg; and by, are orthogonal and
bg; boi= bjybgz = ¢. It follows that B By = I, hence ||Bou|| = y/uTB{Bou = /% ||lu||. Let
w; and u; be two different elements in U. By the Euclidean inner product, we have

] u; = [l [luy] cos(6)

where 6 is the angle between the vectors. Let v;,v; € V be the images of u; and u;, respectively,
then

viv; = [[vill vl cos(') (A.6)
with @ the angle between v; and v;. Now substituting v = Bou in (A.6) we obtain
u/ BiBou; = puju; = ¢|lul [luy] cos (¢')
then cos(f’) = cos(f), and the proof is completed. m

The following lemma states the sliding mode controller viability, using only the available
input vectors given by the Table 4.1.

Lemma A.2 There exists at least one available input vector vy, € U, such that

sign(B,(x,)u,) = —sign(z,), for all zeand ¢,z # 0 (A7)
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Proof. This lemma statement is equivalent to say that the images of U under B, covers all
the quadrants. From Lemma A.1, it follows that V' covers all the quadrants. Now let W be the
image of V under Bj. It is clear that this mapping just changes the axes scale. Hence, it does
not move any vector from its original quadrant, hence W covers all the quadrants too. Then,
we can conclude that there exists, at least, one image of the elements of U under B, on each
quadrant of R2. Hence, there is one or more available input vectors that satisfies (A.7). ®

The controller must select one element of U that satisfies (A.7), and then change the binary
variables such that the selected input vector is fed to the stator windings.

A.2 Controller Stability Analysis

At this stage, we analyze the controller stability. Let bs; and by be the rows of Bg(xl), then
the term B2 (x,)u, can be expressed as

Ba(x,)u, = byug | _ [ sign(baruk)[barus| | _ |b21uk| sign(baru)
L baouy sign(bgguy ) [baoug| |b2211k| sign(bauy)
Using (A.7), the expression (4.19) can be formulated as
= _ |l—)21uk‘ 0 . 5 _ |l_)21uk' .
By (x,)u, = [ 0 [brul sign(Bs(x;)u) = — 0 |Bow sign(z,)
Then (A.5) can be rewritten as
zp=f5(x,y,,y,) — B'sign(z,) (A8)

where

' |521uk| 0
B—[ 0 |Boouyl

The state (A.8) reaches the sliding manifold z; = 0 in a finite time. It can be checked by the
Lyapunov function V/(z;) = 32] 25, whose time derivative is definite negative, if the following
inequalities about the entries f5(x,y,,y,) are satisfied

| f1(%,¥,,¥,)| < |baruk| and |fo2(x,y,,¥,)| < [Paui|, Wt (A9)

see [34] and [58] for more details.

The sliding dynamics, on the tracking errors variables z; and 2z (A.2), is governed by the
second order linear system

2 = —kiz

ig = —k)222
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with desired eigenvalues —k; and —k;.

Note that some of the available input vectors, presented in Table 4.1 may satisfy the condition
(A.7); we select the vector which maximizes || Ba(x;)u,||, in order to increase the sliding motion
stability margin given by (A.9).



Centro de Investigacion y de Estudios Avanzados
del IPN
Unidad Guadalajara

El Jurado designado por la Unidad Guadalajara del Centro de Investigacion y de
Estudios Avanzados del Instituto Politécnico Nacional, aprobé la tesis:

VARIABLE STRUCTURE NEURAL CONTROL

del (la) C.
Ramoén Antonio FELIX CUADRAS

el dia 24 de Octubre de 2003.

Dr.“Edgar Nelson SANCHEZ

CAMPEROS
CINVESTAV GDL Investigador Cinvestav 3B
Jalisco CINVESTAV GDL
Jalisco
ﬂ% OB 4 ~ N
Dr. Alexander GEORGIEVICH Dr. Juan Manuel RAMIREZ j )
LOUKIANOV ARREDONDO
Investigador Cinvestav 3B Investigador Cinvestav 3A
CINVESTAV GDL CINVESTAV GDL
Jalisco : Jalisco
Dr. louri ORLOV Dr. Gerardo René\ESPINOSA PEREZ

Profesor Investigador Profesor Invgstigador
Departamento de Electrénica Division de Estudios de Posgrado
y Telecomunicaciones, CICESE Facultad de Ingenieria de la UNAM

Ensenada B.C. Mexico D.F.



CINVESTAV
BIBLIOTECA CENTRAL

IR



