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ABSTRACT

The ball and beam system represents a standard nonlinear plant for both classical and
modem control techniques. This system is widely used because it is simple to understand
as a system and provides the opportunity to analyze the control techniques. The main aim
of this research is to develop an intelligent controller to control the ball position and is
able to perform satisfactory in presence of parameter variation and external disturbance.
In order to achieve this 6bjective, the thesis investigates the performance of a robust
nonlinear control method called Sliding Mode Control (SMC) and various Artificial
Intelligence (AI) techniques. '

In the formulation of any control problem, there will typically be disérepancies
between the actual plant and the mathematical model developed for controller design.
This mismatch may be due to unmodelled dynamics, variation in system parameters or
the approximation of complex plant behaviour by a straightforward model. The designer
must ensure that the resulting controller has the ability to produce required performance
levels in practice despite such plant/model mismatches. This has led to an intense interest
in the development of robust control methods which seek to solve this problem. One
particular approach to robust-control controller design is the so-called sliding mode
control methodology. Since, the actual model contains the ball on beam dynamics as well
as dynamics of DC motor, making the controller design task difficult. So, initially a
simplified model has been used (without considering DC motor). An SMC has been
designed for this model. Next, an SMC has been designed for more realistic model.

Although SMC is able to stabilize the system but it requires the model of system
to be known. As modeling these complex nonlinear systems is often troublesome, hence,
various soft computing techniques has been investigated, which allow controller design
on model free basis. A Fuzzy Logic Controller has been designed for simplified ball beam
system. Then, learning and generalizing capabilities of Neural Network has been
explored. Finally, a hybrid approach called Adaptive Neuro Fuzzy Inference Sy;tem
(ANFIS) controller has been proposed. These techniques ilave been applied to ball beam
system and are evaluated by simulation as well as real time control with the help of
laboratory set up. In the end, the simulation and experimental results obtained from

various controllers have been compared.
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CHAPTER 1

Introduction

As this dissertation work is extension of the project work, the work done in the project
has been included in brief along with the work that was proposed to be done in
dissertation. The present work concerns the application of some of the conventional and
modern control techniques to control the Ball-Beam system. The ball beam system is
inherently unstable system, in which ball tends to move to one of the ends of the beam.
The system is highly unstable because for bounded control input or bounded change in
beamvan’gle, produces unbounded movement of ball. The task is thus to apply a sequence
of upward and downward forces of fixed magnitude to control the systeni so that the ball
‘can be dynamically balanced at any location of the beam within a short period of time and

beam can be kept in horizontal position.

To control the Ball Beam system, various conventional and modern control schemes
" have been appiied earlier. The classical (P, PI, PID) control technique has been the basis
in simple control systems. Its simplicity has been the main reason for its wide
applications in industry. Since classical controllers are fixed-gain feedback controllers,
they can’t compensate the parameter variations in the plant and can’t adapt changes in the
environment. Standard linear techniques are based on approximate linear models which is
valid only around a small region of an operating point. In addition, in conventional
techniques, mathematical modelling of the plants and parameter tuning of the controller
has to be done before implementing the controller. Most real systems, relevant from a
control perspective, exhibit nonlinear behaviour; furthermore, to model these systems are
often troublesome. The need to overcome such.problems and to have a controller well-
tuned not only for one operating point but also for a whole range of operating points has

motivated the other control techniques and the idea of a robust and adaptive controller.

Nonlinear control techniques, on the other hand, taking account of plant non-
linearities in the design of control law are capable of achieving better performance in a
greater operating region. Specifically Sliding Mode Control (SMC) has been widely
accepted as an effective method in dealing with uncertainties such as parameter variations

and external disturbances. Sliding Mode controllers are a class of robust controllers which
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uses discontinuous control. By proper design of the switching or sliding surface, VSC
attains the conventional goals of contrél such as stabilization, tracking, regulation, etc.
These controllers, however, require an infinitely (in the ideal case) fast Switching
mechanism. The phenomenori of non ideal but fast switching was labelled as chattering.
- The high frequency components of the chattering are undesirable because they may excite

unmodeled high—ﬁeﬁuency plant dynamics.

In the last four decades, numerous alternative control techniques, such as neural and
fuzzy control, bave been proposed instead of conventional classical technique.
Development of artificial neural networks (ANN’S) and fuzzy logic theory (FL) have
inspired new resources for possible implementatidn of better and more efficient control.
ANN’S have capability of learning the dynamical systems that estimate input-output
functions. Fuzzy systems transform sets of structured information into the appropriate
control actions. Especially, neither ANN nor fuzzy systems need mathematical modeling
of the plants. Fuzzy control systems can be developed along with linguistic lines and need
some expeftise information about the plant. On the other hand, before used for control
purposes, ANN have to be trained and they need some information (not based on

mathematical model but sometimes taken measurement from plant) about the plant.

In this dissertation work, first of all, a Sliding Mode Controller has been designed for
ball beam system. Essentially, SMC is a kind of Variable Structure Control (VSC) which
utilizes a high-speed switching control law to drive the nonlinear plant’s state trajectory-
onto a specified and user-chosen surface in the state space (called the sliding or switching
surface), and to maintain the plant’s state trajectory on this surface for all subsequent
time. . The SMC controller developed assures desired behaviour of the closed loop
system. Then, Fuizy controller has been designed for Ball Beam system. The design of
Fuzzy Logic Controller (FLC) is based on the knowledge of expert about the béhaviour of
system and it does not require rigorous mathematical calculation as in case of SMC.
Next, the two controllers designed earlier (SMC and FLC) are utilized to achieve two
level control action called supervisory controller. The two level control includes the
simplicity and smooth control action of FLC as well as robustness of SMC. Then, several
other soft computing methods have been employed to control the Ball Beam system.
These include Neural Network Controller and ANFIS controller. The learning and

generalizing capability of ANNs to imitate a particular input-output mapping presents a
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new approach to control complex nonlinear systems. ANFIS is essentially a Fuzzy
Inference System (FIS) which provides the functioning and advantages of an FLC but is
generated with the help of training ability of Neural Network. Hence, it represents a
hybrid neuro-fuzzy technique to deal with complex nonlinear problems. Finally, the
performance of each controller has been evaluated by MATLAB/Simulink Simulation.
Moreover, some of these controllers will also be applied to real time control of Ball Beam

system and performance has been compared.

1.1 Problem Statement

The prime objectives of this research work will focus on developing Sliding Mode and
Fuzzy Logic controllers, applied to ball beam system individually and in comBination
resulting in two level control scheme. Then, designing and examining the control
performance of Neural Network technique to control ball beam system. Finally, a hybrid
neuro-fuzzy approach called ANFIS has been -proposed. The control performance of
various controllers designed will be compared on the basis of various specifications such

as settling time, maximum overshoot, steady state error etc.

1.2 Literature Review

Various control schemes have been discussed in literature and have beeﬁ applied to
control the Ball Beam system. The control of Ball beam system ué'mg PD controller has
been discussed in [1]. Several nonlinear control schemes for the ball beam system can be
found mm [2][3]. Conventional constant gain controllers used for ball beam system
becomes poor due to strong non-linearities, modelling inaccuracy, parameter variation
and uncertainties. Although PID control is a proficient technique for the handling of non-
linear systems and can be used to control nonlinear systems [1] but modelling these
complex nonlinear systems is often difficult and sometimes impossible using the laws of
physics. Hence using a classical controller is not suitable for nonlinear control application
[4]. This necessitates the design of robust controllers which makes the system

performance insensitive to parameter variations and uncertainties.

The models used in feedback design should include some unstructured uncertainty

to cover unmodeled dynamics, particularly at higher frequency. For a definite class of
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nonlinear systems there is an appropriate robust control method called sliding mode
contro_l [5]. The subject has been treated in detail in [6]. This control method can be
applied very well in the presence of model uncertainties, parameter fluctuations and
disturbances provided that the upper bounds of their absolute values are known. The
disadvantage of this method is the drastic changes in the manipulated variable. However,
this can be avoided by a small modification: a boundary layer is introduced near the
switching line which smoothes out the control behaviour and ensures the states remaining
within the layer [7]. Given that the upper bounds of the model uncertainties are known,

stability and high performance of the controlled system are guaranteed.

To overcome the difficulty resulted due to modelling and to utilize the advantage
of model free approach, interest in developing Artificial intelligence techniques has
increased considerably. There have been an incréasing amount of publications presenting
" research and implementations of artificial neural networks (ANNs) and fuzzy logic (FL).

Being branches of artificial intelligence (AI), both utilizes the human way of using past
experiences, adapting themselves accordingly and generalizing. The work of L. A. Zadeh
on Linguistic approach and system analysis based on the theory of fuzzy sets [8] was the
basis of Fuzzy Logic. Zadeh’s work motivated Mamdani and his colleagues to research
on fuzzy control {9]-[11]. Fuzzy Logic Control is useful when the processes are too
complex for analysis by conventional quanﬁtative techniques or when the available
sources of information are interpreted qualitatively, inexactly, or uncertainly [12]. Fuzzy
modelling or fuzzy identification, first explored systematically by Takagi and Sugeno
‘[13], has found numerous practical applications in control, prediction and inference. FLC
gives better transient aﬁd steady state performance than PID in case of nonlinear systems
[14]. Membership functions make the controller less sénsitive to sl_ight variations in the
physical parameters. It does not require any system modelling or complex mathematical
equations governing the relationship between inputs and outputs. It typically takes only a
few rules to describe systems that may require several lines of conventional software
code, which reduces the design complexity [15]. In [16], single input FLC has been
presented which results in less computational requirement. The application of Fuzzy

controller for real time control of Ball and beam system has been discussed in [17].

On the other hand, ANN works with parallel connected units, called neurons,
which process inputs in accordance with their adaptable weights usually in a recursive

- manner for approximation. The pioneering work of McCulloch and Pitts was the
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foundation stone for the growth of ANN architectures. In their paper, McCulloch and
Pitts suggested the unification of neuro-physiology with mathematical logic, which
showed way for some significant results in NN research. Perceptron rule and the LMS
algorithm, the two early rules for training adaptive elements were first published in 1960.
In the years following these discoveries, many new techniques have been developed in
the field of neural networks [18] and the discipline 1s growing rapidly. The first major
extension of the feedforward neural network beyond Madaline I took place in 1971 when
Werbos developed a backpropagation training algorithm which, in 1974, he first
published in his doctoral dissertation. In 1982, Parker rediscovered the technique and in
1985, published a report on it at M.LT. Not long after Parker published his findings,
Rumelhart, Hinton, and Williams [19] also rediscovered the technique and as a result of
the clear framework, they presented their ideas and they finally succeeded in making it
widély known. The elements used by Rumectlhart et al. in the backpropagation network
differ from those used in the earlier Madaline architectures. The adaptive elements in the
original Madaline structure used hard-limiting quantizers (signums), while the elements
in the backpropagation network use only differentiable nonlinearities, or “sigmoid”
functions. In digital implementations, the hard-limiting quantizer is more easily computed
than any of the differentiable nonlinearities used in backpropagation networks [18].
ANNSs have the ability to approximate a non-linear function. The performance of ANNs
depend greatly on data used for training, [20] gives the idea for generating data and type
of proper signal to be used for training. In past, ANNs have been employed by several
researchers to control the ball and beam system., The real time control of Ball Beam
system by a two layer network, developed using error back propagation (BP), temporal
difference, and the reinforcement learning algorithms has been discussed in [21]. ANNs
have proven superior learning and generalizing capabilities even on completely unknown
systems that can only be described by its input— output characteristics. A neural network
developed with genetic algorithms [22] shows the benefit of achieving more eﬂicient

solutions than regular neural network léarning methods such as backpropagation (BP).

The disadvantage in case of fuzzy controllers is problem involved with tuning,
this implies the handling of a great quantity of variables like the ranges of the
membership functions, shape of theése functions, percentage of overlap among the
functions, the design of the rule base, mainly, and when system is multivariable system,

the number of parameters grows exponentially with the number of variables. On the other
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hand, ANNs can be advantageous since they provide an adjusting mechanism and .éan
adapt themselves to changes in the environment or optimize the system after an initial
guess, which leads to learning and generalizing. Hence, various attempts have been made
to combine these two techniques. A neural integrated fuzzy controller for Ball Beam
system has been discussed in [23] which extracts fewer rules from operator aﬁd generates
remaining rules by utilizing learning and interpolating capabilities of ANNSs, taking
advantage of the best of FLC and ANN. A Neural-Fuzzy algorithm for ball beam control
system has been discussed in [24]. The superior features of ANNs combined with FLC to
create hybrid neuro-fuzzy controller called Adaptive Neuro Fuzzy Inference System
(ANFIS) was proposed by Jang [25]. ANFIS is also proved to be useful in modelling
complex non-linear system utilizing input-output data sets [26]. A good example of how
ANFIS is designed is given in [27], where it has been applied to control autonomous

underwater vehicle.

1.3 Organization of Dissertation

This thesis consists of nine chapters and the topics covered m various chapters‘are: A
Chapter 1 gives the introduction part as well as literature review.

Chapter 2 deals with the modelling and operation of Ball Beam System.

Chapter 3 discusses the design of Sliding Mode controller for Ball Beam system.

Chapter 4 demonstrates the Fuzzy Logic and its application to Ball Beam system control.
Chapter 5 discusses the two level supervisory control design which comprises of FLC as
well as Sliding mode controller.

Chapter 6 investigates Neural Network controller design for ball beam system

Chapter 7 discusses the hybrid Neuro Fuzzy approach called ANFIS which combines the
capabilities of Fuzzy as well as Neural techniques to control complex nonlinear systems.
Chapter 8 discusses the performance of various controllers by demonstrating simulation
and experimental result as well as comparison between various controllers.

Chapter 9 summarizes the whole dissertation.



CHAPTER 2
Ball and Beam System Modelling

2.1 Ball Beam System Description

The Ball and Beam plant consists of a ball, beam, DC motor, lever arm, gear and belt
pulley as shown in Fig. 2.1. The steel ball can roll freely along the whole length of the
beam. The beam, at one end, is connected to lever arm, which is controlled by DC motor
through gear and pulley. Two sensors are used to provide feedback information to the
control system. An angle sensor is equipped in motor to provide current rotary position of
motor shaft and other sensor, which is linear position sensor, is equipped along lenéth of
“the beam that senses current position of ball on the beam. As the servo gear turns by an
angle 0, the lever changes the angle of thé beam by o. When the angle is changed from

the horizontal position, gravity causes the ball to roll along the beam.

Fig. 2.1 Ball and Beam system

The objective is to design and implement controller which controls voltage to the motor
m such a way so that desired position of ball is stabilized on the beam by changing the
angle of the beam. This is difficult control task because the ball does not stay in one place
on the beam but moves with an acceleration that is proportional to the tilt of the beam. In

the control terminology, the system is open loop unstable because the system output (ball



position) increases without limit for a fixed input (beam angle). Feedback control must be

used to keep the ball in desired position on the beam.

2.2 Simplified Model (Neglecting The Motor Dynamics)

Let us consider, for simplicity, we neglect the motor dynamics. Then, the system model
consists of ball on a beam only. The equation of motion of ball along the beam, using

Lagrangian model, as given in [28], is

J " . -2
[—2+m)r+mgsma—mra =0
R 2.1)

Where, g is acceleration due to gravity (n/s?)
m is mass of the ball (Kg)

R is radius of the ball (m)

J is ball moment of inertia (Kg m?)

r(?) is ball position coordinate and a(?) is beam angle

2.3 Complete Model

The actual mathematical description of the system consists of the dynamics of a DC
servomotor and the dynamic model of the ball on the beam. Modelling DC servomotor

can be divided into electrical and mechanical two subsystems.
The equations of motion describing the Ball on a Beam system can be written as [29]:

(7™ 4 )i+ Q-+ )i+ (g + - Mg) cos = 22

kj-ré* + gsina =0 2.3)
Where, 1(t) : ball position

6(1) - servo gear angle

m: mass of the ball



M : mass of the beam
L : length of fhe beam

g - gravitational constant

The parameters of the system are
R,, : armature resistance of the motor

K., : motor torque constant

Jm : effective moment of inertia
K, : gear ratio

K}, : back EMF constant

J; : moment of inertia of the beam
d : lever arm offset

V: :Input voltage to motor

i» . armature current

L,, : armature inductance

Vy : back EMF

B, : viscous friction coefficient
V, = Kbé

¢ : angular velocity of the beam.
J> : moment of inertia of the ball

ki, ko, k3 and k4 are functions of the syétem parameters as:

b= lul | g
K, K.d
kz =_£ Kme +Kb + RmBm
d| R, K,K,
k, =1 +£<—’”-
Rm
k,=7/5

u(t) = ks V(1) : control input to the ball on a beam system

9



2.3.1 Equilibrium of the system :

The equilibrium can be found from the dynamic equations (2.2) and (2.3) as,

(mgre + %Mg)cosac =u,

sina, =0

Since, the beam angle a is limited by —7t/2 < a < 1t/2, then sin a, = 0 implies that a, = 0.

Therefore, the above equation implies that 7, = le——-é—'-ﬂi Hence, any equilibrium point
mg m .

of the Ball on a Beam system must be such that @, = 0 and r. = r4, where rqis desired ball
position.

10



CHAPTER 3
Sliding Mode Controller

3.1 Overview of Sliding Mode Control

Sliding mode has been successfully applied to the problem of maintaining stability and
consistent performances for nonlinear systems with modelling errors. In control theory
sliding mode control, is a form of variable structure control (VSC). It is a nonlinear
control method that alters the dynamics of a nonlinear system by application of a high-
frequency switching control. The multiple control structures are designed so that
trajectories always move tpward a switching surface, and hence the ultimate trajectory
will not exist entirely within one control structure. Instead, the ultimate trajectory will
“slide along the boundaries of the control structures. The motion of the system as it slides

along these boundaries is called a sliding mode.

Intuitively, for a dynamic system sliding mode control uses practically infinite
gain to force the trajectories to slide along the restricted sliding mode subspace. The main
strength of sliding mode control is its robustness. Because the control can be as simple as
a switching between two states (e.g., "on"/"off" or "forward"/"reverse"), it need not be
precise and will not be sensitive to parameter variations that enter into the control
channel. Additionally, because the control law is not a continuous function, the sliding
mode can be reached in finite time (i.e., better than asymptotic behaviour). Sliding mode
control is an appropriate robust control method for the systems, where modeling

~ inaccuracies, parameter variations and disturbances are present.

Sometimes sliding mode control has a demerit of chattering of the control variable
and some of the system states. The strengths of SMC include: Low sensitivity to plant
parameter uncertainty, greatly reduced-order modeling of plant dynamics and finite-time

convergence (due to discontinuous control law).

- 3.2 Sliding Mode Condition

With sliding mode controller, the system is controlled in such a way that the error in the

system states always moves towards a sliding surface. The sliding surface is defined with
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the tracking error (e) of the state and its rate of change ( €) as variables. The distance of
the error trajectory from the sliding surface and its rate of convergence are used to decide
the control input (u) to the system. The sign of the control input must change at the
intersection of the tracking error trajectory with the sliding surface. In this way the error
trajectory is always forced to move towards the sliding surface. The system in sliding
mode can be described by a linear system of lower order than the original system. The

state asymptotically approaches the state origin on the intersection of the hyperplanes.

Consider the class of nonlinear systems that can be modelled by following equation:
x" = A(X)+B(X)u

Then the problem of designing the sliding mode controller is to find:

(1) m switching functions, represented in vector form as S(X), the surface which
represents desired system dynamics on which control u has discontinuity.
(2) A variable structure control
u=u"(X) when S(X)>0
u=u (X) when S(X)<O
such that any state X outside the switching surface is driven to reach the surface in finite
time. On the switching surface, the sliding mode takes place, following the desired

dynémics. In this way the overall system is globally asymptotically stable.

f

Slldmg mode

. M /
dx/dt \ -
: /
N =

Reaching mode

»
~

=t -~ ] &3
X

Fig. 3.1 Phase plot showing Sliding mode
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Suppose at time t = 0, S(x,t) > 0.Then, state x reaches the switching line S = 0 in a finite
time. Then, it crosses the switching line and enters the region S(x,t) < 0, resulting in the
value of u being altered from u+ to u-. Depending on the value of system parameters and
sliding function co-efficient, the state trajectory may continue in the region S(x,t) < 0,
yielding bang-bang control or the state trajectory may immediately re-cross the switching
line and enter the regidn S(x,t) > 0. This yields sliding motion. Assuming that the
switching logic works infinitely fast, the state x is constrained to remain on the switching
line S = 0 by the control which oscillates between the values u+ and u-.

For sliding motion to occur, we need on opposite sides of the switching liné,

limg_g+S <0 and limg,o-$>0

This ensures the motion of state x on either side of S = 0 is towards the switching line.
Hence the two conditions can be combined to give,
.8S<0

in the neighbourhood of switching surface.

3.3 Sliding Mode Controller design for Ball Beam system

3.3.1 SMC design for simplified Ball Beam model:

The Lagrange model of the system developed in eqn. (2.1) 1s

Jb se . -2
—+m |(F+mgsina—mra” =0
R

G0
Let, for small tilt in the beam, sina@ ~ «, then,

1
o)
~+m
R..

F= [—mga + mrd2]
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Although the control input is applied to motor from where the motion is transferred
through gear to beam, but for simplicity in design, motor is neglected, so that the control

input u directly changes the gear angle 8. Hence,
G=u

So,

Now, let » = x;

Then, the state equations can be written as,

xl = x2
2
X, _mgd

X5 u
. k, kL

=f,+hu

Let, the sliding surface be,

S =y+Ay—1) : | (32
Where,

Y=

y=x,
Hence,'

S, =X, +A(x, —1;)

Where, s; = x2tA(x1-14) = 0 is also called the switching surface. The term switching
illustrates the fact that the control law # commutes while crossing the line s; = 0. The
behaviour of this second- order system on the switching line s; = X+A(xj-rg) = 0 is
described by first order differential equation x;+A(x;-rg) = 0. It is important to note, that

the behaviour of our system on s; = 0 is dependent only on the slope A of the switching
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line. This means the system is insensitive to any variation or perturbation of the plant

parameters contained in state space model.

If 74 is a constant value, then

5, =X, +Ax,

or,$, = f. +hau+Ax, . (3.3)

Now, if we choose u as,

u= hi [—f, — Ax, — p,sgn(s,)]
s | (3.4)

Where, p; is a positive constant, then it can be shown from (3.3) and (3.4) that,
8, =—p, sgn(s,) |
Which guarantees that

58, <0

i.e., the system states reach the desired trajectory [30] after a finite time.

3.3.2 SMC design for Complete Ball Beam model :

In this design, the dynamic model developed in eqn. (2.2) and (2.3) will be used.
However, for this model, the relative degree of the system is not well defined around the
equilibrium @ = 0. Hence, the centrifugal acceleration term rd’ is neglected, so that it

results in a well defined relative degree of the system and Sliding mode control law is
designed as [31]:

From eqn. (2.2) and (2.3),

dz———21
(mr” +k)
i‘=—£sina
4

[u —-2mri+k)a —(mgr +§Mg]cos a}
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Let, the state variables representing the system states be,

X, =1
X, =r
x=a
X, =a

X, =X,
g .
x2=-—%:s1nx3
X3 =X,
X S S u—Q2mxx, +k,)x, —| mgx +£M Jcosx
4 (mxf'*'lﬁ) 1%y T/ )X, £X| ) g 3

Let, the output of the system be,

y=x
Then,
y=x,
g .
=—-2-sin x,
Y k, 3
¥ =—=x, cosx,
4
y = Tmfz_+_k)[—u cosx, +(2mx,x, + k,)x, cos x, +(mgx, + %Mg)cos2 X, + x5 (mx] +k,)sin xs:l
4 1 1
= fs +hsu
Where,
) L
g (2mx,x, +k,)x, + (mgx, + 3 Mg)cos x, L
fi== = COS X; + X, Sin X,
k, (mx; +k)

—&

] = ————————COS X
Sk (mx?+k) >
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Let, the sliding surface is defined as

v

Sy :j.’.'*'blj}"'bz.}."*'ba(y”‘rd)

= —£x4 cosx; —b, kisinxs +b,x, +b,(x, — 1)
4 4

" Define the sgn function to be,
+1 ifg>0

sgn(p) =

-1 ife<0

To guarantee switching, we need,
5,8, <0

If p> is a positive constant, then the sliding mode control given by, -

u= i _f; +bl £x4 CoSs X, +b2 isin)g —b3x2 — P Sgn(sz)
P k, k,

A (3.5)
always results in

5,8, <0

ie., it will asymptotically stabilize the output of the system to its desired value ry and

forces the other states of the system to their equilibrium values.
Since, : $, =V +bYV+b,y+b,y
By substituting u in the above equation, we get

$, =—p, sgn(s,)
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3.4 Problem of Chattering

An ideal sliding mode does not exist in practice since it would imply that the control
commutes at an infinite frequency. In the presence of switching imperfections, such as
switching time delays and small time constants in the actuators, the discontinuity in the
feedback control produces a particular dynamic behaviour in the vicinity of the surface,
which is commonly referred to as chattering and is undesirable for proper operation of
system. This phenomenon is a drawback as, even if it is filtered at the output of the
process, it may excite unmodeled high frequency modes, which degrades the performance
of the system. Chattering also leads to high wear of moving mechanical parts and high
heat losses in electrical power circuits. That is why many procedures have been designed

to reduce or eliminate this chattering.

/ reaching phase

chattering

Sliding sur face

Fig. 3.2 Chattering Phenomenon
One way to reduce chattering consists in a regulation scheme in some neighbourhood of
the switching surface which, in the simplest case, merely consists of replacing the signum

function by a continuous approximation with a high gain in the boundary layer: for

instance, sigmoid functions or saturation functions as shown in Fig. 3.3 and Fig.3.4.
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Fig. 3.3 Boundary layer around sliding line
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Fig. 3.4 Continuous approximation of the sign-function

Slotine and Sastry suggested a solution to avoid drastic changes in control by smoothing
out the control discontinuity in a thin boundary layer neighbouring the switching surface.
This is achieved by choosing control law u outside boundary layer as before (i.e.
satisfying the sliding condition, which guarantees boundary layer attractiveness) and then
mterpolating u inside boundary layer. We now quantify the trade-off thus achieved
- between tracking precision and robustness to unmodelled high frequency dynamics. The
method of softening the discontinuous control part by a continuous 'approximation is very
attractive for its simplicity. One possible candidate is the saturation function [7], [30].

If we substitute function sgn(s) by sat (s/e) [32] m eqn. (3.4) and (3.5), where,
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s sie if | sfel <1
2l — i=

£, s\gn(sfc} Cif sl =1
Where, € is width of boundary layer.

However, although the chattering can be removed, the robustness of sliding mode is also
‘compromised. Another solution to cope with chattering is based on the recent theory of

higher-order sliding modes.
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CHAPTER 4

Fuzzy Control

4.1 Overview of Fuzzy Control

Fuzzy systems have been successfully applied to a wide variety of practical problems.
Recent advances of fuzzy memory devices and fuzzy chips [33] [34] make fuzzy systems
especially suitable for industrial applicatiohs. In [35], it has been shown that fuzzy
systems are universal approximators, ie., they are capable of approximating any real
continuous function on a compact set to arbitrary accuracy. FLCs are suitable to be used
in process control systems [36]. FLC has the advantage over conventional controllers as it
does not need the exact-mathematical fnodel of the sysfem and thus it does not rely upon

dynamically changing parameters.

Fuzzy logic starts with the concept of a fuzzy set. A fuzzy set is a set without a
crisp, clearly defined boundary. It can contain elements with only a partial degree of
membership. In fuzzy logic, the truth of any statement becomes a matter of degree. Any
statement can be fuzzy. The major advantzige that fuzzy reasoning offers is the ability to
reply to a yes-no question with a not-quite-yes-or-no answer. In the practical world, we
generally use modifiers like very, little, good, high, eiactly etc. to express the extent
related to a quantity. Humans do this kind of thing all the time (think how rarely you get
a straight answer to a seemingly simple question), but it is a rather new trick for

computers.

4.1.1 Fuzzy sets

The main concept of fuzzy theory is a notion of fuzzy set. Fuzzy set is an extension of
crisp set. Zadeh gave the following definition:

A fuzzy set is a class of objects with a contimumum of grades of membership. Such a set is
characterized by a membership (characteristic) function which assigns to each object a
grade of membership ranging between zero and one. |

A fuzzy set is denoted by an ordered set of pairs, the first element of which denotes the

element (x) and the second #,(x), the degree of membership:
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A={xp, () xex}

Where, u,takes value in the interval [0, 1].

The fuzzy subset A on the universe X 1s defined by membership function, p A ﬁoﬁl X to
the real interval [0,1], which associates a number pa(x) € [0,1] to each element x of
universe X. For example, the equation ps(x) = 0.7 means element x belongs to the set A

with degree 0.7.

4.1.2 Linguistic variable

We can use fuzzy sets to represent linguistic variables. Linguistic variables represent the
process states and control variables in a fuzzy controller. Their values are defined in
linguistic terms and they can be words or sentences in a natural or artificial language. For
example, for the linguistic variable: temperature, we can define a set of terms:

T(temperature) = { negative big, negative medium, negative small, close to zero, positive

small, positive medium, positive big }

4.1.3 Membership function

Every fuzzy set can be represented graphically by its membership function. Membership
values are discrete values defined in [0, 1]. If the referential set is infinite set, we can
represent these values as a continuous membership function. In general, the shape of
membership function depends on the application and can be monotonic, triangular,

trapezoidal or bell-shaped as shown in Fig. 4.1.

Fig. 4.1 Different shapes of membership functions: monotonic, triangular, trapezoidal and
bell-shaped
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4.2 Fuzzy Logic Mechanism

Basic Architecture of Fuzzy Systems

Fuzzy Rule
: Base '
non-fuzzy ' non-fuzzy
input output
N Fuzzification Defuzzification -
Interface Interface
> Fuzzy Inferencd
Machine

Fig. 4.2 Architecture of Fuzzy Systems

The basic configuration of a fuzzy system is shown in Fig. 4.2. It comprises of four
principal components: Fuzzification interface, fuzzy rule base, fuzzy inference machine,

and defuzzification interface.

4.2.1 Fuzzification Interface

The fuzzification interface is a mapping from the observed input universe of discourse U
€ R to the fuzzy sets defined in U. There are two factors which determine a fuzzification
interface: (1) the number of fuzzy sets defined in the input universe of discourse; and, (2)
the specific membership functions for these fuzzy sets. If these two factors are specified,
we obtain a fuzzification interface; hence, we can view these two factors as design

parameters of a fuzzification interface.

4.2.2 Fuzzy Rule Base

The fuzzy rule base is a set of linguistic statements in the form of “IF a set of conditions
are satisfied, THEN a set of consequences are inferred”, where the conditions and the

consequences are associated with fuzzy concepts (i.e., linguistic terms). For example, in
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the case of an n-input-single-output fuzzy system, the fuzzy rule base may consist of the

following rules:

R; :IF x;is 4/ and x,is 4] and ........... and xqis4’, THEN zis B’

Where, x; (i =1, 2, ......, n) are the inputs to the fuzzy system, z is the output of fuzzy
system, 4/ and B/ (j=1,2, ..., K) are linguistic terms and X is the number of fuzzy rules
in the fuzzy rule base. These fuzzy IF-THEN rules provide a natural form in which

human experts represent their knowledge. By relating each linguistic term in the fuzzy
rules with a membership function, we specify the meaning of the fuzzy rules in a
determined fuzzy sense. This type of fuzzy rule is known as Mamdani FIS. Another form
of fuzzy if-then rule, proposed by Takagi and Sugeno [13], has fuzzy sets involved only
in the premise part. The consequent part is described by a non fuzzy equation of the input
variable. There are many different kinds of fuzzy rules; see [37] for a complete
discussion. Here, we consider only fuzzy rules in the form of Mamdani FIS. The design
parameters of a fuzzy rule base are: (1) K, the number of fuzzy rules in the fuzzy rule

base; and, (2) the specific statement of each fuzzy rule.

4.2.3 Fuzzy inference process

The fuzzy inference mechanism is decision making logic which employs fuzzy rules from
the rule base to determine fuzzy outputs of a fuzzy system corresponding to the fuzzified
inputs. It is the fuzzy inference machine that simulates a human decision making
procedure based on fuzzy concepts and linguistic statements. There are many different
kinds of fuzzy logic which may be used in a fuzzy inference machine; see [37] for a
comprehensive review. The design parameter of a fuzzy inference machine is: which

specific fuzzy logic 1s used.

4.2.4 Defuzzification

The defuzzification interface defuzzifies the fuzzy output of a fuzzy system to generate a
non-fuzzy output. There are several existing defuzzification methods, namely: Centroid
(i.e, center of area), bisector of area, and mean of maximum (see [37] for details). The

design parameters of a defuzzification interface are: (1) number of fuzzy sets defined in

24



and, (3) which defuzzification method is used.

4.3 Effect of different design parameters

number of fuzzy rules in the fuzzy rule base heavily influence the complexity of a fuzzy
system, where complexity includes time complexity, i.e., the computational time
requirements of the fuzzy system, and space complexity, i.c., the storage requirements of
the fuzzy system. These parameters can be viewed as structure parameters of a fuzzy
system. In general, the larger these parameters are, the more complex is the fuzzy system,
and the higher is the expected performance of the fuzzy system. Hence, there is always a
trade-off between complexity and accuracy in the choice of these parameters; and, their

choice is usually quite subjective.

The membership functions of the fuzzy sets heavily influence the “smoothness” of
the input-output surface determined by the fuzzy system. In general, the “sharper” the
membership functions are, the less smooth is the input-output surface. The choice of

membership functions is also quite subjective.

The linguistic statements of the fuzzy rules are the heart of a fuzzy system in the
sense that it is these linguistic statements that contain most of the information concerning
the fuzzy system design; all other design parameters assist in the effective representation
and use of the information. The fuzzy rules usually come from two sources: human
experts, and training data. A general method to generate fuzzy rules from numerical data

was proposed in [38][39].

The decision making logic used by the fuzzy inference machine is very important,
and may be the most flexible component in the fuzzy system. If we compare a fuzzy
system with a human controller, then the Fuzzification interface corresponds to our
sensory organs (€.g., €ye, ear, ¢tc.), the defuzzification interface corresponds to our action
organs (e.g., arms, feet, etc.), the fuzzy rule base corresponds to our memory, and the

fuzzy inference machine corresponds to our thought process.
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4.4 Fuzzy controller for Ball Beam system

In géneral, the structure of an FLC can be of multi input and multi-output (MIMO).
However, double-input and single-output (DISO) fuzzy logic controllers are more
preferable for practical considerations. Specifically, a fuzzy PD contfoller using error and
change of error as inputs, if properly designed, can infer a suitable control output
resulting in good transient responses for a general nonlinear system. When comparing
with conventional PD controllers, fuzzy PD controllers are usually found to be capable of
improving tracking performance remarkably. By defining error and change in error as
fuzzy inputs, the proposed fuzzy PD controller will be designed for second-order

nonlinear system.

The control object is to design a controller u such that the output y will approximately
track a desired signal yas. The FLC being applied to Ball Beam system is shown in Fig.
4.3. If yq(t) is the desired trajectory and y(t) is actual trajectory, then, the error signal is
given by,

e(t) = y(t) — ya(t)

. . v Compute
Set Poiot. Enor caléulate Convert to Evaluate Fuzzy [__ | daterministic Process
changs of envor Fuzzy form control ules carolinput from lnput Output
furzy value

Fig. 4.3 Closed loop control system using Fuzzy rules

Membership functions chosen for two inputs are shown in Fig 4.4. Both inputs have three
linguistic terms namely: Positive (P), Zero (Z) and Negative (N), whereas control output
shown in Fig. 4.5 is described by five linguistic terms namely: Negative big (NB),
Negative small (NS), Zero (Z), Positive small (PS) and Positive big (PB). Triangular

membership function has been used for both inputs and output.
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Fig. 4.4 Membership function for error and change in error
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Fig. 4.5 Membership function for control output

The fuzzy rule for 2 input FIS with each inputs described by three membership functions
or linguistic terms have 32 i.e., 9 rules with error and change in error as premise variables
and control output as consequent variable. The fuzzy rule base looks like shown below:
Rule Base
1. Iferroris N and Change in error is N, then control is PB
If error is N and Change in error is Z, then control is PS
If error is N and Change in-error is P, then control is Z
If error is Z and Change in error is N, then control is PS
If error is Z and Change in error is Z, then control is Z
If error is Z and Change in error is P, then control is NS
If error is P and Change in error is N, then control is Z

If error is P and Change in error is Z, then control is NS

© 0 N LR WwN

If error is P and Change in error is P, then control is NB
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CHAPTER 5

Supervisory Control

5.1 Introduction

For complex practical systems, the single loop control systems may not effectively
achieve the control objectives.' In order to improve the tracking performance of the
control system, we consider two-level control structures where first level is constructed
from fuzzy PD controller and the second level is Supervisory controller [40]. FLC was
earlier designed for ball beam system which has the advantages of simplicity and smooth
control with inexact information but an often remarked disadvantage of the methods
based on the fuzzy logic is the lack of appropriate tools for analysing the controller
performance, such as stability, optimality, robustness, etc. The main advantage is the
possibility to implement a human experience, intuition and heuristics into the controller.
- Among several approaches to solve stability problem with FLCs, one approach is to
design FLC first without any stability consideration. Then, append another controller with
FLC to take care of the stability requirement. Here, the supervisor has been derived based
on variable structure control theory. This approach provides much flexibility in designing

the fuzzy controller and hence the resulting fuzzy control system is expected to show high

performance.

5.2 Two Level Control

5.2.1 Overview of supervisory Control

A supervisory controller is a controller which operates only when some undesirable
phenomena occur, e.g., when the state hits the boundary of constraint set. In this note, we
develop a supervisory controller for nonlinear fuzzy control systems. The 'supervisory
controller works in the following way: if the fuzzy control system (without the
supervisory controller) is stable in the sense that the state is inside’the ¢onstraint set, the
supervisory control is idle; if the state hits the boundary of the constraint set, the
supervisory controller begins operation to force the state back to the constraint set. The
fuzzy control system equipped with this supervisory controller is globally stable in the

sense that the state is guaranteed to be within the constraint set specified by the system
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designer. The two-level control structure is shown in Fig. 5.1. The first level FLC
controller and second level supervisor will be switched by M = max { [s1] , |s3} }, where s;

and s; are two states of the system.

M<1 / a Fuzzy PD

Si First level
—_—— So ' G
: M> 1 ’/ o VSC Second level

Fig. 5.1 Two level control scheme

5.2.2 Need for Supervisory control

Despite successful application of Fuzzy logic controllers to many practical problems,
there are many issues remaining to be further addressed such as stability, controllability

and observability.

Conceptually, there are at least two different approaches to guarantee the stability
of a fuzzy control system. The first appfoach is to specify the structure and parameters of
the fuzzy controller such that the closed-loop system with this fuzzy controller is stable.
An example of this approach is [41]. This approach often requires the fuzzy controller to
satisfy some strong sufficient conditions which greatly limit the design flexibility and,
therefore, the performance of the fuzzy controller. In the second approach, the fuzzy
controller is designed first without any stability consideration, then another controller is
appended to the fuzzy controller to take care of the stability requirement. This approach
has been utilized here to control Ball beam system. Because there is much flexibility in
designing the fuzzy controller in this second approach, the resulting fuzzy control system

is expected to show high performance.

The key is how to design the appended controller to guarantee stability. Because
we want the fuzzy controller to perform the main control action, the appended controller
would be better a safeguard rather than a main controller. Therefore, we choose the

appended controller to work in the following supervisory fashion: if the fuzzy controller
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works well, the appended controller is idle; if the pure fuzzy control system tends to be
unstable, the appended controller begins operation to guarantee stability. Thus, we call
the appended controller a supervisory controller. In this note, we say a system is stable if

its state variables are uniformly bounded.

5.3 Design principle of Supervisory controller

Designing a supervisory controller for a nonlinear fuzzy controller system where the
fuzzy controller already exists has been discussed in and proposes modifications of the
supervisory control which switch to the supervisory mode gradually.

Consider the nonlinear system governed by the differential equation,

X = £, %y XN g (2, %y, X G.D
where x € R is the output of the system, u € R is the control, x =(x,%,......,x" )7 is the

state vector which is assumed to be measurable or computable, and f and g are unknown
nonlinear functions. We assume that g> 0. From nonlinear control theory we know that
this system is in normal form and many general nonlinear systems can be transformed
into this form. The main restriction is that the control u is required to appear linearly in

the equation.

Now suppose that we have already designed a fuzzy controller,

u=u,(x) | | G.2)
This can be done by synthesizing fuzzy control rules from human experts and/or By trial
and error using designing tools. Our task is to guarantee the stability of the closed-loop
system, and, at the same time, without changing the existing design of the fuzzy
controller. More specifically, we are required to design a controller whose main control
action 1is the: fuzzy control uy and that the closed-loop system with this controller is
globally stable in the sense that the state x is uniformly bounded, i.e., | x(¢) | £ M, for all
t > 0, where M is a constant given by the designer.
For this task, we append the fuzzy controller #, with a supervisory controller u; which is
nonzero only when the state x hits the boundary of the constraint set { x : |x| <M}, ie.,

the control now is,
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u=u,) if  |x|sSM (53)
=u,(x) it |x[>M

Therefore, the main control action is still the fuzzy control u. Our task now is to design u;

such that we always have { x| < M, for all t > 0.

31



CHAPTER 6

Neural Network Control

6.1 Introduction

Artificial neural networks (ANNSs) are the highly simplified models of biological nervous
system and therefore have drawn their motivation from the way of computing performed
by human brain. ANN is a highly interconnected network of a large number of prbcessing
elements called neurons in an architecture inspired by the human brain. An ANN can be
massively parallel and therefore is said to exhibit parallel distributed processing. The
power of neural networks is in their ability to learn and to store knowledge. Neural
networks purport to simulate in a simplified manner the activities of processes that occur
- in the human brain. The ability to learn is one of the main advantages that make neural
networks so attractive. In control engineering neural networks can be used to control
multi input, multi output non-linear systems having delays. The ability of neural networks
to control engineering processes without prior knowledge of the system dynamics is very
appealing to researchers and engineers in the field. [42] discusses the neural network
approach to control systems. Many papers has been published dealing with the

application of artificial neural network technique to control Ball beam system.

Neural Network
— including connections

(called weights)
Input between neurons Output

Compare

Adjust
weights

Fig. 6.1 Neural Network functioning

A neural network performs a particular function by adjusting the values of the

connections (weights) between elements so that a particular input leads to a specific target
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output. Such a situation is shown in Fig. 6.1 where the network is adjusted, based on a
comparison of the output and the target, until the network output matches the target.
Typically many such input/target pairs are used to train a network in this type of learning

called supervised learning.

6.2 Neuron model

An elementary neuron with R inputs is shown in Fig. 6.2. Each input is weighted with an
appropriate weight. The sum of the weighted inputs and the bias forms the input to the
transfer function /. Neurons may use any differentiable transfer function f to generate

their output.

Input  General Neuron

N N
f)’l W |
75 S S
];R wuz b
/U1 J
= f(Wp+b)

Fig. 6.2 Single Neuron Model

Their sum is simply Wp, the dot product of the (single row) matrix W and the vector p.
The neuron has a bias &, which is summed with the weighted inputs to form the net input

n. This sum, #, is the argument of the transfer function f.

6.3 Neural Network Architecture

There are several classes of ANNS, classified according to their learning mechanism. The
three basic classes of networks include Single layer feedforward, Multilayer feedforward

and Recurrent networks.
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1. Single Layer feedforward network

This type of network comprises only two layers, namely input and output layer. The input
neurons receive the input signals and the output neurons give the output signal. The
synaptic links carrying the weights connect every input neuron to the output neuron but
not vice-versa. The graph is acyclic in nature, hence called feedforward network. Despite
the two layers, the network is termed single layer as it is only output layer thaf performs

computation. Input layer only transmits the signals to the output layer.

z, @

Fig. 6.3 Single layer network with two inputs and one output

2. Multi Layer Feedforward Network

This type of network consists of multiple layers. The architecture besides possessing input
and output layer also have one or more intermediately layers called hidden layers. The
hidden layer aids in performing useful intermediately computation before directing input
to output layer. A multilayer feedforward network with / input neurons, 7, neurons in first
hidden layer, 7, neurons in the second hidden layer and n output neurons is written as /-

M- mxn.

INPUT LAYER HIDDEN LAYERS OUTPUT LAYER

Nya Nra—y Nuees

Fig. 6.4 Multilayer feedforward network
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3. Recurrent Networks

These networks differ from feedforward network architectures in the sense J;hat there is at
least one feedback loop. There could also be neurons with self-feedback links, i.e. the

output of a neuron is fed back into itself as input.

INPUTLAYER HIDDEN LAYER

&7 T _ouTRUT LAYER

.y
MO

Fig. 6.5 Recurrent Network

6.4 Types of activation functions:

A function Fy is needed which takes the total input si(t) and produces a new value of the
activation of the unit k. Often, the activation function is a non decreasing function of the

total input of the unit:
Yy (t+D)=F (s, (1) =F; (2 w, 1)y, (1)+6, (f)j

Although activation functions are not restricted to nondecreasing functions, generally,
some sort of threshold function is used: a hard limiting threshold function (a sgn

function), or a linear or semi-linear function, or a smoothly limiting threshold.
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a = hardiini(n)

Fig. 6.6 Hard-Limit Transfer Function

" The perceptron neuron produces a 1 if the net input into the transfer function is equal to
or greater than 0; otherwise it produces a 0. The hard-limit transfer function gives a
perceptron the ability to classify input vectors by dividing the input space into two
regions. Specifically, outputs will be 0 if the net input # is less than 0, or 1 if the net input

n is O or greater.

Differentiable Activation functions

The back propagation algorithm looks for the minimum of the error function in weight
space using the method of gradient descent. The combination of weights which minimizes
the error function is considered to be a solution of the learning problcin. Since this
method requires computation of the gradient of the error function at each iteration step,
we must guarantee the continuity and differentiability of the error function. Obviously we
have to use a kind of activation function which is differentiable otherwise the composite
function produced by interconnected perceptrons will be discontinuous, and therefore the
error function too. One of the more popular activation functions for backpropagation

networks is the sigmoid, a real function s: R — (0, 1) defined by the express

s(x)=

1+e™

The derivative of the sigmoid with respect to X, is

=X

7 =s(0)(1-5(x)

d e
T
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a=logsigin)
Fig. 6.7 Sigmoidal transfer function
The sigmoid function generates outputs between 0 and | as the neuron’s net input goes

_from negative to positive infinity. Alternatively, multilayer networks may use the tan-

sigmoid transfer function as given by,

a = ransig(n)
Fig. 6.8 Tan-sigmoid Transfer function

Ocassionally, the linear transfer function purelin is used in backpropagation networks
given by,

a = purelin(n)
Fig. 6.9 Linear Transfer Function

If the last layer of a multilayer network has sigmoid neurons, then the outputs of the

network are limited to a small range. If linear output neurons are used the network outputs
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can take on any value. Each of the transfer functions above, tan-sigmoid, log-sigmoid and

linear function, have a corresponding derivative function.

6.5 General feed-forward network

6.5.1 The learning problem

In general definition, a feed-forward neural network is a computational graph whose
nodes are computing units and whose directed edges transmit numerical information from
node to node. Each computing unit is capable of evaluating a single primitive function of
its input. In fact the network represents a chain of function compositions which transform
an input to an output vector (called a pattern). The network is a particular implementation
of a composite function from input to output space, which we call the network function.
The learning problem consists of finding the optimal combination of weights so that the
network function approximates a given function f as closely as possible. However, we are

not given the function f explicitly but only implicitly through some examples.

Consider a feed-forward network with n input and m output units. It can consist of any
number of hidden units and can exhibit any desired feed-forward connection pattern. We
are also given a training set {(Xi,t1),.....(Xp.tp)} consisting of p ordered pairs of n- and m-
dimensional vectors, which are called the input and output patterns. Let the primitive
functions at each node of the network be continuous and differentiable. The weights of
the edges. are real numbers selected at random. When the input pattern xi from the
training set is presented to this network, it produces an output o; differeént in genéral from
the target t;. What we want is to make o; and t; identical for 1= 1,.....,p, by using a learning
algorithm. ‘More precisely, we want to minimize the error function of the network,
defined as, ‘

E =lzp:(o, —t,.)2
2% ©.1)

After minimizing this function for the training set, new unknown input patterns are
presented to the network and we expect it to interpolate. The network must recognize

whether a new input vector is similar to learned patterns and produce a similar output.
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6.5.2 Paradigms of Learning

Neural Networks learn by examples. They can therefore be trained with known examples

. of a problem to acquire knowledge about it. Once appropriately trained, the network can

be put to effectively utilize in solving unknown or untrained instances of the problem.
The process of modifying the weights in the connections between network layers with the
objective of achieving the expected output is called training a network. The internal
process which takes place when a network is trained is called learning. Generally, there

are’3 types of learning as follows :

1. Supervised Learning or Associative Learning:
It is the process of providing the network with a series of sample inputs and
comparing the output with the expected responses. The training continues until the
network is able to provide the expected response. The weights may then be
adjusted according to a learning algorithm. This process is called supervised
learning. Some of the supervised learning algorithm includes Backpropagation,

Adaline, madaline, Hebb net, counter propagation net etc.

2. Unsupervised Learning or Self organized Learning:
If for the training input vectérs, the target output is not known, the training
method adopted is called supervised training. The net may modify the weight so |
that most similar input vector is assigned to the same output unit. Unsupervised
networks are far more complex and difficult to implement. It involves looping
connections back into feedback layers and iterating through the process until some
sort of stable recall is achieved. These are also called self learning or self
organizing networks because of their ability to carry out self learning. Self

organizing feature maps, Adaptive resonance theory are examples of this category.

3. Reinforcement Training
In this method, a teacher is also assumed to be present, but the right answer is not
presented to the network. Instead, an indication of whether the output answer is
right or wrong is presented. The network then uses this information to improve its
performance. This type of learning is applied when knowledge required for

supervised learning is not available.
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6.5.3 Modifying patterns of connectivity

All learning paradigms discussed above result in an adjustment of the weights of the
connections between units, according to some modification rule. Virtually all learning
rules for models of this type can be considered as a variant of the Hebbian learning rule
suggested by Hebb in his classic book Organization of Behaviour (1949) (Hebb, 1949).
The basic idea is that if two units j and k are active simultaneously, their interconnection
must be strengthened. If j receives inptit from k, the simplest version of Hebbian learning

prescribes to modify the weight w, with

Aw, =7y, ¥, (6.2)
where y is a positive constant of proportionality representing the learning rate. Another
common rule uses not the actual activation of unit k but the difference between the actual
and desired activation for adjusting the weights: '

Aw, =yy,d,.—y,) 6.3)
in which d, is the desired activation provided by a teacher. This is often called the

Widrow-Hoff rule or delta rule.

6.6 Networks with linear activation functions: The delta rule

For a single layer network with an output unit with a linear activation function the output

is simply given by,

y= Zw X, +6

(6.4)
Such a simple network is able to represent a linear relationship between the value of the
oufput unit and the value of the input unit. Suppose we want to train the network such that
a hyperplane is fitted as well as possible to a set of training samples consisting of input
values x” and desired (or target) output values d°. For every given input sample, the
output of the network differs from the target value d” by (d” - y*), where y® is the actual
output for this pattern. The delta-rule now uses a cost or error-function based on these
differences to adjust the weights.
The error function, as indicated by the name least mean square, is the summed squared

error. That is, the total error E is defined to be
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E=ZE‘” =12(dp _yp)Z
| v 2% (6.5)
where the index p ranges over the sct of input patterns and EP represents the error on
pattern p. The LMS procédure finds the values of all the weights that minimise the error
function by a method called gradient descent. The idea is to make a change in the weight,
proportional to the negative of the derivative of the error as measured on the current

pattern with respect to each weight:

_ _OE”
Aw, =~y W .
7 (6.6)

where ¥ is a constant of proportionality. The derivative is

OE” _OE® oy*
ow; ¥ ow,
Because of the linear units,
aJ)P
ow,
. J
And
OE¥
o =@
Such that
— D~
A w, =y5"x; (6.7)

where 6% =d* —y” is the difference between the target output and the actual output for
pattern p.

The delta rule modifies weight appropriately for target and actual outputs of either
polarity and for both continuous and binary input and output units. These characteristics

- have opened up a wealth of new applications.

Minsky and Papert (Minsky & Papert, 1969) showed in 1969 that a two layer feed-
forward network can overcome many restrictions and are capable of computing a wider
range of functions than networks with a single layer of computing units, but did not
present a solution to the problem of how to adjust the weights from input to hidden units.
The computational effort needed for finding the correct combination of weights increases
substantially when more parameters and more complicated topologies are considered. An

answer to this question was presented by Rumelhart, Hinton and Williams in 1986 [19],

41



and similar solutions appeared to have been published earlier (Werbos, 1974; Parker,

1985; Cun, 1985). The central idea behind this solution is that the errors for the units of

the hidden layer are determined by back-propagating the errors of the units of the output

layer. For this reason the method is often called the back-propagati_on learning rule. Back-

propagation can also be considered as a generalisation of the delta rule for non-linear
“activation functions and multilayer networks. .

Although back-propagation can be applied to networks with any number of layers,
just as for networks with binary units it has been shown (Homnik, Stinchcombe, & White,
1989; Funahashi, 1989; Cybenko, 1989; Hartman, Keeler, & Kowalski, 1990) that only
one layer of hidden units success to approximate any function with finitely many
discontinuities to arbitrary precision, provided the activation functions of the hidden units
are non-linear. In most applications a feed-forward network with a single layer of hidden

units is used with a sigmoid activation function for the units.

6.7 The Generalised delta or Back-Propagation rule

Back propagation is a supervised learning method, and is a generalization of the delta
rule. It requires a teacher that knows, or can calculate, the desired output for any input in
the training set. It is most useful for feed-forward networks (networks that have no
feedback, or simply, that have no connections that loop). The term is an abbreviation for
"backward propagation of errors". Backpropagation networks are necessarily multilayer
perceptrons. In order for the hidden layer to serve any useful function, multilayer
networks must have non-linear activation functions for the multiple layers: a multilayer
network using only linear activation functions is equivalent to some single layer, linear
network. The detailed explanation of Backpropagation networks can be found in [43].
Since we are now using units with nonlinear activation functions, we have to generalise
the delta rule which was presented for linear functions to the set of non-linear activation

functions.
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Fig. 6.10 Multilayer feedforward network

The activation is a differentiable function of the total input, given

ylf =F(Sf) (6.8)
in which '
Z WiV +6,
(6.9)
To get the correct generalisation of the delta rule, we must set
OE?®
A pWia =Y B
& (6.10)

The error measure Ep 1s defined as the total quadratic error for pattern p at the output
units:

Z( P—yry

245 (6.11)

where d? is the desired output for unit o when pattern p is clamped. We further set E

=).p EP as the summed squared error. We can write

OE* _OE” Osf
ow,  Osf ow,

Jk

By equation (6.9) we see that the second factor in above eqn. is

(6.12)
‘When we define
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Os¢ (6.13)

we will get an update rule which is equivalent to the delta rule, resulting in a gradient
descent on the error surface if we make the weight changes according to:
AW, =y5 Y]

Pk

(6.14)

The trick is to figure out what 8} should be for each unit k in the network. The interesting
result, which we now derive, is that there is a simple recursive computation of these 8's

which can be implemented by propagating error signals backward through the network.

To compute §;, we apply the chain rule to write this partial derivative as the product of
two factors, one factor reflecting the change in error as a function of the output of the unit

and one reflecting the change in the output as a function of changes in the input. Thus, we

have
5P __OE* _ OE* O}
f sy oy Osy; (6.15)
Let us compute the second factor. By equation (6.8) we see that
' 4
2 - Pt
S (6.16)

which is simply the derivative of the squashing function F for the kth unit, evaluated at
the net input sy to that unit. To compute the first factor of equation (6.15), we consider

two cases. First, assume that unit k is an output unit k = o of the network. In this case, it

follows from the definition of E? that

OF*

—==(d; =)
. | (6.17)

which is the same result as we obtained with the standard delta rule. Substituting this and
equation (6.16) in equation (6.15), we get,

87 =(d} —Y)F, (D)

(6.18)
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for any output unit o. Secondly, if k is not an output unit but a hidden unit k = h, we do
not readily know the contribution of the unit to the output error of the network. However,
the error measure can be written as a function of the net inputs from hidden to output

layer and we use the chain rule to write

N, E" Os? N, OE”* Ny, N, aEp Ny .
=z o _2 Ds? 2 WiV J _Z Who = zafwlm

pom oo OsY oyy 53 pour P (6.19)

Substituting this in equation (6.15) yields
5 = F DY 5w,
p= (6.20)
Equations of (6.18) and (6.20) give a recursive procedure for computing the &'s for all
units in the network, which are then uséd to compute the weight changes. This procedure

constitutes the generaliéed delta rule for a feed-forward network of non-linear units.
The application of the generalised delta rule thus involves two phases: During the first
phase, the input x is presented and propagated forward through the network to compute
the output values y, for each output unit. This output is compared with its desired value
do, resulting in an error signal E, for each output unit. We strive to change the
connections in such a way that, néxt time around, the error ¢, will be zero for this
particular pattern. The second phase involves a backward pass through the network
during which the error signal is passed to each unit in the network and appropriate weight

changes are calculated.

6.8 Back Propagation network parameter selection:

For the efficient operation of BP network, it is necessary to select appropriately the

parameters used for training.

6.5.1 Initial weights
It will influence whether the net reaches a global minima of the error and if so
how rapidly it converges. If the initial weight is too large, the initial signals to
each hidden or output unit will fall in saturation region where the derivative of

sigmoid has very small value. If weights are too small, the net input to hidden or
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output unit will approach zero, which then causes extremely slow learning. So,

initial weights and biases are set to random numbers between -0.5 to 0.5 or -1 to 1.

6.5.2 Learning rate
A high learning rate leads to rapid learning but the weights may oscillate, while a
lower learning rate leads to slower learning. One method is to start with a high
learning rate and steadily decrease it. Changes in weight vector must be small in

order to reduce oscillations or any divergence.

6.9 Deficiencies of back-propagation

Despite the apparent success of the back-propagation learning algorithm, there are some

aspects which make the algorithm not guaranteed to be universally useful.

Slow Training Process
Most troublesome is the long training process. This can be a result of a non-optimum
learning rate and momentum. A lot of advanced algorithms based on back propagation

learning have some optimised method to adapt this learning rate.

Network paralysis

As the network trains, the weights can be adjusted to very large values. The total input of
a hidden unit or output unit can therefore reach very high (either positive or negative)
values, and because of the sigmoid activation function the unit will have an activation

very close to zero or very close to one. The weight adjustments which are proportional to

y{(1-yf) will be close to zero and the training process can come to a virtual standstill.

Local minima

The error surface of a complex network is full of hills and valleys. Because of the
gradient descent, the network can get trapped in a local _minimurh when there is a much
deeper n‘u'ninﬁum nearby. Probabilistic methods can help to avoid this trap, but they tend
to be slow. Another suggested possibility is to increase the number of hidden units.
Although this will work because of the higher dimensionality of the error space, and the

chance to get trapped is smaller, it appears that there is some upper limit of the number of
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hidden units which, when exceeded, again results in the system being trapped in local
minima. Figure 6.11 shows an example of a local minimum with a higher error level than
in other regions. There is a valley in the error function and if gradient descent is started

there the algorithm will not converge to the global minimum.

Fig. 6.11 Local and global minima in the error surface

6.10 Neural Network controller for Ball Beam system

Ball Beam system is a nonlinear system with delayed feedback and hence needs some
special techniques and complicated mathematical derivation in conventional control
methods. Neural network is a non-classical means to solve the ball beam control problem.
The special features of ANN over conventional approach include model free approach,

learning and generalizing capability and high noise tolerance.

A Neural Network controller has been designed for ball beam system using
MATLAB Neural Network toolbox [44]. There are various functions available such as
functions to create a network with adjustable number of inputs and outputs nodes as well
as number of hidden layers and number of neurons in each layer and there are functions
also to train and simulate the networks. The network designed has two inputs error and
change in error and one control output and utilizes Backpropagation algorithm to train the
network.
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Fig. 6.12 Closed loop system with Neural Network controller
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CHAPTER 7
Neuro-Fuzzy Hybrid Controller

7.1 Introduction

The fuzzy model gencrated after training the adaptive neural network is called Adaptive

Neuro-Fuzzy Inference- system (ANFIS).This is one of the most researched forms of |
hybrid systems and has resulted in a stupendous quantity of publicatioﬂ and research
results. Neural Network and Fuzzy logic represent two distinct methodologies to deal
with uncertainty. Each of them has its own merits and demerits. Neural Networks are
highly simplified model of human nervous system which mimics our ability to adapt to
circumstances and learn from past experience. NNs can model complex nonlinear
relationships and are appropriately suited for classification phenomenon into
predetermined classes. But, the precision of outputs is quite often limited and does not
ensure zero error but only minimization of least error. Besides, the training data has to be
chosen carefully so as to cover the entire range over which the different variables are

expected to vary. In addition, the training time required for NN can be substantially large. |

On the other hand, Fuzzy logic system addresses the imprecision or vagueness in
input-output description of system by defining them using fuzzy sets and allows for a
greater flexibility in formulating system description at the appropriate level of detail. But,
the disadvantages in designing FLC include: 1) No standard methods exist for
transforming human knowledge or experience into the rule base and database of a fuzzy
inference system. 2) There is a need for effective methods for tuning the membership
functions (MF’s) so as to minimize the output error measure or maximize performance

index.

Various attempts have been successfully made to synergize these different
techniques in whole or in part to solve problems for which these technologies could not
find solutions individually. The objective of hybridization has been to overcome the
weaknesses in one technology during its application with the strength of other by
appropriately integrating them..
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Adaptive Neuro Fuzzy Inference Systems are a form of Neuro-Fuzzy hybrid. These are a
class of adaptive networks that are functionally equivalent to fuzzy inference systems.
ANFIS represent Takagi Sugeno fuzzy model and uses a hybrid learning algorithm which

is the combination of Gradient descent and least square estimates method.

7.2 ANFIS Architecture

"An adaptive network is a multilayer feedforward network in which each node performs a
particular function (node function) on incoming signals as well as a set of parameters
pertaining to this node. The formulas for the node functions may vary from node to node,
and the choice of each node function depends on the overall input-output function which
the adaptive network is required to carfy out. Note that the links in an adaptive network
only indicate the flow direction of signals between nodes; no weights are associated with
the links. To reflect different adaptive capabilities, we use both circle and square nodes in
an adaptive network. A square node (adaptive node) has parameters while a circle node
(fixed node) has none. The parameter set of an adaptive network is the union of the
" parameter sets of each adaptive node. In order to achicve a desired input-output mapping,
these parameters are updated according to given training data and a hybrid learning
algorithm. Functionally, there are almost no constraints on the node functions of an
adaptive network except piecewise differentiability. Structﬁrally, the only limitation of

network configuration is that it should be of feed forward type..
If the FIS under consideration has two inputs and one output, then the fuzzy rule base
algorithm in Takagi Sugeno form [54] can be represented as :

" Let, x and y are two inputs with A;, A,,......... A, be the linguistic terms used to describe

membership function for x. Similarly, By, B,,............ B, be the linguistic term for y, then,

Rule 1: Ifxis Ajand yis B; ,then fi=pix+qu y+n

Rule 2: Ifxis A;and yis B, ,then H=p, x+ o y+ 12
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Rule n: Ifxis Ajand yis By, then fy=pax+qny + 1

The ANFIS architecture with above rules is shown in Fig. 7.1. The architecture shown
consists of 5 layers, which are defined as: -

Layer 1: Every i node in this layer is an adaptive node with its output defined as,
Oui=p, (x) , for nodes with input x
01 = 14 (y) , for nodes with input y

The membership function for A and B can be any appropriate parameterized membership
function, where the adjustable parameters, in this layer are called premise parametér.

Layer 2: Every node in this layer is fixed node shown as I1, which fnultiplies incoming
signals and outputs the product or T norm.

c.g. 02i= g, (X)x 1z ()

Each node output represents the firing strength of a rule.

Layer 3: Every node in this layer is fixed node shown as N, called normalizing function.
The i node calculates the ratio of i rule’s firing strength to the sum of all rule’s firing
strength, ' :

Layer 4: Every i node in this layer is an adaptive node with function:
Oai= w.f, =w(px+q,y+1)

Where {p, q, r} is parameter set called consequent parameter.
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Layer 5: The node in this layer is function X which computes sum of all incoming signals

_ 2w
05,i=zw,:f,.= 'Zw

i

This results in an adaptive network which modifies premise and consequent parameter for
minimum error and having same function as Sugeno fuzzy model.

La}'er 1 La}ter 2 La}"e’f 3 La}'er 4 ' La}'e:r 5
Xy
Wl W1 _ l
x I N
Wi f)
® ® ®
L ® @ 5 £
o ® ‘{. ¢
o . |
W, W, /S Wnf
I N
¥
Fig. 7.1 Architecture of 2- mput 1-output ANFIS
7.3 Hybrid Learning Algorithm .

The ANFIS can be trained by a hybrid learning algorifhm present¢d.by Jang [108]. From
the proposed ANFIS architecture, it is observed that given the values of premise
parameters, the overall output can be expressed as a linear combinations of the

consequent parameters. More precisely, the output fin Fig. 7.1 can be rewritten as,

w, w,
f=—"—f+—"f,
wtw, T owtw,

=W1f1+"_1':2f2

= (Wlx)Pl + (wly)ql + (wl )'i + (sz)Pz + (Wzy)‘h + (wz)rz
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which is linear in the consequent parameters ( pi, qi, 1, P2, Q2 and 12) . As a result, we -
have

§ = set of total parameters

S: = set of premise parameters

S> = set of consequent parameter

More specifically, in the forward pass of the hybrid learning algorithm, functional signals
go forward till layer 4 and the consequent parameters are identified by the least squares
estimate. In the backward pass, the error rates propagate backward and the premise
parameters are updated by the gradient descent.

The consequent parameters thus identified are optimal (in the consequent
parameter space) under the condition that the premise parameters are fixed. Accordingly
the hybrid approach is much faster than the strict gradient descent. Howeyer, it should be
noted that the computation complexity of the least squares estimate is higher than that of

the gradient descent.

7.4  ANFIS controller for Ball Beam system

ANFIS solves the tuning problem involved with fuzzy controllers by tuning the fuzzy
premise and consequent parameters to minimize error with the help of neural network
learning capability. It serves as an advanced technique to control complex non-linear

systems.

While manually designing Fuzzy controller for Ball beam system, it was difficult
to decide the universe of discourse for input and output fuzzy variables. This problem is -
solved by ANFIS by utilizing training data obtained from PD controller. Other tuning
parameters such as overlap among membership functions and membership functions

parameters are also tuned by ANFIS.

Fig. 7.2 shows a 2-input ANFIS with nine rules. Three membership functions are
associated with each input, so the input space is partitioned into nine fuzzy subspaces,
each of which is governed by fuzzy if-then rules. The premise part of a rule delineates a

fuzzy subspace, while the consequent part specifies the output within this fuzzy subspace.
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CHAPTER 8

Results and Discussion

8.1 Simulation Results
8.1.1 Sliding Mode Controller

The Ball position response of SMC with simplified model given in eqn. (2.1), obtained
with the help of MATLAB/Simulink simulation is shown in Fig. 8.1. The system
parameters used in simulation are given in Appendix. The figure shows that it takes
-around 2 sec to settle the ball for given initial condition of 0.1 m. The system does not
show any overshoot and undershoot as shown in figure for well tuned parameters.
However, the position response shows little oscillation in the steady state. The value of

both constants A and p, used in sec.3.2.1 were chosen to be 1.5.

0.1

0.08 |- X --

0.06 |----}- T (RS R SR S S S SRR I S 4
0.04 F----- e S - s SN SN A S .

0.02 F-mmmmmt e bbb

Ball Position (m)

bt

-0.02
0 10

Time (sec)

Fig. 8.1 Ball position for simplified model using SMC

The control output of SMC is shown in Fig. 8.2 for simplified ball beam model. It can be _
seen from figure that control signal is discontinuous unlike conventional controllers. The
phase plane plot for the ball position and velocity states is shown in Fig. 8.3, given initial
condition (0.1, 0), the SMC is able to reach the sliding lin_e, however, chattering exists

along the sliding line.

55



X2

0.4 T T 5 !
= 02F----- S - ‘- {1h
= ; : E
g s s s l
T 0 - @ - rewan 11 :. 4 A N iyt S
5 s [ 1 I l
8 ool ';J. A ,
0.4 I ] l | ] ]
0 1 2 3 4 5 7 9 10
Time(sec)
Fig. 8.2 SMC Control output for simplified model
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Fig. 8.3 Phase plane plot ball position and velocity state
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Simulation result for complete model:

0-1 : : ! ! : ! ! : !
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Fig. 8.4 Ball position for complete model using SMC

The SMC control law obtained in eqn. (3.5) for the complete Ball beam model given by
eqn. (2.2) and (2.3) has been designed and simulated in MATLAB/Simulink. The ball
position response is given in Fig. 8.4 which shows smooth control action with 3 sec to

reach steady state. Ball velocity and Beam angle has been shown in Fig. 8.5 and Fig. 8.6

respectively.
e I e
e B B
E ! : : : ! : ! : :
z j E : 5 i E : E E
B L e DRt EECTEET EEDERDY EEPPOEE CEEERRE EEPRRDY SRR
S
KUY NP A6 SRS SUNUE SRS SORU SONURNS SUUONN S SRS S
-0.15 | i i i i i | i i
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Fig. 8.5 Ball velocity for actual model using SMC
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Fig. 8.7 SMC control input for actual model
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8.1.2 Fuzzy Logic Controller

The Simulink model of Ball beam system given in eqn. (2.1) is used for simulation
purpose. The fuzzy controller designed is a Mamdani FIS with 2 inputs and 1 output. The
Ball position error e(t) and change in error é(t) are the two inputs whose membership
function s was shown in Fig. 4.4. The output membership function was shown in Fig. 4.5.
The fuzzy scaling parameters used for control of Ball Beam system are ge = 15, gce = 6
and gu = 3.The ball position response is shown in Fig. 8.8. The surface view plotted with

error, change in error and control is shown in Fig. 8.9.
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Fig. 8.8 Ball Position response of Fuzzy controller

Fig. 8.9 Fuzzy Controller Surface Viewer
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8.1.3 Two Level Controller ( Fuzzy with SMC Supervisor )

The fuzzy controller designed in the previous section could balance the system with small
initial ball positions but as the initial ball position is increased, i.e. the states of the system
goes beyond the universe of Fuzzy controller, it is not able to provide required control
and hence system does not settle to the desired position. Fig. 8.10 shows the response of
Fuzzy controller with mitial ball positions of 0.05, 0.1, 0.15, 0.3 and 0.5. It is clear from
figure that FLC is able to stabilize the system only for initial ball positions of 0.05 and 0.1
‘and if this value is increased, FLC is unable to stabilize the ball to reference position

which is taken as 0.
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Fig. 8.10 FLC response with different initial conditions

Now, SMC designed earlier is appended to FLC as a supervisory controller using a
switching logic such that when FLC is unable to stabilize or the state goes beyond its
range, SMC supervisbr immediately becomes active and is then responsible for providing
sufficient control. FLC with SMC supervisor response with different initial ball position

has been shown in Fig 8.11. It is clear from figure that if initial condition is increased
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beyond 0.1m, this two level scheme is able to stabilize the system. In other words, FL.C

with Supervisor is able to stabilize the system for any initial ball position.
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Fig. 8.11 FLC with Supervisory controller for different initial conditions

8.1.4 Neural Network Controller

To design the Neural Controller, first step was to collect the relevant data that may be.
used for training. To train the NN Controller for its proper behaviour, the idea was to
force it to perform similar to well tuned PD controller [20]. The ball position error e(t)
and change in error de(t)/dt are the two inputs whose values obtained from well tuned PD
controller is fed to train NN. The control signal u(t) obtained from PD is fed as target
output. The training operation is done by writing a MATLAB m-file code which defines a
backpropagation network and trains it using data provided for training. NN is trained for
1000 epochs using a Levenberg-Marquardt backpropagation network training function.
The weight and bias values are adjusted according to gradient descent with momentum

weight and bias learning function.
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Mean square error vs. Number of epochs. Fig. 8.13 shows the fitting of NN actual output

Fig. 8.12 shows the performance plot of NN generated after training, which is plot of
with the target output.
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The dashed line in Fig. 8.12 shows the target output whereas solid line represents actual
output of NN controller. It is clear from above figure that NN is able to fit the data

exactly.

After observing simulation results, it is clear from Fig., 8.14 that for given, initial
condition 0.1 m for ball position and 0 m as the reference position, the NN controller

controls the ball and takes around 3.2 seconds to settle it to reference position.
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Fig. 8.14 Ball position response of Neural network Controller

8.1.5 ANFIS Controller

To design the ANFIS controller, first step was to collect the relevant data that may be
used for training of ANFIS. To train the ANFIS for its proper behaviour, the idea was to
force it to perform similar to well tuned PD controller [20] as was done in case of neural
network. The second step was to choose the type of signal to be fed to ANFIS as inputs so
that all the possible combinations of the different inputs is fed. If the ANFIS is trained
with the data obtained only from PD, then.in case of parameter variation and external
disturbance, ANFIS will not perform satisfactory. Hence, training ANFIS with all input

combination ensures proper behaviour in presence of noise and parameter variation.

The ball position error e(t) and change in error de(t)/dt are the two inputs whose all
possible combination with in a given range is fed to train ANFIS. The control signal u(t)

obtained from PD is fed as target output. Then, ANFIS is trained for 25 epochs using a
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: hybﬁd training algorithm which is a combination of least square and back propagation
gradient descent method. Consequently, membership function parameters of single-
output, Sugeno type fuzzy inference systems (FIS) are obtained. Fig. 8.15(a) and 8.15(b)
shows the properly tuned membership function generated after training ANFIS. Fig. 8.16
shows the control surface of ANFIS generated Fuzzy controller which is completely

linear. The resulted FIS is then used in closed loop with ball and beam system.
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Fig. 8.15(a). Membership function for error
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Fig. 8.15(b). Membership function for change in error
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Fig. 8.17 Ball position response of PD and ANFIS controller

After observing simulation result, it is clear from Fig.8.17, given, initial condition 0.1 m

for ball position and 0 m as the reference position, the ANFIS controller controls the ball

and takes 0.9 seconds to settle it to reference position while PD takes 2.2 seconds.
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Fig. 8.18 Ball position response in. presence of disturbance

The difference in performance of these 2 controllers becomes more observable when
external random disturbance is applied to the plant. Fig. 8.18 shows the output of two
controllers with disturbance acting on plant. In this case also ANFIS performs better as

steady state error is very small as compared to that of PD.

8.1.6 Comparison of various controllers

The output response of different controllers designed and sirhulated in
MATLAB/Simulink is compared with the help of Fig. 8.19. Table 8.1 gives the
comparison of simulation results of SMC, FLC, NN and ANFIS controllers designed for
ball beam system. It can be observed from the table that the settling time and rise time is

least in case of ANFIS. Overshoot and Steady state error is zero in case of all controllers.
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Fig.8.19 Ball position response of different controllers
Specification SMC FLC NN ANFIS
Settling time 1.9s 1.5s 3.05s 09s
Rise time 1.15s 1.05s 2.1s 0.65s
Steady state error 0 0 0 0
Overshoot 0 0 0 0

Table 8.1 Comparison of various controllers

8.2 Experimental Results

The real time control application was carried out in the ball and beam hardware. The
beam is 40 cm long, the radius and mass of ball are 0.01 m and 0.028 Kg respectively.
Input to the system is motor control voltage and output is motor position (8) and ball
position (r). The motion of the motor’s shaft is governed by IPM100 intelligent drive
which is included within hardware. This is a high precision, fully digital servo drive with
embedded intelligence and 100W power amplifier suitable for brushless/brush motors.
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Based on feedback information from sensors, it computes error between reference and
current ball position and then applies appropriate PWM modulated voltage to the motor
windings in such a way that a sufficient torque moves the motor shaft according the user

programmed control algorithm.

IPM100 communicates with PC through RS-232 interface. The DC voltage to the drive is
provided by the DC power supply. The control program is operated in windows Xp under
MATLAB/SIMULINK. Since, resulting ANFIS controller requires ball position as well
as velocity to be fed to it, derivative block of Simulink has been used to calculate
.velocity, as direct velocity measurement is not available. This requires position signals

should be smooth enough; hence, first order LPF has been used.

8.2.1 PD controller for Ball beam system

The proportional and derivative gains used for PD controller were 20 and 10 respectively.
Fig. 8.20 shows the ball position error as function of time when PD controller controls the

system. The response has somewhat larger overshoot and small steady state error.

Ball Position Error (m)

Time (s) x 16"

Fig.8.20 Ball position error response of PD controller
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8.2.2 NN controller for Ball beam system

The position error response of neural network controller implemented for the real time
control 1s shown in Fig. 8.21. The network was designed with 2 inputs, 1 hidden layer
with 5 nodes and 1 output and was trained using Levenberg-Marquardt backpropagation

network training function.

Fig. 8.21 Ball position error response of NN controller

8.2.3 ANFIS controller for Ball beam system

The scaling factor used for error, change in error and control output in case of ANFIS
controller were 0.5, 110 and 4 respectively. Fig. 8.22 shows the ANFIS control which
stabilizes the system to reference position of 20 cm and results in small steady state error

and small overshoot than PD.

8.2.4 Experimental comparison of various controllers

The real time performance of PD, NN and ANFIS .controllers has been compared in
Table. 2. The table shows that overshoot and steady state error is least in case of ANFIS

whereas settling time is least in case of NN.
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Fig.8.22 Ball position error response of ANFIS controller
Specification PD NN ANFIS
Settling time 2.7s 23s 39s
Overshoot 65.7 % 105 % 26.4%
Steady state error 0.015 m 0.032 m 0.0l m

Table 8.2 Comparison of PD, NN and ANFIS in real time control
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CHAPTER9

Conclusion and Future scope

Various techniques have been investigated in this research work to control the Ball beam
system. The ball beam system is a good selection as it is a standard unstable nonlinear
system with simplicity in undérstanding its operation and characteristics. However, the
performance depends on the type of controller used. A Sliding mode controller has been
designed and its performance has been analyzed for simple as well as complete model.
The simulation results show that the presented SMC is able to control the system

satisfactorily.

As the ball beam system’s operation is simple to understand and can easily be
described in terms of linguistic labels using if-then statements, it is simpler to implement
a model free technique than designing an SMC after deriving a complex nonlinear model.
The Fuzzy controller designed simply depends on several if then statements and presents
a nonlinear control strategy. The results obtained from simulation show the better
performance of FLC over SMC in terms of smoothness and speed of response. However,

it is seen that SMC has good robustness property than FLC.

A two-level control system with a fuzzy PD controller and a variable structure
based supervisor has been presented. The main advantage of twd-level éontrol is that
different controllers can be designed to target different objectives to meet practical design
specifications. The supervisory controller for fuzzy control systems can guarantee that the
state of the closed-loop system is uniformly bounded. The advantage of this approach is
that we do not need to change the design of the fuzzy controller to guarantee stability; this
permits us to design high performance fuzzy controller. The robustness property of
variable structure control has also been utilized to make it insensitive to parametric
uncertainty and disturbances. The approach has been applied to balance the ball beam
system and 1t has been shown that how the supervisory controller forces the state to be

bounded and fuzzy controller balances the system.

To utilize the advantage of model free approach, another controller using neural
network technique has been proposed. Neural network represents a good black box,

because it has an arbitrary internal configuration that is capable of modelling poorly
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defined processes. The advantages of Neural Networks include fast computation and fault
tolerant feature thus able to perform well under incomplete mformation. The proposed
NN controller is able to smoothly control the ball beam system. However, the response is

slower than FLC and SMC.

To further improve the performance and get more intelligent control, the two
intelligent control techniques FLC and NN, with each having distinct advantage over
other, combined together resulting in ANFIS approach. This eliminates the tuning
requirement in FLC thus makes its desigh simple. The main objective behind designing
ANFIS controller was to implement real time control for Ball beam system. When the
FLC was designed manually ie., by manually tuning the membership functions and
designing the rule base, the resulting FLC was not able to provide appropriate control
action and hence was unable to stabilize the Ball beam hardware. ANFIS, on the other
hand generates a properly tuned FLC with the help of training data provided to it. The
ANFIS generated FLC, as seen from simulation and experiment results, results in better

control action with fastest response among all controllers that have been designed.

The work presented in this dissertation can be extended further to design more
robust and intelligent controller by eliminating the problems involved with the present

work such as:

1.  The chattering probiem shown by SMC could be eliminated by designing the
control law which softens the discontinuity inside boundéry layer as suggested in
chapter 3.

1.  The Sliding mode controller as well as Supervisory control scheme works well in

- simulation. These controllers can be applied for real time control of ball beam

system.
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APPENDIX

The system parameters for simple as well as actual ball and beam mode] are:

m 0.028 Kg

g 9.81m/s”

L 0.40 m

M 0.15Kg

R, 9Q

I 7.35 X 10™* Nm/rad/s*
K.  0.0075 Nm/A

K, 75

d 0.04 m

J) 0.001 Kgm®

Ky 0.5625 V/rad/s

The m-file code to create and train neural network controlier:

load simerror;

load simedot;

load simcontrol;

P = [simerror'; simedot'];
TR = [simcontrol'];

netl = newff(P,TR,3,{}, 'trainlm');
netl = train(netl, P, TR);

a sim(netl, P);

figure;

plot (P,a, P, TR)
gensim(netl, -1)
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