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Abstract

Vibration arises in almost all moving structures. Vibration control is important to many
applications such as robotic arms, aircraft wings, buildings in wind, vehicle transmission systems,
to name but a few. The objective of this thesis is to develop more efficient intelligent controllers

for vibration suppression, mainly for time-varying flexible structures.

At first, based on TS0 and TS1 fuzzy models, novel neural-fuzzy (NF) controllers are
developed for active vibration control of the flexible structures. The NF control paradigms are
intended to integrate the advantages from both fuzzy logic and neural networks while
overcoming their respective limitations. The control reasoning is undertaken by fuzzy logic
whereas the fuzzy control system is optimized by neural network related training algorithms. A
new strategy is suggested to simplify the architectures of the classical NF controllers so as to
make the control process computationally efficient for real-time applications. A recurrent
identification network (RIN) is developed to adaptively identify system dynamics of the time-
varying flexible structures. When system dynamics (e.g., mass, stiffness, and damping) varies,
the proposed RIN and NF controller can effectively recognize the system’s new dynamics and

perform corresponding control operations. A novel hybrid training technique based on real time



recurrent learning (RTRL) and least square estimate (L.SE) is suggested for real-time training of

the RIN scheme to optimize its nonlinear input-output mapping.

The effectiveness of the developed intelligent controllers and the related techniques has been
verified by online experimental tests of corresponding fixed and time-varying dynamic
conditions. Test results have shown that the developed adaptive NF controller outperforms the

classical controllers (e.g., PD) and other related intelligent control strategies.
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Chapter 1 Introduction

1.1 Overview

Vibration control and associated smart structure techniques are critically needed in many
engineering applications such as robotic arms in the precise operations, aerospace systems,
buildings in wind, vehicle transmission systems, etc. This research will tackle the control
problems in engineering systems especially for some more challenging flexible structures. The
flexible structures contain infinite number of vibration modes, and have low rigidity and small
material damping. Even a small external excitation may lead to large amplitude vibration and/or
long vibration decreasing time. The following summarizes the development of vibration control

related to flexible structures in the literature.

1.2 Literature review

Generally speaking, vibration control can be undertaken either passively or actively. The
passive vibration control methods utilize the passive elements such as masses, dampers and
springs, to adjust the characteristics of controlled structures to suppress vibration [1]. Although
the passive control is relatively simple in principle, passive control techniques are usually
difficult to apply in the low frequency applications [2]. Furthermore, in many applications such
as space vehicles, it is desirable to keep the weight as low as possible, correspondingly passive
control with extra hardware systems becomes unattractive [3]. Since the last decade, modeling
and active control of engineering structures have received more interests in both research and

applications [4-6]. Different from the passive control methods, the active vibration control



supplies energy to suppress the vibration; it can provide higher control performance than most
passive controllers. The implementation of active vibration control, however, needs systematic
system analysis and modeling, vibration measurement, actuator elements and the controller
design and implementation. Based on comprehensive comparison studies, active vibration
control will be applied in this work.

In the literature, a variety of control strategies have been reported for active vibration control,

which are schematically summarized in Figure 1.1.
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Figure 1.1. General classification of

control methods.




1.2.1. Classical Vibration Control

The classical linear controller such as proportional-integral-derivative (PID) [7] or
proportional-derivative (PD) [8] has been widely applied to flexible beams or manipulators.
However, these linear controllers are sensitive to parameter variations and load disturbance; their
performance also depends on operating conditions and controller’s gains. It is usually difficult to
adjust controller (e.g., PD and PID) gains to tackle the overshoot and load disturbance rejection
problems simultaneously. In general, overshoot elimination settling will cause a poor load
disturbance rejection, whereas rapid load disturbance rejection setting will cause overshoot or

even instability in the system.

1.2.2 Adaptive and robust vibration control

In order to avoid the shortcomings of PD controllers, one important class of controllers are
referred as adaptive feed forward controllers [9-11]. The suggested control methods in [9-11] are
based on Model Reference Adaptive Control (MRAC), in which the process of system
identification is followed by the adaptation of the controller as a function of the identified system
parameters [12-15]. A typical approach to adaptive vibration control is to feed back an error
signal through an appropriate filter (e.g., a simple low pass filter) and to apply the resulting
signal to the plant. The parameters of the filters are tuned automatically by an adaptive algorithm
to achieve the best vibration reduction. The most commonly used adaptive algorithm is the Least

Mean Square (LMS) algorithm [16-18].

The other main class of controllers as described in the vibration control literature are linear

feedback controllers which are designed by using robust control design techniques [19-24].



Another type of active vibration control is based on adaptive and robust control strategies,
such as H, control [25, 26], Hs, control [27-29], and sliding mode control (SMC) [30-37]. In
paper [38], for example, some hybrid actuator schemes are suggested for the robust control
against various modeling uncertainties. However, the performance of these controllers is usually
highly dependent on accuracy of system models and their parameters, which limits these
controllers’ limitations in smart structure applications. Furthermore, calculation in these adaptive
and robust controllers is time-consuming, which makes them difficult to implement for real-time

control application for time-varying systems.

1.2.3 Other classical vibration control

Other classical vibration control approaches that can be mentioned consist of: a) spatial
control where vibration is minimized over an entire structure [39]; b) linear-quadratic-Gaussian
(LQG) controller synthesis by which both the small amplitude random vibrations and higher
order modes in flexible beams can be suppressed [40, 41]; and c) nonlinear methods for

improving the active control efficiency of Smart Structures [42-44].

1.2.4 Intelligent vibration control

In order to overcome the disadvantages of classical PD, adaptive and robust controllers, as
well as nonlinear control methods, recently researchers have applied intelligent controllers for
flexible beam applications. The main advantages of intelligent controllers are the controllers’

independent of the system parameters, and their applications to the nonlinear systems.

The neural network (NN) is well known for its learning ability and approximation to any
arbitrary continuous functions. It also possesses the tolerant capability in performing in noisy

environments and operating with faulty and missing data. Therefore, NNs can be trained to map

5



complex input-output mapping functions in various fields, including pattern recognition,
identification, classification, speech, vision, and control systems. Some works have been
reported on the use of NN controllers for flexible beams [45, 46]. Because the NNs can adjust
their inter-connections among network nodes to achieve optimal or near optimal input-output
mappings, the major advantage of NN learning is its ability to accommodate even poorly
modeled and nonlinear dynamical systems. NN-based controllers may not be suitable for some
linear or linearizable systems control, which can result in degradation in performance in terms of
computation time and controller convergence [47]. Unfortunately, the resulting distributed

knowledge representation by NN is usually difficult to understand for designers.

In order to overcome the need for precise process representation, Zadeh introduced the soft-
computing concept of fuzzy logic (FL), which may be viewed as a parallel representation to
probability theory rather than as an alternative. FL aims at modeling the imprecise systems of
reasoning, by common sense reasoning, for uncertain and complex processes. The theory of FL
controller is based on the linguistic rules with an IF-THEN general structure, simulating the
human logic based reasoning. These characters make FL controllers more attractive to flexible
beams [48-53]. FL control has proven effective for complex, nonlinear and imprecisely defined
systems for which classical model-based control techniques are impractical or impossible. On the
other hand, FL control design also involves a number of difficulties. A common bottleneck is
how to properly set up fuzzy control rules; this task is usually time consuming and difficult, and
relies to a great extent on the inputs from the process experts who, however, may not be able to
transcribe their knowledge into the requisite rule form. To optimize control performance, the
related fuzzy parameters, membership functions (MFs), and fuzzy sets for the input/output

variables have to be optimized by trial and error. Unfortunately there exists no formal framework



for the choice of the fuzzy sets and parameters of fuzzy systems; That is, fuzzy systems lack self-

tuning and optimization capabilities.

A solution to integrate the strengths of both FL and NNs but to overcome their respective
limitations is to use their synergetic schemes, in which the FL provides the controller a high-
level IF-THEN control reasoning framework, whereas the controller structure and parameters are
optimized by the NN-based training. In another word, the synergetic schemes can integrate the
properties of transparent and linguistic control rules of FL and the learning ability of the NNs.
Neural fuzzy (NF) controllers have attracted much attention since the last decade, and have been
utilized by researchers for several flexible manipulator applications [54-57]. For example, the
author in [58] presents an NF controller for the trajectory tracking of four degree-of-freedom
rigid-link flexible and rigid joint Selectively Compliance Assembly Robot Arm (SCARA)-type
manipulators; A backpropagation related training algorithm is suggested to fine tune the
controller parameters. In paper [59], the authors utilize the parallel processing characteristics of
the NF system to solve a trajectory design problem of a robot manipulator. The technique of this
NF system replaces the rule base of a traditional FL system with a backpropagation NN. A stable
discrete-time adaptive tracking controller is proposed in [60] using an NF dynamic-inversion for
a robotic manipulator; it is shown that the NF variable structure control can enhance the stability

of the controlled system and improve the system dynamic performance.

Despite the aforementioned advantages of NF controllers, the industry is still reluctant to
directly implement these NF controllers for real-world industrial applications due to high
computational burden of the controllers. A typical NF controller consists of the following layer
functions: inputs, fuzzification, normalization, rules, and defuzzification, which leads to the

higher complexity compared to the FL controller and NN controller. The high complexity



(associated with the large number of MFs, rule weights, premise and consequent parameters, etc)
causes high computational overhead. High computation burden will lead to low sampling
frequency, which makes it difficult to implement an NF controller for real-time applications.
Furthermore, in some practice, NF controllers may need more control requests (e.g. voltages)

than some classical control strategies (e.g., PD) to achieve the required control performance.

1.2.5 System identification

Most of these above techniques, however, are model based and require an exact knowledge
of the flexible structure dynamics; It is usually difficult to derive accurate system models in most
real engineering applications where the mechanical systems to be controlled are complex in
structures and operate under noisy and/or uncertain environments. One of the solutions to these

problems is to apply identification system to the control designing.

Nonlinear structural dynamics has been studied over a relatively long time, but the first
contribution to the identification of nonlinear structural models dated back to the 1970s, for
example, by Ibanez [61] and Masri ef al. [62]. Since then, numerous methods have been
proposed in the literature because of the highly individualistic nature of nonlinear systems. This
research field has also attracted more researchers to concentrate on, especially in recent years.

We note that:

> The first textbook Nonlinearity in Structural Dynamics: Detection, Identification and
Modelling was written by Worden and Tomlinson (2001 [63]).

> Synthesis of nonlinear system identification in structural dynamics was made in several
survey papers (Adams and Allemang, 1998 [64]; Hemez and Doebling, 2000 [65];

Worden, 2000 [66]; Hemez and Doebling, 2001a [67]).



>

From 1997 to 2001, a working group in the framework of the European Cooperation in
the field of Scientific and Technical Research Action F3 Structural Dynamics was
devoted to the Identification of Nonlinear Systems (Golinval et al., 2003b [68]). The
researches focused on two benchmarks, namely the Ecole Centrale de Lyon benchmark
and the benchmark from the Technical Research Center of Finland (Juntunen, 2003 [69];
Thouverez, 2003 [70]), with different techniques.

A special issue on Nonlinear System Identification was published in the Nonlinear

Dynamics journal (2005 [71]).

System identification is especially useful for modeling system when the model cannot be

easily represented in terms of first principles or known physical laws. Thus, one ni. or difficulty

of nonlinear system identification is that the functional S [*], which maps the input x (¢) to the

output y (£), ¥y (f) =S [x ()], is generally unknown beforehand. Physical insight is most often of

great help to select a reasonably accurate model of the nonlinearity. Only if this gives

unsatisfactory results or if physical insight is completely lacking, it is then time to move to

nonlinear black-box modeling.

Some methods for performing the nonlinear mapping are summarized as follows:

>

Artificial neural networks (NNs) have come into prominence because of their universal
approximation features;

Wavelet networks are attractive because they unify multi-resolution features of wavelet
bases and universal approximation features of neural networks;

Splines are interesting functions, because they are computationally very simple, can be

made as smooth as desired and are very economic to store;



» NF models combine the semantic transparency of rule-based fuzzy systems with the
learning capabilities of neural networks; they can be regarded more as grey-box models

[72].

Among the different choices for nonlinear black-box modeling, NNs have received the most
attention in identifying nonlinear structural dynamics. This method of identifying nonlinear
dynamical systems is to estimate a system model from measured input—output data [73-76]. It
plays a key role in the model-based prediction of dynamical systems to target a given
performance or to satisfy operating constraints. Recurrent neural networks (RNNs) [77-79] are

generated by extending the structures of NNGs.

1.3 Objective of research

As discussed in literature review, the high complexity and computational burden have
prevented the NF controllers from many practical applications. Correspondingly, the objective of
this thesis is to develop low computational NF controllers for active vibration control of the
flexible beams. One strategy is suggested to simplify the complicated structure of the
conventional NF controllers while maintaining the required system performance. The proposed
NF controllers can reduce the computational burden by employing carefully selected input
variables. The effectiveness of the developed NF controllers is verified by experimental tests.
Test results show that the new NF controllers outperform the classical controls (e.g. PD) and
general NN controllers, and exhibit better performance in terms of overshoot, settling time, and

the Rotating Angle (control requests).

Another objective of this work is to develop novel recurrent identification networks (RIN) to

adaptively identify system models. A new hybrid training technique based on real time recurrent

10



learning (RTRL) method and least square estimate (LSE) method is adopted to éldaptively
optimize the control system model and to accommodate time-varying system dynamics. The
viability of the suggested RIN and its applications in NF control are verified by experimental

tests.

To simplify the illustration in the following chapters, the research outline of this work is

summarized in Figure 1.2.

Smart Structure

Control
without .
o Rl

comparing the without changing with changing the

control results the system dynamic system dynamic
comparing the comparing the
control results control results

PD TSO-NF TS1-NF
controller controller controller
BP RTRL | PD
algrithm algrithm controller
BP RTRL TSO-NF || TSI-NF l PD
algrithm algrithm controller || controller || controller

BP: backpropagation

RTRL: real time recurrent learning

TSO0-NF: the zeroth-order Takagi-Sugeno NF controller
TS1-NF: the first-order Takagi-Sugeno NF controller

Figure 1.2. Research outline.



1.4 Thesis Organization

After the Introduction as described in this chapter, the remainder of this thesis are organized
as follows. In Chapter 2, some fundamental theories related to this work are provided such as the
FL systems, NN architectures, the synergetic NF schemes, as well as the related training

algorithms.

In Chapter 3, the zeroth-order Takagi-Sugeno (TS0) NF controller and the first-order
Takagi-Sugeno (TS1) NF controller are developed, respectively. The objective of this chapter is

to simplify implementation of the proposed NF controllers.

In Chapter 4, comparison tests show that the proposed NF controllers can not only simplify
control structure, but also outperform the classical controllers (e.g., PD). The related system

parameters in the controllers are updated online by the corresponding hybrid training technique.

The RIN is proposed in Chapter 5 for nonlinear system model identification. The objective
is to provide a more accurate system model from measured input-output data for adaptive control.
The performance of the RIN is updated by the suggested hybrid trained based on the RTRL
method and LSE method, so as to optimize the control RIN model and to accommodate time-
varying system dynamics. The effectiveness of the suggested techniques is verified by

experimental tests.

Finally, some concluding remarks as well as the future works are summarized in Chapter 6.
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Chapter 2 Description of Neuro-Fuzzy Controllers

2.1 The Structure used in this Research

This structure workstation used in this research work for controller development and test is
as illustrated in Figure 2.1. This experimental setup consists of a flexible beam clamped at one
end while the other end is equipped with a servo motor. The servo motor drives an eccentric load
which plays a role of the actuator. The purpose of this structure workstation is to actively
dampen out the vibrations in the flexible beam by the developed controllers through the drive

motor.



Figure 2.1. The structure system used for vibration control in the flexible beam.
This system consists of the following components:

> Base plate: The structure and some related devices are fixed onto the base plate which is
rigid and anchored (by bolts) onto a desk.

» Flexible beam: The beam is instrumented with a strain gage calibrated to give 1 volt per
2.54 cm, to indirectly measure vibration. The tested beam can be in different dimension,

material, and orientation.
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> Motor (Series 2338S006): The motor drives the load through a gear ratio of 70:1.

» The encoder (SRV02): The encoder measures the rotation angle by using a 1024 count
disc which in quadrature results in 4096 counts/rev.

» Strain gage (A9-232-0): The strain gage senses the beam deflection and the signal is
sent back to the universal power module.

> Inertia load is applied by two rigid beams and a round cross beam.

» Universal power module (UPM-2405): The power module is a power amplifier that is
required to drive each associated actuator. The power module consists of one power

supply (12 Volt), four analog sensor inputs, and one power amplified analog output.

> DSP board (A11-368-3): It is a Quanser Q4 terminal board which contains the general
A/D and D/A converters. All of the connectors from the universal power module are

connected to the DSP board by wires.

The tested beam can be in different structure, material and orientation. In this work, a
(0.35% carbon content) steel beam with dimension (44x10.8x1.5mm) is used. In order to reduce
the twisting in the member, the beam is placed in the vertical configuration. Extra magnetic

blocks will be used to simulate time-varying system properties.

This system can be modeled as shown in Figure 2.2.
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Figure 2.3. A simplified model.

The model as illustrated in Figure 2.2 can be further simplified and shown in Figure 2.3. For

small deflections of the flexible beam, the motion of the motor can be considered to be linear



along the specified direction. The related parameters and their associated values used in this

work are summarized in Table 2.1.

Table 2.1: Parametric values for the smart structure

Physical parameters Symbol Value/Units
Deflection of the flexible beam € ---
Rotation angle of the rigid beam from zero position e, ===
Mass of the motor and its fixture M 0.6 Kg
Cross beam mass my 0.05Kg
Rigid beam inertia I 0.0039 Kg m?
Rigid beam length c 0.285 m
Rigid beam mass my 0.072Kg
Effective stiffness of the flexible beam along x direction K 30 N/m
Encoder resolution 4096 Counts/rev
Flexible beam length b 0.44 m
Flexible beam mass my 0.22Kg
Natural frequency with M attached Jrat 1.25 Hz
Flexible beam effective stiffness along x (first mode only) k 30 N/m
Strain gage sensitivity Gs 0.4 V/cm
Strain gage gain As 2.54 cm/volt
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In the following subsections, a brief introduction is given to the background theories related
to the developed intelligent controllers so as to have readers easier to follow the subsequent

descriptions in the following chapters.

2.2 The fuzzy logic model structures

Fuzzy logic, FL, provides a very useful frame for representing lexically imprecise
propositions, in a natural language based reasoning format [80]. Classical sets and variables have
crisp boundaries. Although these classical sets are suitable tool for mathematics and computer
operations, they do not reflect the nature of human concepts and thoughts, which tend to be
abstract and imprecise. In contrast to a classical set, a fuzzy set, as the name implies, is a set
without a crisp boundary. That is, the transition from “belong to a set” to “not belong to a set” is
gradual; this smooth transition can be characterized by membership functions (MFs) that give
fuzzy sets more flexibility in modeling based on IF-THEN linguistic expressions which mimic

human reasoning in comparable circumstances.

As an example, if X is a collection of objects denoted generically by x, then a fuzzy set 4 in

Xis defined as a set of ordered pairs:
A= {(n 1,0 | v X} @)

where 1, (x) is called the MF for the fuzzy set 4. The MF maps each element of X to a
membership grade (or membership value) between 0 and 1. Fuzzy sets play an important role in
the areas such as nonlinear system modeling, pattern recognition, and communication of

information, etc.



The fuzzy inference system is a specific computing framework based on the concepts of
fuzzy set theory, fuzzy rules, and fuzzy reasoning [81], which has found many efficient
applications in a wide variety of fields such as a single-link flexible manipulator [48]. The basic
structure of a fuzzy inference system consists of three conceptual components: 1) a rule base,
which contains a selection of fuzzy rules; 2) a database, which defines the MFs used in the fuzzy
rules, and 3) a reasoning mechanism, which performs reasoning inference operations, based on

the fuzzy rules (and some other given facts) to derive a corresponding output or conclusion.

A typical fuzzy inference system (within the dashed lines) is illustrated in Figure 2.4, where
X is a collection of inputs, Y is the output. 4 and B are fuzzy sets. » is the rule number in the
fuzzy inference system, and w, is the weight in each rule. The basic fuzzy inference system can
take either fuzzy inputs or crisp inputs, but the generated outputs are usually fuzzy sets. If a crisp
output is required, such as in control applications, an appropriate defuzzification method should

be applied to transform an output fuzzy set into a crisp single value.

(Crisp or
{Crisp)
- Y

Fuzzy) I T e | (Fuzzy)l jt B S
x [ L e . BN G

| (Fuzzy)

Figure 2.4. Block diagram for a fuzzy inference system.
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A number of fuzzy inference systems have been suggested in the literature, such as Mandani
fuzzy models (also known as linguistic fuzzy systems) [82] and the Takagi-Sugeno (TS) fuzzy

systems [83, 84]. A typical TS fuzzy fuzzy model has the form of
IF (x; is 4) AND (x; is B), THEN y = f(x1, x2), (2-2)

where 4 and B are input fuzzy sets (antecedent), and y = f (x;, x,) is an output function
(consequent). If £(x;, x2) is a polynomial of the input variables x| and x,, equation (2-2) is called
the first order TS model, or TS1. Otherwise, if f(xy, x;) is a constant, equation (2-2) becomes the
zeroth order TS fuzzy model, or TS0. TS0 can be viewed as a special case of the Mamdani fuzzy

inference system, in which each rule’s consequent is a fuzzy singleton [82].

Fuzzy operations require appropriate logical connective operators such as AND
(conjunction), OR (disjunction) or NOT (complement). The generalization of conjunction
(intersection) to fuzzy sets is called t-norms, such as the minimum and the product operators.

Given C = E(1F, the rule firing strength will be
He(x) =min (1, (x;), 4z (x;)) (2-3)

where 1, (x,) and . (x,) are the MFs for inputs x; and x, respectively. The minimum operator

can also be denoted by - (x) = u,(x,) A u.(x,),as shown in Figure 2.5(a)
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He 4
Hp (%)) M (xy)
1+
~ min
'/
0 > x
ti(x) and g (x;)
(a) conjunction
Hc 4
Hp(x) or pp(x,)
=
max
0

(b) disjunction
Figure 2.5. (a) Conjunction of two fuzzy sets; (b) Disjunction of two fuzzy sets.

The disjunction (union) is generalized by t-conorms, such as the maximum operators. Given

C=EUF, of the corresponding membership degree will be,

Le(x)=max (pg(x,), 1z (x;)) (2-4)

The above maximum operation can also be represented by u.(x) = 4, (x,) v 4, (x,), as

illustrated in Figure 2.5(b).

The complement operator is represented by e (x,) =1~z (x,) .

After fuzzy operations, the final output is the weighted average of all rule outputs
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z= (2-5)

where i =1, 2...J, is the total number of rules.

Compared with a Mamdani system, the TS model can use adaptive techniques for fuzzy
model constructions, which can customize the MFs to achieve optimal input/output data
mapping. Furthermore, because of the linear dependence of each rule on the input variables, the

TS model is ideal to interpolate MIMO controllers to different operating conditions.

2.3 Introduction to neural network models

A NN is a parallel distributed processing model. It resembles the human brain reasoning in

two respects:

1. Knowledge is acquired by the network through a learning process.
2. Interneuron connection strengths (e.g., synaptic weights) are used to store the knowledge.
A neuron is an information-processing unit that is fundamental to the operation of a NN. Figure

2.6 shows the model for a neuron, which has three basic elements:

1. A set of synapses or connecting links, each of which is characterized by a weight or
strength. Specifically, a signal x; at the input of synapse j connected to neuron £ is
multiplied by the synaptic weight wy;.

2. An adder for summing the input signals, weighted by the respective synapses of the

neuron. These operations constitute a /inear combiner.
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3. An activation function for the output of a neuron. The activation function squashes (limits)
the permissible amplitude range of the output signal. Typically, the normalized amplitude
range of the output of a neuron is used, such as the intervals [0, 1] and {-1, 1].

Furthermore, an externally applied threshold 6, in Figure 2.6 has the effect of lowering the
net input of the activation function. On the other hand, the net input of the activation function

may be increased by employing a bias term rather than a threshold.

Activation
function

Output

Tnput < Jo—y
i k

signals

Summing
junction

0,

Synaptic Threshold

weights

Figure 2.6. Nonlinear model of a neuron.

Mathematically, a neuron & can be described by the following equations:

P
e =D Wy, (2-6)
Jj=1
and y, =, -6,) (2-7)

where x|, x2, ., Xp are the input signals; wi, wi, .., Wi, are the synaptic weights of neuron &; 4, is
the linear combiner output; 6, is the threshold, ¢()is the activation function; and y, is the

output of the neuron.
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Different squashing functions can be used in a neuron. For example, the commonly used

Sigmoidal function is in the form of

1
Vi =pu,—6,) = T2 o Un iy (2-8)
Consider the network as shown in Figure 2.7, which contains three inputs, two outputs, and
three hidden neurons. Each neuron in this network has the same activation function. For instance,

the activation function of neuron 7 is

1

=(Wy 7X4+Ws 755+ W5 75 ~t7)

X, = (2-9)

1+e

where x4, x5, and x¢ are outputs from neurons 4, 5, and 6, respectively, and the parameter set of
neuron 7 is denoted by {wa 7, ws 7, we 7, 17}. W;; is the weight associated with the link connecting
neuron i and j, and ¢ is the threshold associated with neuron j. (note that this weight-link

association is only valid in this type of network.)

e

|

Layer 0 Layér 1 Layer 2
(Input Layer) (Hidden Layer) (Output Layer)

Figure 2.7. One 3-3-2 NN.
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NN s should be adjusted (or trained) so as to achieve an optimal input-output mapping, as
illustrated in Figure 2.8.The type of learning is determined by the manner in which the parameter
changes take place. One of the main properties of a NN is its ability of learning from its
environment so as to improve its performance. After the network is properly trained, it will

become more knowledgeable about its environment.

Target

' including connections
alled weights)
ween neurons -

Input Output

~ Compare |

Adjust weights

Figure 2.8. Representation of NN training.

Several learning algorithms have been suggested in the literature, and are summarized in
Figure 2.9. Supervised learning is performed under the supervision of an external “rarger”.
Unsupervised learning is performed in a self-organized manner in that no external target or critic
is required to instruct synaptic changes in the network. The target stands for the knowledge of
the environment represented by a set of input-output data pairs. The network parameters are
adjusted under the combined influence of the tréining data and the error signal between the
actual response of the network and the desired response. This training adjustment is carried out
iteratively with the aim of eventually making the NN emulate the target; the emulation is

presumed to be optimum in some statistical sense.
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Learning process
i

Rule training Parameter training
| |
[ l | ] | | |
Error-  Bolzmann Thorndike’s Hebbian Competitve Supervised Reinforcement Self-organized
correction  learning law of learning  learning learning learning (unsupervised)
learning effect learning

Figure 2.9. Taxonomy of the learning process.

In this thesis, supervised learning is applied in experiments. Gradient (or steepest gradient)
method is perhaps the most commonly used training algorithm [85]. Suppose that a given feed
forward NN with L layers and each layer contains N(/) neurons (/ =0, 1... L-1). Assuming that
the given training data set has P entries and Oy, is the output of neuron i (i = 1, 2... N(/)) in layer
[, then the objective error function for the pth (1 < p < P) entry of the training data can be
defined as:

N(L)
E,, = Z(dk _OL,k)2 (2'10)

k=1

where dj is the Ath component of the pth desired output vector. Therefore the objective is to

. . . P
minimize an overall error measure E .= Z 1E b
o=

To use the steepest gradient algorithm to minimize the error measure, the first step is to
obtain the gradient vector, which can be illustrated in Figure 2.10 where the arrows — indicate
causal relationships. That is, the basic concept in calculating the gradient vector is to pass the
derivative information starting from the output layer and going backward, layer by layer, until

the input layer is reached.
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€rror-measure
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Figure 2.10. The causal relationships to obtain the gradient vector.

To facilitate the discussion, we define the error signal €,, as the derivatives of the error

measure E, with respect to the output of node i in layer /, taking both direct and indirect paths

into consideration. In symbols,

g, =—2 2-11)

This expression has called the ordered derivative by Werbos [86]. The difference between

the ordered derivative and the ordinary partial derivative lies in the way we view the function to

P is

be differentiated. For an internal node output O;; (where / # L), the partial derivative
i

equal to zero, since E, does not depend on Oy; directly. However, it is obvious that £, does
.depend on Oy; indirectly, since a change in O,;; will propagate through indirect paths to the

output layer and thus produce a corresponding change in the value of E,. Therefore, ¢, can be

viewed as the ratio of these two changes when they are made infinitesimal.

We can improve the performance of the steepest gradient algorithm if we allow the learning
rate to change during the training process. An adaptive learning rate attempts to keep the
learning step size as large as possible while keeping learning stable. The step size is the length of
each transition along the gradient direction in the parameter space. Usually, we can change the

step size to vary the speed of convergence.
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2.4 Introduction of NF model structure

By the aforementioned brief introduction to NN and FL schemes, FL and neural systems
have contrasting control application requirements. On the one hand, fuzzy control systems are
appropriate if sufficient expert knowledge about the process is available, while on the other hand,
neural systems are useful if sufficient process data are available or are measurable. Despite this,
there exists a lot of similarity and a synergetic relationship between NNs and FL systems [87,
88]. Both the approaches build nonlinear systems based on bounded continuous variables; the
difference lies that neural systems are treated in a numeric (quantitative) manner whereas fuzzy

systems are treated in a symbolic (qualitative) manner.

Generally, both NNs and FL are powerful control design techniques, but each having its
own strengths and weaknesses. NNs can learn from data sets, while FL solutions are easy in
knowledge implementation and verification. From the summary in Table 2.2, it becomes obvious

that an efficient combination of the two technologies would deliver better solutions.

Table 2.2: Strengths and Weaknesses of NN and FL

NN FL
Knowledge Implicit,. the. system cannot Exp.lic.it, v.erifjlcation and
Representation be easily interpreted or optimization is easy and
modified eiffient
Train ability Trains itself by learning None, we‘have to.dfeﬁne
data sets everything explicitly
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As stated in Chapter 1, NF synergetic schemes can be formed by synthesizing the NN and
FL systems, which integrate the properties of the explicit knowledge representation of FL with

the learning power of NNs. Figure 2.11 illustrates a mathematical framework that maps FL

model to neurons in a NN,

Fuzzification Inference Defuzzification

Rule base

Data base

/ Reasoning

mechanism

Figure 2.11. A mathematical framework mapping FL model to neurons in an NN.
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A NF system should follow the following four primary steps:

Step 1: obtaining training data

The first step is to obtain the data sets that represent the desired system behaviour. Each data

set gives sample output values for a combination of input variables.

Step 2: creating a primary FL system

The NF training process starts with an initial FL system, for example, the rules and the MFs.

Step 3: learning

In this step, we must select the parts of the NF system to be trained, such as parameters

and/or fuzzy structure, and if the training is in online or offline pattern.

Step 4: verification

The result of neural fuzzy training is a normal FL system. After system verification, we may

implement the solution to the experiments.

Consider a widely used NF example, Adaptive network-based fuzzy inference system
(ANFIS) suggested by Jang [89]. ANFIS is a feed forward network as illustrated in Figure 2.12.
Although we can apply a gradient algorithm to identify the parameters in this adaptive network,
this training process usually takes a long time which is not suitable for control applications. We
may observe, however, that an adaptive network’s output (assuming there is only one) is linear
in some of the network’s parameters. As a result, a hybrid method can be used in this case: these
consequent linear parameters can be identified by the linear least-squares (LSE) method,

whereas nonlinear MF parameters are optimized by gradient algorithm [89, 90} The training
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operations takes two procedures: 1) in the forward pass, the consequent parameters are trained
by LSE, while the antecedent parameters are fixed; 2) in the backward pass the antecedent
parameters are trained by the gradient algorithm, while the consequent parameters remain fixed.

This procedure is then iterated until the training goal in terms of cycles or error tolerance is

achieved.
4 B
/ \ ____________________________ f:;__‘\;\,\ __________ S
S / \ - fiEpxatquatn
el S~ P RSO i _uh+uf,
X %e I U, + 1,
A; By L - -
//—\\ R -——u|f; +u2f;
__________________________________ S
/ \ [ ________ \ _________________ u  fEppitqaatn
- S . L S,
X1 %$ X X
(a)
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

X1 X2

g '

w f;
z
uzf,

- T

X1 X2

(b)

Figure 2.12. (a) A two-input first-order Takagi-Sugeno fuzzy model with two rules; (b) equivalent ANFIS

architecture.
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Consider a simple reasoning mechanism in Figure 2.12(a) with a TS1 model having two
inputs x; and x, and one output z [83, 84, 91]. The corresponding equivalent ANFIS architecture
is as shown in Figure 2.12(b), which contains five layers: input, fuzzification, normalization,

rules, and defuzzification. Consider two fizzy if-then rules with the following format:
Rule 1: IF (x; is 41) AND (x; is B;), THEN (f; = pixi+qixatr1) (2-12)
Rule 2: IF (x) is A2) AND (x; is By), THEN (f, = poxi+qaxytr,) (2-13)

where 4; and B; are linguistic fuzzy sets (i=1, 2). g, in figure 2.12 represents the rule firing

strength. ;[ is a normalized firing strength from layer 3; and {p;, gqi 7} are consequent

parameters. z is the overall output.
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Chapter 3 D‘esigning of Neural Fuzzy Controllers

In order to properly setup the flexible structure system and obtain necessary system
information for the development and implementation of the advanced NF controllers, system

properties are studied first based on a PD controller.

3.1 System property investigation based on a PD controller

To properly investigate the important system properties for advanced control applications, a
PD controller is designed and implemented first to the flexible structure for system control
testing. Figure 3.1 illustrates the SIMULINK model for the tested system based on the PD

controller.

Experimental Setup

Disturbance Gain Controller

Disturbance Sequence (deg)

Figure 3.1. The SIMULINK model with the PD controller.
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This flexible structure model has been given in Figure 2.2 in Chapter 2. Its input variable is
the control output to drive the motor of this structure, and its four output variables are (9,9, g, é),

where fand 6 represent the rotating angle of the rigid beam and its derivative; & and ¢ are the
deflection of the flexible beam, and its derivative, respectively. These four elements will be used

as the input variables to the two PD controllers.

Control Sequence
Signal

&

v

A4

=

Disturhance Sequence
Control

Signal

A4

Quter Loop

Select C d
To inner Loop

Deflection Rotating Angle

)
Rotating Angle_dot

Deflection_dot
Kdt

Figure 3.2, The SIMULINK model of the PD controller.
In this case, the control system consists of two loops, an outer PD (proportional gaink,,
derivative gain k,) and an inner PD loop (proportional gain £, , derivative gain k,, ). From

Figure 3.2, control inputs 1 to 6 are, respectively, the Deflection variable, the Rotating Angle
variable, the Deflection dot variable, the Rotating Angle dot variable, the Disturbance Sequence
Signal variable, and the Control Sequence Signal variable. Variables 1 to 4 are from the flexible

structure outputs as shown in Figure 3.1.
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The disturbance added to the system is defined as an external angle value in degrees, which
is illustrated in Figure 3.3. The force is automatically added to the apparatus fromt =1 s, and is
repeated every 10 s. The amplitude of the rotation is 5 deg, and the duration for each force is
over 0.88 5. A control sequence signal is applied with a command value of 1 (i.e., control off),
which makes the beam track the disturbance sequence signal command. At f=3.5 s, the
controller is switched to the command value of 2 (i.e., control on); the outer loop commands the
inner loop, as shown in Figure 3.3, and the full controller is operational. The outer loop remains
active until # =9 s at which the controller is switched off. The disturbance sequence is repeated
every 10 s while the control sequence is repeated every 20 s, as illustrated in Figure 3.3. The
control results of the PD controller are presented by Figure 3.4. In figure 3.4, the unit of time is s,

the Deflection’s unit is ¢m, and the Rotating Angle’s unit is deg.

Yy a
(deg) Disturbance
54 M — —
Control on
2 — b, Control Off .......................
1 .......................................................................
1.88 11.88 21.88

0 1 11 21 X
(sec)

-5 - - L

Figure 3.3. The disturbance and control sequence signals.
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Figure 3.4. (a) The result of Rotating Angle without control signal;

(b) The control output (voltage)

without control signal.
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Figures 3.4(a) and 3.4(b) represent the states of the rotating angle and the control output
voltage without control sequence signal, respectively. From the =1 to 1.44 s, there exists a peak
in Figure 3.4(b). It is because the disturbance signal is added to this system from t = 1 s in the
positive direction, with the duration of 0.44 s as shown in Figure 3.2. Figures 3.4(a) and 3.4(b)
are similar in shape except the part between t = 1 s and 1.44 5. The reason of choosing these two
sets of results without control sequence signal is that the control output voltage value is reflected

by the rotating angle directly.

The operation of this PD controller is performed by switching the command to the inner loop,
and then making the outer loop to command the inner loop. If the rotating angle and the control
output voltage are chosen as the references when the control sequence signal is on, the results are

not accurate to represent their relationship, which will be proved as follows.

Using Lagrangian dynamics, if the effects of gravity are neglected, the nonlinear dynamic

equations of the system can be obtained as:
(M +m,)é—m,-c-sin(6(t)) G+ m,-c-cos(0(1))-0+K-&(t)=0 (3-1)
m,-c-cos((1)-E+(m,-c* +1)-6=T (3-2)

It should be stated that this model can also be applied to the horizontal or other

configurations of the flexible beam.

Consider the motor equation:

T= K'"R' K V-K,-K,-00) (3-3)

m
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Linearizing (3-1) to (3-3) yields the state space equations:

i 0 0 1 0 ]
6 0 00 1
el | (m,-c*+1)-K m,-c K, -K:
gl (m,-c* - M+I-m,+I-M) (m,-c*-M+1-m,+1-M)-R,
P m,-c-K 0 0 —(m, +M)-K. - K
2 2
| (m, ¢ -M+T-m,+1-M) (m,-c”-M+1I-m,+1-M)-R, |
_ 0 -
0 0
P -m,-c-K, K,
g 000+ 2 .V
] (m,-¢c-M+I-m,+1-M)-R,
g (m,+M)-K,-K,
(m,-c>M+1-m,+1-M)R, |
Table 3.1: Parametric values for the motor
Physical parameters Symbol Value/Units
Motor Torque constant Ky 0.0767 Nm/Amp
Total gear ratio K, 70
Motor Armature resistance R 2.6 Ohm
Motor voltage V \V4
Motor torque T Nm

(3-4)

Table 3.1 summarizes the related physical parameters of the tested system. Considering

Table 2.1 and Table 3.1, the 4 and B matrices will be:

0 01 0 0
| 0o o0 1 oo
4= 480 0 0 318 | =59
860 0 0 —1449.7 270
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The Q and R matrices are chosen as: Q=diag([250000 1000 50 OD and R =10,

respectively; the resulting gains will be:
k=[-192.6 258 18.9 0.4405]
The feedback controller is in the form of:
Ve-ty-c+k-0+k-é+k, -6) (3-5)

If this feedback is implemented, it cannot determine how far the rigid beam would rotate. If
the gains or errors are too large, the rotation angle of the the beam will be so large that the cross

beam could collide with the flexible beam, which is undesirable.

We can re-write the feedback equation as:

V:-kz(e—(——ki-g—fi.é))-k,é (3-6)
k, k,

V=-k,(0-6,)-k, 6 (3-7)

Vz—kpa(e—ed)_kda.é. (3-8)

Equation (3-8) is a feedback loop that makes the motor track a desired position &, which is

derived by:
k ky, .
0, =-"1.g_3. 3-9
d k, £ k, 3 (3-9)
0, =—k,&—ky-& (3-10)
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Then resulting gains will be:

k,, =258V /rad =045V /deg
k,, =0.44V /(rad/sec) =0.0077V /(deg/sec)

k, =-116.8/26.4=~7.46rad/m=-42742deg /cm

k, =12/26.4 =0.735rad ((m/sec) = 0.4211 deg /(cm/sec)

It should be noted that the gain = 3 for the power amplifier when using the available cables

in the tests. Correspondingly, the actual implemented values of £,, and k,, are divided by 3.

Because k,, is very small (&, =0.0077V /(deg/sec) in this case), equation (3-8) can be

approximated by:

Vi~ —k,,(0-6,) (3-11)

which means when the control signal is applied by the value of 1 (control off), and &, =0, then

V==k,0 (3-12)

pa

In fact, the rotating angle @ is inversely proportional to the voltage? , with an inverse ratio

k,, . On the contrary, when the control sequence signal is 2 (i.e., control on),8, # 0, then V" and
g do not follow a linear relationship. That is the reason why we choose the rotating angle and

the control output voltage without the control sequence signal.

The control output is voltage. If the disturbance sequence signal is selected as a voltage

added to the system, we have to find the relationship between the rotating angle and the voltage.
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Based on equations (3-5) - (3-10) and the values of {k, k, k, k,}, the ratio of V" and &

should be %, or k,,, which equals 25.8.

pa?

Next is to define the disturbance and control sequence signals. As illustrated in Figure 3.5,
the period of the disturbance signal is still repeated every 10 s, and the amplitude is 5 deg.
However, there is only one positive value for each sequence signal, and the duration for each
disturbance becomes 0.44 s. The controller is switched on (i.e., control =2) at ¢ =3.5 s, which
remains active until =9 s when the controller is switched off (i.e., control=1) again. The

disturbance sequence repeats over every 10 s while the control sequence repeats every 10 s.

A
y
(deg) Disturbance

5 — — S _—

Control on Control off
2 e [ T
1 ] [ ,,,,,,,,,,,,,,,,,

i 3.5 9]
- X

0 | 2 244 12 12.44 2 2244 (sec)

Figure 3.5. The re-defined disturbance and control sequence signals.

First we change the value of Disturbance gain in Figure 3.1 to zero, and give the rigid beam

several arbitrary distrubances; then we can examine the values of the rotating angle and the

voltage from the scopes, and record the peak values of the angle and the voltage at the time when
external forces are being applied to the system. The average ratio of the rotating angle and

voltage will be:
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(3-13)

average ~

where m is the number in which the arbitrary force has been applied.

3.2 The TSO-NF controller

3.2.1 Control input and output variables

The purpose of the developed controller is to dampen out the vibrations in the flexible beam
by driving the actuating system. Correspondingly, the deflection ¢ at the top of the flexible beam,
in Figure 2.2, is considered as one of the control input variables. A servo motor is equipped at
the top of this flexible beam, and drives an eccentric load. This motor plays a role in damping,
thus the rotating angle @ of the rigid beam is considered as the second control input variable. The
feedback voltage value that comes out of the controller and gets into the structure can be still
assumed as the control output variable. Moreover, in order to minimize the computation burden

of the classical NF controllers, only two control input variables will be utilized in this case.

The deflection value (g) in ¢m can be estimated as the multiplication of the output voltage
value and a gain which is selected as 2.54, with the unit of cm/volt. Since the nature frequency of
this flexible structure is about 1.13 HZ, the deflection can be observed after the multiplied value
is low-pass filtered (with a cut off frequency of 2.26 Hz) to remove the higher frequency

components.
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The disturbance signal is driven by the motor drive through a gear ratio of 70:1. The encoder
measures the angle with a 1024 count disc which in quadrature results in 4096 counts/rev. Thus,
the value of the rotating angle can be determined by the encoder when the voltage is transformed

to the count value and is multiplied by a gain of 360/4096 deg/count.

3.2.2 The membership functions (MFs)

As discussed in Chapter 2, a fuzzy set is characterized by its MF. Since most fuzzy sets in
this work have a universe of discourse X, a convenient and concise method to define an MF is to
express it as a mathematical formula. Many parameterized functions can be used as MFs in one

and two dimensions, whereas MFs of higher dimensions can also be defined accordingly.

In this work, only one-dimensional MFs (i.e., MFs with a single input) are applied, which

are summarized as follows:

1) Triangular MFs

A triangular MF is specified by three parameters {a, b, c} such as:

0, x <
J—x————g, as<x<b
triangle (x; a, b, ¢) = 2:? (3-14)
, b<x<c
c—-b
0, c<x

By using minimum (min) and maximum (max) functions, some alternative functions could

be formulated:

X—da C—X

b-a c-b

triangle (x; a, b, ¢) = max (min ( ), 0) (3-15)
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The parameters {a, b, ¢}, where a < b < ¢, determine the shape of the triangle function, as

illustrated in Figure 3.6 as an example.
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Figure 3.6. Triangular MF defined by triangle (x; 20, 60, 80).

Due to its simple formulation and computational efficiency, a triangular MF is especially
useful in real-time implementations. However, since the MFs are composed of straight line
segments, they are not continuous at the corners. Some continuous MFs are also applied in this

work, which are described as follows.
2) Gaussian MFs

A Gaussian MF is specified by two parameters {a,c }:

Gaussian (x;a,c)=e 2 ¢ (3-16)
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where a and ¢ represent the center and the width of the function, as illustrated in an example in

Figure 3.7

J : | : ? ———— y1= gaussian (x;50,20)

Th - e e - '-f:-‘":f-"i; y2= gaussian (x;50,10)
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Figure 3.7. Gaussian MF defined by Gaussian y1= (x; 50, 20) and y2= (x; 50, 10).
3) Sigmoidal MFs

A Sigmoidal MF is defined by

Sig (x; a,¢) = 1 1

APRETESS) (3-17)

where g determines the slope at the crossover point x = ¢. Depending on the sign of the
parameter a, a Sigmoidal MF is inherently open right or left and thus is appropriate for
representing sets such as “very large” or “very negative”. Figure 3.8 shows two examples

defined by sig (x; 1, -5) and sig (x; -2, 5), respectively.
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Figure 3.8. Two Sigmoidal functions defined by y;=sig (x; 1, -5) and y, =sig (x; 2, 5).

All these aforementioned three MFs are utilized in the NF controllers. In this TSO-NF
controller, three MFs are assigned to each input variable: one Sigmoidal MF open left, one
Gaussian MF, and one Sigmoidal MF open right, respectively. The initial states of the MFs to
each input variable are shown in Figure 3.9, which are subjected to updating during training

processes as discussed in the following sections.
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Figure 3.9. The initial MFs for each input variable.

3.2.3 The reasoning rules in the NF controller

As stated earlier, the fuzzy reasoning in the NF controllers are performed by fuzzy logic. If n
input variables are considered, x;, i = 1, 2...n, a typical fuzzy rule base is represented in the

following form

R’ TF (x;is A ) AND (xpis A7) AND ... AND (x;is 47), THEN ( f,is w)) (3-18)
where 47 is a linguistic term; w; is a singleton, j = 1, 2...M, and M is the total number of rules;
v=1,2...L, L is the number of MFs.

For this TSO-NF controller model, a common rule set with nine fuzzy if-then rules is based
on equation (3-18), which is shown in Table 3.2. These rules are presented by the links between

the second layer and the third layer.
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R':1F (x;is 4') AND (x2is 4)), THEN ( fis w)),

R%IF (v1is A') AND (x,is 42), THEN ( £, is w2),

R’:TF (x1is 4)) AND (x,is 43), THEN ( f,is wo),

Table 3.2: Fuzzy logic rule base

Deflection € (x,)

Negative 4, |  Zero 4> | Positive 4]
Negative 4 w) w2 w3
Position 6 (x;) Zero A’ W Ws We
Positive 4 W1 W Wo

(3-19)

(3-20)

(3-21)

These nine rules are derived from the motion of this structure. The conditions of the rotating

angle of the rigid actuating beam and the deflection of the flexible beam are illustrated in Figure

3.10.
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Figure 3.10. Sign convention used to set-up the rule base.
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The network architecture of the developed TSO-NF controller is schematically shown in

Figure 3.11, in which M =9, L =3, and n =2,

Layer 4

X, X,

Figure 3.11. Network architecture of the TSO-NF controller.

e Layer I The inputs x; and x; are fed to the network; the neurons in this layer just transmit
input values to the next layer.

oM =x (3-22)

e Layer 2: Fuzzification: The input variables are fuzzified in this layer. If Gaussian and

Sigmoid MFs are applied in this case, the respective node outputs will be

01‘1(2)2/lA’_l(xi)ZS(xi’ai]sCil)zr-}_‘:—r; i=1a2 (3'23)
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2
l x-a )
2

0! = p,(x)=G(x.a],cy=e * &

1

3 3 b
~a} (=x, =)

0/ 2)= pp(x)=S(x,a,¢))=
j l+e

(3-24)

(3-25)

where a’ and ¢} represent the center and spread of the Gaussian MF in equation (3-24),

respectively. And a, and @’ are the slope asx,=candx,=—¢’ in equation (3-23) and (3-25).

The upper subscripts of O}(2), O}(2), or O’(2) denote the number of MF corresponding to each

input variable.

e Layer 3: The links in this layer perform precondition matching of fuzzy rules. Every neuron

represents for a specific fuzzy operation, whose output is the product of all the incoming

signals:

0/(3)=0/(2)- 0;(2) = 1 = 1,y (%) s, (%), v=1,2,and 3

0;3)=0(2)-0;(2) =y = /‘Alz(xl)'ﬂ,;;(xz), v=1,2,and 3

0;3)=0(12)-0y(2) = 3 = M (6) p (x;), v=1,2,and 3

(3-26)

(3-27)

(3-28)

The upper subscript v of O/(3),0,(3), or0;(3) is the corresponding number of the MFs for

the second input variable. The lower subscripts represent the first three outputs, the middle three

outputs, and the last three outputs in the third layer, respectively. These letters have been shown

in Figure 3.11.

e Layer 4: The single neuron in this layer is a fixed neuron which computes the overall output

as the summation of all incoming signals, that is,
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Do W
S (3-29)

y———ﬂ
leilluj

where y is the output variable, u, =u . (x) g, (x,) -4, (x,) is a firing strength of rule ;.
Equation (29) can be rewritten:

Od)=y= 23ﬂ=1 (le 0;(3) ’ W;)
zﬂ=x (Z; 0,(3))

2?}:1(23:1 HyWp) )

= : f=1,2,and 3 (3-30)

Zj}:l (Z:::l:u‘;)

The purpose of using equation (3-30) to replace equation (3-29) is to clarify the following
fact. Actually, the first input x; should be the rotating angle error between the desired and the
real positions of the rigid beam, and the second input x, should be the deflection error of the
flexible beam. Because both the desired input values of this structure are zero, the rotating angle
error can be realized as the actual rotating angle, and the deflection error can be also realized as

the actual deflection value.

3.3 The TS1-NF controller

As illustrated in section 2.2, IF (x; is 4) and (x; is B), THEN (y = f (x1, x2)), it is a TS0
model if f(x], x;) is a constant, as described in section 3.2. On the other hand, it becomes a TS1

NF model if £ (x), x2) is a first-order polynomial [80, 87].

RY:IF (xyis A7) AND (xzis 43), THEN (= p.-x, +g, - x, +7,), j=1,2...9 (3-31)
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For instance:

R':TF (x;is 4' ) AND (xzis 43), THEN ( f = p, - x, +q, - x, + 1), (3-32)
R%:TF (x1is A ) AND (xpis 47 ), THEN (f, = p, X, +q, X, + 1), (3-33)
R°:TF (x1is 4°) AND (x2is 43), THEN (f, = py - X, + @y - X, + 1), (3-34)

The network architecture of this TS1-NF controller is schematically shown in Figure 3.12.

Layer 4

Figure 3.12. Network architecture of the TS1-NF controller.

Layer I: The same inputs x; and x; are still fed to the network. They can be described by

equation (3-22). O,(1),i =1, 2 is the output of the first layer.
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Layer 2: Fuzzification: The input variables are fuzzified in this layer. The same equations

(3-23) to (3-25) can be also applied in this case. In order to achieve real-time application by

using TS1-NF controller, the parameters in MFs {a,c/,0=1,2,3 and i=1, 2} have to be

fixed and applied as constant to the implementation. O'(2), O’(2), and O’(2) are the
outputs of the second layer.

Layer 3: The links in this layer perform precondition matching of fuzzy rules. Every neuron
represents for a specific fuzzy operation, whose output is the product of all the incoming
signals, which can be represented by equations (3-26) to (3-28). They have been illustrated

in the above section. 0/ (3),0;(3), and O;(3) are the outputs of the third layer.

Layer 4: The single neuron in this layer is a fixed neuron which computes the overall output

as the summation of all incoming signals, that is,

_ Zj{:l'uf J;
==,
Zj:l'uf

y J=12..9 (3-35)

where y is the output variable of TS1-NF controller, equation (35) can be rewritten:

> (0503 1)
PIMOIRAE)

O4)=y=

3 3 v
_ Zﬂ:l(Zvﬂfuﬂ I5) ; f=1,2,and 3 (3-36)

> )
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Chapter 4 Testing of Neural Fuzzy Controllers

Once the NF controllers have developed as discussed in Chapter 3, the controller parameters
should be trained properly so as to achieve better control performance. In this chapter, the related
NF classifiers are firstly trained, then they ‘are implemented and tested for performance

evaluation.

4.1 Training of NF controllers

4.1.1 Parameter training for the TSO-NF controller

This TSO-NF controller has both linear and nonlinear system parameters. A hybrid training
method is adopted in this work to train the controllers as discussed in Section 2.3. The nonlinear
parameters in the MFs of the TSO-NF controller are trained by the use of the steepest gradient
method, whereas the linear link weight parameters are fine-tuned by LSE. The training process
requires a set of representative data pairs between the network inputs and corresponding target
outputs. The training goal is to iteratively minimize the network objective (or error) function

defined as
1
E=-( -3 (1)

where y is the actual output and y“ is the desired output for input vector x = (x1, x2) ".

Substituting equations (3-26) - (3-30) into (4-1) yields
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M 2
1 d Zj:l'uf (x).wf
E="2" y - v
Zj:x'uj(x)

3 3 2
. ( /,lv ‘WV)
d Zﬂ_l Zv::l s B , B=1,2and3 4-2)

1
—| ¥4 = = -
2 Zj}:l (2411 'uﬁ)

Since the shape of the MF K, () is defined by a/ and ¢/, v=1, 2, 3 and i =1, 2. Hence,

the learning rules based on gradient algorithm for the MFs can be derived as follows:

a/ (k+1)=a/(k)- T, Aa) =a] (k) - T, aEv (4-3)
qk+D)=c/(k)-7, Ac/ =c/(k)~-7, - SE (4-4)
| ¢ C,-v
where
0F =§£.@’_% (4-5)
0a; 8y ou, Oa
OF _OE oy OHy (4-6)

a;/ (k) and ¢/ (k) are the values of the variables at the th time step; Aa;and Ac,” are the current
gradient; and 7, andz , are the learning rates that affect the training convergence and stability of

the parameters. A larger learning rate could speed up the convergence but might result in

overshooting, while a smaller learning rate has an opposite effect. 7, and 7, ranging from 107

to 10 have been tested in this work and are used in the experiments.
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For instance, if a; (ora; whenv =1 and i = 1) is needed to be trained on-line, equation (4-3)

and equation (4-5) will be used by the Embedded MATLAB Function in the Figure 4.1.
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Figure 4.1. Training Block for the updated parameter a;,

Figure 4.1 was built by using MATLAB blocks. 1) The Embedded MATLAB Function

block includes ten inputs: g, and ¢, ,which are needed to be trained by using the gradient method,

are the parameters in MF u e UA11, UA12...UA23 present the outputs of the six MFs in the

TSO-NF controller’s network, respectively; 4 _all is the summation of all they,, j=1, 2...9
(orpy, f=1,2,3; v=1,2, 3). The outputs of the Embedded MATLAB Function block are nine

derivatives of u; _avg _d with respect to the parameter a). Each value of u, avg d is

calculated by the equation x, avg d =u,/ Z; #; . 2) The derivative equation can be

described by OE/0aq, = Zjﬂ (#; _avg _d_a))-w,infigure 4.1. w, is the consequent parameter,
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which will be trained by using the LSE method in the following part. 3) The value of the tuning

rate 7_, can be represented by Gain 1 in Figure 4.1.

The gradient training method forms the basis for many direct methods used in optimizing
both constrained and unconstrained problems. Despite its slow convergence, the gradient method
may be the most commonly used nonlinear optimization technique due to its simplicity. The

gradient method also enables to train a network without the use of all available input/output pairs.

The LES algorithm is used to train the consequent parameters (or the weights) w; . From

equation (3-30), it is observed that the final output y is a linear function of the consequent

parameters w; . Hence, given the values of the membership parameters (centers and widths) and g
training data (x®, y?®), k=1, 2... g, we can form g linear equations in terms of the consequent

parameters as follows:

a7 [ - —(1) (0 T T 5050 =

y YTARGER VAR Y TARER T N S TN (Y Ly w,
d(2) +(2) ++(2) (2) —=(2)(2) ()

y FTARGER (e TAER TN O S TN (Y YT AR TN T W,

= ' = ‘ g (4-7)

d(g) (&) —( -—(8) —=(8)7(8) (8
yoe _ﬂ1g 'Wl'*'/‘zg)’wz"'-""'/‘Mg Wy | LT, v 4 W

— M v 3 3 v v
where 7® = 49/ Zj=l pE =y Z;;:n(zv:] 1y and u® can be replaced by s

( j=L2,...M ; M=9 i £=1,23; v=12,3 ) in equation (4-2). The values of

Z;l(Zi:I ,u;(k ")are calculated by equations (3-26) - (3-28) when the input is x** .

Define the following vectors:
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OB =[E" I .. Iy (4-8)

Dy = [40;90(1) Co'rTso(z) Q);":S'O (g)]T 4-9)
Wreo =W, W, oW, ]T (4-10)
Y = [yd(l) yd(z) yd(g)]T (4_1 1)

To simplify notation, equation (4-7) can be expressed in a matrix-vector form:
Y =@ Wi (4-12)

According to linear equation (4-12) the tuning of w, can be viewed as a problem of

parameters estimation. The LSE method is a useful technique for parameter estimation, which is
very simple if the model is linear in terms of the parameters such as those in equation (4-12). A

concise approach to solve equation (4-12) is to use the pseudo inverse technique,
Wrso = (Prsy - Prgo)” - Prsy - ¥ (4-13)

where (Dfg, - Ppg,) " - Dr, is the pseudo inverse of D, if D, - Py, is nonsingular. Then the

LES loss function can be minimized.
In many cases, the row vectors of matrix @, (and the corresponding elements in¥ ') are
obtained sequentially in real time; hence the LSE of wj,, in equation (4-12) can be computed

recursively. Let the /th row vector of matrix @;, in (4-12) be ¢, (/) and the /th element of

Y be y?® then wyg, can be calculated recursively using the following formula:

Wrgo (L +1) = Wrgy () + Hgo (L +1) - (0 = ol o (T +1) - wrgy (D) » (4-14)
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Hygo(U+1) = Sigo(U +1) - @50 (1 +1)

= S0 (D) Qe +1)-( + Q);:S'O(l + 1) Spgo (D) - @pgo (I + ™ (4-15)
Srso+1) =850 (1) = Sy () Prgo (L +1)
(I + Q"’rrso(l +1) Syso (D) @pgo U+ ™ 'Q’;‘:vo(l +1)-Sp50(D)

= (I = Hygo( +1) 150 (0 +1)) - Sy () (4-16)

The initial conditions are w, =0 and S(0)=y -7, where y is a positive large number and [ is

the identity matrix of dimension M x M .

Since the error e,, = y* — y at the output vo! of the NF controller is not directly available,
and only the system errore, = 6° —8 ande, = £ — £ can be measured at the outputs (6, £) of plant
due to0” =0, and £ =0, e, will be the actual rotating angle 8. Furthermore, e, will be the actual

deflection ¢ . therefore, we chose 6 as the desired control output (target output) instead of using

the desired controller’s output y° . Moreover, by both the analytical analysis and the PD control

experiment, it has been proved that one of the plant’s output & and the control output y follow a

reverse relationship. Thus, equation (4-1) can be replaced by:
1 1
E=— (V' =y =5-C,-(6" - 0) (4-17)

where C. is the negative ratio of e,, and e,. The derivative for parameter @’ in equation (4-3)

can be calculated by
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OE _OE 06 & OH,

= e 4_1 8
Oa; 00 08y ou o Oa; ( )
The common parts of equation (4-3) will become:
OFE p
—=C (8 -8)-(-1 4-19
20" ( )-(-1) (4-19)
06
—=+C 4-20
5 VG (4-20)
Y 1 (by equations (3-26) - (3-30)) (4-21)
ou p
Ot :
5 —=A_, (byequations (3-23) - (3-25)) (4-22)
a, '
Based on the LSE method, w=[w, w, .. w,]" will be tuned by equations (4-14) - (4-

16).

In equation (4-14), y“ can be replaced by 8” as illustrated in equation (4-17). Then equation

(4-14) can be re-written as following:
Wrgo ([ +1) = Wy (1) + Higo (I +1) - Cw_'rso(ed(l) - C”’]T':s‘o(l +1) - Wy, (1) (4-23)

whereC,, g, is the ratio of e, and e, when the consequent parameters W are trained by LSE-

Correspondingly, the tuning rate of the weights is determined by equation (4-24) in this case.

Ty 150 = ol +1)-C T80 (4-24)
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4.1.2 Parameter training for the TS1-NF controller

The nonlinear MF parameters in the TS1-NF controller are trained by the use of the gradient

algorithm similar to that in the TSO-NF controller as discussed in section 4.1.1. The linear

consequent parameters of the TS1-NF controller are optimized by the LSE method.

Equation (4-7) can be re-written as:

0T [ B S St B S | [ EOERD
yd(Z) 1(2)'f1+/u:z Syt +,uzf42) S /71(2)/72(2)-"/1/\(42)
| LB S B S m D S ] O]
Iu(l);'[(l) -/7(]) 7
g g | [, x, 1 0 0 0 0
3 0 0 0 x x, 1 0
0 0 0 0 0 0 X,
/Tl(g)/j(g) -/11\(43)_
B B BB B B I
s B B e W W B E
E(g)_):] /_~’1(g)'xz ﬂ(g) le(g),x] ;—ég)_xz Zé(g) .. E‘(f)_& ;ﬁ)'xz

7o
Hor

A7 |

Zﬁ)

9

3

(4-25)
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where g is the given training data (x®,y’®) , k= 1, 2... g

and 7® = u® /ZJ Wi ',U/a(k)/zﬂ 1(Zv H59) . The values of Zﬂ I(Zv 0 are

calculated by equations (3-26) - (3-28) when the input is x*) = (x®, x{")"

da®=lA"x A% A% Bx Bx o Ao A n B (4-26)
b =0 () P2 o ()T (4-27)
W =lpr @ no b gy ml (4-28)
Y =[y* p@ ey (4-29)

For the LSE method used in TSI-NF controller, y* can be replaced by 8 as illustrated in

equation (4-17). Thus, the matrix of trained parameters will be calculated by:

ﬁ,TSI (l + 1) = ':,TSI (l) + HTSI(I + 1) ’ Cw_TSl(gd(/) - (ﬂTTSI(l + 1) : ':)TS] (l)) (4'30)

where C, ,, is the ratio ofe,, ande,in tuning the consequent parameters wy, , and the tuning

rate of the weights is determined by equation (4-31).

7, = Hg(U+1)-C, (4-31)

For the recursive LSE formula to account for the time-varying characteristics of the system,
the effects of old data pairs must delay as new data pairs become available. This problem has
been well studied in the adaptive control and system identification literature. One typical method

is to formulate the squared error measure as a weight and to give higher weighting factors to
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more recent data pairs, by applying a forgetting factor A to the original recursive formula (4-14) -

(4-16).

The weights (consequent parameters) are trained by equation (4-30), by the computational

procedures in (4-32) and (4-33):
Hg (I +1)= S ({+ 1) @ (I +1)
=S () P +1)-(A+ (0']‘.;1 +D) S (D@ (I + 1))_] (4-32)
1
Spa(+1) =Z[STSI DN=Sp () @rg (1 +1)

(A+ 9 (1) S (1) 91 T+ 1) - 07, (1 +1)- Sy ()]
= jli[(l — H g (1 +1) - o (1 +1)) - Sy (1] (4-33)

The typical value of 4 in practice is between 0.9 and 1. The smaller j is, the faster the
effects of old data decay, and more capable the algorithm is in tracking time-varying parameters.
A small 4 sometimes causes numerical instability, therefore, the value of 4 is often task-

dependent and has to be determined experimentally.
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4.2 Testing the NF controllers

4.2.1 The PD controller

For the purpose of comparison, the control test results from a PD control are also included in
this section. Since the required disturbance signal in the following experiments is in voltage with
a value of 1 v, we have to use the angle of 20 deg for the Disturbance Gain to replace the angle
of 5 deg as illustrated in Figure 3.5. The experiment results by using the PD controller with new
Disturbance and Control sequence signals are shown in Figure 4.2. In this chapter, the unit of

time is s, the Deflection’s unit is ¢m, and the Rotating Angle’s unit is deg.

Deflection Grades

Time Steps

(@
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Figure 4.2. (a) The control result of the Deflection; (b) The control result of the Rotating Angle.

The overshoot of deflection in Figure 4.2(a) is 1.718 cm, and the settling time is about 3 s
from ¢t =2 s to ¢t = 5 s. The measurement of overshooting is applied to describe a situation where
the initial reaction of a variable to a shock is greater than its long-run response. The settling time
is a measurement to describe how fast the response converges within* settling time percentage
(Sp) of the steady state or the final value of the response. Sp depends on specific application

requirements, and Sp = 2% is used in this work.

Figure 4.2(b) describes the control output in terms of the Rotating Angle, and its maximum
magnitude value is 23.12 deg. This peak magnitude can also reflect the control request indirectly.

The larger value of the rotating angle is, the more control request of the motor is consumed.
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4.2.2 The NN controller

Usually, an NN consists of many interconnected nonlinear processing elements called
neurons. The conventional NN is that individual neurons sum their weighted inputs and yield an
output through a nonlinear activation function, which is called a static model. As the extension of
the static NN, dynamic recurrent NN is constructed by the static neurons through adding state
feedback. In this thesis, a three-layer dynamic recurrent NN is developed, which includes one
hidden layer with 2 nonlinear neurons and an output layer with one nonlinear neuron. The
nonlinear neurons are used to capture the nonlinearities of the approximated system. Each neuron
has two incoming signal, and its output is computed by passing the summation of all incoming

signals through the nonlinear Sigmoid function.

As a comparison, the experiment results of the NN controller with the same Disturbance

sequence signal (Figure 4.3) is as shown in Figure 4.4.

Disturbance

1 — N R S

»
ooX

0 2 244 12 12.44 22 2244
(sec)

Figure 4.3. The disturbance signal using in TSO-NF controller.
The difference of disturbance signals between the PD controller and the TSO-NF controller
is related to the unit of sequence signal: voltage with the amplitude of 1v in the NF controller,

and degree with the amplitude of 20 deg in the PD controller. There exists no switching control
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sequence signal. The disturbance sequence still repeats every 10 s, and each pulse’s duration is

over 0.44 s.

sapeIn) uolos|eQ

Time steps

(2)

sapels) ajbuy Buijejoy

Time steps

(b)
Figure 4.4. (a) the control result of Deflection; (b) the control result of Rotating Angle.
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Figure 4.4(a) and 4.4(b) show the control results of the Deflection and the Rotating Angle
by using the NN controller, respectively. The overshoot of deflection is 1.532 cm. The largest
magnitude of negative value is about 0.5 cm, and the settling time is around 2 s. In Figure 4.4(b)

the overshoot of Rotating Angle is 23.43 deg, and the steady state value is near 2.5 deg.

In terms of the overshoot, the NN controller has a relatively smaller overshoot than in the
PD. The better performance of the NN controller is due to its training effect to fine-tune system
parameters for better modeling. However, the experimental structure is simple in this case; any
external environmental influence can make a significant change in system dynamics. Therefore,
it is difficult to recognize NN controller’s other advantages over the PD controller. Although the
NN results are very limited to a couple of data sets, NN can be used for time-varying systems

but PD cannot.

4.2.3 The TSO0-NF controller

The structure of the TSO-NF controller is shown in Figure 4.5. Two inputs (6, &) are chosen

in this controller in the first layer, which is different from the inputs (6,0,¢,¢) in the PD

controller.

Six MFs (subsystem 1, subsystem 2 ... subsystem 6) based on Sigmoidal and Gaussian
functions are used for both input variables in the second layer. The implemented SIMULINK

models of the MFs are shown in Figure 4.6.

In this experiment, the sampling time of the system is chosen 0.001s. The learning rate in

equation (4-24) is selected as 7, ;5, = 0.6 to improve training convergence and instability. Due
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to the limitation of tolerance of the updated parameters when the system is stable, by simulation

tests, the learning rate in equation (4-3) and (4-4) is selected as 7 , =0.001, or z,, =0.001.
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Figure 4.5. The SIMULINK model of the TSO-NF controller.
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Product

Sigmoidal MF

Gain3 Fcn3

(2)

P}oduct

Gaussan MF

Fen3

(b)

Figure 4.6. (a) Sigmoidal MF; (b) Gaussian MF built by the Matlab blocks.

The difference between the subsystem 1 (or 4) and the subsystem 3 (or 6) is depending on

the sign (negative or positive) of x; (or x;) to make the Sigmoidal MF open left or open right.

The experiment results with the developed TSO-NF controller based on the Disturbance

sequence signal (Figure 4.3) is as shown in Figure 4.7.
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Figure 4.7. (a) The control result of Deflection; (b) the control result of Rotating Angle.

Figures 4.7(a) and 4.7(b) illustrate the control results of the Deflection and the Rotating

Angle by using the TSO-NF controller, respectively. The overshoot of deflection in Figure 4.7(a)
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and the settling time is about 3.5 5. In Figure

3

is 1.129 c¢m. The largest negative value is -0.7 cm



4.7(b) the overshoot of the Rotating Angle is 9.756 deg, and the largest negative value is near -7

deg.

4.2.4 The TS1-NF controller

In this experiment, since the TS1-NF controller involves more linear parameters (twenty
seven) to be tuned by the LSE method than those in the TSO-NF controller (27 vs. 9), more time
will be required in training in this experiment. Correspondingly, the sampling time is chosen
0.002 s (instead of 0.001 s in the TSO-NF controller). The learning rate for linear consequent

parameters in equation (4-31) is7, ,, =0.7. Because it is a recursive LSE training process, the

forgetting factor A =0.9998 is selected in equation (4-32) and equation (4-33) in this experiment.

The experiment results with the developed TSI1-NF controller based on the same

Disturbance sequence signal (Figure 4.3) are as shown in Figure 4.8.

1.6k -

0.5k ---4--- S

Deflection Grades

Gy

0.5 - - -

-

Time Steps

(a)
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Figure 4.8. (a) the control result of Deflection; (b) the control result of Rotating Angle.

Figure 4.8 shows the control result of Deflection and the Rotating Angle by using the TS1-
NF controller, with the overshoot of deflection 1.462 cm, the largest negative value -0.5 cm, the
settling time 2 s, the overshoot of the Rotating Angle 21.27 deg, and the largest negative value 0

deg.

Based on the aforementioned test results from different controllers, the following

conclusions can be reached.

1) Both the proposed two NF controllers (TS0 and TS1) can be real-time implemented

efficiently (i.e., over a short sampling time).

2) The adopted hybrid training method can effectively optimize the controller parameters.

The training errors can be directly used for self updating of the controllers.

3) In terms of the Deflection among the four controllers, TSO-NF controller has the best
performance (with the amplitude of overshoot 1.129 c¢m). Although TS1-NF controller has a little
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larger overshoot than in the TSO-NF controller, it has a smaller undershoot with the amplitude

less than 0.5 cm. That is, both NF controllers have their own advantages and disadvantages.

4) In terms of the Rotating Angle among these controllers, although the TSO-NF controller
has a relatively large undershoot, it has a much smaller overshoot (9.756 deg) than other
controllers. That is, TSO-NF controller requires less control request of motor consumed. On the
other hand, although the TSI-NF controller has a relatively larger Rotating Angle than in the PD
controller, it can reach a desired steady state (zero degree) after controlling; its control request is

needed on one side only.

5) Compare the control results with the NN controller and NF controllers, both the NF
controllers outperform the NN controller in terms of the overshoot, system convergence and
control request (e.g. Rotating Angle). From figure 4.4, it is seen that the training convergence of
the NN controller is slow. The reason is that the NN controller is a black box processor; the
resulting distributed knowledge after training representation in a NN is usually difficult to
understand. Expert knowledge cannot be implemented in a NN effectively to further improve

control reasoning and performance.

In order to overcome the need for precise process representation, the FL provides the
controller a high-level IF-THEN control reasoning framework, moreover, the controller structure
and parameters are optimized by NN based training. Therefore, both TS0 and TS1 NF controllers

are used in this work.

6) In terms of the settling time, the TSI1-NF controller has the shortest settling time

compared with other controllers; it takes only 2 s to make the structure to the steady state.
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Based upon the above comprehensive investigation, it is clear that the developed TSO-NF
and TS1-NF controllers outperform the classical PD and NN controllers. The reasons are

summarized as follows:

> Intelligent controllers possess the ability to perform in noisy environments and can
tolerate faults and missing data; they can represent the imprecise models by elastic
(non-crisp) or fuzzy constraints on variables.

> NF controllers can approximate arbitrary continuous functions by appropriate training
processes. Properly changing the learning rates can significantly improve training
convergence and accuracy.

> Based on on-line training, more accurate system parameters enable the NF controllers to

achieve optimal or near optimal input-output mappings.
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Chapter 5 Vibration Control of Time-Varying Systems

5.1 Overview

As discussed in Chapter 1 (section 1.2), system identification is necessary in modeling
system whose dynamic properties cannot be easily represented in terms of first principles or
known physical laws. If the dynamics of the system to be controlled varied with time, the key
step is to accurately identify the new system in real-time. In general, the purposes of system

identification are as follows:

o To predict a system’s behavior such as in time series prediction and weather forecasting.

¢ To explain the interactions and relationships between inputs and outputs of a system.

e To design a controller based on the model of a system, and to do computer simulation of
the system under control.

System identification usually involves two steps:

1. Structure identification: In this step, a priori knowledge about the target system is
applied to determine a class of models within which the most suitable model is to be
selected. Usually this class of models is denoted by a parameterized function y = f(u;w),
where y is the model’s output, u is the input vector, and w is the parameter vector. The
determination of the function f is problem dependent.

2. Parameter identification: In this step, the selected structure of the model is optimized to

determine the parameter vector w = w such that the resulting model y = f(u; W) can

describe the system appropriately.
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In general, system identification is not a one-pass process, but a repetitive identification
procedure for both the structure and the parameters until a satisfactory model is derived. The

general procedures are as follows [81]:

1. Specify and parameterize a class of mathematical models representing the system to be
identified.
2. Perform parameter identification to choose the parameters that best fit the training data
set.
3. Conduct validation tests to see if the model identified responds correctly to an unseen
data set.
4, Terminate the procedure as soon as the results of the validation test are satisfied.
Otherwise, another class of models is selected and steps 2 through 4 are repeated.
For the estimation of model parameters from measured data, the procedure can be
undertaken in three distinct steps: data collection, system identification and determination of
modal parameters from the identified system description. These steps are illustrated shown in

Figure 5.1.

79



- Sm art St\,’ru‘éture : - e

____{ Learning Algorithm

y,(k+1) = $,(k+1)

Figure 5.1. Block diagram for parameter identification.

As shown in Figure 5.1, an input after a negative feedback of y, (kK +1), k=1, 2 ...m, as time
steps, is applied to the controller; the difference between the target system’s output y, (£ +1) and
the model’s output y,(k +1) is used, in an appropriate manner, to update all network parameters
so as to reduce this difference. Actually, both desired and predict outputs y,,(k +1) and y,, (k +1)
involve two parts: one is the rotating angle of the rigid beam 8, (k +1), and another is the
deflection of the flexible beame, (k +1), such asy, (k+1)= {8, (k+1);¢,(k+1)}. Both the
output of controller ¥, (k) and the outputs of smart structure after a unit delay y, (k) will be the

inputs to this identification network. These m desired input-output data pairs, v =1, 2 ...m, are

the training data sets (or sampled data sets).
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In this chapter, a novel recurrent identification network, RIN, is developed to adaptively
recognize the system dynamics. A new hybrid online training technique, based on RTRL and
LSE, is adopted to optimize RIN parameters; its training efficiency is compared with a classical

training method based on the gradient algorithm.

5.2 The recurrent identification network (RIN)

The network architecture of the developed RIN is schematically shown in Figure 5.2. This
RIN has three layers, each hidden layer neuron having a dynamic recurrent feedback link. The

mapping relationship of this RIN network is described as follows.

Layer 1 Layer 2 Layer 3

Figure 5.2. Structure of RIN by using gradient method.

The input layer contains three inputs in this case. They transmit the input information to the

second (or hidden) layer:
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I (k)=x,(k) (¢=1,2,3) (5-1)

Hidden layer: a feedback link is connected to each neuron in layer 2 in order to improve the
controlled accuracy and convergence property (stability). The signal in each feedback link
represents the neuron output in the previous time step (i.e., at k-1), and at each time step it is

stored in the training database.

OP (k)= f(nety(k) (5=1,2...10) (5-2)
net, (k)= w - O (k-1)+ iw},}; %, (k) + 67 (5-3)
4=l

where net, (k) is the input to the & th neuron in the hidden layer; O (k) is the output of the & th

neuron in the hidden layer; f(*)is the activation function, which is chosen as a continuous

1 a
) @
l+e™’ Wes - s

nonlinear sigmoid function, f(x)= are the weights of the inputs to the hidden

layer, and the weights of the hidden neurons, respectively; 4" are the bias of the second layer.

Output layer: the neurons in this layer are fixed neurons labelled, which compute the

outputs as the summation of incoming signals as shown in equations (5-4) and (5-5).

5
OP (kY=Y ws - 0P (k) +b5" (£=1,2...5) (5-4)
d=1
10
O (k) = D wiy - O (k) + b5” (5-5)
8=6

where O (k) and O’ (k) are the neural network outputs in the third layer; wy , wi) ,are the

weights of the hidden neurons in the output layer. 5, b are the bias of the third layer.
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The error function is as defined in equation (4-1)

By = 04 (0 - 7 ()’ (5-6)

By =~ (040~ () )

where y{(k) and y{(k) are the desired outputs of the system; and y,(k)=0O®(k) and

y,(k) = OP (k) are the output of the RIN.

45000 data are chosen as the training data for each input variable x,(k)and each output

variable y, (k), I =1, 2. After 100 training epochs, all the related weights can achieve the desired

outputs. Each epoch represents one cycle when all 45000 data sets are input to the scheme for

processing.

The weights of the dynamic recurrent network will be updated by using the gradient method,

as follows
O, oy, (k) 902 (k)
—e, (k)15 =—e (k) ;
awg) é ng) 1 ng)
=—¢,(k)- 0P (k),(5=1,2...5) (5-8)
OE, oy, (k) 209 (k)
6wf32) —e, (k) =2 ;32) =-e, (k) 5;232) ’
=—e,(k)-OP(k), (5 =6,7...10) (5-9)
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OE, 80P (k) 80 (k)

st S k
R G
=—e,(k) Wl - 0¥ (k),(5=1,2...5)
OF 80y (k) 20"
= S Y,
5 005" (k) ow;”

=—e,(k)- WS, - @V (k), (5 =6,7...10)

% _ S ) 208 (k) 902 (k)
OWgs 5 0057 (k) owgy

=—Ze](k) wy @y (k),(£=1,2...5)

owd 80P (k) owd)

OE, _i o (k). 2000 207 (k)

=2 e wg -wP®), (§=1,2..)

OF 0P (k 2
Eﬁ;%-=-—q(k)- ;m( ). %% fk)=
¢ 0P (k) ob?
=—e (k)-wg) - 9P (k),(6=1,2...5)
0E, 0057 (k) 005 (k)
R G

=—¢,(k)-wS) - 9P (k), (6 =6,7...10)

(5-10)

(5-11)

(5-12)

(5-13)

(5-14)

(5-15)
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007 (k)

aE 1( ) ayl(k)_

617(3) b =) o’
= —e,(k) (5-16)
5o 10
=—,(k) (5-17)
é")(k)—%;;)—fmet (8- (O (k=1 +wf? %—D)
= f'(net;(k)) - (O (k=1 +wi? - o (k 1)) (5-18)
(k) = a‘;ﬁ;g‘)—f( et (K)) (2, () w2 %’F—Q)
= lnety(0)-(x, () + 9§ - @ (k=1) (5-19)
9k = aoaig)zgk) = f(ret, () (520)
whete &,() =3 (k)= 1 (8) , &,(K)= 33 (K) = 3,(K) 5 fnet, (k) = O -(1- O . Note. that

equations (5-18) to (5-20) are nonlinear dynamic recurrent equations which can be obtained

recurrently using the initial conditions ¢{”(0)=0 and @{?(0)=0.

Thus, the weights of the RIN can be updated by

Wk +1) = w(k) + 759 -(——g—f;) (521)
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where w are the RIN weights including wiy) , wi”, wi), wi); 7, is the adaptive learning rate.

5.3 The real-time recurrent learning (RTRL) with the LSE method

Consider a network consisting of a total of N neurons with M external input connections. Let
x(k) denote the M-by-1 external input vector applied to the network at the discrete time instant £,
and let O(k+1) denote the corresponding N-by-1 vector of individual neuron outputs generated
one step later at time k+1. The input vector x(k) and one-step delayed output vector O(k) are
concatenated to form the (M+N)-by-1 vector. Let 4 denote the set of indices i, i =1, 2...M, for

which x(k) is an external input, and let B denote the set of indices j, j =1, 2...N, for which O (k)

is the output of a neuron.

We may distinguish two distinct layers in the network, namely, a concatenated input-output
layer and a processing layer, which is illustrated in Figure 5.3 for M =3 and N = 6. The three
input variables will be assumed the same as those as illustrated in Figure 5.2, that is, x(k)
{0,(k),g,(k),vol(k)}. N of the feedback connections are in actual self~feedback links. Because
the number of the output neurons O(k+1) equals the number of one-step delayed output vector
O(k), we denote the indices also by r, r =1, 2...N . Moreover, the indices /, [ =1, 2, are denoted
for which y(k+1) are the two outputs of the developed recurrent network (namely, the predicted

data sets{@(k + 1),e(k +1)}.

Three kinds of weights are included in this network, wy, w,;, and w;. They represent the

weights of the connections between these M external inputs and N hidden layer neurons, the
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feedback links between the hidden layer neurons, and the connections between the hidden layer

neurons and the two output neurons, respectively.

yl(k‘+ 1) y(k+1)

x, (k) x,(k) x3‘(k)

Figure 5.3. The architecture of a real-time recurrent network.

The internal activation of neuron j at time £ is represented by
3 6
pj(k) = Zwy(k)'xi(k) 1"'Z:V"rj(k)'ar(k) (5-22)
i=l r=1

At the following time step k+1, the output of neuron j is computed by passing p, (k) through

the nonlinearity o(-), or

O,(k+l)=0o(p,(k)) - (5-23)
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It should be noted that as indicated in equation (5-23), the external input vector x(k)
{6,(k),e,(k),vol(k)} at time k does not influence the output of any neuron in the network until

time &+1.

With these obtained dynamic equations, the next task is to derive the RTRL technique for
system training. RTRL is a modified steepest gradient algorithm, which aims to match the

outputs of certain neurons in the processing layer to desired values at specific time instants.

Due to the desired (target) data sets being {0, (k),s,(k)}, we define the time-varying

errore, (k) ande, (k):
e, (k)= 0,(k) - 6(k) (5-24)
e (k) =¢,(k)—e(k) (5-25)

The instantaneous sum of squared error at time k will be defined as

E(k) =%[(6’d(k)—9(k))2 +(8d(k)~8(k))2] (5-26)
The objective is to minimize the overall cost function E,_,, (k) over all time instants; that is,

E e (K) = ;E (k) (5-27)

To accomplish this objective we compute the steepest gradients of the cost function,

OF OE(k)
V, E  =—9d = =>»V_ Ek 5-28
W total aWij ; aW[j ; wy ( ) ( )
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ok OE(k
V., Eun =2 =3 20 59 pky (529)
f k

7} & 7

where VWUE (k) and VWUE (k) are the gradient of E(k) with respect to the weights w, and w,,
respectively.

In order to develop the RTRL algorithm that can be used to train the recurrent network in
real time, we will use an instantaneous estimate of the gradient, V,, E(k) and V, E(k)at each

time step &, which will result in an approximation to the steepest gradient method. Figure 5.4

illustrates the error propogation within the network.

3E() BEQ) PE(3) OE(k)
30,(1) 30,(2) 30,(3) 00, (k)
e (2) (B (3)

(@) (b) (© (d)

Figure 5.4. Error-propagation networks at different time steps: (a) i = 1; (b) i =2; (c) i =3; (d) a general

situation where the thick arrow represents 0°0, (k —1)/ 0w, and 0" O (k-1)/ow,,.

If k£ =1, the error-propagation is as shown in Figure 5.4(a) and we have:

00,y _30,()  E() _ 2E() 9'0,()

(5-30)
ow,  ow, ow, 80,() ow,
*0,(1) 80, ’ "0,(1
oo, _00,(h OEM _ 2EW 90,1 (5-31)
dw,  ow, ow, 00,(1) ow,
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Ifk =2, the error-propagation network is as illustrated in Figure 5.4(b) and we have:

9'0,(2) 90,2  90,(2) 30",(1)

and
ow, ow, 00,() ow,
+ 0'0,(2
0'EQ2) _ 9EQ) 9'0,(2) (5-32)
ow, 00,(2) ow,
00,2 00, 90, 20%,() 4
ow,, ow, 00,(1) oOw,
+ o0 .(2
0'EQ) _ 0E(2) 90,2 (5-33)
ow,  00,(2) ow,
If k£ =3, the error-propagation network is as shown in Figure 5.4(c) and we have:
70,0)_20,0), 00,0 000®
ow, ow, 80,2) ow,
O'E() _ 8E@3) 9°0,(3) (5-34)
ow,  00,3) Oow,
6"0,(3) = 00,0) + 90,(3) 80,(2) and
ow, ow, 00,2 ow,
+ 0'0.(3
0"E(3) _ 9E(3) 9'0,(3) (5-35)

ow, 00,(3) ow

Y 7

In general, for the error-propagation at time instant &, we have:

a*oj(k)_ao,(k)+ 00,(k) 20" ,(k-1)
ow,  ow, B0,(k-1)  ow

ij ij i

and

20



0'E(k) _ GE(k) 0'0,(k) (5-36)
éw,  00,(k) ow

4 i

6°0,(k) _20,(k) . _80,(k) 80", (k~1)

and
ow, ow, 30,(k-1)  ow,
O"E(k) _ 0E(k) 90,(k) (5-37)
ow,  00,(k) ow,

Where 00" ;(k-1) and 00" ;(k -1)

i 7

are already available from the calculation at the previous

time instant. Figure 5.4(d) shows this general situation, where the thick arrow represents

%0 év(vk - and 907, (k1) , which are already available at the time instant £-1.
i Y

Therefore, by trying to minimize each individual E(k), we can recursively find the gradients

aiw(k) and 9L (k) at each time instant; there is no need to wait until the end of the presented
i rj

sequence. Since this is an approximation of the original gradient formula:

OF* (k
o aw(,,) (5-38)
ij
OF* (k
Aw, =-n, 8w( ) (5-39)

y
the learning rate of 77, and 7,; in equations (5-38) and (5-39) should be kept small.

The weights w;, and w,, are updated in accordance with
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w, (k+1) = w, (k) + Aw, (k) (5-40)
w, (ke +1) = w,, (k) + Aw, (k) (5-41)

The developed RIN is trained by a hybrid technique based on the RTRL and LSE. The
parameters of the recurrent links and the connections between these M external inputs and N
hidden layer neurons are trained by the use of the RTRL as discussed in the last section. The
weights wj;; connected between the hidden layer neurons and the two output neurons in this
network are fine-tuned by using the LSE method when the antecedent parameters (parameters in

MFs) remain fixed.

Given g training data, equation (4-7) can be re-written as:

O 1O wy +0 wy 4.+ 00w,
d(2 (2) (2) (2)
yi® 07w, +0)7 wy +..+ 07 -w,
YO 0w+ OF o wy .+ 0w
~ AWM m . m
01 02 . Oj' wll
o® 0% ... 09 Wy,
|1 2 : . : (5-42)
(&) (&) ... (8)
_01 0, ) Oj IR

where O (j =1,2,..., N ; N = 6) are the outputs of neurons in the second layer.

" (ky=[0® o¥ .. 0¥ (5-43)

J

D= [p"() ¢"(2) .. o' (] (5-44)
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wo=[wy wy . owy,l (5-45)

Y=Yy T (5-46)
where k=1, 2... g.
To simplify notations, equation (5-42) will be expressed in a matrix-vector form:
Y,=0-w, (5-47)
Then equations (4-13) can be represented by
w =@ &)oY, (5-48)
where (@7 - @)™ - &7 is the pseudo inverse of @ if " - P is nonsingular.

Let the zth row vector of matrix @7 defined in equation (5-47) be @' (z)and the zth element
of ¥, be y/¥; adding a forgetting factor 1 (A = 0.9998 in this case), then w, can be calculated

recursively using the following formulas:
Wi (z+1) = W] (2)+ Hypy (24 1) (07 9" (24 1) w] (2) (5-49)
Hpppy (2 +1) = Spppy (2 +1) - (2 +1)

=S (2) @2 +1) - (A + 9" (2 +1) Sy (2) - @(z + 1)) (5-50)

Sprr(z+) = % [Skrri(2) = Sirr(2) Xz +1)
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A+ 9" (z+1) Sy (2)-p(z+ )@ (z+1)- Sprr, (2)]

- %[(I = Hyp (2 +1)- ¢’ (z+1)- S, (2)] (5-51)

5.4 Control performance comparison based on training techniques

5.4.1 Implementation of the RIN in the experiment

Figure 5.5(a) shows the block diagram of the flexible structure control system without RIN.
@ and e are the control input variables, and vol is the control output variable. The block
‘controller’ is the NF controller as developed in Chapter 3. Figure 5.5(b) illustrates the block
diagram of the experiment when the RIN is applied. The difference between the systems in
Figures 5.5(a) and 5.5(b) is related to the RIN which is used to automatically estimate the model

of the tested flexible structure. In training the RIN, the desired data sets are those of the control

results {8,(k),&,(k) } without RIN. Then when the actual outputs of RIN {8k +1),e(k+1)}
are similar to those of {8,(k),e,(k)}, it is assumed that this RIN has identified the model of

tested flexible structure.

Disturbance
Input Output

variables variable

vol

(@)
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Input
variables

kD) "‘_\1\}

pE

] =
:__]a(k*— D | “1\\

: .Cbhtrollef’

Output !
variable
v

Disturbance

(b)

Figure 5.5. (a) The flexible structure control system without RIN; (b) The flexible structure control

system with RIN.
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Figure 5.6. The RIN structure by using MATLAB blocks.
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Figure 5.6 shows the implemented RIN in SIMULINK in experiment. The connections
between the first layer and the second layer of this network are described by the first ten

subsystems describe as shown in Figure 5.7. The unit continuous nonlinear sigmoid

functions, f(x) = 1 ! 8 =1, 2...10, are represented by and the last ten subsystems as

shown in Figure 4.6(a). Furthermore, it is assumed thata, =1, and ¢; =0 in this experiment. In
Figure 5.6, i) are replaced by the variables w(dg) ,#=1, 2, 3, §=¢=1, 2...10; w{® are
(3)

replaced by the variables ww(d) ; w;,’ and wg) are replaced by www(&1) and www(£2), £=1,

2...5. In the following tests, the sampling time is 0.001 s.

Consgtant 1 X

Theta L
(Rotating Angle) Product 1

A4

Y

Oq

A4

Figure 5.7. The connections between the first layer and the second layer.

5.4.2 The predicted results based on the gradient training algorithm

In this test, based on limitations of the DSP board, the sampling frequency is selected as
1000 Hz, or the sampling time is 0.001 s. The RIN is trained based on the classical hybrid

training method of the gradient algorithm. As stated in section 5.4.1, if the actual outputs of RIN
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{O(k +1),e(k +1)} are similar with the desired control results {8,(k),&,(k) }, it is believed that

the RIN has identified the model of the flexible structure. To improve training efficiency, the
TSO-NF controller as developed in Chapter 3 is applied in this RIN experiment. Z-shaped MFs,
triangle MFs, and S-shaped MFs are applied in the second layer of the NF controller for each
input variable; all of the antecedent parameters remain constant in training to improve learning

efficiency.

The desired data set 8, (k) and the predicted data set @(k +1) of the Rotating Angle are shown
in Figure 5.8(a), and the predicted error 8(k +1)—68,(k) of Rotating Angle is shown in Figure

5.8(b). It is seen from Figure 5.8(b) that the largest absolute value of the Rotating Angle error is

7.28 deg.

20 T 1 I 1
: ‘Predicted data set
; -~ Desired data set
15-.,‘;..-.-' ________________________________ |, 0 UV U |

—
o

___________________________________________

o
H

Rotating Angle Grades (degree)
[4,]

-10
0

Time Steps (ms) x 10"

(a)
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(b)
Figure 5.8. Test results based on gradient training algorithm. (a) The desired data set (solid line) and the
predicted data set (dashed line) of the Rotating Angle; (b) the predicted error of Rotating Angle.
The desired data set g,(k) and the predicted data set &(k +1) of the Deflection and the

predicted error £(k +1) —¢,(k) are as shown in Figure 5.9(a) and 5.9(b), respectively. It is clear

that the largest Deflection error is 0.932 ¢m in Figure 5.9(b). There are several small undershoots
in Figure5.9 (b) when each disturbance is applied. The average undershoot value is around -0.3

cm.
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Figure 5.9. Test results based on gradient training algorithm. (a) The desired data set (solid line) and the

predicted data set (dashed line) of the Deflection; (b) the predicted error of Deflection.



5.4.3 The predicted results based on RTRL with the LSE training method

In this test, the RIN is trained based on the adopted hybrid training method of RTRL and

LSE. The desired data set and the predicted data set of the Rotating Angle are shown in Figure

5.10(a). The predicted error of Rotating Angle is shown in Figure 5.10(b), where the largest

Rotating Angle error is 3.978 deg.

Rotating Angle Grades (degree)

20

—— - Predicted data set
- Desired data set

|
i

Time Steps (ms) % 10°

(a)
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Figure 5.10. (a) The desired data set and the predicted data set of the Rotating Angle; (b) the predicted

error of Rotating Angle by using RTRL with LSE.

The desired data set and the predicted data set of the Deflection are shown in Figure 5.11(a).
The predicted error of Deflection is shown in the Figure 5.11(b), and the largest Deflection error
is 0.429 cm. It is seen from Figure 5.11(b) that there are several small undershoots with the

average value is around -0.1 ¢m, when each disturbance is introduced,
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Figure 5.11. (a) The desired data set and the predicted data set of the Deflection

; (b) the predicted error of

Deflection by using RTRL with LSE.

From figure 5.8 to figure 5.11, it is seen that both RINs can effectively capture the system’s

dynamic behaviors. Compared to the predicted results by using the gradient method (Figure 5.8
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and Figure 5.9) and RTRL with LSE method (Figure 5.10 and Figure 5.11), RTRL with LSE
method has a better prediction on both the Rotating Angle of the rigid beam and the Deflection
of the flexible beam because of its adaptive network architecture in which more dynamic
recurrent feedback links are connected to each neuron in the second layer; and because of its
effective training process which simply minimizes the instantaneous error squared, thereby

reducing the storage requirement to the minimum possible.

Figure 5.12 shows the root mean squared error (RMSE) curves for the NN controller
introduced in Chapter 4 and two designed RINs with the proposed NF controller. 45000 data are

chosen as the training data for each input variable and each output variable.
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Figure 5.12. RMSE curves for the NN and RINs.
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In this figure, it is found that the training convergence of NN controller is slower, and the
convergence of the RIN with the novel hybrid training algorithm (RTRL and LSE) is the fastest

in performance.

5.4.4 The control results based on the gradient training algorithm

The experiment result by using the designed RIN trained by the gradient method, with the
Disturbance sequence signal (as shown in Figure 4.3) is illustrated in Figure 5.13. The overshoot

is 0.902 cm, the largest negative value is -0.35 ¢m, and the settling time is about 2 s.

15f -

T
|
'
b
I
i
_____ -
I
I

X.2.896 .

Deflection Grades (cm)

Figure 5.13. The control result of Deflection.

5.4.5 The control results based on RTRL with the LSE training method

The experiment result by using RTRL with LSE method with the Disturbance sequence
signal (as shown in Figure 4.3) is in the Figure 5.14. The overshoot is 0.331 cm, and the largest

negative value is still near -0.35 cm. The settling time is less than 2 s.
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Figure 5.14. The control result of Deflection.

Compare the control results of Deflection. Firstly, the control results with RIN trained by
either gradient or RTRL with LSE methods are better than those without RIN. The reason is that
the nonlinear dynamical equations of the tested flexible structure are derived by using
Lagrangian method. Errors are introduced due to linearization. Secondly, the Deflection control
by using RTRL with LSE outperforms the control based on gradient training. The error-

propagation E; in the RLRT with LSE approach is calculated at each time step instead of trying

to minimize the overall error function E,, (k)=ZE(k) at the end of each sequence as in
k

gradient algorithm; therefore, the control based on RTRL with LSE is much better in

performance and faster in convergence.
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5.5 Control of time-varying systems

In this experiment, a couple of magnetic blocks (each one is 100g) are used to change
system dynamics of the flexible beam to simulate the time-varying conditions. If the magnetic
blocks are attached on the flexible beam and/or their positions are changed continuously, the
natural frequency of the system will be changed and the overall dynamic equations of the tested
system will be modified correspondingly. Different magnetic block position corresponds to a
different system dynamics. This test is to verify the effectiveness of the proposed RIN in
automatically identifying new system model and transferring it for control applications. It should
be stated that the PD controller cannot work properly in this test because of the lack of accurate

estimate of the dynamic characteristics of the tested system.

5.5.1 Control test based on the gradient training

The experiment results by using the designed RIN based on the classical gradient training
with the Disturbance sequence signal (as shown in Figure 4.3) are illustrated in Figure 5.15.
Figure 5.15(a) shows the control result of Deflection when the magnetic blocks are attached at a
bottom position of the flexible beam, with the overshoot of 0.921 c¢m. Figure 5.15(b)
demonstrates the control result of Deflection when the magnetic blocks are attached at the
middle position of the flexible beam, with an overshoot about 0.964 cm. Figure 5.15(0) shows
the control result when the blocks are at a top position of the flexible beam, where the overshoot
is 0.937 cm. From these results, it is seen that their undershooting and the settling time are

similar as in Figure 5.13 when the system has no extra blocks attached.
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Figure 5.15. (a) using RIN with BP method when the magnetic material at lower position; (b) the

magnetic material at middle position; (c) the magnetic material at upper position.

5.5.2 Control test based on RTRL with LSE training method

When the RIN is trained by using the hybrid technique based on RTRL and LSE, the
experiment results are as shown in Figure 5.16. The control result of Deflection when the
magnetic blocks are attached at a bottom position of the flexible beam is illustrated in Figure
5.16(a), where the overshoot is 0.347 cm. Figure 5.16 (b) shows the control result of Deflection

when extra blocks are positioned at the middle area of the flexible beam, with the overshoot of

0.349 cm. Figure 5.16 (c) demonstrates the corresponding control result when the blocks are

attached at a top position of the flexible beam; The overshoot is 0.302 c¢m. Compared with the
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results shown in Figure 5.14, the corresponding undershooting and the settling time are similar

as those tests when the system has no external materials attached.
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Figure 5.16. (a) using RIN with RTRL method when the magnetic material at lower position; (b) the

magnetic material at middle position; (c) the magnetic material at upper position.

Compare the control results of Deflection when the dynamics is changed by attaching
external materials, the RIN can quickly and effectively identify the system new dynamics and

implement it to the control applications accurately.

5.6 Result discussion

1) In terms of the control requests of the system with RIN, the control results of Rotating
Angle, based on both training methods, are about +15 deg. Specifically, when the system
dynamics is changed by attaching the extra magnetic block, the Rotating Angle is still around 15

deg. That is, the control requests of the motor remain similar when the system dynamics varies.
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2) In terms of the selection of appropriate learning rate, by simulation tests, the learning rate
of weights is chosen as 0.01 in gradient algorithm, and 0.001 in the RTRL with LSE. Gradient
training is usually performed off-line in the sense that the parameters are not updated until the
sequence (k=1, 2 ...m) is completely input to the system. However, RTRL with LSE is an on-
line training technique. The parameters can be updated immediately after each input-output pair
is presented to the system. Thus, the gradient algorithm requires more time than RTRL with LSE
method to train and minimize the error functions between the actual and the desired control

outputs.

3) When the dynamics is changed by attaching an external materials to the system, PD
controller cannot adapt it to the system’s new dynamics by properly modifying its gains, it
cannot be for the vibration control of time-varying systems. During this experiment with the PD
controller, the control motor generates a lot of noise as the flexible beam with the block is

vibrating.
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Chapter 6 Conclusions and Future Work

6.1 Conclusions

In this thesis, new intelligent schemes have been developed for active vibration control
mainly for flexible engineering structures. The control effects are achieved based on two
sequence signals: disturbance signal and the control signal. The principle of adding the
disturbance signal to the system is to change the degree of the rigid beam to generate the

disturbance effects.

Novel NF controllers have been developed for active vibration control, in which the control
reasoning is performed by FL whereas fuzzy system parameters are updated by NN based
training algorithms. NF controllers are intended to integrate the merits from both FL and NN
based controllers while overcome their respective limitations. Because of the more complex
architecture, the NF controller requires higher computational effect, which will result in lower
sampling frequency. Consequently, high computational burden may make it difficult to
implement an NF controller for real-time applications. To solve this problem, the developed NF
controllers employ simplified network architectures so as to improve control process
computationally efficiency. The developed NF controllers are trained by using a hybrid
algorithm for fast identification of parameters: The antecedent parameters are updated by

gradient method whereas the consequent parameters are tuned by LSE.

For time-varying systems, the dynamics of the system will change; correspondingly, the new
dynamic equations have to be re-determined accordingly. It is a hard task especially for

nonlinear systems. In this work, a novel recurrent network, RIN, has been developed to real-time
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system dynamics identification. A novel training technique is adopted to improve the
convergence of the RIN scheme and to accommodate different system conditions. This training
technique is hybrid method: the recurrent network parameters are optimized by the RTRL

algorithm whereas the consequent linear system parameters fine-tuned by LSE.

The effectiveness of the developed intelligent controllers, RIN, and the related training
techniques has been verified by online experimental tests on a flexible beam structure. The time-
varying effects are undertaken by moving the position of magnetic blocks attached onto the
flexible beam. From the comprehensive investigation, it is demonstrated that the developed NF
control technique a good candidate for real-time active vibration control for time-varying
systems. Based upon the experiment results, firstly it is shown that the developed NF controller
has the capability of mapping the input-output data sets to achieve the target (or desired) output
of the time-varying systems. It outperforms the classical as well as other related intelligent
controllers. The novel NF controller has better performance in terms of overshoot, settling time,
and the Rotating Angle (control requests). The online learning algorithm can also improve the

controller’s training convergence.

Secondly, the control results with the RIN are better than those without the RIN. It is
because the modeling errors are unavoidable when the system dynamics are transferred from
nonlinear equations to linear equations. Furthermore, if system dynamics varies, the RIN can
effectively identify the system’s new dynamics and implement it for real-time control

applications.
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Thirdly, the Deflection control results by the hybrid training technique based on the RTRL
and LSE are better than those by the classical training algorithm based on gradient. The control

effect by using RTRL with LSE method is the most obvious and fastest.

6.2 Future works

1) In Chapter 3, two novel NF controllers (TSO-NF and TS1-NF) have been developed. In
the TS1-NF controller, only the linear consequent parameters are trained on-line during the
experiment. In future work, a more efficient training algorithm will be suggested to online train

both the liner and nonlinear fuzzy parameters in the controller.

2) Improve the architecture of the proposed RIN, by adding more neurons in each layer or
re-design the network connections, so as to enhance the mapping accuracy between the input-

output spaces.

3) Propose more efficient online training algorithms to further improve the training
convergence of the controller and RIN, and to recognize and accommodate time-varying system

dynamics.
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