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ABSTRACT

A detailed survey of the field of intelligent control is presented. Current practices are
reviewed and the need for a unifying framework to identify and strengthen the underlying
core principles is postulated. Intelligent control is redefined to make explicit use of human
systems in control as a reference model.  Psychological theories of intelligent behaviour
reveal certain basic attributes. From these a set of necessary and sufficient conditions for
intelligentcontrol are  derived. Learning ability is identified as a crucial element.
Necessary attributes for learning are prediction capabilities, internal world model, estimation
of the model parameters, and active probing to reduce uncertainties.  This framewoik is
used to define a Learning Based Predictive Control (LBPC) strategy. LBPC is derived
from Predictive Functional Control techniques with an adaptive layer implemented by
recursive least squares. Improved performance above conventional adaptive control is
demonstrated.  Distributed parameter systems are identified as a suitable application area
requiring an intelligent control approach. Such systems are invariably complex, ill-defined,
and nonlinear. Plasticating extrusion processes are considered in particular. LBPC is
applied to control of the primary loop to regulate melt temperature and pressure at the die.
A novel control technique is proposed for dynamic profile control of extruder barrel wall
temperature.  This is a two-level hierarchical scheme combining the benefits of LBPC
control blocks at the lowest level with decision logic operating at the higher level as a
supervisor.  This Logic Based Strategy allows multivariable control of non-square systems
with more outputs than inputs. The application of LBS to an extruder is demonstrated.



LIST OF CONTRIBUTIONS

The following list details the contributions contained in this thesis:

(1) A detailed review of the current state of the field of intelligent control.

(2) The need for a unifying framework to identify and strengthen underlying
principles.

(3) A new definition of intelligient control which explicitly utilises human systems
control as a reference model.

(4) A set of necessary and sufficient conditions to allow design or classification of

intelligient control systems.

(5) Reformulation of Predictive Functional Control in terms of polynomial input-output

models.

(6) Development of an adaptive PFC algorithm.

(7) ldentification of distributed parameter systems as a class of application problems

suitable for an intelligent control approach.

(8) Application of polynomial PFC to a plasticating extruder (a distributed parameter

system).

(9) Development of a hierarchical logic based strategy for multivariable control
non-square systems.

(10) Application of LBS to extruder barrel wall temperature control, including actuator

placement and controller structure considerations.

(H)



INTRODUCTION

The field of control engineering has a rich history with a wealth of practical and
intellectual achievements. There has beenrapid developments since the work of Bode[l]
and Nyquist[2] on feedback theory. Feedback allows good performance in the presence of
uncertainty. This is important as most dynamical systems (eg. industrial processes,
machines, etc.) operate in changing environments which cannot be modelled easily. In the
last twenty five years progress has accelerated, due mostly to the development of the digital
computer.  Recognition of uncertainty dueto random environmental inputs has led to the
development of stochastic  control[3]. Thistheory uses explicit models of the disturbances
as random processes andtries to minimise the probability that a system output will move

outside a "safety" zone or operational range (eg. minimum variance control).

Completemodels of realistic systems are seldom available to the control engineer.
Accepting this, designs utilising incomplete models have been proposed that reduce the
uncertainty online.  Adaptive control[4,5] attempts this reduction by actively estimating the
model (or controller) parameters online and using these estimates to produce improved
control. It can thus cope with a much larger range of uncertainty than the nonadaptive
systems mentioned above. An adaptive system may be considered to leam since it reduces
the uncertainty in a stochastic environment as it evolves. At present however, it is limited
in that only very structured uncertainties may be learned, i.e. the unknown parameters of a
fixed order plantmodel. There are also problems with the robustness of adaptive
controllers[4,5].

Asthetypeand size of systems considered by modem control engineers grows in
complexity so too does the task of meeting rigorous performance requirements. As
efficiency and cost factors increase in importance, performance conditions become tighter and
more difficultto  achieve. These challenges become more difficult because of the
uncertainty of the system model and its environment New control systems are required
that can tolerate greater degrees of uncertainty than current adaptive systems. These must
also have better learning abilities. Theories that can handle incompletely known systems, or
systems described by nontraditional models (eg. symbolic models) are needed. Process
knowledge in addition to dynamic or static models such as operating procedures and
specifications would improve controller operatioa As the complexity of the controller
grows so too does the amount of heuristics needed to implement it[6], and the lack of faith
of the operator in the controller.  Hence, efficient methods to encapsulate the necessary

heuristics and to interact with the operator are desired.



Increasingly, control designs are requested for complex, large-scale, spatially distributed
systems. Examples of such systems include robotic workcelLs, flexible manufacturing
systems, large space structures, communications systems, power systems, etc. In this new
scenario of plant-wide control new issues and problems arise other than those encountered
in more conventional or traditional systems. Issues such as location of actuators and
sensors, numbers of actuators, and control topology become active control system design
issues and thus assume greater importance. Control systems will have more autonomy and
interactwithoperators at higher levels. Thus more abstract (eg. linguistic) control
objectives may be received and these must be decomposed into primitive elements which
may be executed as part of an overall plan This process requires symbolic reasoning and
planning abilities which can deal with uncertainties and failure of plans in a robust manner.
It may be required to make decisions as to what must be controlled and to select different
strategies in the face of altered configurations. Such a system must deal with
environmental input from many sensors and an overwhelming amount of data. Methods of
fusing this information to obtain a coherent view of the ‘environment’ is a major problem
but is needed to enable high level planning and to provide the operator with a linguistic
summary of the state of the plant. In these complex systems of many sensors and
actuators attention must also be given to the problem of failure. The control system must
be tolerant to faults or failures in the system components such that stability is maintained

and preformance is gracefully degraded.

This ambitious agenda of controller capabilities defines the discipline of intelligent control.
It has many definitions in the literature [7-10] but each deals with only one or more of the
above mentioned topics. It is a relatively new and immature field of research and will
undoubtedly undergo many changes and modifications in the future.  Future research and
industrial needs will further refine its definition. This may lead to the encapsulation of the
previous ideas into a coherent framework or some of these ideas may be discarded while

others strenghtened in importance.

A detailed survey of intelligent control is presented with the many diverse and varied
research strands highlighted in chapter 1. The need for a unifying framework based on
underlying characteristics and not on application specific solutions is postulated in chapter 2.
A particular framework is proposed based on explicit use of intelligent human behaviour as
a reference model. Learning is identified as a sufficient condition for such behaviour with
prediction, internal models, and probing as important attributes or necessary conditions. A
Learning Based Predictive Control strategy is foimulated based on these principles in chapter
3.  This is designed around Predictive Functional Control, a long range predictive control
technique, with an adaptive layer implemented by Recursive Least Squares. The application
of this control technique is examined for control of a distributed parameter system.

Distributed systems contain many of the problems discussed above. In chapter 4 the



application of LBPC to an extrusion process, a particular distributed parameter system, is
demonstrated. A two level hierarchical approach to the control of multivariable systems
using decision logic in conjunction with predictive control is detailed in chapter 5. This
technique mixes control theory with decision logic, a computer science tool, in a fashion
similar to current approaches to intelligent control. A particular example of this strategy is
examined for extruder barrel wall temperature control in chapter 6. This describes a
Distributed Actuator Control (DAQ problem which considers issues such as positioning of
actuators and sensors, classification of controlled outputs, and choice of feedback topology.
This particular application derives considerable benefits from the use of Learning Based

Predictive Control and the logic based multivariable control strategy.



CHAPTER 1

REVIEW OF INTELLIGENT CONTROL

1.1 INTRODUCTION

A detailed review of the field of intelligent control is presented. =~ Some of the structures
andarchitectures that have been proposed for intelligent control are first described.
Particular tools have been intimately associated with this research field; the use of expert
systems (a successful Al tool that allows human expertise or knowledge to be encapsulated
inacomputer program) and fuzzy logic (a method for emulating human reasoning
mechanisms) are discussed.  These are useful when mathematical models of a plant are
difficult to determine.  Artificial neural networks are finding increased use and are also
within the realm of intelligent control. The cognitive aspects of intelligent controllers are
discussed as well as learning based controllers. Other aspects presented here include sensor

data fusion and reasoning with uncertainty.

Technology is a very important element of intelligent control.  Control theory developed
rapidly due to the advancements made in computer technology during the sixties, seventies,
and eighties. Intelligent control is dependant on future developments in symbolic processing
machines and software, numeric-symbolic interfacing, and real-time Al software and
hardware. Aspects of technology are referred to where approriate.

The progress of the field is also related to the integration of ideas from many disciplines,
not just mathematics and physics but also from artificial intelligence, operations research,
and behavioural psychology. Norbert Weiner’s cybernetics may have a contribution to
make. The design of ‘intelligent’ control systems may not be achieved without resort to
the study of the human brain and the biological mechanisms which embody so many of the
characteristics of intelligent control.

1.2. FORMAL STRUCTURES AND ARCHITECTURES

Formal structures for intelligent control have been proposed by many researchers. Due to
the nature ofthe problem as discussed in section 1.1, such structures are typically
hierarchical[ll] in organisation. Problems are decomposed at high levels into small units
which can be further subdivided to produce control or actuator inputs to the lowest level.
Similarly information is abstracted at the higher levels. The upper levels are mainly
concerned with operator interaction, planning, coordinating, and reporting. Al has most

influence in these levels due to the nature of the tasks addressed.



12.1 Hierarchical Architectures

A Hierarchically Intelligent Control System has been proposed[12,18,19] which has a three
level structure.This system follows closely the definition of Intelligent Control[13] as a
control which "would replace the human mind in making decisions, planning control
strategies and learning new functions whenever the environmentdoesnot allow and does

not justify the presence of a human operator” It is suggestedthat this can be achieved
through the interaction of three major disciplines (see fig. 1.1): Artificial Intelligence,
Operations Research, and Control Theory.  The overall system is based on a principle
called Increasing Precision with Decreasing Intelligence as a unified theoretical approach to
the combination of cognitive and control system methodologies[14]. A comprehensive
mathematical formulation has been presented[12-18]. At the higher levels information is
more abstract and less precise although working with such knowledge is considered

intelligent.  Similarly less abstract but more precise knowledge requires less intelligence.

The upper (Organisation) level performs such operations as planning, high level decision
making, learning, and data storage and retrieval from "long-term memory" . It performs
high level information processing using knowledge techniques derived from Al.  Because it
is a knowlege-based system[\9], a formalism based on flow of information (or knowledge)
may be used to define its operation. To this end, entropies and entropy rates are
employed. The second (Coordination) level consists of groups of automata, or linguistic
decision schemata[16], see section 1.6.3. This level performs further decision making and
planning, and co-ordinates the operation of the lower level “execution" devices (i.e. actuators
and sensors).  Subjective probabilities for each possible actionare  assigned from which
respective entropies may be obtained. Low-level learning is performed through updating of
the subjective  probabilities of the automata usingfeedback from the lowest level.  The
lowest (Execution) level or hardware layer, also incorporates the use of entropies. The cost
of the control problem is expressed as an entropy which measures the uncertainty of
selecting an appropriate control to execute the task. Entropy is minimised by selecting an
optimal control. Equivalent measures between information theoretic and optimal control
problems have been established[17]. Learning as such is not considered within the context
of the lowest level which is regrettable as adaptive control techniques could allow parameter
estimation, and hence learning, at this level.

A very similar intelligent control architecture was proposed[20] which is also based upon
the principle of increasing precision with decreasing intelligence and contains three levels.
A functional description of each layer was presented with the upper two layers implemented
with Al technology and the lowest execution layer incorporating a combination of hardware
and conventional software. Again the application used was an autonomous space vehicle.

Learning within the upper two levels is considered to be of prime importance and adaptive



1.C.

FIG. 1.1: Definition of Intelligent Control

FIG. 1.2: Rulebased Expert System



controllers are used at the lowest level.

Several formal structures for incorporating knowledge based systems in an intelligent control
framework have been presented[6,21-24], One approach[21,25] is to utilise an evidential
technique to the problem of inexact reasoning in intelligent control systems where the
available knowledge and evidence is incomplete or even inconsistent This is a rulebased
approach to control using evidential reasoning (see section 1.7.3).  The knowledge base
consists of a set of ‘prototypical’ control rules as specified by human domain experts.
Each rule represents a control decision, i.e. a mapping from a control situation to a control
action. In instances where there is no direct rule that is applicable, a fuzzy classification
algorithm[21,25] determines a new control decision by "analogy" with the most similar rules
(prototypical decisions) in the knowledge base. The need to look at human expertise for
guidance in the design of intelligent control systems has been expressed[22] and a method
for incorporating analytical and symbolic models to represent real systems was presented.
Another formal hierarchical structure was proposed[6] as a means to incorporate expert
systems in a level above the real time controller. This will be looked at in detail in
section 1.3. The knowledge-based system incorporates several control, parameter estimation,
and supervision algorithms as well as operator and procedural information about the plant

The appropriate algorithms are chosen based on the current circumstances of the plant.

A final although important structure to look at is that of cognitive controllers[26]. Obviously
to endow controllers with more intelligence or autonomy to work in hazardous conditions or
complex systems it is necessary to provide them with cognitive capabilites. Such structures
entertain principles similar to those utilised in human cognition. This presumes the
existance of several features: eg. multisensor perception subsystems, knowledge organisation
abilities, extensive world representation, decision making and planning facilities, and also
learning capabilities. Such structuresmaybe utilised through the use of neural networks

(see section 1.5) although as will be shown later, the incorporation of human like abilities
may be performed without the need to resort to neural networks, see section 1.7.1. One
approach is based on thetheories of brain structure and functional,92]. The basic
architectureis hierarchical consisting of multiple levels with an ascending "sensory
processing hierarchy" coupled to a descending "goal decomposition hierarchy" via world
models ateach level. Thisis called a sensory-interactive control hierarchy and is
composedof many CMAC modules. Each CMAC (Cerebellar Modular Arithmetic
Computer) is basically a look-up table for reproducing functions with multiple input and
output variables over particular regions of the state space. Learning is accomplished by
altering the values of the table through a training procedure[91,92]. At each level of the
sensory processing hierarchy, feedback information from the lower level is abstracted by a
CMAC module to fit into the world model. Also, at each level a CMAC decomposes the
goal from a higher level into a set of subtasks for a lower level. Prediction is also



incorporatedby a CMAC which considers the current goals and context (sensory
information) to provide predictions of expected feedback. This sensory-interactive structure
has been successfully applied to the control of a robot manipulator[92].

122 Discussion

Several noticeable problems are evident from examining the many and varied structures and
architectures proposed for Intelligent Control. None really address the lowest level actuator
controller, i.e. the interface to the physical system. All are concerned with the addition of
extra hierarchies to handle the decomposition of goals into subtasks, planning, dealing with
unexpected occurances, abstracting information from intelligent sensors, and providing high
level interfaces to operators. Most structures have assumed standard adaptive or optimal
controllers in the lowest loop. Although it is undoubtedly worthwhile to consider the upper
hierarchical levels it would also seem sensible to examine what type of controller should be
used for optimum performance of the complete intelligent control system.  Should optimal
controllers be used as in [15] which have no learning capabilities? Are adaptive controllers
better suited with their primitive rote learning functions?  If the principle of cognitive
controllers are accepted should not the actuator controller also exhibit human like abilities?
Is there a need to provide several control laws and allow switching between these to meet
varying objectives?

The lack of diverse applications is another noticable inadequacy. Invariably implementations
or simulations of the above architectures are with regard to robotic or unmanned vehicles.
Such systems obviously need a high degree of intelligence and humanlike abilities in order
to operate autonomously. However it is important to diversify the type of applications to
which intelligent control may be applied. In particular non-robotic systems should be
looked at Complex and highly uncertain systems are perfect examples requiring advanced
learning abilities, as mentioned in the introduction  Also systems that vary considerably
both in their parameters, structure and control objectives (eg. bioreactors or distributed
parameter systems) provide useful applications.

1.3 EXPERT SYSTFMS

The field of expert systems is a rapidly expanding area of Artificial Intelligence. It is one
of the truly practical tools to emerge from AI[19,27,28] and is currently finding application
in a multitude of diverse scenarios, from legal aids to data base management, to oil
exploration. The use of expert systems in control is new gaining much recognition and

considered by some to be the embodiment of intelligent control.



Expert systems seek to model the knowledge and procedures used by a human expert in
solving problems within a well defined domain. To this end the model reflects aspects of
a problem which are not naturally amenable to numerical representation or which can be
more efficiently represented by heuristics.  The implementation of practical control laws
require a considerable amount of heuristic logic[6] which is often implicitly incorporated
with the actual control law. Expert system methodologies provide a systematic approach for
separating the heuristic logic and actual control law resulting in  considerable
improvements[6].

13.1 Expert System Architecture

The typical architecture of such a system has four principle components (see fig. 1.2):

(1) System data base to store declarative knowledge - a repository of facts about
the present and past states of the system, eg. data measurements, alarm
conditions, etc.

(2) Rule base of procedural knowledge implemented as production rules.

(3) Inference engine or control structure for manipulating the date base and rule
base, ie to decide which production rule to apply next given the present context
of the system (obtained from the date base).

(4) User interface which allows the operator to question the expert system on why
certain decisions were made, actions performed, allow qualitative definitions of

goals by the user, and provide a qualitative description of the present system
state.

It is this explicit separation of the knowledge base from the problem solving or control

strategy that distinguishes expert systems from conventional application programs.

The major problems encountered with the use of expert systems are:

(1) Real-time capability
The available symbolic processing capabilities do not allow the use of expert
systems for fast motor control, although they are sometimes used for path
planning in the higher levels of a robot controller.  Most expert systems are
finding application in the field of process control where response times are much
longer.

(2) Development tools and knowledge engineering
The lack of available general purpose tools for building expert systems to work
in a control environment There is a major problem with determining the
appropriate  human operator production rules which is a difficult and time
consuming task. Knowledge engineers however specialise in such tasks.



Another area which must be looked at is efficient communication methods between the real
time numerical processing of the control algorithm and the slower symbolic processing of
the expert system. Learning, i.e. automatic adaptation of the rulebase, is an area receiving
much attendon[29]. However this is mostly concentrated on developing a rule base
automatically when presented with long streams of quantitative data.  Online adaptation of
the rule base and also restructuring of the data base would be useful functions for an

intelligent control system.

132 Applications in Control

Expert systems find most use in complex systems with long response times, for example
process control, and tend to perform supervisory functions on a hierarchical level above the
control law implementation[30]. One of the first tasks to be assigned to expert systems in
process control is fault diagnosis and repair.  Multiple data sources and online information
are used to deduce problems with the plant and to estimate the probable cause of the
problem and indicate a possible repair/replacement strategy. Process supervision tasks
require: process management, alarm handling, and optimizing control.  The expert system
must monitor the overall state of a plant, scan alarm sensors to watch for possible problems
or failures, and also ensure optimum performance through selective tuning of the control
laws, switching between different controls, or variation of setpoints. The plant status may
change drastically within a few minutes and the large number of variables that are
monitored and alarms that are provided necessitates the use of an expert system with
reasoning schemes similar to those of a human operator (expert) who when confronted with
such situations responds and takes actions within the limited time available. The role of
the expert system is in an overall planlwide control hierarchy above that of the normal

distributed control system.

Many proposals have been made for the application of expert systems in process control
and supervision. One example is the "general intelligent supervisory control scheme”[30].
This has a three level hierarchical structure.  The first level corresponds to the classical
‘controller-process’ loop in which MV’s are computed at each sampling instant. The second
level is the ‘"information generator" which continuously provides the third level with
condensed useful information. In this level, information perception is only at an analytical
or numerical level. The third level is the "expert supervisor' in which both quantitative
and qualitative information is used. Intelligent functions like decision making are handled
here via symbolic processing. This system has been applied to the control of a
turbocharged diesel engine[31].  Other applications employing expert systems follow very
similar lines[32-34]. Particular areas have been looked at in detail, eg operator interface[35]

and interfacing of numerical and symbolic processing[36]. A rule based system has been

10



used with an inductive learning algorithm to obtain its own rule base[37], This can be
done from examples or historical data of the process. The inductive learning algorithm
applies information theory to develop decision trees from examples based on maximising the
information content.

Examination of robotics literature reveals quite widespread use of expert systems. Mostly
they are employed with advanced sensors, eg vision or tactile sensors, to interpret data and
recognise objects. One particular use[38] employs an evidential reasoning approach to
recognise 3D objects and determine the most suitable grasp configuration for a robot aim.
The other most common use is for task decomposition, operator interfacing, and path
planning!39712],  Other regularly encountered applications of expert systems in the control
field are ship positioning[43,44] and self tuning of PID and other control algorithms
online[6,45].  Tuning of PID controllers isan obvious area forexpert systems due to the
heuristic rules (Ziegler-Nicholls, Cohen-Coon)used for this purpose.

1.33 Expert Control

A detailed framework for blending numerical algorithms with expert system technology has
beenpresented underthe name of expert control[6]. This recognises the fact that
engineering of control laws require a good deal of heuristics. For example the
implementation of a PID algorithm requires consideration of issues like operater interface,
operational issues like switching smoothly between manual and automatic operation, transients
due to parameter changes, windup of the integral term, maximum and minimum values, etc
(see fig. 1.3).

Given that heuristics are used, expert control considers the improvements to be observed by
more extensive use of heuristics and by explicitly making them available in the form of a
rule base. It also explores the possibility of designing systems that combine a range of
algorithms, i.e. control, identification and supervision. This entails orchestration of the
different algorithms to achieve varying control objectives (see fig. 1.4). Selection of
different control structures is made in current control systems to a limited extent by
hard-wired logic. =~ The objective of expert control is to encode knowledge representations
and decision capabilities to allow intelligent decisions and recommendations automatically
rather than to preprogram logic which treatseach case explicitly. To this end it deals with
qualitative or symbolic knowledge rather than quantitative data used in more conventional
control systems.  Learning is considered to be very important for the control system to
behave intelligently. Learning is performed by successively increasing and refining the
knowledge about the plant through online compilation or modification of the data base. It

is proposed to store processing history in a manner suitable for automatic learning as

11



Fig. 1.3: A PID and Associated Heuristics

FIG. 1.4: Expert Controller

12



suggested by the Al field.

This framework has been used to design an expert controller[6,46] which uses a minimum
variance algorithm for the main control law with PID control as backup. Heuristic logic is
included to monitor the algorithms and provide functions like parameter estimation, ensuring
persistency of excitation, controller switching, stability checking, etc.  The most serious
drawback encountered in this implementation was the lack of an expert system with true
realtime capabilities. Much research is required in this field to enable advances in
intelligent control.

1.3.4 Implementation Issues

Expert systems may be written in conventional procedural languages (eg. C, PASCAL, etc.)
since the distinguishing feature of expert systems from conventional programs is the explicit
separation of knowledge and control structures. However most systems are written in an Al
language, like LISP or PROLOG, due to the nature of the symbolic computations. Also
LISP provides a ready made interactive environment. To reduce the time needed to create
an expert system, expert system shells are commonly employed. Shells are packages that
have inbuilt control structures, eg. forward or backward changing, but are delivered with
blank rule bases and data bases.

Speed is a major consideration.  Several methods have been proposed to improve their
realtime capabilities:
(@ use of a shared memory structure (generally called a blackboard architecture[47])
for coping with rapidly changing data.
(b) use of an appropriate interface between the expert system inference engine and a
data-scanning component and what are called "focus of attention" rules[48].

To improve runtimes of expert systems for symbolic processing use is being made of
recently available dedicated Al integrated circuits, eg. dedicated LISP engines. These can
processLISPcode to the order of 10/50 times faster than conventional processors.
PICON[48] (Process /ntelligent CCWtrol) is a commerically available system than employs
this idea.

135 Discussion

The ever increasing roll that expert systems have to play in control has been examined as

well as appropriate technologies for their implementation and efficient use. It has been
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shownthattheir use can considerably improve the performance  of control systems;
particularly when used on large complex plants. For processes with multistage operating
modes they provide an elegant means to switch between different algorithms to meet

varying operating priciples and desired objectives.

But expert system technology is still only a tool. Why then is their use so effective?
They allow intelligent behaviour of the control system through the incorporation of human
expertise and experience with heuristic logic. This allows them to behave as would human
experts. It is thus the underlying principles and not the tool itself which endows the
control system with ‘intelligent’ abilities.  The intelligence arises from the embodiment of
human characteristics in the expert system.

Expertsystems should thus be considered as a means to enhance control system
performance as part of a hierarchically intelligentcontrol system.To ensure efficient or
optimal use of the expert system however, much investigation and research is needed. New
development tools to design expert systems are required. Learning abilities and realtime
capabilities must be investigated as well as methods for handling uneertainities.  Expert
system shells more suited to control operations would be very beneficial as well as an
efficient interface between numerical and symbolic processing elements. Despite these
present inadequacies, expert systems would provide an even greater impact on control system
development in the fixture.

1.4 FUZZY LOGIC

Fuzzy logic[49] is a method of emulating human thought processes. It is based on the
premise that the key elements in human thinking are not numbers but labels of fuzzy sets.
That is, classes of objects in which the transition from membership to nonmembership is
gradual rather than abrupt It seems that the logic behind human reasoning is not
two-valued or even multi-valued logic, but a logic with fuzzy truths, fuzzy connectives, and
fuzzy rules of inference.  There is a fundamental difference between the imprecision of
fuzzy set theory (or possibility theory) and that of probability theory.Probability deals with
randomness of future events whereas possibility theory deals with the imprecision of current
or past events. Fuzzy logic provides a method for manipulating fuzzy sets and hence a
scheme for reasoning about possible actions based upon current or past measurements. The
fundamental notion of fuzzy set theory has been elaborated mathematically[49,50]. The
theory has substantially matured and there has been considerable development of applications

to a wide range of problems.

A clear outline of the use of fuzzy sets for the analysis and control of complex systems
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has been presented[50,51]. The use of fuzzy set theory for control of industrial processes
providesan alternative to the more traditional well developed concepts of control
theory[54-57]. This approach gives most benefit in situations where the precise
mathematical models of the industrial process are unobtainable.  Typical of such fuzzy
processes are those involving biological or chemical reactions, or those of such complexity
that mathematical modelling is not practical (eg. cement Kkilns, steel furnaces, and sewage
treatment plants).  Such processes are controlled by human operators whoare capable of
controlling under imprecision. It is this ‘human’ aspect of the control problem that fuzzy

controllers emulate through the use of qualitative information gleaned from the operators.

1.4.1 Fuzzy Control Structures

Basic to fuzzy control algorithms is their interpretation in terms of linguistics, or linguistic
control rules. The control rule is a statement of actions to be taken given certain
conditions.  Typically a fuzzy control rule says that ‘if the temperature is high and the
pressure is rising rapidly then reduce the fuel by a large amount’. Such statements are
imprecise, or fuzzy, but contain a lot of heuristic knowledge gleaned froman experienced
operator. The similarity with expert systems is obvious. Fuzzy controllers have the same
internal structures as expert systems[52]. The knowledge base consists of linguistic rules
similar to that above. The inference mechanism is a form of forward chaining where the

result is

K3[du(k)] = F[KIe(kt),K2c(kt)]

where F denotes the fuzzy relationship defined by the rule base and K the scaling factor
between the measurement space and the universe of discourse for the appropriate controller
variable.  Although there is a similarity between the two types of systems, fuzzy controllers
tend to be used at a lower level than expert systems. They are used to directly control a
process whereas expert systems tend to be employed for supervision of other control
algorithms. A major problem with fuzzy controllers is one applicable also to expert
systems, i.e. the elucidation of the heuristic rules for control. There is also a problem with
possible contradictory rules and also ensuring the existance of an output for each input[52],

1.42 Self-Organisation

Improved versions of fuzzy controllers have been proposed[53]. One such controller has
more ‘intelligence’ in the sense that it is capable of automatically modifying the rules

applied online. That is, it has the ability to leam. Such a controller is termed a self
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organised fuzzy controller (SOQ. The rules are modified according to a measure of the
deviation of each output from a trajectory p(kt), where

p(kt) = O[e(kt),c(kt)]

and 0 represents the performance decision table used. The input correction r(kt) is fed to
the rule modifier which alters the linguistic rules such that future control actions lead to the
appropriate output improvement

The SOC developed[53] was a SISO strategy but this was extended for the multiple input
multiple output case[54]. Theoretical results where also presented[55] where an algebraic
model of the controller was developed. This was used to study the loop stability
conditions following a purely linguistic approach.  Other applications[56] looked at have
considered chemical plants[57-59] and robotics[60].

1.43 Supervision and Managerial Applications

Fuzzy logic has also found application in similar areas to expert systems, i.e. at higher
levels than the direct control loop. In industrial control scenarios it has been used to
supervise the operation of standard low-level direct control loops. One particular use[30]
has been to use fuzzy logic to tune the parameters of a standard PID controller. The idea
is to slightly change the parameter values (initially provided by some existing technique
such as Ziegler-Nichols) during the system transient so as to improve the characteristics of
the step response. Empirical rules were used in a 14x14 fuzzy control matrix. The rules
were obtained by observation of experienced human controllers.

Some applications have been in social, ecomonic, and managerial domains[58]. The
optimisation of fuzzy goals in the context of fuzzy constraints is seen as a key form of
management control. Production scheduling was looked at and a model derived that
simulated the approximate reasoning abilities of managers facing production scheduling
decisions. A domestic airline maintenance control system has been demonstrated, and
models to simulate organizational behaviour are other examples of the use of fuzzy set
theory in this field[58].

1.4.4 Discussion

The area of fuzzy set theory was looked at and it was seen that fuzzy logic provides a
mechanism  for emulating human performance. It allows us to use explicit rules derived
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from the observation of human behaviour. In this way, automatic controllers may be built
for plants which do not permit precise mathematical modelling. However, there still
remains the difficult problem of elucidating these rules of behaviour from the experienced

operators.

All fuzzy controllers use quantized values of the error signal and its rate of change.
Hence there is an obvious association with Proportional plus Integral (Pl) controllers. A
method for endowing fuzzy systems with more intelligence tries to provide them with
learning abilities.  This self-organising fuzzy controller allows a system to adapt and to
change its rule base online in response to performance inadequacies. Such an ‘intelligent
controller’ would be very beneficial, in particular for systems that are difficult to model or
exhibit drastic changes in structure during their operation.

Fuzzy logic tends to be used mostly in the lower-level or direct control loop. But why
restrict variables to quantization levels when accurate sensors are available which can
provide reliable and fast measurements. Undoubtedly, direct fuzzy controllers can play a
significant part in the control of systems that are poorly modelled. But other systems could
benefit from the integration of modem (or classical) control techniques with fuzzy managers
or supervisors operating at a higher hierarchical level.  Again the comparsion with expert
systems is unavoidable. Fuzzy logic however appears to be just another tool or method for
encapsulating human behavioural rules. A technique for performing logical or symbolic
reasoning, rather than numerical processing, and reaping the benefits of using human
experience to control this symbolic processing.

1.5 ARTIFICIAL NEURAL NETWORKS

As stated previously the  objective of intelligent control is to design a system with
acceptable performance characteristics over a very wide range of uncertainty. The system
must be robust enough to deal with unexpected occurences, large parameter variations,
unquantified data, or extremely large quantities of data. Besides the approaches considered
already, i.e. expert systems and fuzzy logic, an increasingly popular approach is to augment
control systems with artificial neural networks.

Neural networks provide several appealing features for use in an intelligent control scenario.
They allow nonalgorithmic information processing, i.e. no "programming" is required as in
more conventional algorithmic signal processing. Neural nets purport to represent or
simulate simplistically the activities of processes that occur in the human brain.  Indeed
multi-layered networks have been shown to develop very similar structures to existing

human physiological structures with no human interaction or guidance. Also, the
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development of fast architectures makes implementation in realtime feasible, unlike artifical

intelligence techniques which are infamous for their lengthy computation times.

Within engineering, neural netwoiks are seen as an alternative technology by which
information processing may be accomplished quickly and easily. To this end they have
predominantly found application in pattern recognition and signal processing”1,62].  Until
recently relatively little has been published on the application of neural nets to control. For
control purposes, the control problem is reformulated as a pattern recognition problem.
Control is seen as the mapping of measured signals for "change" into calculated controls for
“action"[lO].

15.1 Learning Algorithms

The power of neural netwoiks is in their ability to learn and to store knowledge. Both of
these important functions are achieved through adaptation of the synaptic weights assigned to
each node’s input. The weights are adjusted by a learning algorithm. Learning algorithms
fall into two categories: supervised and unsupervised. The more popular supervised learning
techniques employ a ‘teacher’ who presents the desired output to the net for a given input
pattern. Unsupervised methods have no teacher and usually employ a local gradient
algorithm to adjust the netwoiks weights based around the activity near each particular node.
The most commonly used learning algorithm is "error-back propagatiori'[6l]. This allows
adaptation of nets with hidden layers but requires an external teacher to guide it by
supplying desired responses to each output node. Deviations from the desired results are
used to train the network. Back propagation is similar in form to the basic "delta

rule" [63] used to update weights in a single layered netwoik[62].

Problems with these learning rules are that multiple training patterns are required to allow
sufficient generalisation for good operation Also, for each training pattern, the exact
performance of each output node of the net must be known in order to produce the deltas.

Obviously these constraints are quite severe.

To overcome these drawbacks a type of networkhas been developed which requires a
‘critic’ instead of a teacher, called an Associative Search Network (ASN)[71]. ASN’s
employ evaluative feedback to learn using an algorithm called the Associative
Reward-Penalty, or A. , algorithm. It is recognised that environmental feedback may not
be so informative as to provide individualised instruction to each adaptive element. Hence
a scalar evaluation signal (critic) is used to assess the general performance (success/failure)
of the ASN and this common scalar signal is used by all of the elements to adapt their

weights accordingly. This type of learning is closely related to reinforcement learning as
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identified by psychologists in their study of human or animal leaming[64]. It does not
require a training sequence to be presented but will need a ‘commissioning phase’ in which
it will act on the environment and adapt its weights in accordance with its task under the

influence of the critic element

Neural nets that employ unsupervised learning are often based upon Hebb’s rule. Hebb’s
hypothesis is that repeated pairings of pre- and post-synaptic activity strengthens synaptic
efficacy. This is really a clustering algorithm and hence is not necessarily useful to a
system for improving performance in tasks determined by external factors. For example, the
control of a plant with initially unknown dynamics requires a learning system that does not
just cluster information but actively foims clusters that are useful. To do this some form
of evaluative feedback from the environment is required either in the detailed form needed
for error-back propagation or else a simple scalar success/failure signal as required by an
ASN.

152 Applications in Control

As previously stated applications of neural networks to control are sparse in the literature
although their use is gaining momentum.  Applications tend to be more oriented towards
pattern recognition, e.g. controller parameter updating and model generation, rather than as
the actual feedback or feedforward regulator.  Documented results are mostly simulations,
both of the controlled plant and the neural net Some examples of the approaches taken to

apply neural networks to control are discussed below.

Very fast controller parameter updating can be achieved through the wuse of a neural
network[65]. The advantage of using neural nets for this purpose is that the rate of
convergence toward a steady state is essentially independent of the number of neurons in
the netwoik[66]. This compares favourably to other large scale dynamic systems, but is a
feature of neural nets that is currentlyunderutilized[65]. In the proposed architecture[66]
the state variables of the neural estimator correspond exactly to the parameters of the
controller.  Thus a stable-state topology of this space can be designed so that the local
minima corresponds to optimal control laws for the parameters of the controller. A major
drawback of this approach is that to design astable-state topology[67] much a priori
information about the plant is required. Thus itis recognised that for simple plants this
approach is not beneficial. However it is very worthwhile for large plants because it
allows multiparameter adaptive control schemes to be realized with similar architectures and
convergence rates. In [65] an example is presented using proportional derivative control of
a single degree of freedom manipulator.
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Proposals to use neural nets as regulators in place of conventional algorithmic control laws
have been suggested. In this manner, the neural controller performs a specific form of
adaptive control with the controller taking the form of a nonlinearmultilayered network
the adaptable parameters as the weights between the neurons. Suggested topologies are
shown in fig. 1.5[46] and fig. 1.6[68] each with a combined feedback/feedforward structure.
It is to be noticed that as the learning process tunes the weights of the neural networks the
error signal between the desired and actual plant responses is minimized. Since the error
signal becomes small, training of the network will lead to a gradual switching from

feedback to feedforward action.

Accounting for this fact some feedforward only schemes have been presented[68], i.e. only
the feedforward controller implemented as a neural network. During the training sequence,
features of the plant that are initially unknown and not taken into account by the control
algorithm are learned. That is, the feedforward controller is adapted to compensate for the
characteristics of the plant that are only learned during training. Random uncertainties are

unpredictable and hence cannot be learned.

Fig. 1.7 illustrates a topology (Specialised Learning Architecture)[68] that allows training of
the controller to operate in regions of specialisation only. The error e=d-y is minimised
but because of the location of theplant error back propagation may not be wused directly.
However if the plant is thought of as an additional, although unmodifiable layer, then a
modified error back propagation algorithm may be used. The error (e) is propagated back
through the plant (the first layer of the ‘network’) using the partial derivatives of the plant
at its operating points[68]. If the plant is a function of unknown form then the plant
Jacobian may be approximated at each iteration using an equation given in [68].  This
structure also has theadvantage that it may be trained online - fine tuning itself while
operatingusefully  (active adaptation). Stability problems will not arise with active
adaptation if the learning rate is sufficiently slower than the time constants of the other

components of the control system.

The application of ASN’s to control has also been considered[69-71]. Their application to
balancing an inverted pendulum is discussed in [69,71]. Two ASN’s are employed: an
Associative Search Element (ASE) and an Adaptive Critic Element (ACE). The ASE
generates the actions to be applied to the plant. Since desired responses are not available
active learning must be employed, i.e. the system learns while it is actually controlling the
plant. Because learning only occurs upon failure, a more informative evaluation signal may
be generated throughthe use of the ACE. The ACE receives the externally generated
reinforcement signal which it uses along with the current states of the system to generate
an improved reinforcement signal, used by the ASE. Effectively the ACE generates future

predictions of reinforcement basedupon a particular action being chosen. This allows
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FIG. 1.5: Astrom’s Neural Net Controller

FIG. 1.6: Psaltis’ Neural Net Controller

FIG. 1.7: Specialised Learning Architecture
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learning throughout the system operation and not just upon failure. The predictive element
is seen as the critical component of the system and it is expressed that the lack of

prediction is a drawback of other neural netwoiks[72],

153 Discussion

To summarise, neural nets are a new and useful tool for the design of control systems.
Although at an early stage of development some useful and exciting applications have been
proposed. Their use provides another form of adaptative control, but one based on
physiological ideas rather than algorithmic control laws. This brings them into the realm of
intelligent control although many problems have been highlighted. @ The topology of the
control system is very important and determines exactly how learning may occur. A
proposal to consider the plant as an additional unmodifiable layer seems to be worth further
investigation.  Another problem is the learning algorithm. The usual error back propagation
employed by most neural networks requires a teacher which can supply each adaptive
component of the output layer with its individual desired response for each pattern of the
training sequence. Such knowledge is not always available in control situations. If detailed
knowledge could be provided then more conventional control techniques could perhaps be
applied more easily.  Associative Search Networks seem to counter this problem by only
requiring a scalar evaluation signal from the environment which is transmitted to all the
adaptive elements. Learning performed by ASNs is analagous to animal reinforcement
learning and utilizes active adaptation, i.e. the system learns itself as it actually operates on
the plant  This is a desirable feature of an intelligent control system as is that of
prediction  Predictions of the likely success of actions are very useful and can help to
guide the learning process and thus deserve more research  Other aspects need to be
further investigated before neural nets  will interest practical end-users.  Stability issues
must be addressed both for online and offline training of the network.  Application tools
and techniques are required as are hardware implementations of neural nets for fast
operation.  Despite these problems neural netwoiks should provide a useful system tool for

the design of intelligent control systems.

1.6 LEARNING CONTROL SYSTEMS

The previous section introduced one of the central tenets of intelligent human behaviour,
that is the ability to learn, to deliberately change the knowledge or knowledge structure of
a system in such a way that the system can perform better on later repetitions of some
given task. Not only is learning important to human systems but it has also been

identified as an important aspect of intelligent control[7,73]. This can be seen from the
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previous discussion and the current trend of modem control theory.  Control is moving
towards consideration of systems which are imprecisely defined or about which there is very
little or no information available[74], examples include adaptive control, robust design, use
of neural networks, etc. Most of these systems are based on models or theories of human
learning. The need to consider theories of human intelligent behaviour for intelligent
control has been stressed[74],

1.6.1 Adaptive Control

Adaptive Control is probably the best known form of control that actively employs learning
in the control loop.  Adaptive controllers automatically adjust their controller settings to
compensate for unexpected changes in the process or environment. The system learns or
adapts itself to retain good control in response to uncertain time-varying process parameters.
Thus, this technique is used for processes that are poorly modelled and/or which change in

an unpredictable manner.

Adaptive controllers can be divided into two categories: Model Reference Adaptive Control
(MRAC) and Self Tuning Control (STC)[4,5], The objective of MRAC is to make the
response of the closed loop system follow that of the reference model. One or more of

the controller parameters is adjusted to achieve this.

STC strategies may be subdivided into two classes: explicit and implicit algorithms.  With
explicit or indirect methods the parameters of a process model are directly estimated, eg.

the coefficients of a polynomial transfer function. These are then used by the control law

to generate the control input.  Typically it is assumed that the parameter estimates are
correct (“certainty  equivalence") thus leading to a suboptimal control[5].  However, asthe
estimates converge to their true values the control approaches the optimal[5]. With explicit
algorithms the two stages are distinct and each may be designed separately. That is, any
suitable estimation technique, eg. least squares, may be used as may any appropriate
control law design, eg. pole placement or LQG. Implicit or direct algorithms estimate the

actual parameters of the regulator, bypassing the model. Hence, only appropriate control

law designs which can be configured in a suitable fashion may be used.

The actual learning is achieved through the use of the parameter estimation algorithm.
Several procedures are available for this purpose: recursive least squares, extended least
squares, instrumental variables, maximum likelihood, or stochastic approximation. Most of
these techniques are very similar and only implement a form of learning equivalent to
parameter learning as discussed previously. The learning process is completely

pre-programmed and does not require any cognitive abilities in the control system. The
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most commonly used method is recursive least squares (RLS).

The problems with this form of learning is the great deal of a priori information required.
For example, RLS needs good initial estimates of the error covariance matrix and also the
parameter estimate matrix itself. ~ An accurate estimation of the model order is required.
Depending on the control law used, information such as deadtime, tuning values, etc, may
also be needed. The adaptive system will also suffer from problems such asbursting,
estimator windup, lack of presistent excitation, etc.[75]. Such a learning control scheme is
very primitive but yet it has been proven to fulfill expectations and industrial needs very
favourably.

1.62 lterative Learning Control

A quite recent learning control approach does not require detailed knowledge about the
process dynamics. This is called iterative learning control and is based on repeated
iterations of the same task. It is thus ideally suited to robotic manipulator tasks as
evidenced in the literature since it is a recursive online control method that relies on less
calculation and requires less a priori knowledge about the system dynamics than the
previously described adaptive control approach. Iterative learning control also allows tight
tracking of a command trajectory, as required by robot manipulators, and can easily handle
fast dynamics.  This is unlike adaptive control which can achieve asymptotic positioning
convergence but may not be capable of achieving tight trajectory tracking within an error
bound.

There are several variations of iterative learning control in the literature.  They are all
based on similar principles, that is, repeated application of a simple algorithm to an

unknown plant until perfect tracking is achieved. An early algorithm is[76,77]:

uk+i() = UKQO + i\(t)

et(t) = yd(t) - yk)

where uk(t) is the control input, e(t) is the error, yk(t) is the actual system output, y*Ct) is
the desired system output, ‘k’ is the current iteration number and T is the controller gain
matrix.  Problems with this algorithm are that a noncausal operator is used (differentiator)
and also that there is no guarantee of positional convergence. The choice of controller gain

matrix is not trivial and requires specific knowledge of the manipulator dynamics.

An approach which alleviates the difficulty of determining a priori the controller gain

24



utilizes  a recursive least squareparameter estimator to estimate the A andB state-space
model matrices[78]. Effectively the method operates by generating a form of inverse system
model which is used to update the control inputs, uk+l(t). Problems with this algorithm are
the large amounts of initial data required. Initial estimates of A and B must be supplied
as well as the initial error covariance matrix and forgetting factors. It was found that to
operate  correctly the system had to start from a known ‘rest’ position eachtime and also
thatthe algorithm only correctedfor small perturbations with respect to a nominal
trajectory[78].

The previous ‘conventional’ algorithms only use the last iteration data pair (i.e. u”t), et)
to learn. Intuitively, human learning systems gather several adjacent points around the point
to be computed, to acquire knowledge of the ‘trend’ and to decide what to do for the next
iteration. It also seems intuitive that faster convergence would be achieved if more past
history  data points are used bythe learning process. Using this reasoning, the following
algorithm was derived[79]:

1
uk+i(0 = uk(t) + -
h

3

ek (t-j+1)

a,
j=m
where h is the distance between adjacent points (eg. sampling interval) and aj’s are
weighting values determined by the number of points summated. The net effect of this

algorithm is that it obviates the need for the noncausal operator in [77].

Useof multiple past history data points can significantly improve the convergence
performance of iterative learning controllers.  The previous algorithms looked at can be
classed as firstorder methods in that they only utilize one previouspast history pair (i.e.
uk(t) and ek(t)). AnN* orderalgorithm uses N consecutive pairs[79]:

uk+i(t) = piuk()+ ~-1(0 + - +PNukN+i(t) + QAO) + QA -i(0 + - + Qn’-n+iW

The ”’s and Qj’smust be chosen for fast convergence conditions. An example is
presented in [79], however positional convergence may not be guaranteed as the output
velocity, y(t), only converges to the desired velocity, jyO-).

Some other variations of iterative learning control have been presented[80-82], A major
problem with all of the algorithms is that as the variety of specified tasks increases the
total number of operations also increases and the amount of data to be stored in the form
of input patterns grows excessively large. To solve this problem some early development
work is being carried out to investigate if an input pattern corresponding to a new desired

trajectory may be produced from previously stored pattems[83]. This involves investigation
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of how to decompose the problem of following a complextrajectory into a set of
subproblems, each one referring to an already learned simpler trajectory. To this end,
research involves consideration of reproducing the same spatial trajectory but in a different
time frame or time scale, and also how to combine basic input patterns when there is no

spatial restriction[83].

Theprevious discussion of iterative learning control methods has highlighted some

behavioural similarities with neural networks. The task objective must be thought to the

iterative learning controller before it can  track a trajectory with noerror.This is similar to

the training sequences that must be presented to a neural network.  They each update their
"internal state" on each iteration of the training pattern, and more training results in better
performance from the system.However, neural networks can generalise if presented with
enough sufficiently different examples. This compares very favourably to the total lack of
generalisation available with iterative learning control. Also it has been shown that neural
networks may classify patterns or discover important ‘concepts’ which are held in their
hidden layers which could be considered a form of concept learning.

1.63 Learning Automata

Learning automata are another learning tool that has been suggested and used for intelligent
control. Learning automata are based on mathematical learning models developed in
psychology[84]. They attempt to find an optimal actionfrom a set of allowable actions.
Typically they startwith  no information as to which action is optimal, with equal
probabilities attached to each action initially.  One action ischosen at random and the
response of the environment is observed. Based on this, the action probabilities are
changed and a new action is chosen.  This process is then repeated, ensuring that the
optimal action is always chosen.

Mathematically, at each instant ‘n’ theautomaton selectsan action a(n) from a finite set
{aiii=l,2,...,r}. The selection is based on a probability distribution p(n), where p =
[Pi,p2....pr]T. The environment gives a response b(n) at time ‘n\ where b(n) is an element
of (J={0,1) (‘1" is a penalty and ‘0’ is a reward). The environment penalizes the

automaton with the penalty g, the probability of failure when the input is dj

Pr[b(n)=I ict(n)=0i] = c(

The environment characteristics are described by the set of penalty probabilities C =
{ciii=l,2,...r}. The environment is said to be stationary (non-stationary) if the q’s are (are

not) constant from stage to stage. Based on the response b(n), the action probabilities
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vector p(n) is updated and a new action is chosen at ‘n+I\

Updating of the action probabilities is called "reinforcement” and several schemes, mostly
based on psychological models of animal and human learning, have been proposed. A
linear reward-penalty (Lrp) scheme increases the probability p,(n) if action og leads to a
success.  All pj(n) (j*i) are also linearly decreased. If failure results from action og then
pi(n) is decreased while all pjin) (j*i) ~ increased. A linear reward-inaction (Lr.) scheme
works exactly as the Lgp scheme when successful actions are observed, while all the
probabilities are left unchanged in the event of failure. A linear reward-e penalty (L"p)
scheme decreases p(n) due to a failure but only fractionally in comparsion to the increase
in p,(n) due to a success. Convergency proofs have been given for each of these
schemes[84].  Other schemes have been presented[eg.85,86] but most are derivations of the
previous three.

There are obvious similarities between learning automata and neural netwoiks. Each
requires ‘training’ before optimum performance is achieved. Error differences between the
desired and actual outputs are used to update the ‘internal state’ of the system to guide it
towards its objective. There are particular similarities between learning automata and
associative search networks (see section 5.2.3). Each operates on the environment directly
in order to leam optimum actions. The ASN uses an associative reward-penalty scheme to
penalise actions which lead to failure and reward successful actions. This is very similar to
the Lj*p scheme mentioned above. Integration of the two methods could perhaps lead to
some further advancement for control. It would perhaps be worthwhile to investigate the
use of similar schemes to and L”~p in ASN’ which have better convergence
properties than the L~p scheme. The importance of, and the significant improvements
obtained through the use of prediction with ASN’s could perhaps be employed by learning
automata. The previous discussion of learning automata only dealt with P-models where the
response set of the environment is binary. Q-models allow the response to take on a finite
number of values and S-models allow values on a closed interval. Results for P-models
have been extended to Q and S-models and their use could be tried with ASN’s to

improve performance further.

Another relationship exists between learning automata and fuzzy controllers, in particular
with Q-models in which the environment response may take on one of several possibilities.
Integration of the reinforcement learning schemes into fuzzy controllers would provide an
ideal framework for advanced development of learning in a fuzzy set environment The use
of learning in fuzzy controllers has thus far been limited and of an "ad hoc" nature (see
section 4).
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1.6.4 Al Approaches to Learning

Learning automata still only employ a form of quantitative, or parameter, learning. That is
they simply update parameters according to some pre-programmed scheme. In contrast to
this approach to learning the discipline of Al is trying to develop concept learning
techniques.  Typically however research has been in a "blocks world', where everything is
known and there can be no conflict of evidence or lack of information.  Although such
work may lead to general principles of concept learning there is still much research needed
to deal with realistic environments which are highly uncertain, in particular for control
problems.

A common successful Al approach to learning is by induction. Sets of examples, or tables,
are presented to the system. The system examines these examples and can produce a set

of production rules:

IF situation DO action OR IF situation MAKE inference.

Using a ‘teacher’ as before rules may be altered in order to specialise, i.e. by adding a
conjunct to the antecedent of the rule, or indeed to generalize the rule.  Thus concept
definition is automatically performed by considering both positive and negative examples of
a concept. A well known program which does this is that of Winston[87,88]. The
concept of an "arch" was learned in a blocks world environment.  Other approaches to
learning by induction include matching, analogy, and indexing[87]. Most of these centre
around some form of knowledge organisation, eg. schemas, scripts, "isa" hierarchy, etc., and
a method of searching among this knowledge.  The main problem however is that all
examples are taken as being equally true and important but no allowance is made for
"noisy data", i.e. a false example. Obviously this scenario is unsuitable for realistic
application domains.

Learning by exploration defines a situation where a system starts with little or no
knowledge and does not even have a goal-state or objective as its aim. Two programmes
which implement this form of learning are AM and Eurisko[%I]. They do not search a
space as the previously described learning programmes but ‘explore’ their domain looking
for interesting patterns and generalizations. AM was designed for a mathematics domain
while Eurisko may operate in several different domains. They maintain and grow a large
database of "concepts” (eg. ‘set’ and ‘function’ in mathematics). Each concept has "slots"
which point to other objects (eg. concepts) which are related. New concepts are created
and their slots are filled in by the learning process. This is done by keeping an agenda of
tasks which have to be done. Each task is an attempt to fill in a slot of a concept, but

this usually creates more concepts, slots, and tasks during this process. The agenda of
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tasks is sorted in order of “interestingness”, where each task is rated depending on how
many examples there are to look at, the rating of the task which created it originally, and
other tasks which have since suggested it again. If all task ratings are below a certain
threshold then a "suggestions slot for each concept is used to generate new tasks.
Suggestions are heuristics written by the designer to keep the system running. Working on
a task is also performed using heuristics. These systems have been very successful and
have given an insight into how learning may be implemented automatically. For instance,
AM was able to discover numbers, addition, multiplication, and to make conjectures about
these ideas simply by starting with the concepts of ‘set’ and ‘bag’ (sets which may have

duplicate elements).

Other approaches to investigate learning in Al include GPS (General Problem Solver),
Hacker (which uses failure driven learning), Foo/Bar (game playing), and others[87,88].
However, most of these attempts to simulate higher level concept learning operate in naive
environments, eg. the blocks world, and need much further research to enable successful use
of the techniques in a realworld environment as part of the upper hierarchical levels in an
intelligent control system.

1.7 COGNITIVE CONTROLLERS AND OTHER ASPECTS OF INTELLIGENT CONTROL

7.1 Cognitive Structures

Neural network controllers may be classified under the category of Cognitive Controllers.
Cognitive controllers entertain structures or principles similar to those utilized in human
cognition.  Such systems embody recognition or perception in the control loop and use
‘knowledge’ to achieve their goal in complex or uncertain environments. They can learn
about their environment as they operate within it. It is recognised that cognitive controllers
form an important part of intelligent control[26,89,90].

Control of complex systems requires the use of multiple sensors and often hierarchical
organisation of the control system[91,92]. Integration of the data for multiple sensors and
propagation of observations among levels of the hierarchy leads to "perception in the
control loop"[89,91]. Sensor fusion in itself is a separate issue of intelligent control (see
section 1.6.2). Once the principle of perception is recognised as necessary to intelligent
control another issue arises: knowledge and knowledge representation”,89,93]. Other
aspects which arise are decision making and planning using this knowledge[89], and learning
which involves the incorporation and proper utilization of new information gained during
operation[26,89,90]. Processes and techniques to deal with such aspects of intelligence have

arisen from studies of human cognitive abilities.  Cognitive and behavioural psychologists
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have proposed theories of how humans organise knowledge and data in memory, how
decisions and plans are made, and how learningoccurs (from quantitative to conceptual
leaming)[64,94]. These theories parallel techniques developed in Al to reproduce cognitive
capabilities on a computer [87,88] and indeed there has been much interaction between the
two fields. Although metaphorical models of human cognition may be unsuited to control,
the development of an intelligent controller would appear to necessitate consideration of

human cognitive abilities and to design along these lines.

Human cognitive systems have been shown to be organised in a hierarchical fashion, with
perception and a hierarchical knowledge base[91]. A control system called CMAC
(Cerebellar Moduliar Arithmetic Controller) was designed along the lines of this model
[91,92]. Cognitive abilities allow not only incorporation of knowledge about the controlled
system but alsoa world representation to incorporate knowledge of the environment, and
the context of the performance. In addition, learning may also be encapsulated. However,
learning modes beyond the simple quantitative learning of adaptive controllers are looked
for, that is "conceptual learning" (the creation of new concepts).  Further discussion of
learning systems is presented in section 6.4.

Symbolicprocessing is the medium by which higher level intelligent functions are
performed[88,94] whereas interfacing with the real world in realtime still requires numerical
processing techniques. The integration of numerical and symbolic processing is a problem
to be dealt with in the design of cognitive controllers[22]. It can be seen that much
research is still required in the context of cognitive controllers.  Although there are few
references to this class of controllers in the literature many current strands of research are
encompassed, eg. expert systems, fuzzy logic, neural nets, and learning controllers. Among
the issues that need to be looked at are measures of performance and reliability of
cognitive controllers in comparasion to conventional controllers and cognitive controller
design.

72 Sensor Fusion

Sensor data fusion is an important aspect of intelligent control.  Architectures of intelligent
controllers are generally conceived as being hierarchical in nature. Thus, the integration of
perception and  action at multiple levels of resolution is required. Although intelligent
control is not constrained to a particular application environment, this particular aspect is
best described with respect to control of an autonomous robot in an uncertain environment.

The literature on sensor fusion is mostly concerned with this scenario.

To operate effectively and efficiently autonomous robots must be able to organise and
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integrate observations from many different, or disparate, sensors to provide information with
which to build a robust world model. Each level of the hierarchy is thus characterised by
incomplete knowledge structures with varying degrees of refinement.  Sensor fusion deals
with the propagation and organisation of disparate sensory evidence within and between
these incomplete knowledge structures. Multiple sensors are required because each sensor is
limited both in the observations or uses that it can make of the environment and also in its
useful range in which its observations are realible and accurate.  Sensors of autonomous
robots can include stereo vision, sonar data, active ranging, and tactile sensing. The use of
many disparate sensorsprovides a robust, realiable, and consistent world model. However,
to achieve this it is required to find computationally efficient algorithms for the propagation
of incomplete evidence over a network of incompatible frames of discernment. The main

problems with this objective are:

1)  sensor model: each sensor provides information in its own sensor specific
level of abstraction (eg. vision vs. range data).

2) conflict resolution: sensors can provide conflicting evidence of the same
object.

3) uncertainty:there are degrees of uncertainty of sensor data (there is also
the problem of a lack of information from the sensor).

4) sensor failure: recognitionof the failure of a sensor and disregard for its

observations.

There has been much research effortin the development of advanced individual sensor
subsystems, eg. vision and tactile sensing.  Subsystems are then combined into an overall
architecture for controlof flexible manipulators[23,95,96].There are many examples in the
literature of highly application specific techniques of combining disparate sensors subsystems,
eg.[95-99]. These fall under the classification of guiding techniques. That is, data from
one sensor is used to guide the control or processing of other more accurate estimates from
other sensors.

More general mathematical approachesto the  sensor fusion problem are emerging[100].
Some simple methods have been described for the fusion of sensor data about the same
object/environment features[101]. These methods typically use a distributed blackboard
architecture.  One technique chooses one of the sensor values as the "fused" value. The
selection could be based on the value with the highest confidence measure, or through the
use of heuristics of the present situation (i.e. state of the environment).  Another method
calculates an average value from all the sensor readings. Corresponding confidence values

may also be averaged.

Another more formal probabilistic approach uses Gaussian probability density functions and
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measures of confidence for the sensor readings[102]. A ‘confidence distance measure’ is
defined as a criterionfor detecting sensor errors. These are distance measurements for two
sensors measuring the same object property. An mxm matrix (‘m’sensors) is formed of
elements djj, relating each sensor to one another. Thresholding the elements of this matrix
allows a directed graph to be compiled.  This highlights thegroup of sensors whose data
values agree with and support each other.  All other sensors are suspected of error. The
optimal fused sensor data property value can be computed from the group of agreeable
SEnsors. This technique was implemented using a frame type scheme for knowledge
representation[ 102].

In another approach each sensor is treated as an individual decision-maker, i.e. a member of
a team with common goals[103,104]. Each sensor is considered as a source of uncertain
geometric information, able to communicate to and coordinate with other members of the
sensing team througha blackboard architecture. A model of the environment based on
stochastic geometry is used, where theuncertainty in each vector is described as a
probability distribution on the parameter vector. Uncertain points, lines, curves, and surfaces
are considered. The invariant topology of relations between uncertain geometric features is
used for propagating observations through the world model. The integration process uses a
Bayes procedure to compare disparate observations of geometric features rejecting spurious
measurements, and providing partial updates of object locations to the world model. The
method has been applied to a robot system comprising an active stereo cameraand a
force/tactile gripper[103],

1.7J Reasoning with Uncertainty

Accepting that intelligent control requires autonomous actions and planning and that real life
situations embody uncertainty in all aspects of the environment then clearly an intelligent
controller should be provided with mechanisms for handling uncertain information Handling
uncertainty is in fact one of the key issues of expert systems. Elucidating heuristic rules
from experts provides the basis for a workable system but even experts do not have
complete understanding of complex domains. The expert system must be able to represent
uncertain heuristics and perform inferences with them. A knowledge representation scheme
must be used that can encode uncertain knowledge and data, and the inference mechanisms
must be provided with abilities to handle uncertainties and conflicts.  Such abilities are
required not alone by expert systems but by any intelligent machine trying to operate fully
or semi-autonomously and which must make decisions and plans in a highly uncertain real

world environment

To express uncertain knowledge, a scheme is required that allows a proposition to have a
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truth value other than true or false. The truth space, for example, may be expanded to
allow levels of truth or falsity to be expressed, perhaps as a real number or as some
subinterval between 0 and 1 (representing falsity and truth respectively). One approach to
this has already been looked at, i.e. fuzzy logic. In rule-based expert systems, ‘if-then’
rules generally have attached some indication of the strength of correlation between the
condition and the consequent. This may be quantified as a number or as a ‘linguistic’
qualification of the rule. Inference techniques employed under uncertainty propagate numeric
values through the inference chain using one of the uncertainty calculi available. The four
common calculi are: probability (or Bayes) theory, MYCIN (logic of confirmation), belief
(orDempster-Shafer) theory, and possibility (or Fuzzy Set) theory[105,106]. Other
approaches are similar to the above and include plausible inferences, INFERNO, linguistic
reasoning, nonmonotonic logic, theory of endorsement[106], and evidential reasoning[107].

Each of the calculi offers a different perspective and each manipulates uncertain information
in a different manner. Each has advantagesand disadvantages and the choice of which to
build into the inference engine of an expert system should be carefully considered based on
the nature of the application.

LS CONCLUSIONS

A detailed survey of intelligent control has been presented. The need for and the
development of this discipline has been precipitated by progress in computer science and
technolgy, developments in control theory, the movement toward more complete overall or
plant-wide control with greater autonomy from human intervention, and advancements in the
understanding of human intelligence and perception. Intelligent control has been proposed as
the search toward systems that can operate with greater levels of uncertainty than currently
accepted methods (eg. adaptive control). It should provide an approach to the control of
large-scale complex systems and be able to deal with the inherent problems that such
systems present.  For example, high-level planning and decision-making capabilities which
are robust in the event of failure or large uncertainties are required.  Needed too are
techniques for sensor fusion and high-level knowledge representation (eg. symbolic models of
the environment).  Methods and technologies to accomodate efficient communications and

interfacing of numeric and symbolic processing is required.

Several major strands of research which fall into the category of intelligent control have
been discussed. Typically architectures proposed have been hierarchical with some level of
cognitive representation or relationship to human knowledge organisation. Expert systems
are finding widespread use as a means to expand the operation range or performance of

control systems through the integration of human expertise in the form of heuristics. Fuzzy
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controllers have been developed which can operate in environments with very large degrees
of uncertainty. Fuzzy logic is a decision making tool similar to human reasoning abilities.
The problem of reasoning with uncertainty is being examined and several calculi have been
proposed for this purpose as well as techniques to use these in expert system architectures.
Researchinto  methods of multiple sensor data fusion is gaining momentum as is
investigations of artificial neural netwoiks for control.  Such systems require no explicit
programming and ‘learn’ how to perform in an optimum fashion Learning has been
identified as a key element of further advancement. To perform the tasks mentioned some
learning capability is either highly desirable or essential.  Several approaches to learning
have been developed from low-level iterative learning control and adaptive control to higher
level Al learning programs. It is essential that learning abilities are extended beyond that
of simple adaptive controllers which operate with very limited uncertainties and that
effective means of bridging the gap between these low-level parameter learning systems and
the naive high-level concept learning systems developed in Al.

Research in intelligent control will depend less on traditional engineering principles and
more on ideas originating in other scientific fields. Areas which have already had major
influence are artificial intelligence, cognitive psychology, and connectionism.  Other areas
may be highlighted in the future. Norbert Weiner’s dream of cybernetics, machines in the
service of man and machines imitating man, may yet have a significant role to play as a
source of new ideas. Is it not realistic to suggest that better and more intelligent machines
and controllers may be designed inspired by the structures discovered in biology and
psychology? Could animal and human behaviour be used as a benchmark against which to
judge the performance of intelligent machines?  Obviously, we are not at the stage where
machines and controllers may be designed that can imitate man and his abilities. Thus the
use of the word intelligence may seem premature.  However, the current state of control
theory development is moving beyond simple engineering of better feedback loops and
toward better and easier performance attainment and system integration. It is moving into

areas which seem to require ‘intelligent capabilities’.

The field of intelligent control is still newand immature and hence is very difficult to
review within a unified framework. The approaches presented here reflect current views of
the subject both of the researchers within those approaches and those of the author. It is
expected that as the subject developes and progresses further refinement may be made and
some of the ideas presented here will be strenghtened while others may be discarded.
However, due to the nature of the discipline, it is anticipated that future approaches will

still have the flavour of control theory, artificial intelligence, and behaviouralNcognitive

psychology.

34



CHAPTER 2

A FRAMEWORK FOR INTELLIGENT CONTROL

2.7 INTRODUCTION

The exposition of intelligent control, presented in the previous chapter, highlighted the many
diverse and varied research areas that may be classified in this novel field of control
research. It is a multi-disciplinary area with research progressing along many independent
paths with little coordination or cooperation between them[73].It is clear from chapter 1
that there is some controversy over what exactly constitutes intelligent control.  Several
different definitions have been proposed. —Some application areas have received much more
attention than others eg. robotics and autonomous systems, resulting in an exclusive
relationship between these areas and intelligent control.  Similarly, use of particular tools is
considered to imply ‘intelligent’ control, eg. use of expert systems or neural netwoiks.
Another very noticeable aspect of the survey is the lack of attention given to the low-level
controller used as the basis of the overall control system. Most research is geared towards
the development of higher level strategies for organising, planning, fault detection and
correction, etc. It is often simply stated that the low-level controller is an adaptive
algorithm derived from one of the many modem control design techniques available.
Sometimes a nonadaptive or even PID control law is assumed. Despite the improvements
in performance that may be achieved with the use of Al and other methods in combination
with current control laws, there still exists a limitation due to the type of low-level control
algorithm employed. It is thus essential that intelligent control research should also focus
on suitable low-level controllers and on the characteristics which these should have.

To enhance future development a unifying framework is required. This should incorporate
the diverse areas currently under investigation and suggest new areas for consideration. The
framework should encompass research on both high and low levels of a control system and
also the tools that are necessary to implement intelligent controllers.

Several themes underlie the nature of the topics discussed in chapter 1. The major theme
is the pursuit of better control via the emulation of human intellectual abilities (eg. thinking,
planning, memory) or by the incorporation of human expertise and intelligence in a
controller (eg. heuristics in an expert system). This is seen in the sections concerned with
expert systems, fuzzy logic, and decision making.  Neural networks are models of the
neuronal structure of human thinking and action.  Multi-sensor integration is one of the
most important human attributes providing the great flexibility and robustness associated with

human performance.  Learning control systems try to emulate the adaptibility of human
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systems and their learning capabilities.

In line with these ‘intelligence’ themes a new definition and framework for the design of
intelligent controllers will be proposed.  This will then be used to design a suitable
low-level control algorithm as the basis of an hierarchical system. To do this aspects of
human intelligence will be explored. Psychological theories of intelligent behaviour will be
discussed and important necessary conditions extracted. Learning is identified as a necessary
condition and possible simulations of animal learning theories are examined. Other
important attributes of learning are extracted as desirable for control.

2.2 DEFINITION OF INTELLIGENT CONTROL

From earliest considerations, intelligent control has been intimately linked to human system
emulation[7].  It’s objective was viewed as the transferral of human abilities to control
systems to achieve greater autonomy. Necessary abilities for this were identified as
learning, problem solving and planning, environment sensing and world modelling[7]. The
need for hierarchical structures was also expressed.  The attainment of these goals was
conceptualized as resulting from the merging of research in Al and automatic control. As
can be seen from the survey of chapterl, much current intelligent control research retains
this flavour.  Later definitions (eg. seefig. 1.1) were extensions of this viewpoint[9,12].
Although this was a useful starting pointfor incorporating intelligence into control strategies
the result has been a concentration of research on the higher level intelligent functions

required.

=* INTELLIGENT CONTROL

FIG. 2.1: A New Definition of Intelligent Control
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The current state of the field of intelligent control is not unlike that of the early stages of
computer vision research. Most work was concentrated on application specific solutions to
problems. There was a need for a unifying framework within which the many diverse and
unconnected strands of research could be gathered together. In response a computational
theory was proposed based on information processing guided by the study of human visual
systems[108]. This led to a strengthening of the core principles and a flourishing of new

ideas.

A similar theoryis required for the field of intelligent control research. This  should
encompass current research strands yet concentrate on the underlying characteristics desired
and not on the tools used or the applied areas. Intelligent control is redefined here as (see
fig. 2.1):

"The pursuit of improved control performance through emulation of intelligent human
control behaviour by application of techniques from the fields of Al, behavioural
psychology, and control theory".

This definition is similar to earlier ones but differs in that the use of intelligent human
behaviour as a reference model is explicitly stated. @ The study of intelligent behaviour
provides a source of constraints for building a framework similar to the computational
theory for computer vision[108]. A set of processes or attributes may thus be defined as
necessary conditions for intelligent control.  The framework becomes independent of the
tools and application specific solutions and focusses attention on the underlying principles or
attributes employed[73].

Of the definition given above, it is envisaged that the field of control theory shall have a
dominant role. This is a rich field in which a great body of control knowledge already
exists. It is expected that Intelligent Control will provide a vehicle for the further
development and expansion of current control methods and ideas. The role of the fields of
Al and behavioural psychology will be to guide and direct these developments by the
provision of novel ideas and tools.  Artificial Intelligence[87,88] is concerned with the
simulation of higher level intelligent abilities and has provided some useful tools for their
implementation, e.g. expert systems. Behavioural and cognitive psychology[64,94] concerns
itself with the study of animal and human behaviour. It provides the principles upon which
the framework shall be built by highlighting different attributes or processes that humans
exhibit in control situations.

The framework will encompass current research work. The use of expert systems provide a
successful tool to explicitly embody human expertise in the form of heuristics.  Production

systems are in fact a model of stimulus-response behaviour. Fuzzy logic and uncertainty
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calculi are methods to simulate human reasoning processes.  Approaches to sensor fusion
have often taken inspiration from the mechanisms by which humans accomplish this task so
easily. Neural netwoiks and iterative learning control are approaches to emulate the
learning  abilities demonstrated in human performance.However, no emphasis has been

placed on determining general attributes that an intelligent controller should exhibit.  The
framework will allow such a task to be performed. It also provides impetus to consider
suitable low-level control techniques andnot just high level intelligent functions.  These

should be designed based on human behaviour and the study of motor skills acquisition.

2.3 INTELLIGENT BEHAVIOUR

Many different theories have been proposed to try to explain the phenomena of human
intelligence, or in particular intelligent behaviour[64,91,94,108,109]. Intelligence is a concept
which is much easier to recognise in behaviour than it is to define or measure. Theories
of human intelligence and behaviour are usually classified into two categories:

Behaviourism: An entity responds only to changing environmental inputs.
Purposive behaviour considers goal-seeking as an extension of this.

Cognitivism: Intelligence is defined by the structure and existence of mental
faculties for understanding and cognition.

Both theories can contribute to the framework as will be shown later. However it should
be noted that although it is proposed to emulate intelligent behaviour only aspects relating

to control will be considered.

23.1 Behaviourism

The school of behavioural psychology believes that correct scientific study of human actions
and behaviour should not be concerned with introspective measurements of internal, or
cognitive processes[110]. Behavioural theories are based purely on environmental stimuli
and response pairings. This school is typified by the classical conditioning experiments of
Ivan Pavlov (in 1904) causing a dog to salivate in response to a bell ring. The bell
stimulus is paired with food presented to the dog and eventually can be used to generate

the same response as would the food stimulus.

In psychological terms this can be described as follows. A subject is repeatedly presented

with a neutral conditioned stimulus (CS), eg. the bell, that does not cause any particular
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response. The CS is followed by an unconditioned stimulus (UCS), eg. food, which causes
a reflexive or unconditioned response (UCR), eg. salivation.  After several pairings of the
CS and UCS-UCR the CS comes to elicit a response of its own, i.e. a conditioned
response (CR), which closely resembles all or part of the UCR. This is the basis of

behavioural explanations of leaming[64].

Behavioural  psychologyignores internalmechanisms  or  drives and relates all
responsesNbehaviours to the set of external stimuli then present.  Although this approach
may explain the actions of lower formsof animals it is notsufficient to explainthe
complex intelligent behaviour of humans.  Despite this, theoriesof behavioural responses
and learning may be useful forthe design of low-level control laws as part of an
intelligent control hierarchy. The control law may be envisaged as a black-box which acts
on the environment or plant and monitors the corresponding outputs.  This behaviour may
be considered in terms of stimulus-response actions and behavioural theories used to improve
the control performance by emulation of human performance. Learning theories may be
used to enhance the operation of controllers used on plants with large uncertainties.
Theories of behavioural learning have also been used as updating rules for neural networks,

eg. associative reward-penalty scheme for ASNs (see chapter 1).

An attempt has been made to extend behavioural psychology to describe more complex
actions comparable to human behaviour[lll].  These purposive behaviour theories includes
the type of reflexive responses mentioned earlier, eg. salivating, pulling away from fire, etc.,
called respondent behaviour. They also describe operant behaviour which is an unsolicited
action on the environment to secure a desired response. The relationship of behaviour with
goals or purposes is emphasised. Operant behaviour is originated by the organism and is
not a result of external stimuli, although attainment of the desired response will still be
guided by external stimuli present.  Human behaviour of operant type includes walking,
talking, playing, and working. Goal-seeking behaviour is analagous to feedback control. It
is thus realistic to expect that models of such behaviour may be used to enhance feedback

control design.

Purposive behaviour takes account of an individual’s cognitions, i.e. perceptions and beliefs
about the world. These are teimed intervening variables and experience with certain stimuli
results in the formation of corresponding cognitions. In addition, particular needs produce
demands for certain goal objects (eg. thirst produces a demand for water). Cognitions and
demands are intervening variables which act together to generate responses. Learning is
said to occur when cognitions are formed relating responses to rewards, i.e. the internal
world model is updated. Cognitions are formed or modified when predicted and observed
responses differ. Many forms of cognitions are formed, particularly about the way the

environment is structured. Cognitions tend to model the world and the inter-relationship of
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objects and entities. These are used to predict the outcomes of planned actions.
Individuals can respond adaptively to new situations by combining cognitions from several
different learning experiences. Several other cognitive behaviouristic theories[64,91] have
been proposed for explaining intelligent behaviour.

232 Cognitivism

In contrast to behaviourism, cognitivists believe that intelligent action cannot simply be
described in terms of stimulus-response pairs or interaction. Instead, the underlying
principles that enable intelligent action are the internal computational structures based around
the central nervous system and the brain[94]. Intelligence is an information processing
activity in which sensory input is processed by certain processing modules. Cognitive
psychology is usually defined[112] as the study of processes by which the sensory input is
transformed, reduced, elaborated, stored, recovered, and used.  This viewpoint is closely
related to the work of researchers in Al where methods of synthesizing intelligent behaviour
are sought through the use of a symbolic processing approach[87,88].

Since information or knowledge manipulation is considered as the route of intelligent
behaviour one aspect of human cognitivist processes normally studied is memory. The
physical mechanisms are ignored and study is concentrated on abstracting the methods by
which information is stored, remembered, and forgotten Other aspects of cognitive
psychology include investigation of processes like perception (transforming sensory input into
a cognitive code), attention, language, decision making abilities, etc[94]. Learning is
considered as the acquisition, restructuring, and generalisation of knowledge via the set of
computational processes provided.

Sensory processing is initially a pattern recognition task which tries to abstract the input
patterns into cognitive codes or units of information. The process of selective attention is
very important here since much of the sensory input is unnecessary information and only a
small proportion is usually important or useful. The information channels for reception of
sensory data are normally considered to be of restricted capacity. Such studies have
obvious interest for the design of multiple sensor fusion systems especially with regard to

the task of data integration.

Generally, it is agreed that there are three types of memory: sensory (inital images), short
term (fixed capacity ‘workpad’), and long term storage (large capacity with complex
knowledge structures).  Methods of encoding, storing, and retrieving data from long term
storage are discussed. A very strong link exists with the Al field in that some theories of

how knowledge is stored in memory have been used to structure knowledge for Al
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programs and vice versa. Theories of the organisation and operation of memory are very

useful for the design of large complex systems as required by intelligent control.

Another important subtopic of cognitivism is how to use effectively the knowledge stored in
memory.  Associated with this is planning, problem solving and reasoning.  Prediction of
possible outcomes is again intimately associated with these tasks. Theories of human
thinking and reasoning have been developed and some formal mathematical algebras
proposed. Some of these were reviewed in chapter 1

Cognitivism, it may be observed, is mostly concerned with conscious experience. It can
provide much stimulus to the design of sensory and cognitive processing systems for higher
level intelligent functions as described above. But experience must be translated into
objective control behaviour.  Thus behaviourism should not be disregarded totally.  Both

theories have a role to play within the defined framework.

2.4 LEARNED BEHAVIOUR

Although the exact nature of intelligence remains unclear, the ability to leam is a crucial
and multi-faceted element of intelligent behaviour. It is reflected in both behaviourist and
cognitivist theories in which it has a major role. In relation to human and animal learning

there are again two main schools of thought: behaviourist and cognitivist

Behaviourists describe learning as the association of new and unique stimuli with particular
responses[64,91]. A famous example is classical conditioning as demonstrated by Pavlov’s
dog experiment. Learning is guided by negative and positive reinforcers. Positive
reinforcements, rewards (eg. pleasure, success), tend to increase the probability of a
particular response to certain stimuli.  Negative reinforcement with punishment (eg. fear,
pain) reduces the probability of a particular response.  Classical conditioning is used to
explain respondent behaviour. The CS is always followed by the UCS regardless of the
response.  Operant or instrumental conditioning can explain the learning of new operant

behaviours. Reinforcement is only provided when the response is suitable.

Cognitivists view learning with regard to intervening variables and information flow[94].
Learning is recognised as the aquisition of knowledge. Intervening variables are information
models about the organisation and structure of the environment  Cognitivist theories are
based around this information processing paradigm in which sensory data is abstracted and
integrated at different levels to provide knowledge about the environment (i.e. internal world
models).  Learning therefore is the gathering of information for the refinement of these

models and generation of new models. Learning is also considered as the generalisation of

41



knowledge discovered in one application for use in other similar situations.

2.4.1 Role for Prediction

Prediction is a major element of human learning. Once a pattern, or model, is recognised
then deviations from the predicted norm can be recognised.  There is large information
contentinthe difference between what is predicted and what is actually observed.
Recognitions of gradual or small systematic deviations from the predictable lead to the
learning of more sophisticated recognitions and predictions. It can also lead to the
modification of the model, or expectations, to match that observed. Humans in fact seem
unable to cope with their environment if the outcome of their actions are unpredictable[91].
Abrupt deviations from the predictable produce strong emotions, eg. surprise, anger, fear,

etc.  Successful animal behaviour and survival is much more likely if prediction is possible.

In classical conditioning it has been observed that a response can begin earlier than a
stimulus that previously elicited it[72], A particular behaviourist theory[113] states that
learning can only occur "when events violate their expectations”. This implies a form of
error-correction learning strategy. Expectations or predictions are generated by current
stimuli patterns.  When subsequent events disagree modifications are made to improve future
expectations.  From a cognitive viewpoint learning can also occur by deviations from a
predicted trajectory. When predictions of planning results deviate from those actually
observed then plans or actions can be updated accordingly. Internal models can be updated
or learned by the use of prediction to guide parameter adjustments. Similarly, new models
can be used when there are large deviations between predicted and observed outcomes.
There is obvious interplay between learning and prediction. Prediction guides learning while
learning improves the prediction processes.

2.42 Hierarchy of Learning

Several hierarchical learning theories have been proposed[64]. It is of course obvious that
learning can occur at many levels of cognition. It can, for example, range from simple
gathering of static information about objects, eg. colours and shapes, to devising rules about

how objects in the environment interact.

Piaget’s theory of intellectual developmentl114] describes four discrete stages in the
development of children. Increasingly well-articulated and interrelated representations are
learned for interpretating the world. The first sensorimotor stage (years 0-2) involves

trial-and-error manipulation experiments. A simple cause-and-effect understanding of how to
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physically interact with the environment is learned. In particular the ability to predict the
effects on the environment of specific motor actions is achieved. The second
symbolic-operational stage (years 2-7) concerns the development of a symbolic understanding
of the environment The ability to communicate, eg. natural language, reading and writing,
and to form internal representations of the external world is learned. In the
concrete-operational stage (years 7-11)concepts and general principles which  govern
cause-and-effect relationships are attained. The formal-operationalstage (years 11+) defines
the procurement of the ability for full symbolic reasoning and conception opf possibilities
beyond those present in reality. Central to this theory is that learning is best performed
through physical manipulation of objects within the environment However it provides very
little insight into the specific mechanisms that underlie learning behaviour.  Other similar
theories have been proposed[64,115].

Accepting the model-based nature of behaviour and learning, autonomous learning techniques

may be divided into three distinct categories[109] which are related to the above theories.

Parameter:
Parameter learning can be equatedwith the tuning of the parameters of a fixed
structure internal world model by means of some simple learning mechanism based on
experience.

Description:
Description learning could be described as the process of building new models to
represent unique situations. The models would be constructed using primitives from a
library of items and relationships.

Concept:
This is the highest learning form. When the available primitives are no longer

suitable new ones must be createdto allow efficient representations of the relevant
concepts.

Engineering research into learning systems can be related to these categories.  Adaptive
control uses a parameter estimation technique to evaluate the variable parameters of an
explicit model. Neural network learning schemes are also examples of parameter learning.
Updating the weights of the network corresponds toestimating the parameters of an implicit
model of the environment Another example are game playing programs developed in Al
which usually have a predefined tree structure which is filled in as the game progresses.
Examples of approaches to the other two levels are highly specific Al programs[87,88].
Winston’s ‘concept’ building program as discussed in chapter 1 is an example of description

learning. AM and EURISKO, also described in chapter 1, implement a form of concept
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learning.

2.5 FRAMEWORK FOR INTELLIGENT CONTROL

A new definition of intelligent control was presented in section 2.2. This made explicit use
of human systems as a reference model for design of intelligent control systems.  Using
this definition as a basis, aspects of intelligent human behaviour were examined.  Several
necessary attributes or characteristics were determined which can form the basis of a
framework for intelligent control.

2J.1 Necessary and Sufficient Conditions

The discussion above of psychological theories of intelligent behaviour has highlighted
several attributes that underlie such behaviour. Learning is a crucial element. It is also
highly complex and is a result of many internal mechanisms and characteristics. ~Some of
the components that help to guide learning may be distinguished. One such characteristic is
prediction or internal expectations. When the observed results of actions differ from
expectations the internal mechanisms employed are updated to improve future predictions.
Both cognitivist and behaviourist theories imply the use of some explicit or implicit internal
world model to make logical inferences about the possible outcome of planned actions.
Another important element is the active gathering of infoimation using actions with dual
purposes, i.e. both to achieve an objective and also to probe the environment to learn about
it.  The lowest form of learning (i.e. parameter) may be implemented by a mechanism to

update the variable parameters of an internal world model.

From the discussion above it may be seen that learning ability is a prerequisite for
intelligent behaviour. It is learning that distinguishes intelligent behaviour from more
programmed responses. Hence learning may be stated as a sufficient condition for
intelligent control.

Several mechanisms were identified as necessay for learning to occur efficiently. The
interplay between learning and prediction is important although other attributes such as
probing and internal prediction models also help to guide successful learning.  Necessary
conditions may thus be identified as: online prediction, internal world models for prediction,
active probing of the environment, and simple parameter learning on the weights of the
prediction model.

The combination of necessary and sufficient conditions defines a framework for intelligent

control. ~ Current research and control theory may be examined with respect to this. It
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provides a starting point for further development of a more rigorous framework, based on

human reference systems, from which more design constraints may be determined.

252 Perspective on Adaptive Control

Current control techniques should be reviewed in the light ofthis framework.  Feedforward
strategies do not  provide the opportunity to use predictioa The outcome of actions may
not be observed to compare to predicted results. Thus feedforward cannot play a role in
intelligent control. Feedforward compensation of measurable disturbances in combination
with a feedback strategy may however be used. Feedbackcontrol may be classified as
adaptive and non-adaptive.  Non-adaptive strategies which assume constant or completely

known plant models have no learning capabilities and hence are not intelligent

Adaptive controllers as developed using control and estimation theory are one of the first
approaches to the development of control algorithms with learning abilities. Incorporated in
these controllers is a parameter or low-level learning capability. A fixed structure model is
employed whoseparameters are tuned (or learned) online based upon analysis of the
input/output data. A learning requirement is essential at all levels of an intelligent control
system, including the low-level loop. Thus adaptive control may be considered as the first
steptowards intelligent control. But there are inadequacies with classical adaptive
controllers[4,5,75]. They can suffer from the phenomenon of bursting or blow-up and a
lack of persistent excitation. They have also been shown to fail to control more exotic
systems with nonminimum-phase or very large deadtimes. These learning abilities must
therefore be enhanced.  Such an approach is proposed within the defined framework for
intelligent control.

Intelligent control must also progress to incorporating the higher modes of learning. Design
and commissioning phases would be significantly reduced if a general purpose learning
controller could be placed on site to leam which model is most applicable and also tune
that model for optimum performance (description and parameter learning). Such a controller
would obviously require a library of possible models and hence would be restricted by the
extent of this library. Designing a mechanism for concept learning into a controller would

impart it with even greater autonomy and widen its range of applications.

2.6 LEARNING BASED PREDICTIVE CONTROL

A new approach to the design of a control algorithm suitable as the basis of an intelligent

control system, using the proposed definition and framework is described here. This
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strategy will demonstrate improved performance over classical adaptive techniques.

There are many active elements involved in creating intelligent and learning behaviour.
However, incorporating the four characteristics mentioned above, i.e. prediction, internal
world model, probing, and parameter estimation, into a control technique would improve
the robustness and performance of a low-level learning controller beyond that of classical
adaptive control. Such a Learning Based Predictive Control (LBPC) approach could be used

at the lower levels of a hierarchical intelligent control system.

In line with the proposed framework the desired characteristics of a control system,
extracted using behavioural psychology, will be implemented using current control theory and
techniques as a basis. A particular control design technique currently receiving much
attention is long range predictive control. This technique has shown very good performance
for control of difficult processes. It is based on predictions of the future behaviour of the
plant due to proposed future input signals. This is achieved with the online use of an
internal model of the plant These strategies thus provide an excellent basis for LBPC as
they employ similar principles to those which play a central role in intelligent and learned
behaviour. Developed adaptive controllers and recursive identification methods provide
several techniques for implementing parameter learning. These adaptation methods inherently
incorporate use of an internal plant model.  Current estimation techniques are based on
plant input-output data. The actual control inputs are used by the learning process, hence
introducing a form of sub-optimal probing. This would be acceptable as a first approach to
the design of LBPC although dual control ideas could provide a method to make explicit
use of criteria that consider the uncertainty of the plant and the need for cautionary inputs
which have the dual role of controlling and probing.

2.7 CONCLUSIONS

A new definition of intelligent control was presented and a framework for design proposed.
This makes explicit use of the link between intelligent control and intelligent human
behaviour. It was suggested that examination of human behavioural processes could provide
a unifying theory for current research and also suggest new areas and ideas for future
development.

Some of the tenets central to intelligent and learned behaviour were investigated and
described from a psychological viewpoint. Current intelligent control research was related to
these characteristics and it was shown how they could be wused at all levels of a
hierarchical control system.  Although the exact nature of intelligence remains unclear, the
ability to leam is identified as a crucial element.
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Learning occurs at all levels of human behaviour, from high level cognitive planning to
low-level motor neuron responses. It also benefits from other important aspects identified as
part of behaviour. Prediction is used to guide the learning process. At all levels,
purposive behaviour estimates or predicts the expected outcome or results of planned actions.
When these predictions do not match with actually observed responses, the method of
prediction is changed to improve the accuracy of future predictions. To make predictions
some form of internal world model is required. Use of internal models was also shown to
be central to intelligent behaviour. Finally, it was noted that best learning performance is
obtained by actual manipulations on the plant. That is, control inputs are used both for

regulation and also for probing to help the learning process.

Necessary and sufficient conditions for intelligent control were identified. Learning is a
sufficient condition and prediction, probing, online models, and parameter learning are
necessary conditions. Using this framework and in line with the definition of section 2.2 a

Learning Based Predictive Control strategy was proposed based on these elements.

In the following chapters the full development of an LBPC strategy is performed. The
performance of this technique is demonstrated on academic plants and then for control of
temperature and pressure at the die of a plasticating extruder. Extrusion processes are
complex nonlinear distributed parameter systems which are difficult to accurately model.
Such application areas require intelligent control and are suitable vehicles to demonstrate it’s
advantages. The sub-problem of extruder barrel wall temperature control is also considered.
The solution proposed utilises several LBPC low-level loops with a second hierarchical level
orchestrating the operation of the lower level. The second level is designed with decision

logic to enable control of non-square multivariable systems with more outputs than inputs.
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CHAPTER 3

LEARNING BASED PREDICTIVE CONTROL

3.1 INTRODUCTION

As part of the framework for the design of an intelligent controller it is proposed that
existing long range predictive control (LRPC) strategies be considered. It is intended that a
predictive strategy form the basis of controller design with enhancements made according to
the framework of chapter 2.

In  recent years LRPC methods have proven very successful in industrial
applications!! 16,117,118]. They are very robust and reliable and provide many advantages
above those of other control laws. Most LRPC methods can handle nonminimum phase
processes, systems with large deadtimes, and can cope with uncertain or unknown delay
times[116,117,119]. LRPC is particularly suitable as part of the proposed framework
because it is based on a forecast of the future output from the process with the use of an
internal model.  There is a background of considerable practical and theoretical work on

these techniques with several different strategies now available.

With the selection of LRPC two elements of LBPC design are achieved, namely the use of
prediction and an internal model. The other elements may be incorporated by the inclusion
of an adaptive layer around the LRPC method. Such a layer would form the first stage in
the development of an advanced intelligent controller.  Classical adaptive control algorithms
lack robustness, depend on the choice of deadtime and model order and often go unstable
controlling processes with nonminimum phase structures[45,120]. Adaptive predictive control
demonstrates improved performance in these circumstances[]. The inclusion of a form of
learning through the use of recursive least squares (RLS)meets the last two criteria of
LBPC within the framework, i.e. learning and probing. The  self-probing feature is
automatically included through the use of RLS which utilises past measurements of controls
and responses to estimate the parameters of the internal model, i.e. a form of parameter
learning.

In this chapter, LRPC strategies are briefly reviewed and compared. One particular method,
predictive functional control (PFC)[121], is selected as the basis of LBPC. PFC is
reformulated in terms of an ARMAX model in order to make it more amenable to the
inclusion of a RLS adaptive layer. The stability and robustness of the reformulated PFC
method is considered and the design of an adaptive version is presented. Simulation results

are included to demonstrate the performance of the algorithm in different circumstances.
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3.2 LONG RANGE PREDICTIVE CONTROL

LRPC strategies are all based on similar principles[117,118]. At each sampling instant a
forecast of the process output over a long-range time horizon (h sampling periods) is made.
The forecast is made using a mathematical model of the process dynamics and is a function
of the future control scenario that it is proposed to apply from the present instant to the
end of the horizon, h. A reference trajectory is defined as the ‘best way* for the process
output to approach the setpoint or track the command signal. The control input is then
calculated in order to make the predicted output follow the reference trajectory.  Usually
only the first computed control action, i.e. that for the present sampling instant, is applied
to the process. At the next instant the whole procedure is repeated leading to an updated
control action with corrections based on the latest measurements. This is called the

receding horizon principle.

Several different LRPC strategies have appeared in the literature.  Surveys and comparisons
of these have also been compiled[l 17,118,122], Differences between the algorithms are
based on the following:

(1) type of internal process model

(2) structuration of future control scenario

(3) handling of noise andperturbations

(4) choice of tuning parameters

A brief review of some of the major strategies will be presented under headings based on
the type of internal model employed.

3.2.1 Nonparametric Models

Two of the earlier methods, Model Algorithmic Control (MAC)[123,124] and Dynamic
Matrix Control (DMC)[125] were developed around non-parametric internal models. MAC
uses a convolution impulse response model while DMC employs step responses. MAC was
the forerunner to the PFC algorithm discussed later.

Both strategies are only suitable for setpoint control with offset free performance. MAC
defines the prediction error ‘e’ as:

e =yr-yP "' GAu (3.1

where, yr is the reference trajectory output, yp is the processoutput, Au isthe vector of

future incremental controls, and G isa triangular matrix consisting ofpulse response data,
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G= g(b 0 0
g(2) g(h) 0 (3.2)

g(h) g(h-1) g(l).

Minimisation of the cost functional:

J = eMe +Q.AuMAu (3.3)

with Q a scalar weighting factor leads to the control law:

Au = (GT.G + QIN.GTfrr-yp) (3.4)

DMC is very similar to MAC and uses the prediction error:

e = yr-yp - HAuU (3.5)

where H is a triangular matrix of step response data. The cost function minimised is:

J = eT-e (3.6)

leading to the control law:

Au = (HT.H)-LHT(yr yp) (3.7)

Both MAC and DMC have simple tuning parameters. With MAC the tuning variables are
the length of the prediction horizon and the time response of the reference trajectory.
Tuning of DMC is performed by varying the number of future input changes considered in
minimizing the cost functional at each instant, i.e. it is assumed that the input is zero
thereafter. The inclusion of an adaptive layer would require re-estimation of the
impulse\step  responses at each instant. Theoretical properties and robustness of
nonparametric methods have been examined[126,127].

322. CARMA Models

The two major LRPC strategies formulated with Controlled Auto-/?egressive Moving Average
(CARMA) models are:

0 Extended predictive self-adaptive control (EPSAC)[128].
0 Extended horizon adaptive control (EHAQ[129].
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The CARMA model has the form:

A(z-1).Y(z) = z-d.B(2'1).U(z) + C(z_1).V(2) (3.8)
where A, B, and C are polynomials in the complex operator of the z-transformation. Y(z)
is the process output, U(z) the input, and V(z) is an uncorrelated stochastic noise signal

(usually assumed white Gaussion noise with zero mean and standard deviation <£). The

process deadtimeis ‘d\  Noise and disturbances areexplicitly modelled through the last
term in equation 3.8.

Each of these methods uses the Diophantine identity

c(z'l

E(z').A(z"l) + z-j.F(z-]) (3.9)

with, E@z-l) = 1+ ej.z'l + .. + ej_i.z}j+l
F(z') = f) + fj.z*1 + ... + fj.1.z+1

to simplify the prediction of future process outputs. The CARMA equation (eq. 3.8)
becomes:

Y(2)zi = zi‘d.Ei(z-1).B(z-1).U(z) + Fi(z’1).Y(z) (3.10)

To calculate the predicted output at ‘i’, $(t+i), ~  Diophantine equation has to be solved
for the polynomials Ej(z'l) and Fi(z-l) [130].

The EHAC technique is defined as computing a sequence of input steps u(t+i) such that the
distance between the predicted output and the reference trajectory output at the end of the
prediction horizon (h) is zero. Minimizing the cost criterion:

h-1
J =1 u2(t+i) (3.11)
i=0
leads to the solution
h n m
u(t) = Bk(X @j)"1[yr(t+h) - 1 cq.yO+I-i) -1 [3h+i.u(t-i)]
j=1 i=1 i=1 (3.12)
There is only one  tuning parameter, h. Obviously, increases in h lead to Ilonger

computation times and hence slower control.
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EPSAC is similar to EHAC except that a multistep cost function is used, i.e.

=1 [y(t+i) - yr(t+i)]2 (3.13)

h
I
=d

The predicted output is assumed to consist of two parts. One part is the output due to a
constant step input (i.e. u(t) = u(t+i), O<i<h-d), and the other contains the effect of stepwise
variagated Au(t). The control law becomes:

h
| O4fyr(t+i)-y(t+i)] (3.14)

i=d
where cgq are weighing terms, and also the only effective tuning parameters available.

Usually, a simple choice is to use an exponential weighing function
04 = AH (3.15)

where X is a design parameter with influence over the control effort to be exerted. Major
disadvantages with EPSAC are that the deadtime is assumed known (see eq. 3.14), and also
the large number of computations required to estimate ‘h-d’ future predicted process outputs.
A suboptional prediction routine has been proposed to try to offset this problem[131].

Other predictive controller strategies based on a CARMA model include: Adaptive Control
System (APCS)[132,133], MUSMAR[134], and the Matrix Factorisation Algorithm[135]. The
major problems with each of these and also the previous two techniques is the large
number of computations either through multiple future predictions or solutions of the
Diophantine equation, or both.

323 CARIMA Model

The CARIMA, or Controlled Auto-Regressive Integrated Moving Average, model is based on
integral action and automatically ensures that derived control laws have inherent integral
performance resulting in zero-offset control:

A(Z-).AY (@) = z-d.B(z-1).AU(2) + C(z*1).V(2) (3.16)

with A = 1 - z"l.
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Themain predictive technique to wuse this model is Generalised Predictive Control
(GPC)[136-138,119]. The C polynomial is neglected and the future output is predicted
using a modified Diophantine identity:

(3-17)
Hence the future output is predicted by:
Y(z).zi = Ei(z'1).B(z*1).AU(z*d) + Fi(z'1).Y(z) + Ei(z-1).V(2).zi
(3.18)
and the output may be written in a time step form as:
m n
y(t+i) =1 P(j).Au(t+i-d-j) + X f(j).y(t-]) (3.19)
=0 j=o

with v(t+i)=0. Using eq. 3.19 on the prediction horizon h, h equations may be derived and
written in matrix form:

y(h) = G.Aut+h-l) + f (3.20)
where y() = [y(t+]) y(t+2) .. y(+h)]T
G= 131 O 0
(3(2) (3(1) 0
Ip(h) P(h-1) ... (3(2).

and f collects all known signals at time t modified by the known parameters (3(i), e(i), and

f(i).

Using (3.20) with the matrix cost function:

J = (y-ynT (y-yr) + QAut .au (3.21)

and minimising results in the control law:

Au(t+h-l) = [GTG + QI}-L .GTtyr(t+h) - ] (3.22)

This algorithm may deal with nonminimum phaseprocesses (with Q>0) and also unknown
or variable deadtime[119]. Criticisms of this method again refer to the number of
computations and online solution of the Diophantine equation, although a recursive method
of doing this is available[136]. Tuning of the algorithm is also non-trivial.
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Another ‘argument’ against GPC is that it is simply another form of linear quadratic
Gaussian (LQG) control[139]. In fact, a relationship between GPC, LQ, and minimum

variance has been found[137J.

32.4 State-Space Models

The only LRPC technique based on state-space modelling currently known to the author is
Predictive Functional Control (PFC)[121,140-142]. PFC is designed specifically for both
demand following and trajectory tracking. It is characterised mainly by the future control
policy and by the objective control function.  The future control input, or manipulated
variable (MV), is structured as a linear combination of a finite pre-specified set of base
functions, eg. step, ramp, etc. The choice of base functions is a design parameter and is
dependant on the nature of the process and the maximum degree of the command trajectory

polynomial.

Future predicted outputs are obtained from a state-space model:

Xm(n)

Am.Xm(n-1) + Bm.u(n-1) n 23)
Ym(n)

Cm.Xm(n)

This is simplified by considering separately the homogenous response and the
nonhomogenous response due to the future control senario.

The control is calculated by minimising a quadratic distance between the predicted process
output and the reference trajectory for each base function at the end of a separately defined
prediction horizon for each, i.e.

nh
J =1 [ym(n+hj) - yr(n+hj)]2 (3.24)
j=l
where ‘nh’ is the number of base functions selected. This leads to a linear regulator of
the form:
nc
u(n) = E [kj.cj(n)] - y(n) + vT.Xm(n) (3.25)
i=0
where ‘nc’ is the degree of the command trajectory polynomial, and kj and Vx are

calculated weighting values. The full PFC derivation is presented below.

Process model mismatch and disturbances which lead to static errors are compensated by a

‘self-compensator’.  This consists of a filter which operates on a window of past error



measurements and an extrapolator which predicts the future error over the prediction horizoa

This compensation technique alters the forni of eq. 3.25 slightly as will be shown later.

The advantages of PFC are that it is easily designed for trajectory tracking control with no
lag error, unlike some other LRPC strategies. A simple equivalent linear controller may be
derived which is easily implemented with few online calculations. The design procedure is
also CAD compatible[]] which is a desirable feature as a basis for intelligent control design.
PFC tuning parameters are easily understandable and relate well to time-domain
characteristics of the closed-loop response. The tuning parameters are the time response of
the reference trajectory (corresponding to the desired closed-loop time response) and also the
selection of the coincidence points for each base function. Short coincidence points lead to
faster but harder control effort and vice versa for longer coincidence horizons. The PFC
algorithm also gives high quality performance and robustness compared to other methods, as
will be shown later. For these reasons, it was decided that the principlesof PFC would

be used as the basis for the design of LBPC within the intelligent control framework.

3.3 PREDICTIVE FUNCTIONAL CONTROL
The principles of PFC mentioned in section 3.2.4 will be expanded here. The PFC strategy

will then be reformulated in terms of a ARMAX model and the stabilitysrobustness of the
algorithm examined.

33.1 PFC Principles

The PFC algorithm calculates online the control variable, or MV, accordingto the receding

horizon strategy discussed in section 3.2, and as shown in fig. 3.1

At each sampling instant the following operations are performed:

The command trajectory in the future is determined, either pre-specified or
extrapolated.

A reference trajectory, usually a first order decay error, is initialised on the
actual measured process output. This defines the way the output should

appraoch the command trajectory over a prediction horizoa

The future control variable is structured as a linear combination of a

pre-specified set of base functions.
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The process model allows the future output to be predicted under the effect of
the future controls.

The control objective is to minimise the sum of the squared errors between the
predicted output and the reference trajectory at the coincidence points. The
minimum number of these points is at least equal to that of the base functions
and their choice influences the stability and robustness aspects of the algorithm.

The control variable computation consists of determining, through minimisation of
the control objective by the least squares method, the unknown coefficients of
the linear combination of the control expression.

Only the first value of the computed control sequence is executed. The whole procedure is
repeated at the next sampling instant, and so on. Extension of PFC to the multiple-input
multiple-output (MIMO) case is straightforward. A reference trajectory is defined for each
output. The control variables are structured separately and the control objectives (as above)
corresponding to the different outputs are minimised.

3.32 PFC Derivation with ARMAX Model

Although the PFC algorithm was developed with state-space models (see section 3.2.4), the
use of PFC principles are not exclusively reserved for such models. It would be preferable
to reformulate PFC in terms of an ARMAX model and thus make it more amenable to the
addition of an adaptive layer. Use of an ARMAX model also eliminates the need for a
state observer if the model isto be continuously realigned. With the original PFC
algorithm the model may either exist independently of the process (i.e. only initial states are
matched) or else be realigned using a state observer to estimate X(n) at each instant

The derivation of PFC with an ARMAX model and an adaptive RLS layer is an approach
to the design of a learning based predictive controller.

Consider first the derivation for a step setpoint i.e. a demandfollowing regulator. The

future setpoint will remain constant i.e.

c(n+i) = c(n) (3.26)

To track a step setpoint, given a non-integrative process, will only require a step base

function. Thus only one coincidence point on the prediction horizon is chosen for this base
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function. The control input is therefore

u(n) = n.uB(0)

where, ug(i) = unit step base function
p. = scaling factor

The unknown |i must be calculated. The control objective isspecified to minimise a
quadratic distance between the predicted process output and the reference trajectory at this
coincidence point (h):

O
1

[sp(n+h) - SR(n+h)]2 (3.27)

where, sp = process output

sr = reference trajectory

The process output is predicted using the internal model, plus apredicted error term
obtained from a filter and extrapolator as explained in section 3.2.4.

sp(n+h) = sjyi(n+h) + e(n+h) (3.28)

where, sivi = model output
8 = predicted error

Consider the predicted model output. This may be separated into two parts, a homogenous
part and a nonhomogenous part The homogenous output (%om) is the output assuming
zero future inputs. The nonhomogenous part of the output is that due to the application of
the base function, |x.ug(i). This output is simply the output due to ug(i) (i.e. $0)) scaled
by p. assuming a linear system. Hence, eq. 3.28 may be rewritten as

sp(n+h) = [1.sO(h) + shom (n+h) + 6(n+h) (3.29)

A first order reference trajectory, initialised on the process output (i.e. s*(n) = sp(n)) is

used:

c(n+i) - SR(n+i) = a'[c(n)-sp(n)] (3.30)
where a = e3Th

T = sampling period

1 = desired closed loop time response
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As c(n+i) = c(n), eq. 3.30 may be rearranged and evaluated at h, i.e.

sR(n+h) - sp(n) = (l-ah)[c(n)-sp(n)] (3.31)

Substituting eq.’s 3.28 and 3.29 into 3.27 leads to the control objective:

C = [AQ(h) + shom(n+h) + 6(n+h) - SRin+h)]2 (3.32)

Let,
5(n+h) = SR(n+h) - ShOm(n+h) - fi(n+h) (3.33)

=> C = [Xs0(h) - 5(n+h)]2

It is required to minimise C with respect to the unknown jx i.e.

| =° <3-34>
The solution of (3.34) gives

= A (335)

Now, as ug(i) is the unit step base function,

uB(0) = uB(l) = =1 (3.36)
= u(n) = [o.uB(O) = (3.37)
4  u(n) -~ (3-38)

sO(h) is precalculated as the forced output from the model at h with the base function

applied assuming zero initial conditions. 5(n+h) must be expanded. From (3.33),

5(n+h) = SR(n+h) - Som(n+h) - 6(n+h) (3.39)

To determine a term for e(n+h) consider the simplest case of an extrapolator of degree

zero. This assumes that the future predicted error is equal to the present measured error,

e(n+h) = e(n+h-1) = ... = e(n+l) = e(n) (3.40)
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e(n) = sp(n) - sM(n) (3.41)

Substituting (3.40) and (3.41) into (3.39)

5(n+h) = [sR(n+h)-sp(n)] - Is"mOu-tO-s"n)] (3.42)

Using (3.31) to replace the first term on the R.H.S. above:

S(n+h) = (lI-ah)[c(n)-sp(n)] - [Shom(n+h)-sM (n)] (3.43)

The last term on the R.H.S. consists of model outputs and so may be expressed in terms
of the model parameters.

The internal model to be employed is the deterministic form of the ARMAX model (i.e.
DARMA). The stochastic part is accounted for by the self-compensator.

[I-A(z-1)].Y(@@) = B(z‘1).U@) (3.44)

or,
[I-A(z-D]:sM(n) = B(z-1).u(n) (3.45)

with, A(z"l) = aj.z'l + a2-22 + .. + ana.z_na

B(z'l) = bj-z-1 + b2-z» + .. + bjr.2'F

Hence, in time-step form:

sM(n) = aj.sM(n-l) + a2.sM(n-2) +..+ a*.SM~"-na)

+ bj.u(n-1) + t2.u(n-2) + .. +b™.utn-nb) (3.46)

Shom(n+h) 's determined recursively from (3.46) with u(n) = u(n+l) = .. = u(n+h-I) = O,

shom(n+h) = alsM(n) + a2sM(n‘'l) +- + OnasM(n-na+l)

+ Pi-u(n-) + P24Un*%) + + Pnb-I-u(n-nbfl)

(3-47)
where, 04(h) = aj.otiCh-1) + og+i(h-I) (3.47a)
Pj(h) = bj.ai0i-1) + pj(h-I) (3.47b)
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and,
040) = a, , pi(0) = bj

fori=1,2, ..,naj =12, .. ,nb-l

Thus,the last term in (3.43) may be rewritten as:

shom(n+h) * sM(n>= ST-$(n) (3.48)
where,
=[xl a2 .. etna p2 -  Pnb-ll
$(n) = tsjr(n) sjyf(n-) .. SfA(n-na+l) u(n-I) .. u(n-nb+l)]

Using (3.48) in (3.43) gives

S(n+h) = (l-ah).[c(n)-sp(n)] - <T.$(n) (3.49)

Hence, the PFC regulator becomes

u(n) = ko[c(n)-sp(n)] - YT .<e(n) (3.50)

where,
ko- "Ey «0-*h)

* " s0(h) ' ®

The regulator of (3.50) uses an independent model, i.e. <g(n) is in terms of past models
outputs, not the measured process outputs. A ‘realigned’ regulator may be obtained by using
the past measured process outputs, i.e.

$(n) = [sp(n) sp(n-1) .. sp(n-na+l) u(n-1) u(n-2) .. u(n-nb+l)]

(3.51)

333 Stability and Robustness Issues

The stability of the algorithm may be examined by looking at how the error c(n) - sp(n)

progresses as n»°=,

Consider the regulator equation of (3.50). This may be rewritten as:
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So(h).u(n) = k.e(n) - &.y(ri) (3.52)
where, k = s0(h).kQ
e(n) = error, i.e. c(n)-sp(n)
as before
This may be rewritten in polynomial form:
So.u(n) = k.e(n) - ~z'.sAn) - i](rl).uii-l) (3.53)

Multiply by B(z'l), and using the DARMA model (eq. 3.45)

= SO.[I-A(z-)].sM(n) = k.B(z-1).e(n) - tfz-1).B(r).SM(n) - T|(z-1).[I-A(z-1)].sM(n-I)
(3.54)

When disturbances are present or process model mismatch exists, sp(n) * sjyj(n), an error
teim must be included as in (3.28), i.e.

sp(n) = sM(n) + e(n) (3.55)

Hence, (3.54) may be rewritten using (3.55). The Z™ dependence terms have been
neglected for ease of writing:

sO.(I-A).[sp(n)-e(n)] = k.B.e(n) - y.B.[sp(n)-e(n)] - r|.(I-A).[sp(n-D)-e(n-1]

(3.56)
The progression of e(n) as n-** is desired, so the following relationship:
sp(n) = c(n) - e(n) (3.57)
is substituted into (3.56) to give
Q(z-1).e(n) = R(z-1).[c(n)-e(n)] (3.58)
where,
RZ'1) = sO.[I-A@ )] + y@').BZ1) + z'Lrj(z'l).[I-A(z"D)]
Q(z') = R(z'l) + k.B(z)

and R(z'l), Q(z'l) are both of degree na+nb.
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It may be shown[121] that

na na nb nh-1 na
sO.[I - laj] + lccj.lbj. + 1 Pi.[l - Zai] =0 (3.59)
i=0 i=0i=0 i=0 i=0

Thus, if c¢(n) is a constant setpoint, then

R(z'l).c(n) = 0 (3.60)
Similarly, if the error e(n) is also constant, then

R(z-i).e(n) = 0 (3.61)
In this case,

Q(z"l).e(n) = 0 (3.62)

Assuming that Q(z"I) is stable (i.e. all roots inside the unit circle, which is achieved by

proper selection of the coincidence points) and that e(0) is bounded, then

Ne(n)=0 (3.63)

Hence, zero offset regulation will be obtained for setpoint control using one base function
(a step), even considering step disturbances applied to the process. In this instance there is
no need for a self-compensator.

If e(n) is a ramp it may be shown[121] that R(z"l).e(n) is a constant value, and hence that
’IH;[e(n) = constant (3.63a)

Similarly, only using one base function for a ramp ‘setpoint’ may be shown to produce an
offset (i.e. constant lag error). If the degree of the base functions is chosen equal to that
of the setpoint polynomial (assuming a non-integrative plant) then the corresponding
R(z_1).c(n) may be shown to equal zero in an analagous fashion to the above case. Thus,
zero lag error tracking will be achieved.

In this case, the regulator algorithm of (3.50) is modified by an additional term to account
for the future setpoint, as shown in section 3.3.4 below. The stability analysis is performed
as before leading to a modified (3.58):

Q(z~I).e(n) = SN).c(n) - R(z-1).e(n) (3.64)
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where Q(z_1) and R(z_1) are as before. S(z_ 1) is also as previously derived but with an
additional term representing the future setpoint deviatioa ~ As stated above, it may be
shown[121] that S(z'l)c(n)->0 producing zero lag error.

The effect of a disturbance or process\model mismatch may also be examined from (3.64).
If e(n) is constant then R(z‘l).e(n)-jO as before. Hence no self-compensator is required.
Otherwise the term R(z_l1).e(n)*0 and offset lag will be produced. In general, the trajectory
of R(z_1).e(n) will be of degree one less than the degree of polynomial e(n)[121], A
self-compensator is required therefore whenever non-step disturbances are expected.

33.4 General PFC Regulator with ARMAX Model
The command trajectory is developed as a polynomial of degree nc:

nc
c(n+i) = Xcj(n).ij (3.65)
j=0

The future MV is structured as a linear combination of nb base functions:

nb
u(n+i) = E nj(n).uBj(i) (3.66)

i=1

The control objective is to minimise a quadratic distance between the predicted process

output and the reference trajectory at each of the coincidence points (hj):

nb
C =1 [8p(n+hj) - sR(n+hj)]2 (3.67)
=

The future process output may be written as:

3p(n+i) = sjM(n+i) + g(n+i) (3.68)
The model output consists of a homogenous and a forced part:

sM(n+i) = shom(n+i) + sforced(n+i) (3.69)

nb
sforced(n+i) =1 Mn).sb;(i) (3.70)
j=!
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where shj are precomputed model outputs due to applied u?j
(3.70) is based on a linear system model.

A first-order reference trajectory as in (3.30) is assumed:
c(n+i) - SR(n+i) = a*.[c(n)-sp(n)]
Rearranging and evaluating at hj
sR(n+hj) - sp(n) = (I-ahj).[c(n)-sp(n)] + c(n+hj) - c(n)
Using (3.68), (3.69), and (3.70) in (3.67) gives:

nh nb
C=E [ Enk(n).sbk(hj) - 6(n+hj)]2
i=l k=l

where,
5(n+hj) = SR(n+hj) - Shom(n+hj) - e(n+hp

Minimising criterion C using least squares w.r.t. the unknown (%:

nh nh
Jin) = [ E*b(hj).ib(hj)T]-1.[ E 6(n+hj).*b(hj)]
=l =l
where,
J(mT = [m(n) () .. MnQi]
Sb(hj))T = [sh,i(hj) s52(hj) .. sbn5(hj)]

base functions.

(3.71)

(3.72)

(3.73)

(3.74)

Equation

The last term in (3.74) may be written as sg.§(n), where ~ is a nb i nh matrix and

5(n)T = [SA+hi) 5(n+h2) .. 5A+14)]

Hence,
U(n) = M.ftn)

where M is derived from (3.74).

65

(3.75)



Now, the applied control is

u(n) =_TTHj(n)-Ubj(0) = u(n)T-]1B(0) (3.76)
j=
Using (3.75):
u(n) = [M.S(n)]T.UB(0) (3.77)
=* u(n) = [MT.uB(0)]T.5(n) = yT.£(n) (3.78)

Now consider the elements of 5(n):

5(n+hj) = sr(n+nj) - ShomOi+hj) - e(n+hj) (3.79)

The predicted error is obtained by filtering a finite window of observed past errors (i.e.
sp(n-i)-sjvj(n-i)) and extrapolating into the futuie[l121], i.e.

ne
g(n+i) = sp(n) - s™(n) + £ f;(n).ij (3.80)
j=I

where, ne = degree of extrapolator

fi = extrapolator parameters derived as in [121]

Using a DARMA model

shom(n+hj) - sM(n>= ST-"n) (3.81)

where £)T and $(n) are as defined for (3.48).

Thus, using (3.72), (3.80) and (3.81) in (3.79):

8(n+hj) = (1-anj)[c(n)-sp(n)] + c(n+hj) - c(n) - £T.$(n) -

ne
Zfi(n).ij (3.82)
1=1
Expanding c(n+hj) as a polynomial:
c(n+hj) = c(n) + q(n).hj + .. + OXQn).hjnc (3.83)
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FIG. 3.2: Open Loop Step Response - Second Order Plant

Tuiie, n<Ts

FIG. 3.3(a): Setpoint Tracking

Time, n*Ts
FIG. 3.3(b): Control Input
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Defining the following scalars:

kO = xT. I-&hJ kj = xT. hl with i=1,2,...,raax(nc,ne)

and the vector:

allows the linear PFC regulator with ARMAX internal model and self-compensator to be

written as:
max(nc,ne)
u(n) = kO0.[c(n)-sP(n>] + I kj.[cj(n)-fj(n)]
T. 3>(n)
=l
(3.84)
As previously explained, two possibilities exist: independent or realigned model. If an

independent model is used it may be shown[] that no static error is obtained but that the
poles of the model are cancelled. This effects the robustness of control of unstable
processes.  Continuously realigning the model on the process will generally induce a static
error[121] but unstable plants may be stabilised. The static errors are easily removed by

the use of self-compensator.

33.5 Simulation Results

The performance of the algorithm was tested by simulations on academic examples. A
regulator to control the following underdamped second-order deterministic model was first

designed:

(1 - 1.837541.ZT1 + 0.860708.zr2).y(t) = (0.01899718 + 0.0181i’1).u(t-1)

The open-loop step response of this plant is shown in fig. 3.2. Using design parameters of
h=0.7 sec. and TR=0.8 sec., a regulator was design for setpoint control giving the control

law parameters (sample time = 0.1 sec.):

ko = 1.825238 *£ = [5.514125 -6.220309 0.130808]

A plot of the controlled output is shown in fig. 3.3(a). The setpoint is set to unity
initially and then increased to two at t=10 sec. (100 samples). Fig. 3.3(b) shows the

68



Ting itlTs

FIG. 3.3(c): Control Output Error

Ti (i, til P

FIG. 3.4(a): Response to Step Disturbances

Tme, nHs

FIG. 3.4(b): Control Input
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Tine, itHi

FIG. 3.4(c): Observed Output Error

Time. n*T-;

FIG. 3.4(d): Output Disturbance

FIG. 3.5(a): Response to Ramp Disturbance
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FIG. 3.5(b): Control Input

FIG. 3.5(c): Observed Output Error

FIG. 3.5(d): Output Disturbance
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FIG. 3.6(a): Trajectory Tracking

Tuitc. ri<Ts

FIG. 3.6(b): Control Input

Tme, MTs

FIG. 3.7(a): Response to Step Disturbances
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Tine. n*Ts

FIG. 3.7(b): Control Input

lime. n*r?

FIG. 3.8(a): Response to Ramp Disturbances

Time, n*Ts

FIG. 3.8(b): Control Input
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Sampling Periods

FIG. 3.9: Open Loop Step Response - Nonminimum Phase Process

lime. nfTi

FIG. 3.10(a): Response to Setpoint Change

Time, n*Ts

FIG. 3.10(b): Control Input
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control input, and 3.3(c) demonstrates the zero-offset performance by plotting the error with
time.

The effect of step disturbances directly added to the output were investigated. In practice
the disturbance would typically be filtered first. The control results are presented in fig.
3.4(a)-(d) analagous to above. Fig. 3.4(d) illustrates the applied disturbance.  Excellent
tracking and disturbance compensation may be observed (the setpoint is set at unity in these
plots).

The response to ramp disturbances is demonstrated in fig. 3.5(a)-(d). As described in
section 3.3.3 an offset may be observed on the output A self-compensator is required to
eliminate this.

A trajectory tracking regulator was also designed for the above second-order plant to follow
command trajectories up to first order. This requires the specification of ramp and step

base functions. The following design parameters were chosen:

Step: h
Ramp:

0.7 sec. TR
0.8 sec. TR

0.9 sec.

=
11

1.0 sec.

The command trajectory is described by a polynomial; 1.0 + O.It The control parameters
are thus:

ko = 2.586669 Kl = 14.127448
= [8.641894 -9.3897 0.197458]

Again no self-compensator is employed. The offset free trajectory tracking is shown by fig.
3.6(a). A plot of the control input is given in 3.6(b). The response to step disturbances
is shown in fig. 3.7(a). Zero-lag error results as expected. There is an offset when ramp
disturbances are applied to the plant output This is demonstrated in fig. 3.8(a).

Finally, control of a nonminimum phase process was investigated. The plant model used is:

(1 - 1.1212016.z"1 + 0.22313019.r2).y(t) = (-0.2348813 + 0.26036357.A1).u(t-)

with it’s step response given in fig. 3.9. A setpoint regulator was designed for this plant

using h=1.0 sec. and TR=1.5 sec. The control parameters are:

ko = 9.454699 = [-7.376108 -0.920565 1.074178]
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Time., n*TfH>

FIG. 3.11(a): Response to Step Disturbances

Time, irfli

FIG. 3.11(b): Control Input

Tiiic n*Ts

FIG. 3.12(a): Response to Ramp Disturbances
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lime, n*Ts

FIG. 3.12(b): Control Input
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The response to a setpoint change is indicated in fig. 3.10(a)-(b). Perfect tracking is
obtained. Step and ramp disturbances were added to produce the results if fig. 3.11(a)-(b)
and fig. 3.12(a)-(b) respectively.  Zero-offset regulation is obtained for step disturbances
with the ramp producing an output offset as expected. The algorithm can achieve

zero-offset regulation despite the nonminimum phase nature of the process.

3.4 ADAPTIVE PFC

An adaptive PFC (APFC) controller may be derived by adding arecursive parameter
estimation layerto the feedback structure. This is achieved through the certainty
equivalence principled,5] which allows any control law to be matched with the parameter
estimator.  Certainty equivalence ignores the stochastic nature of the current estimates and
assumes that they are correct. The control law is designed under this assumption for the
corresponding deterministic model.

It is important that both the control law and the estimation method are robust to produce a
robust adaptive controller. It was seen in  section 3.3that PFC is avery robust control
technique.  Several different estimation techniques exist[130]. It has been shown[130] that

three methods best suited to adaptive control are:

° recursive least squares (RLS)

° recursive extended least squares (RELS)

° recursive maximum likelihood (RML)
RLS is the method most commonly used in adaptive control in the literature. It is a
robust estimation technique requiring few online calculations at each iteration. APFC s
designed using RLS as the outer adaptive layer.
3.4.1 Recursive Least Squares

Let the process be represented by an ARMAX model of the form

tI-A(z-1)].SP(2)

B(z').U(z) + E(2) (3.85)

where, A(z')) = ajz'l + &Z'™ + - + anaz’na
B(z') bjz*l + 8222 + .. + b M 'F

and Sp(z), U(z), and E(z) are the process output, input, and uncorrelated stochastic noise
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(including the effects of disturbances) respectively. This may be rewritten as

sP(n) = ©T.T(n) + e(n) (3.86)
where, OT =[ax a2 .. ana ~ b2 .. b~
'F(n) = [sp(n-1) sp(n-2) .. sp(n-na) u(n-1) u(n-2) ..u(n-nb)]

At each instant ‘n’it is required to estimate the parameter vector (0(n)) based on the
measured or known data vector 'F(n).

Using the estimated parameter vector, a prediction error between the measuredoutput and
the predicted output may be calculated:

e(n) = sp(n) - 'FT(n).©(n-I) (3.87)

If e(n) is small then 0(n), the new estimates, should not be modified much and vice-versa.

A weighting or gain factor k(n) is used to control the parameter updatingf]:
©(n) = 0(n-1) + k(n).e(n) (3.88)
The choiceof k(n), also called the Kalman gain, is quite critical for performance. Large
k(n)  valuesgives fast convergence but large perturbations while small values improve noise
rejection  but reduce the rate of convergence[130]. In practice, k(n)is chosen as a time
varing gain in terms of the estimation error covariance matrix (i.e. P(n))[130]:
k(n) = PW.'Ffa) (3.89)

The elements of the covariance matrix are minimised by choosing

P(n-1) .'P(n)
k(n) = (3.90)
X + fT(n).P(n-1)."P(n)

and the covariance matrix is updated by

P(n) = [P(n-1) - k(n).AT(n).P(n-N]A (3.91)

where X is an exponential forgetting factor such that new data is relatively important and
its importance declines exponentially.

Equations (3.87), (3.88), (3.90), and (3.91) comprise the RLS estimator implemented as part
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of the APFC stategy. Initial estimates of ©(0) and P(0) are required to start the algorithm.
If the confidence in 0(0) is low then P(0) should be chosen as pi (where | = identity
matrix and p = a large number). Large elements of P(0) imply little confidence in 0(0)
and result in faster convergence. The forgetting factor A is wusually chosen so that
0.95<A<1. This choice will be discussed below.

The full RLS algorithm is:

(1) Initialise (@n=0): ¥(0), 0(0), P(0). Setn = 1

(2) k(n) = P(n-1).T(N)/[X + 4/r(n).P(n-1).\F(n)]
(3) e(n) = Sp(n) -i'T(n)i©(n_1)

4) 0(n) = 0(n-N+ k(n).e(n)

5) P(n) = [P(n-1)- k(n).'FT(n).P(n-N]JA

3.42 RLS Extensions

The inclusion of the forgetting factor allows time-varing parameters to be tracked. It does
this by ensuring that the error covariance matrix, P(n), does not become too small. This
however may also lead to problems of "estimator windup" and "bursting". These problems

and some suggested solutions are given substantial treatment in the literature[4,5,75,120].

Both of these problems essentially stem from a lack of persistent excitation[120].  This
situation can arise under conditions of good control or when the level of process excitation
is low. For example, if the major source of excitation is from setpoint changes then there
may be long periods with no excitation at all. In such circumstances, P(n-DT(n) -* 0 and
so P(n) » P(n-1)A~ As X<1, the covariance matrix increases at each iteration (estimator
windup). Since P(n) is used to calculate the Kalman gain, k(n) may contain large values
causing extreme sensitivity such that small changes in process conditions will cause large

jumps in the estimated parameters (i.e. blow-up or bursting phenomenon).

Some solutions to this problem have been proposed[75].Most solutions are either based on
negating the effects of forgetting old data or else the lack of persistent excitation. One
attempt is to monitor the system excitation and to add an additional input (eg. PRBS) when
appropriate.  This is in the spirit of dual control, although it is sometimes undesirable to
add perturbations to the input  Alternatively, the trace of the P matrixmay be used to
determine if it should be reset to some value. A more common method is to use a
variable forgetting factor. X is adjusted automatically as a function of the prediction error:
A is small when e(n) is large and vice versa.  Another solution is to switch off the

estimation routine when the estimates are close to their true levels. This may be judged
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from the prediction error (eq. 3.87), which causes the estimation to stop if it is less than
some pre-specified level.

It is proposed to use a variable forgetting factor with the APFC technique. The method
used here was presented in [143]. X(n) should be low at start-up for quick initial tuning
and should reach some final value. Therefore define:
XCn) = aAi(n-1) + (I-a)Ai(~) (3.92)
where, a = rate of change of X
XMNoe) = 1 (to avoid bursting)
?4(0) < >4(°0)
To be able to track time-varing parameters, define
~2(n) = 1 - e(n)2/(l1+e(n)2) (3.93)

and use the following forgetting factor

X(n) = ~(nU 2(n) (3.94)

3.43 APFC Algorithm

Ateach sampling instant, RLS re-estimates the parameters of the ARMAX model
representing the process. These new model parameters are then used to update the PFC
control law. Refering to the regulator equation of (3.84), this requires recalculation of the
matrix y and the scalars kj, i=0,l,...jnax(ncjie). In effect, this means recalculating the new
base function outputs at the coincidence points andthe cq’s and ft's from the recurrence
relations given in (3.47a) and (3.47b).

For ease of presentation, the = APFC algorithm will be described in terms of the setpoint
controller derived in section3.3.2. Extension to the general case of section 3.3.4 s

straightforward.

The PFC regulator (eq.3.50) is restated as:

u(n) = kQLe(n)-sp(m] - xT .<p(n)
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Time, nils

FIG. 3.13: PRBS Input

FIG. 3.14(a): Parameter Estimates - aj, a2

FIG. 3.14(b): Parameter Estimates - bQ, bj
82



Time, nils

FIG. 3.15: APFC Control Results - Second Order Plant
Tiiiie, n*Ts
FIG. 3.16(a): Parameter Estimates - aj, a2

FIG. 3.16(b): Parameter Estimates - bQ, bj
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FIG. 3.17: APFC Results with White Noise Additive to Plant Output

Tine, n*Is

FIG. 3.18(a): Parameter Estimates - aj, a2

FIG. 3.18(b): Parameter Estimates - bQ, bj



FIG. 3.19: APFC Control Results - Nonminimum Phase Process

Time., n*Ts

FIG. 3.20(a): Parameter Estimates - aj, bQ
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where, ko = [I/sO(h)].(I-ah)
YT = [I/s0(h)].Q
£ =[arl a2 .. Ona .. Pnb_i]

The APFC algorithm may be stated as:
(1) Initialise estimator, A(0), 0(0), P(0)
(2) Calculate sO(h) using models (3.45) and base function input
(3) Detennine oq’s, (ij’s using (3.47a), (3.47b)
(4) Calculate y
(5) Compute the control input and apply
(6) Measure new process output
(7) Recalculate 0 by RLS
(8 n = n+l, goto (2)

3.4.4 APFC Simulation Results

Some simulation results are presented here to demonstrate the performance of the APFC
controller. A specific application of APFC to pressure and temperature control in extrusion
processes is examined in chapter 4.

All of the following tests were performed on the academic second-order underdamped plant
used in section 3.3.5.

The proper operation of the RLS scheme is first demonstrated. The process was subjected
to a PRBS input of amplitude of +10, as shown in fig. 3.13. After t=5 sec. a simulated
parameter change was made to demonstrate the fast reconvergence of the estimates.
Parameter ‘a2’ was changed from 0.860708 to 1.10. Plots of the estimated parameters
using RLS are in fig. 3.14. The algorithmwas started with ©(0)=0 and P(0)=pl with
p=104. The variable forgetting factor was initialised with X(0)=0.95 and a=0.9. It can be
seen that the RLS estimation scheme operates correctly.

Control of the above plant with APFC was investigated. Setpoint control of the output at
a level of 10 was attempted with the RLS scheme initialised as above except for bg, one
of the estimated plant parameters. This was set to 1.0 to avoid division by zero. In a
practical example a more suitable value would be used. The PFC controller parameters
used were the same as employed in section 3.3.5 for this plant The performance of APFC
is given in fig. 3.15 with the estimated parameters in fig. 3.16. Fig. 3.17 shows the
regulation of the output when white noise is added to the output ofthe process. The

estimated parameters during control are shown in fig. 3.18. Again it may be observed that
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the APFC algorithm gives excellent results.

APFC was also applied to the nonminimum phase (NMP) process considered in section
3.3.5. Fig. 3.19 shows the regulation of the plant output at a level of 10 with the RLS
scheme initialised as above. The estimated parameters are shown in fig. 3.20. It may be
deduced that APFC can control NMP processes quite easily unlike some adaptive regulators

which tend to go unstable in such circumstances.

3.5 CONCLUSIONS

The use of LRPC as the basis of a learning based predictive controller designed within the
intelligent control framework was proposed. The major LRPC strategies were reviewed and
compared.  Predictive Functional Control (PFC) was selected for several reasons. It is

capable of offset free tracking control, an equivalent linear regulator may be easily derived
and it requires few online calculations. The design procedure is also CAD compatible and

the tuning parameters are easily related to effects on the closed-loop time response.

To complete the LBPC design criteria an adaptive version of the PFC  algorithmwas
derived.  This was achieved with use of the certainty equivalence principle by adding a
RLS adaptive mechanism around the PFC feedback loop. To facilitate the addition of the
adaptive layer PFC was reformulated in terms of an ARMAX model of the plant The
stability and robustness of this new regulator was examined and the need for a
self-compensator when the error output perturbation is a ramp or some function of higher
degree. A variable forgetting factor was employed in the RLS scheme to counterthe
causes of estimator windup and the bursting phenomenon.

Simulation performance of the adaptive PFC algorithm was tested on some simple academic
plants. It was noted that excellent performance was obtained with zero offset control
achieved. It was shown that the 1/O model form of PFC could quite easily handle
processes with long deadtime and also NMP plants. With APFC, model parameter estimates
converged to their true values and it was shown that the algorithm could adaptively control
NMP plants. This compares very favourably with classical adaptive controllers which have
great difficulty trying to regulate such processes.

Although not considered here, an area deserving of more attention is the theoretical analysis
of adaptive predictive controllers. Stability and robustness issues should be investigated and
compared to results derived in classical adaptive control. It should however be recognised
that the theoretical study of adaptive control and predictive control are both areas still in
their infancy.
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CHAPTER 4

LBPC APPLIED TO EXTRUDER CONTROL

4.1 INTRODUCTION

The demand for polymeric materials is increasing at an alarming rate. As plastics find
more and varied uses quality specifications are becoming more stringent.  The cost of
plastics raw material (oil-based) grows steadily focussing attention on the expensive
‘out-of-spec’ waste product.  There is obvious motivation therefore to improve polymer
processing operations to allow the production of higher specification products and to reduce
waste.  This can be achieved by better design of production plants and also by the
application of modem control techniques both to new plant designs and also to existing
older systems.

Plasticating extruders are one of the main items of equipment used by the polymer
processing industries. Extrusion processes are highly complex non-linear distributed
parameter systems[144] presenting many problems for high performance control[145].
Currently most industrial extruders use standard analog Pl controllers to regulate barrel wall
temperatures and melt pressure[145,146]. The development of dynamic models has proved
extremely difficult with most control models derived empirically, i.e. by step or stochastic
identification techniques. As the process is non-linear and distributed in nature these linear
empirical models are restricted within a small range of operating conditions. Their
successful application as part of a control scheme for stable performance over a range of
operating conditions requires some form of automatic online adjustments of the controller
parameters (i.e. a learning mechanism which may be implemented as ‘simple’ adaptive
control).  Extruder operation will also benefit from the application of hierarchical techniques
for systematic control of the full plant. The extruder system is composed of three dynamic
sections, shown in fig. 4.1, normally investigated separately for control purposes.

Hierarchical schemes have been presented[147,148], giving improved control results.

The extrusion process has many of the elements discussed in chapter 1 identifying it as a
suitable application area for intelligent control. The use of LBPC for low-level control
should give good performance and the utilisation of a hierarchical scheme, perhaps with an
expert system supervisor would seem appropriate.  The expert system could supervise the
operation of the major control loop (i.e. melt characteristics at the die) and also the barrel
wall temperature profile control scheme (see chapter 6). It also provides the opportunity to
improve the operator interface and to include additional safety nets and expert fault
detection systems.
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FIG. 4.1: Three Dynamic Stages of an Extrusion Process

Porticulat™

Hopptr f«ed

FIG. 4.2: A Single Screw Plasticating Extruder
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FIG. 4.3: Three Sections of a Metering Screw
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This chapter reviews attempts at modelling and control of extrusion processes. A particular
extruder example is chosen and simulated. APFC regulators are designed for these models
and their operation simulated. The control results are compared to other results presented
for the same extruder using different regulator types.

4.2 EXTRUSION PROCESS

A detailed description of the underlying mechanisms of the extrusion system aredescribed
below. Consideration is given to the cause and effect of disturbances so thata realistic
simulation may be achieved. A survey of modelling and control of extruders is also
presented.

42.1 Extruder Description

A diagram of a typical single-screw plasticating extruder is shown in fig. 4.2. The
feedstock enters the extruder in a solid pellet or powder form via the hopper. The screw
rotates in a heated cylindrical barrel with a die at the outlet end. The die is shaped to
produce a polymer of desired form. The screw transports the polymer feed to the die with

the feed undergoing several changes along its journey. As a consequence of shearing and
heat transfer though the barrel the feed is gradually melted and pressurised as it travels
downchannel. The material path follows a complex three-dimensional helical path with the

screw helix. Ideally the screw should deliver melt to the die at accurately controlled
temperature (T<j) and pressure (Pj) to produce a desired output flow rate of high quality
product.

Three functional zones may be distinguished[144]:

(1) Solids Conveying:
This zone extends from the hopper to the point at which melting first starts. The
length of the zone varies as a function of the operating characteristics.

(2) Melting:
Both melt and solid coexists in this section with the solid bed profile (SBP) gradually
decreasing in size as one progresses downchannel towards the screw. This zone ends
when the SBP is reduced to zero.

(3) Melt Conveying:
This zone is that length of channel which consists entirely of polymer melt and

extends from the end of the melting section to the die.
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Analysis and mechanistic modelling of extruders is generally performed by considering each
of the above sections individually and deriving appropriate models of temperature, pressure
and flowrate within each.

A common type of screw is the metering screw which has three geometrical
sections[144,149] as shown in fig. 4.3. These are functions of the screw geometry and do
not vary with operating conditions, unlike the functional zones above whose lengths may
change. The three geometric sections are:

(1) F£sd:
A section with a relatively deep constant channel depth.

(2) Compression:
The part of the barrel where the channel depth decreases linearly with downchannel
distance.

(3) Metering:

The shallow constant channel depth section just prior to the screw.

The physical mechanisms taking place in the extruder are governed by the differential
equations for conservation of energy, momentum and mass, as well as the equations of state
and the constitutive properties of the polymer[144,149]. These equations are non-linear and
distributed in nature making their solution quite difficult, especially as part of an online
control strategy. The oft quoted mechanistic model of [150] deals with the two principal
mechanisms of melting and melt conveying. The SBP, melt temperature and pressure may
be calculated along the channel length using this model. A static model of solid conveying
is given in [144],

The two principal mechanisms consist of several dynamic transport processes[150]. Heat
and momentum transport in the thin melt film between the barrel and the solid bed are one
mechanism. These determine the rate of melting at every point along the channel.
Diffusional heat and momentum transport must also be considered within the melt channel.
The other mechanism is melt and solid convection in the downchannel direction. A

differential mass balance on the solid bed may be used to calculate the instantaneous SBP:

3(HX) 9(HX)
Ps-Vsz--"— P . dz
net rate of rate of rate of mass
mass flow melt ing accumulation

where ps is the bulk density of the solid bed, X(zt) is the solid bed width (SBP) at
position z and time t, Vsz(t) is the downchannel velocity of solid bed, and H(z) is the
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channel depth. The term <p(z,t).xE expresses the rate of melting per unit downchannel
length.

The melt temperature profile is determined from a differential energy balance on the melt
pool:

pm.Cm. A [H(W-X).(T-Tr)] + Cm.

Om.<p. Xi.(Tf-Tr) + Qt
accumulation of [net convection of heat
heat in melt lin direction of flow
rheat convection] net heat heat generated
Ifrom melt film | transfer by viscous
through walls di ssipation
where pm is the melt density, is the melt specific heat, W is channel width, and Tr

and Tf are the reference and film temperatures respectively. “m is the mass flow rate of
the melt

The pressure profile and flow rate readjust instantaneously to the prevailing conditions.
Pressure is a function of SBP, temperature, output flow rate (G), screw speed, and physical
properties of the polymer (eg. viscosity). Flow rate is dependent on the melt temperature
and pressure, die characteristics and extruder characteristics (eg. channel depth). The rate of
melting variable (<) incorporates operating conditions and physical properties such as barrel
wall temperature profile, flow rate, screw speed, viscosity, thermal conductivity, heat of
fusion, etc.

From these equations it is obvious that the extrusion process is very complex and difficult
to model with partial differential equations to solve and many interactions between the
process variables. However, computer simulations based on these models have been
presented[ 144,150,151].

422 Disturbances

The primary goal of extruder control is to maintain high quality product at high throughput
rates.  The product quality may be determined by several measurable quantities[144,145].
Extruder plants are designed to produce extrudate of a certain quality when operating in
steady state. This is usually specified interms of the melt temperature and pressure at the
die and the throughput rate.lt transpires that high quality and high throughput can be

conflicting requirements. Hence, further motivation for good control methods exists to
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balance these objectives and achieve optimum performance.

The causes of poor product quality are fluctuations in the steady state operation of the
extrusion line. These have been studied in some detail[144,146]. The fluctuations may be
divided into four categories according to their frequency:

High Frequency

The highest frequency fluctuations are those that occur at the same frequency as the screw
rotations.  There are several causes for these disturbances[144]. One cause is periodic
changes in the feed rate due to the passage of the flight at the hopper opening. This type
of disturbance is rare however and usually only occurs at low back pressure operation.
Other reasons include inadequate screw compression ratio or an excessively cooled screw.
Disturbances of their nature can usually be eliminated by increasing the back pressure
(through the back pressure valve) or increasing the screw temperature. This may be done
external to any process control scheme. Another major source of fluctuations at this
frequency is due to improper instrumentatioa  For example, if the pressure transducer is
placed close to the tip of the screw it will register fluctuations caused by the passing of
the screw flights. This is not an instability of the extrusion process and has no effect on
product quality. It can however, cause severe control problems from the use of these

measurements.

Intermediate..Frequency

Disturbances in the intermediate frequency range (1-15 cycles/minute) are the main cause of
poor product quality[144]. The main sources of these problems are periodic breaking up of
the solid bed in the melting region or occasional starve feeding in the solid conveying
section. At a certain point in the melting zone the solid bed formed by the unmelted
polymer pellets starts to disintegrate. Thus blocks of solid polymer float down the channel
and melt slowly by conduction. This causes a variation in the length of the melting region
and creates a surging effect in the extruder[144], It has been found that the point at
which the solid bed starts to break up is usually constant in the extruder for most
polymers. It is thus a non-stationarity in the melting process having a fairly consistent
value independent of the operating conditions. A method to counteract these disturbances
was proposed which involved cooling the screw. This stabilises the bed by creating a solid
layer on the screw with excellent results reported. However, screw cooling reduces
throughput[152]. The best method to counteract these fluctuations is thus with improved
control methods.

Low Frequency
Disturbances in the range less than 1 cycle/minute are classified as low frequency[144].

The reasons for these fluctuations are usually external to the extruder. Some of the causes
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include cycling in the heater power controllers, plant voltage variations, water pressure
fluctuations, and variations in feed polymer quality. The only effective method of negating
these effects is by feedback control.

Random Fluctuations
Besides the cyclic surging problems discussed above, totally random variations also exist
These can be caused by poor feed section design[144] or random measurement noise on the

process instrumentation, among others.

There is a very high degree of interaction among the three primary variables (i.e. pressure,
temperature and flowrate) and the above disturbances may be observed on each. The
objective of any control strategy would be to minimise the deviation of these variables from
their steady state operating levels.

423 Modelling and Control Survey

As plasticating extrusion is basically a steady state process, early theoretical models
developed were steady state in nature[144]. These models are usually used for the design
of extruders and prediction of the extruder performance according to a given set of
operating conditions and material properties. It is not possible to use them to predict the
transient behaviour of the process when the operating conditions are changed. The design
of an automatic controller for the process however requires a good dynamic model of this
behaviour.

Dynamic behaviour modelling has been attempted from a mechanistic, or first principles,
approach. The model most often referred to of this type[150] is described in section 4.2.1.
This is based on the assumption that all transport processes taking place in the extruder are
fast compared to the bulk flow of the solid bed. Partial differential equations are then set
up to solve for the rates of heat mass, and momentum transport.  Another model[153] is
based on the idealized melting mechanism[144] and assumes that the extruder may be
represented by a series of repeating units each consisting of a well-mixed section and a
plug-flowsection (corresponding to the melt and solid bed respectively). Ordinary
differential equations (O.D.E) may be set up for each repeating unit and solved. A similar
O.D.E. model[151] was based on the model of [150]. It proposed simplifying changes in
the form of linearizations of some of the partial derivatives. These mechanistics models are
too complex and computationally expensive, besides requiring detailed knowledge such as
viscosities, heats of fusion, multiple measurements, etc, to be used as part of an online
model-based control scheme. Experimental or empirical models would seem to have more

utility from a control viewpoint
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Early experimental models were based on classical methods, i.e. step and impulse response
measurements.  Transfer function models are then matched to the observed responses. A
second-order Laplace transfer function model was derived in this way relating flowrate to
changesin screw speed and feeding material[154]. Following this approach, more
sophisticated dynamic models were developed which could account for both short-term and
long-term responses to various forcing functions[155]. First order models relating die
pressure and temperature to screw motor power changes were developed[156]. More
recently, it has been proposed[157-159] that all transient responses in the extruder may be
modelled by one or a combination of simple Laplace transfer functions. The proposed set
include first order, second order, and lead-lag equations. Again both short-term and
long-term models were presented to represent the dynamic responses of die and barrel
temperatures and pressures to step changes in screw speed and polymer feed.  Attempts
were made to relate each of the models to a particular phenomenon occuring in the

extruder to give more physical meaning to the model[157].

Serious defects exist with the classical modelling approach applied to an extrusion system.
Simple step or impulse response tests are not sufficient for modelling complex non-linear
systems such as extruders. High frequency disturbances are in effect neglected. A more
practical approach is that of time series modelling with stochastic or noise terms included.
Typically a fixed-order ARMAX model (as in eq. 3.8) or similar is selected and the
parameters of the model are estimated from experimental data. The MV is perturbed by a
low amplitude PRBS and some statistical technique used toestimate the parameters.

Various stochastic identification techniques for modelling melt temperature dynamics have
been compared[160]. Time series models for die melt temperature and pressure were
presented for screw speed inputs[160,161]. These however were analysed[146] and found to
be inadequate from the point of view of process knoweldge. It was suggested that the
experimental data sequences used in their developmentwere too short[146]. Time series
modelswereused as part of a hierarchical scheme[147], also models relating melt
temperature and pressure to motor power have been developed[156], and a multivariable
model for temperature and pressure to screw speed and back-pressure valve inputs has been
presented[162]. Unfortunately, time series modelling is highly application specific with

developed models only applicable to the extruder for which they were derived.

Many different control strategies have been applied using the above types of models and
some comparisons of their  performances made. As previously mentioned most control
schemes used on extruders are PID-based or extensions of PID[145,146]. A
reference-cascade control scheme determining automatic adjustments of screw speed, valve
position, and barrel wall temperature setpoints to PID regulators was also proposed[147].
Most are SISO techniques with either melt pressure or temperature at the die controlled by

manipulation of screw speed or sometimes by back-pressure valve position[145].
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Due to the complex nonlinear nature of the process it is expected that the controller would
need to be retuned when process conditions change. The use of adaptive control schemes
has thus received some attention. A self-tuning regulator (STR) was used to control die
pressure by manipulating screw speed[156]. A Pl controller was also used and both
systems where found to give comparable results. This was due to the poor positioning of
the pressure sensor such that the flight noise level was exceptionally high  The result was
that the STR compensated for the flight noise and diminished its performance.  Three
controllers were tested and compared for both melt temperature and pressure at the die by
screw speed manipulation162,163]. A minimum variance STR, state-space STR, and Pl
algrorithm were compared. It was found that the STRs maintaining pressure achieved the
best results for least effort. ~ Some multivariable controllers have also been investigated.
One strategy uses Dahlin algorithms (with variable deadtime), feedforward control and a
dynamic decoupler[148].  Temperature, pressure and extrudate thickness are maintained via
screw speed, die heater input, and take-up rate. A MIMO model was employed in the
design of two multivariable STRs which accounted for process interactions rather than using
decoupling[162]. A STR which minimises a Gaussian quadratic performance index and one
based on state feedback pole placement were designed and compared for extruder control.
It was found that the latter type was less useful as it required considerably more
computations and hence a longer sampling time resulting in reduced performance.

Several  survey papers exist which consider the modellingand  control  of
extruders[ 145,146,157,160].

4.3 A PARTICULAR EXAMPLE

It is proposed to investigate the use of APFC for extruder control as this is a very good
application area for an intelligent control strategy. The investigation will be performed via
simulation so a suitable extruder model must be chosen. As mentioned above, a SISO
ARMAX modelling exercise was performed on a particular extruder on which several
control strategies were implemented and their performance results comparedf162,163]. It was
decided to apply APFC to these models as comparisons could then be made to the results

presented.

The extruder modelled has a banel diameter of 19.05mm with an L\D ratio of 25:1.
Screw speed and valve position can be manipulated for control. The pressure at the die is
measured by a strain gauge (with a range of 0-68.95 MPa) and a thermocouple (with a
range of 0-400°C) is used to measure the temperature at the die. The extruder barrel has
four zone heaters used to set the barrel wall temperature profile.  The extruder product is
low density polyethelene.
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Model al a2 b0 bt ¢¢) c1 0
Pressure .0.9142  0.0724  0.0236  0.0147  0.0050  0.2512 0.103

Temp. -1.0860 0.3565 -0.1137 -0.0572 0.0519 0.1746 0.248

TABLE 4.1: Extruder Model Parameters

Controller Model °p (MPa) oT (°C)
None - 0.338 2.19
Pl Pressure 0.273 -
Min. Var. STR Pressure 0.057 0.332
Min. Var. STR Temp. 0.243 0.479
State STR Pressure 0.119 0.805
State STR Temp. 0.152 0.457

TABLE 4.2: Controller Comparison for Models of table 4.1
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Temperature and pressure responses to screw speed were obtained from PRBS tests about a
mean input value of 40 rev/min. A second-order linear ARMAX model was estimated for
both cases. The pressure responded almost instantaneously to input changes and the
temperature lagged the input by 0.3 sec. The same sample time of 2 sec. was used for
both identification and control experiments. The ARMAX model is of the form:

(I+aiz'l+a2Z2)y(t) = (bo+bjz'l).u(t-1) + (1+crz~1+4C2Z2) e(t)

where, y(t) is the output (pressure or temperature)
u(t) is the screw speed input

e(t) is uncorrelated Gaussian white noise with standard deviation <£

The parameters ofthe above model for eachresponse are reproduced in table 4.1.
Open-loop simulation responses using these models are shown in fig. 4.4 and 4.5. The
model does not account for the low frequency disturbances discussed in section 4.2.2 which
were observed on the actual process outputs as fluctuations at a frequency of roughly 0.25
cyclesper minute[162,163]. These were also simulated to produce the open-loop
uncontrolled outputs shown in fig. 4.6 and 4.7.

Calculation of the uncontrolled standard deviations of the process outputs after 1000 sec.
gave:

Pressure, op = 0.37 MPa

Temperature, Oj = 2.26 °C

Using the above models several different SISO control algorithms (a digital Pl controller, a
minimum variance STR, and a state-space STR) were tested in [162,163]. The results
obtained are given in table 4.2 from which it canbe seen that the adaptive schemes give
excellent results. The results in table 4.2 will beused to compare againstthe performance
of the APFC algorithm applied to the same models.

4.4 APFC DESIGN & RESULTS

PFC regulators, based on ARMAX models (eq. 3.50) were designed for each of the above
process models. The linear regulator has the form:

u(n) = kown) - sp(n)] - iT.cp(n)
where,
= s0(h)-!.[l-ah]

Y = So00-i.g
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FIG. 4.4: Open Loop Pressure Response

FIG. 4.5: Open Loop Temperature Response
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FIG. 4.6: Open Loop Pressure Response (Low Frequency Disturbance Addded)
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FIG. 4.7: Open Loop Temperature Response (Low Frequency Disturbance Added)



JKn) = [sp(n) sp(n-1) u(n-N]
9 = Jog-l a2 Pi]

with a, h, sO(h), 04 and pj as before.

The regulators were tuned for the fixed parameter models with the selected values:

Pressure: h = 4 sec, TR = 6 sec

Temperature: h = 6 sec, TR = 8 sec

The controller parameters were thus derived as:

O Pressure: k()=14.441135, y£ = [-3.952199 -1.105435 0.224446]
0 Temperature: k~-1.987734, yT = [1.096505 0.651829 0.104585]

Plots of the controlled responses are given in fig. 4.8 and fig. 4.9. The computed standard
deviations after 1000 sec. were:

0.15 MPa
0.55°C

Pressure: cp

Temperature: op

These compare very favourably with the results presented in [162,163] for control of the

models with minimum variance and state-space STR’s (as given in section 4.3).

The adaptive PFC algorithm  was also tested with these models. Again the model
parameters were fixed and the same tuning parameters (h, TR) were used as previously. It
was assumed that no knowledge was available and also that the RLS algorithm was
initialised with model parameter estimates as zero, except for bO wfich is set to 1.0. The
error covariance matrix was set at 1000.1 to indicate poor initial estimates. If such poor
estimates were only available then selection of TR and h would have to be cautious. They

could be set initially for poor performance and then gradually tightened.

Plots of the controlled responses are shown in fig. 4.10 and fig. 4.11 for pressure and

temperature respectively. Calculated standard deviations for these are

0.13 MPa
0.45°C

Pressure: op

Temperature: 0]

which shows better perfonnance with the APFC algorithm than that achieved by the fixed
parameter algorithm.
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FIG. 4.8(a): Pressure Controlled Response
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FIG. 4.8(b): Screw Speed Input (Pressure Control)
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FIG. 4.9(a): Temperature Controlled Response

FIG. 4.9(b): Screw Speed Input (Temperature Control)
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FIG. 4.10(a): APFC Pressure Controlled Response

FIG. 4.10(b): Screw Speed Input (Pressure Control)
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FIG. 4.11(a): APFC Temperature Controlled Response
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FIG. 4.11(b): Screw Speed Input (Temperature Control)
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4J CONCLUSIONS

The extrusion process has been identified as a suitable application area for intelligent
control. It has many of the elements discussed in chapter 1 which have driven the
development of intelligent control. It is a highly complex, nonlinear distributed parameter
system which has proven very difficult to model.  Successful control requires considerable
process knowledge for efficient organisation and integration of the many dynamic elements
used in the process. Automatic learning would be required within any control scheme
because of the inadequate modelling and nonlinear nature of the process. Hierarchical
schemes would be useful and indeed necessary for plant-wide control of the process. The
use of an expert system in this respect would also allow heuristic experimental process
knowledge to be encapsulated and used for better and more reliable control and fault
detection.  Improved operator interfaces could also be designed. It is expected therefore
that control of this process would benefit from control design within the framework
developed in chapter 2.

The extrusion process was described in some detail. The high degree of process knowledge
required and the complex interactive multivariable nature of the process could be seen. The
distributed nonlinear aspects of the underlying mechanisms were also demonstrated. Typical
disturbances affecting product quality and their classification were considered and a brief

survey of previous attempts at modelling and control of plasticating extruders was presented.

A particular extruder previously modelled with ARMAX equations was selected and
simulated. The application of APFC to the control of temperature and pressure at the die
by screw speed manipulation was examined based on these models. The observed results
were compared to those found previously for other regulators designed around the same
extruder models.  Both fixed parameter ARMAX PFC and the adaptive PFC algorithms

were found to produce good results.
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CHAPTER 5

LOGIC BASED STRATEGY FOR MULTIVARIABLE CONTROL

5.1 INTRODUCTION

Multivariable control design techniques tend to find greatest use in circumstances where the
number of inputs equals the number of outputs, i.e. a square system. Typically the
specification on control is an extension of the single-input single-output (SISO) case, i.e.
each control variable is required to meet strict static and dynamic performance measures.
In the operational control of processes where the number of outputs exceeds the number of
inputs, the specification on controlled variables will vary. Obviously it is only possible in
such a case to tightly regulate as many outputs as there are inputs. This is due to the
fact that output functioncontrollability requires that the transfer function matrix have rank
equal to the number of outputs. A necessary condition for this is that the numberof
inputs should be greater than or equal to the numberof outputs[164]. Thus, some
controlled variables may have a tight regulatory or demand following role while others are
specified in terms of an accepable behavioural boundary requiring zone control. Knowledge
of the process will dictate the best classification of output variables under the controllability
constraint described.

An approach is described here for the control of multivariable systems with more outputs
(n) than inputs (m), i.e.limited degrees of freedom arising from the number of inputs or
actuators being less than  the number  of outputs. This situation can arise naturally ora
reduced number of actuators may be selected for reasons of economy, reliability, or
maintainence reduction.  This is utilised for extruder barrel wall temperature control in
chapter 6. In addition extra output variables may be employed for safety or quality

purposes to provide improved performance using this approach

Some solutions to this control problem have been proposed in the literature. One defines
the control objective so as to keep ‘m’ of the outputs near their nominal desired values
whilst maximising the remaining ‘n-m’ output variables[165]. Another solution calculates the
controls to force the outputs to track given reference signals periodically (i.e. at regular
sampling intervals)[166]. The simplest solution is the ‘alarm method” in which the
additional zone outputs are continuously monitored and corrective action is taken when they
enter a danger zone. This however can lead tohard control action. It will also occur
after the problem arises or else narrower zone constraint bands will have to be specified
reducing efficiency.
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As described previously in chapter 1, use of Al and computer science techniques in
combination with control theory in a hierarchical architecture can lead to improved control
performance. A Logic Based Strategy (LBS) is presented here for multivariable control. In
global terms a two-level hierarchy is employed combining the benefits of single-loop or
multivariable predictive functional controller (PFC) blocks at the lowest level with a decision
logic block at the higher level to offset the degree of freedom deficiency mentioned. The
decision logic performs smooth switching between the low-level PFC controllers based on
comparison of the computed control signals. As will be explained later this leads to
smooth actuator signals and pre-emptive corrective action before a problem occurs. Zone
constraints may thus be set at their maximum for greater efficiency. LBS is described in
[167,168] and an application to barrel wall temperature control has been presented[169].
The logic based strategy is first developed for the single-input multiple-output case and then
generalized to the m-input n-output case.  Geometric analysis of its operation in each

instance is presented along with simulation results to demonstrate its performance.

5.2 LOGIC BASED STRATEGY

To understand the operation of LBS for control of non-square multivariable systems with
more outputs than inputs consider the case of a single-input dual-output plant as shown in
fig. 5.1. With this multivariable system one MV affects two outputs, SI and S2. There is
one degree of freedom hence only one output may be tightly regulated. However, the other
secondary output is constrained to lie between certain values for reasons of safety, quality,
or perhaps economy, and thus requires zone control. The multivariable control problem is
to tightly control the primary output while ensuring that the secondary output always
remains within its constraints. In fig. 5.1, the primary output Sl is to be controlled at a
setpoint Cl and the secondary output S2 is constrained to lie between C2f and C2". The
structure of the LBS controller to solve this control problem will first be presented. An
analysis and explanation of its operation will then be given, followed by some simulation

examples.

52.1 LBS Controller Structure

The system of fig. 5.1 is treated as two separate single-input single-output systems, i.e.

PI: MV -> SI (5.1)
P2: MV -> S2 (5.2)
with corresponding models, PIm and P2m respectively, available. Two SISO PFC

regulators are then synthesized, one for control of SI using internal model PIm and the

other for control of S2 using internal model P2m. The LBS approach utilises three PFC
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FIG. 5.1: A One-input Two-output Plant

FIG. 5.2: Single-inputLBS Controller Topology
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regulators in parallel as shown in fig. 5.2 The controller designed around P2m s
duplicated but is presented with a different command signal or setpoint (i.e. PFCb and
PFCc).

Thus at the lowest level, three PFC regulators are operating in parallel. The first, PFCa,
tries to control Sl at setpoint Cl and produces a control signal MV1. It is desirable that
PFCa should always be allowed to operate on the process, while S2 is within its
constraints. PFCb and PFCc are used to determine when this is not possible.  PFC”
produces a control signal MV2f which attempts to take S2 to its upper constraint C2+ and
PFCc calculates MV2' which tries to control S2 at its lower constraint C2~. Effectively the
output constraints are translated into dynamic constraints on the control signal which may be
applied to the process. In this manner they can account for disturbances on the outputs
and the dynamics of the process.

5.22 Decision Logic

Operating at a level above the three PFC regulators is a logic block which accepts the
three computed MV’s at each sampling instant and is designed to select the appropriate MV
to apply to the process. In the case of systems with only one degree of freedom, i.e. one
input as in fig. 5.1, the computed MV’s are scalars and the logic is simply to choose the
middle scalar value as the applied MV. The reasoning for this is explained below in

section 5.2.3. The logic may be expressed simply as:

if (MV1>MV2") and (MVKMV2+)
then MV = MV1
else if (MV2’>MV1) and (MV2'<MV2+)
then MV = MV2'
else
MV = MV2+

523 Geometric Analysis of LBS Operation

As explained above LBS effectively maps the constraints on the secondary output to
constraints on the input control signal. Hence, LBS is analysed geometrically on the
common input control signal domain. That is, the three command signals (Cl, C24, and
C2" are mapped to a common input domain (MV1, MV2+, and MV2" respectively) via the
PFC regulators as shown in fig. 5.3, i.e.
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FIG. 5.4: Effects of Disturbances on Sl
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PFCa: MV1 = f(SI,Cl) (5.3)
PFCh: MV2+ = f(S2,C2+) (5.4)
PFCc: MV2- = f(S2,C2-) (5.5)

If MV1 lies between MV2+ and MV2' then this indicates that SI may be controlled at its
setpoint Cl and that S2 will remain between its constraints.  Consider the effect of a
disturbance, DI, on output SI. As MV1 is a function of SI (eg. 5.3.), the net result of
D1 will be a shift of MV1 along the common input domain to compensate for its effect,
as shown in fig. 5.4(a). MV1 will always be chosen while it remains between MV2+ and
MV2* since this impliesthat S2 will stay within its constraints. As the magnitude of DI
increases it may not be possible tocompensate for its effect on S| while constraining S2.
This is signified by MV1 moving beyond the MV2f/MV2_ boundary on the common input
domain as shown in fig. 5.4(b) and(c). In such cases the logic will select a new middle
value (i.e. MV2' in fig.5.4(b) andMV2f in fig. 5.4(c)). The MYV selected will be such
as to control S2 at one ofits constraints while keeping S| asclose as possible to its
setpoint, i.e. minimum offset.  This is demonstrated in section 5.2.5.  Analysis of the
operation of LBS for disturbances on S2 is exactly the same except that MV2+/MV2' move

by equal amounts on the common input domain.

The advantages of LBS are obtained because the logic operateson the common input
domain and not on the measured process outputs as in the simple ‘alarm method’ mentioned
in section 5.1. One advantage is that the applied MV will always be continuous, i.e. there
will be no large jumps inthe applied MV. This is because switching between MV
trajectories only occurs when they intersect and is thus very smooth. This can be observed
by considering the operation of a controller in the time domain as shown in fig. 5.5. Here
the effect of a large disturbance, first positive then negative, on Sl is showa The result
isthatMVI  moves beyond MV2+/MV2-and control is switched at the trajectory
intersection. Another result of basing thelogic on the control signal is that pre-emptive
corrective action is taken. The effect of applying MV1 is considered with respect to
keeping S2 within its zone. If this would be invalidated as indicated by a trajectory
intersection then control is switched to PFCb or PFQ; before S2 goes out of zone and is
instead broughtto its maximum value in a controlled fashion. These results are
demonstrated in section 5.2.5.

52.4  Extension to ‘ri Outputs

LBS is easily generalised to ‘n’ outputs for the single degree of freedom case, i.e. only
one input.  Again only one output may be tightly controlled with the remaining n-1 outputs

restricted by constraints and thus requiring zonal control. Consider first the formulation of
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FIG. 5.5: LBS Operation in the Time Domain

S3 »Zone :C3+,C3°¢

FIG. 5.6: LBS Topobgy for a One-input Three-output System
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the strategy for a one-input three-output system.

As only one output may be controlled at any one time it is necessary to assign priorities
to the zone outputs. The highest priority zone will then take precedence over lower
priority zones in extreme cases when only one zonal constraint may be met The structure
of the LBS controller is very similar to that of fig.5.2 but with anadditional PFC regulator
(again duplicated but with different command signals toeach) to map the constraints on the

third output to the common input domain, see fig. 5.6.

The logic operates in a recursive manner. First MV1 is comparedto the MV-pairfor the
lowest priority zone output with the middle scalar value selected, eg.
MV1, MV2+, MV2- >v

This result (v) is then compared to the next most important zonal MV-pair, eg.
vV, MV3+, MV3- » MV

the result of this last operation is applied to the process.

The general case of ‘n’ outputs (one tightly controlled and n-1 zones) becomes:
Assign priorities to the zones (the tightly controlled output has lowest priority by
default).
Synthesize 2n-1 PFC regulators in parallel (actually only n distinct regulators are
designed).
Recursively apply the logic to the lowest priority output with the next lowest
priority output (select the middle scalar value each time).

° Apply the final result (MV) to the process.

525 Simulation Results

The operation of the strategy was tested on some simple plants by simulation. The

application of LBS to a real example is discussed in chapter 6.

A simple one-input two-output system, as shown in fig. 51 was first considered with both
Pj and P2 described by first-order dynamics and with unity gains. An LBS controller was
designed for this system with the individual PFC blocks tuned as discussed in chapter 3.

The following setpoint and constraint values were used:

Cl = 10 C2+ = 13 C2-

7
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Fig. 5.7A shows the controlled response to a disturbance D1 on Sl while fig. 5.7B shows
the response to D2 on S2. The disturbances D1 and D2 are low-pass filtered to simulate
realistic disturbances. Plots (a) and (b) show the controlled outputs SI and S2 respectively,
with the corresponding disturbances also shown. The three computed MV trajectories are
shown in (d) with the actual applied control signal given in (c). Switching between PFC

blocks occurs at the trajectory intersections. The disturbance values are:

Fig. 5.7A: D1 = step : -4, 50<t<100
+4, 160<t<210

D2 = constant: -2, 0<t<150

0, t>150

Fig. 5.7B: D1 = constant: -1, 0<t<140
0, t>140

D2 = step : -5, 50<t<130

+5, 180<t<260

It may be observed that when the nature of the disturbances are such that SI may not be
controlled tightly with S2 remaining within zone, then LBS switches to control of S2 at an
appropriate constraint value. This produces a minimum offset on SI. Pre-emptive action is
demonstrated in fig. 5.7A. Trajectories MV1 and MV2' intersect at t=170 indicating that
the control objective may not be met due to the positive disturbance DI. Hence LBS
switches to control of S2 at C2' acknowledging this fact This occurs before S2 nears its

zone limit and so results in smooth control action to take S2 toits limiting value.

The effect of a disturbance on S2 may be sufficiently hard to  take S2 out of zone before
corrective action may be taken, as can beseen in fig. 5.7B. Tuning the PFC blocks for

better performance (and thus harder control)will bring S2 back within zone much faster but

with the obvious tradeoffs on stability, control effort, etc. If disturbances are measurable

then feedforward compensation may be used to improve the response of the controller.

This is demonstrated later.

Fig. 5.8(a)-(d) contains the same information except that P] is a non-minimumphase
response. The results are as above with LBS operating successfully.

To demonstrate the operation of the strategy when Pj and P2 reflect differentgains and
operating levels, LBS was tested using data from a milk drying plant[]:
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FIG. 5.9: Milk Drying Plant Example
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P] : Ist order
5.5. gain = -0.08

Output operating level = 3
Po : Ist order

5.5. gain = +0.8

Output operating level = 80

Input operating level =180

Setpoints : cl =3
C2+ = 90
C2' =70

Fig. 5.9(b) and (c) show the simulated responses of the system outputs to step disturbances
on Sl and S2 as shown in fig. 5.9(a). Note that filtered white noise is added to the
process outputs. The applied control signal is given in fig. 5.9(d). The correct operation
of LBS may be observed.

The operation of the strategy for a single-input three-output system was also simulated.
First-order transfer functions were used to describe the dynamic relationships Pj, P2 and P3
(see fig. 5.7). The results are shown in fig. 5.10 in response to a step disturbance on SlI.

The computed MV trajectories are shown in fig. 5.11. The constraints used are:

C2+ = 14 C2* =6
C3+ = 13 C3-
with setpoint CI = 10

1
~

The operation of the recursive logic may be followed by examining fig. 5.11. The first D1
step disturbance (negative) causes LBS to switch to control of S2 at C2+ while the second
(positive) D1 causes LBS to concentrate on control of S3 at C3"

Fig. 5.12 and fig. 5.13 allow the effects of feedforward compensation to be compared. In
fig. 5.12, a disturbance (D3) on S3 causes S3 to go out of zone initially due to the nature
of D3 (i.e. very hard disturbance). The effects of D3 are eventually compensated for and
S3 is brought back to its constraint value by the LBS controller. With feedforward
compensation, the PFC blocks can counteract the disturbance as it occurs.
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FIG. 5.10: One-input Three-output Example

FIG. 5.11: MV Trajectories for example of fig. 5.10
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FIG. 5.12: Disturbance D3 on S3 - no feedforward, compensation

FIG. 5.13: Disturbance D3 on S3 - with feedforward compensation
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5.3 MULTIPLE INPUT CASK

The most general form of the logic based strategy will be derived and a geometric
interpretation of how it operates will be presented. Systems with ‘m’ inputs and ‘n’
outputs (with n>m) shall be treated. First however, a simpler form shall be considered, i.e.
a two-input three-output plant as shown in fig. 5.14. With two inputs (MVx and MVYy)
and hence two degrees of freedom, two of the plant outputs may be tighdy controlled (eg.
SlI and S2), and the third output constrained within a zone. The control objective is to
regulate SI and S2 at Cl and C2 respectively while keeping S3 within the constraints C3+
and C3‘. If disturbances are such that S3 could go out of zone then LBS will control S3
at an appropriate constraint value. But with two degrees of freedom it is also possible to
keep tight control of one of the other outputs. There is thus a design decision to be made
as to which other output, SI or S2, should be controlled with S3. This choice will depend
on the particular application and other criteria such as economics, safety, etc. It is assumed
here that SI should always be tightly regulated.

53.1 Controller Structure

The structure of the LBS controller is shown in fig. 5.15. It is similar to that of the

single-input case in fig. 5.2 except that each PFC block is a multivariable 2x2 regulator.

PFCa is designed to control SI and S2 at Cl and C2 respectively:

MVA = f(SI, S2, CI, C2) (5.6)

where MVA is a two element vector of plant control signals. PFCb and PFCc are exactly

the same except that the former tries to control SI at Cl and S3 at C3+, and the latter
tries to take SI to Cl and S3 to C3', i.e.

MVB
MVC

f(SI, S3, Cl, C3+) (5.7)
f(SI, S3, Cl, C3-) (5.8)

where MVB and MVC are also two element MV vectors. As before the higher-level logic

block selects the appropriate MV vector to apply to the plant

532 Decision Logic

The logic strategy is again to compare the three computed MV vectors and to apply the
"central* vector. That is MVB and MVC define the constraints on the MV vector that
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may be applied to the plant. If MVA lies ‘between’ these then its use will ensure that Sl
and S2 may be tightly controlled with S3 within zone. If this is not the case, then the
central vector chosen (i.e. MVB or MVQ will control SI at CI, S3 at one of its
constraints, and S2 will have a minimum offset from its setpoint value C2. A problem
arises in determining how to compare three vectors and to establish the "central* one. It
will be shown geometrically in the next section that this problem in fact reduces to a

simple scalar comparsion.

533 Geometric Analysis

The analysisisan  extension of the single-input case but is now performed on a

two-dimensionalcommon input domain (MVX, MVy). Consider the steady  state

characteristics of the plant:

51 =kn .MVx+ k2i-MVy (5.9)
52 =k12.MVx + k22-MVy (5.10)
53 =k13.MVx + k23-MVy (5.11)

where ky is the steady state gain between the i“loutput and the kLhinput.

The locus of control vectors (MVx, MVy) such that Sl is controlled at Cl is a line (LI)

on the two-dimensional common input domain, i.e.

LI : MVy = - Al-MVx + —f1 (5.12)
k21 k21

with a slope of -kj\P"2\ ~d an offset Cl/k”.

Similarly, the locus of control vectors to keep S2 at C2 is the line:

L2 © MVy = - JA-MVx + —P (5.13)
k22 k22

Also, for control of S3 at C3":

L3 : MVy = - ~.MVx + —£3 (5.14)
k23 *23

and S3 at C3+:

L4 : MVy = - SH-MVx + —gg (5.15)
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Loci L3 and L4, corresponding to control of S3 at its minimum and maximum constraints
respectively, are parallel lines as shown in fig. 5.16. The plane P bounded by L3 and L4
is the locus of all control vectors suchthat S3 will remain within zone. Hence, the

applied MV vector must lie on the plane P.

There is a clear relationship between fig. 5.16 and the single-input case represented in fig.
53. Lines L3 and L4 are analagous to the points MV2" and MV2f respectively and the
plane, P, of allowable control vectors corresponds to the line [MV2'WV2+] for the
single-input case.

LI and L2 have different slopes and offsets, as shown in fig. 5.17.  Their point of
intersection defines the unique control vector which controls both SI at Cl and S2 at C2,
i.e. the computed vector MVA from PFCa. Similarly, MVB corresponds to the intersection
of LI and L4 (i.e. SI at Cl and S3 at C3+) and MVC to the intersection of LI and L3
(ie. SI at ClI and S3 at C3"). Thus at each sampling instant the three computed MV
vectors are colinear. The decision logic to select the central vector reduces then to exactly
as before, i.e. a scalar comparsion between either the x-components or the y-components of
each of the three vectors. The central point is chosen and the vector which this
corresponds to is applied to the process.

The effect of disturbances on the outputs must be considered. Equations 5.12-5.15 indicate
that the slopes of the loci L1-L4 depend only on the steady state gains of the multivariable
process and are independent of disturbances on the process outputs. However, the offsets
of L1-L4 will vary corresponding to the magnitude of the disturbances with the offset of
L3 and L4 changing by equal amounts. Hence, analagous to the single-input case, three
possible scenarios may occur as shown in fig. 5.18. If the disturbances are small then
MVA should remain between L3 and LA, i.e. between MVB and MVC as in fig. 5.18(a).
Here application of MVA would achieve the desired objective. For the case of disturbances
such that the situations in fig. 5.18(b) and (c) occur, application of the middle vector
ensures that Sl is controlled at Cl, S3 is held at one of its constraints, and S2 is at a
minimum offset from C2.

53.4 Generalisation to Multiple Input Systems

Generalisation of LBS for an m-input n-output system with n>m is straight forward. 2n-m
PFC regulators must be synthesized with each PFC block designed as an mxm regulator,
m-outputs may be tightly controlled with zonal constraints placed on the remaining n-m
outputs.  Each of the zonal outputs must be prioritised and the decision logic applied

recursively as described in section 5.2.4.
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Analysis of its operation may be performed on an m-dimensional hyperspace representing
the common input domain of actuator signals. In an analagous fashion to the
two-dimensional case presented above, L3 and L4 become m-1 dimensional surfaces parallel
to each other. The locus of allowable control vectors is the space between LI and L2.
Asbeforethe decision logic operates on three colinear vectors and hence can be

implemented as scalar comparsions of one of the corresponding elements of each vector.

33.5 Simulation Results

The multiple input strategy was tested on a two-input three-output system with the transfer
function representation as shown in fig. 5.19. This system has both nonminimum phase,
second- order (under and over-damped), and first order elements. A 2x3 LBS controller (as
shown in fig. 5.15) was designed for this system. The control objective is to control both
Sl and S2 at setpoint values while always ensuring that S3 remains within the constraints.
If this is not possible then control on S2 should be relaxed and SI and S3 should be

controlled (i.e. S3 regulated at one of its constraint values).

The constraints and setpoints used were:

Cl =
C2 =6
C3+ =
C3- = -2

The effects of step disturbances (DI, D2 and D3) on all three outputs were investigated.
Plots of these results are presented in fig. 5.20(a)-(c). Plot (a) shows the response to DI
with (b) and (c) showing the responses to D2 and D3 respectively. In all three cases Sl
is regulated at its setpoint CI at all times. Similarly, S2 is controlled at C2 while S3
remains within it’s bounds. If S3 should violate it’s constraints then control switches to
regulate S3 at it’s nearest boundary and control on S2 is relaxed. This results in an

output offset on S2 from its setpoint value. This offset is the minimum value achievable
in the circumstances.
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5.4 CONCLUSIONS

LBS was presented as a new multivariable control strategy for control of non-square
multivariable systems with more outputs than inputs. It is a two-level hierarchical structure
combining the benefits of predictive functional control with decision logic, a software tool,
superimposed to offset the degree of freedom deficiency. At the lower level several PFC
controller blocks designed for control of square systems are implemented in parallel. At the
higher level, the decision logic block operates on the computed MV'’s generated by the PFC

blocks. The logic switches the different controllers in and out as appropriate.

A geometric interpretation and analysis of the operation of LBS was presented for both the
single-input and two-input cases. It was shown how to extend this analysis to m-input
systems using an m-dimensional hyperspace. Simulation results where also presented to
demonstrate the performance of the strategy.

Since the logic does not operate on the measured outputs but on the calculated control
signals, LBS can respond to possible problems before they take effect on the system
outputs.  That is, pre-emptive corrective action is taken.  Also for this reason, smooth
changeover between controllers is obtained because switching only occurs at the intersection
of MV trajectories as shown in simulations. This results in the desirable feature of smooth
actuator control signals applied to the process. A disadvantage of the strategy is the online
computational overhead of two additional PFC regulators per extra zonal output. However,
only one regulator need be designed and this is then duplicated. The computational
overhead may be reduced as a result of this duplication because some calculations may be
combined. A big advantage of the strategy is that the decision logic is quite simple and
only requires scalar comparisons regardless of the rank of the controlled system. LBS may
be employed with any control law design used in conjuction with the decision logic
although it is preferable to use a predictive controller for the reasons discussed in chapter
2.
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CHAPTER 6

LBS - AN APPLICATION

6.1 INTRODUCTION

An important class of lumped multivariable control system arises where actuation and
measurement is limited as in distributed parameter control. In systems of this nature
controlled variable profile is important.  Typical control approaches to distributed systems
require a distributed control strategy with distributed observation.  These are difficult to
implement with crucial stability and robustness issues[170,171]. Distributed observation is a
serious disadvantage although some solutions to this problem for flexible structures have
appeared[172]. An alternative approach is to consider shape or profile control using
multipoint controllers with multipoint observations. Standard single-loop or multivariable
regulators may then be employed. This approach has been used for dynamic shape control
of a flexible beam[173,174].  Issues which derive from this method of control include
selection of the position and number of actuators and sensors to be used[173,175]. Profile
control however is constrained by the number of actuators employed. Minimisation of the
number of actuators is desirable and is motivated by economic, reliability, and maintenance
reduction considerations. This form of Distributed Actuator Control (DAC) involves several
different components. DAC requires the following choices and design decisions:

° number of actuators employed

0O location of actuators

0 selection of appropriate measurement points
° feedback topology

° controller design

Examples of this problem include profile control in sheet metal, paper, and plastics
production.  Flexible beam control is another example as is temperature gradient control in
furnaces and extruders. The application of LBS in combination with DAC to the control of
extruder barrel wall temperature profile is considered in this chapter.

The extrusion process was described in some detail in chapter 4. In summary, solid feed
in a pellet or powder form is fed into the barrel via a hopper, as shown in fig. 4.2. This
is transported along the barrel by a screw and is heated and pressurised. Typically melt
pressure and temperature at the die are used to reflect product quality and are controlled by
screw speed and valve restriction as in chapter 4. The feed is melted both by friction as

it travels along the barrel and also through heat transfer from the heated barrel wall[144].
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Primary disturbances result from feed inconsistencies[144] although many other factors affect
product quality. One such factor is the barrel wall temperature profile which is important
for safety reasons as well as for quality purposes. Because of this most extruder control
systems incorporate barrel wall temperature controllers in addition to the primary control
loop for melt temperatureNpressure at the die[145,147,148,156].

Barrel wall temperature profile control is a distributed parameter problem[144,176]. The
dynamic characteristics are described by partial differential equations.  However for control
purposes the barrel is usually approximated by several zones with individual regulation of
each zoneby a heatei\thermocouple pair. A lumped parameter model is wused to
approximate the response of each zone. It has been shown that the response, i.e. barrel
walltemperature  to heater power input, can beaccurately  approximatedby a lumped

first-order model with deadtime[145,157,177]. As the deadtime can be quite large the use
of predictive control becomes even more attractive. Typical extruders employ four or more

zone heaters.

6.2 LUMPED EXTRUDER DESCRIPTION

The simulation results presented here are based on a 2 1/2" single screw extruder with L\D
ratio of 25. The product being produced is polyethelene. The barrel is divided into four
heating zones as shown in fig. 6.1. The lumped models used for each zone are those
presented in [177]. These were obtainedexperimentally by open loopstep tests.  The
temperature in each zone is measured by a thermocouple embedded in the wall of the
extruder and the heater load is manipulated by a time proportioning technique, i.e. the
‘percentage time on’ (%ton) may be controlled.

As stated in [177] the optimum barrel wall temperature profile for producing polyethelene
with this extruder is:
Tl T2
T3 = T4

170 °C
180 °C

The models used are all first-order with deadtime, i.e.

T - — - H(s)

where T(s) = barrel wall temperature (°C)
H(s) = heater power input (%ton)
K = steady state gain (°C/%ton)
T = deadtime (sec)
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t = time constant (sec)

Although the temperature profile given above is the optimum to produce polyethelene of a
certain quality, the temperatures quoted can have acceptable tolerances associated with them.

The following facts are applicable to each of the four zones.

Zone 1

This zone is a preheating stage corresponding to the operational feed section of the
extruder.  The objective of this zone is to sufficiently heat the cold input feed so that
constant temperature control of the melt in zone 2 may be achieved more easily. Zone 1
can thus suffer from large variations in the temperature of the cold input feed as the feed
may be taken from different storage tanks. Typically the feed is stored at room
temperature.  The minimum value acceptable for T1 is not critical although it should be
high enough to ensure that the melt is sufficiently heated and does not remain solid. This
could cause the flights of the screw to be damaged. There is however a highly critical
upper limit on Tl. Too high a temperature could cause the feed to melt too quickly and
result in the phenomenon called meltback. This is hot melt flowing back up through the

hopper and should be avoided at all costs.

Zone 2
T2 is a measurement of the barrel wall temperature at the point just before the screw
widens. It is preferable to have this point tightly regulated because a temperature gradient

is desired between zones 2 and 3.

Zone 3

This zone measures the barrel wall temperature at the point where the screw has just
widened to its maximum.  This must be kept above the temperature T2 to ensure a
temperature gradient between T2 and T3 is maintained. There is also a lower safety limit
on this temperature because the melt cannot be allowed to cool and solidify. This could
cause damage to the screw flights. There is an upper limits on T3 for both quality and
control purposes. It must be ensured that the melt does not overheat. If this happens the
polymer chains may break down with the result that the melt is no longer a polymer.
Also, if the melt is heated too much it may not be sufficiently viscous to ensure good

compression and hence maintain the pressure of the die.

Zone 4

T4 is a measurement of the barrel temperature in the metering section of the extruder near
the die. It is important that this is regulated at a fixed level so that the temperature of
the melt at the die may be easily maintained. As mentioned previously, this condition is

important to ensure good product quality.
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6.3 ACTUATOR MINIMISATION

From the previous discussion it may be seen that this control problem fits the category of
industrial processes discussed in section 4.1. That is, some outputs require tight regulatory
control while others may be allowed to move within zonal constraints. It is thus quite
amenable to the application of LBS for actuator minimisation. That is, the use of LBS
would require less actuators than presendy employed (four in this particular application).
This would result in benefits in costs and reliability without compromising the final product

quality or safety.

DAC requires the number and location of actuators to be chosen. From the discussion of
section 6.2, two of the outputs required tight regulation (i.e. T2 and T4) while zone control
is acceptable for the remaining two outputs. The minimum number of actuators with LBS
is thus two. Selection of actuator positioning is best performed following current design
practice for heater positioning, i.e. keeping actuators in the same position as in fig. 6.1.
Thus, the decision becomes one of selecting which of the four heaters to eliminate.

Performing a steady state analysis will show that the only valid heater positions to achieve
the desired temperature profile are as shown in fig. 6.2.  This results in the two-input
four-output system  with dynamic cross-coupling asin fig. 6.3. The parameter values

presented in [177] were employed in this model. Coupling across zones must also be
considered to design a multivariable controller. These cross-coupling models are also
first-order with deadtime. The model parameters are presented in table 6.1. Because of
the transportation of the melt down the barrel, heaters have greater influence on
downchannel zones thanon previous upchannel zones. Similarly, deadtime is less for

downchannel coupling than for upchannel coupling.

The open-loop steady state point temperatures are presented in fig. 6.4 with the profile as

in fig. 6.5. The achievable steady state temperature profile is thus:

T1 = 169.4°C T2 = 170.0°C T3 = 177.6°C T4 = 180.0°C

6.4 DISTURBANCES AND MEASUREMENT NOISE

To study the performance of LBS for barrel wall temperature control realistic disturbances
should be modelled for simulation. The four main disturbances applicable to this problem
are[144]:

(1) Constant low temperature cold feed input (usually at room temperature). This exhibits
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FIG. 6.2: LBS Actuator Positioning

FIG. 6.3: Dynamic Model of Multivariable System
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Transfer Function
Gain, K (°C/%ton)
Time Const., x (sec)

Deadtime, T (sec)

Transfer Function
Gain, K (°C/%ton)
Time Const., t (sec)

Deadtime, T (sec)

Gl1
4.4

78

150

g12
0.1

205

390

g21
3.8

112

210

g22
1.0

160

310

°31
1.6
122

230

g32
4.5

132

257

A1
0.5

136

260

g42
6.2

110

215

TABLE 6.1: Lumped Model Estimates (1st order plus deadtime)
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itself as a large constant step disturbance on temperature TI.

(2) Small variations about the low mean value of the cold feed input. These may be
modelled as small magnitude short term step disturbances also on measured temperature
TI.

(3) Zone 3 experiences large frictional heating due to the stripping of the outer soft skin
of the pellets by friction, from rubbing against each other and the blades of the screw.
The heat produced depends on the speed of thescrew and can be modelled as small
step disturbances on temperature T3.

(4) Variations in the mains power causes fluctuations in the heater power input applied to
the barrel. This exhibits itself as short step disturbances on the applied MV’s.

Measurement noise observed on the four thermocouples is simulated as Gaussian white noise

additive to the temperature outputs.

To obtain realistic simulation results mismatch between the process models and the internal
control models must be included. Mismatch is introduced in the form of different gains,

deadtimes, and time constants.

6.5 FEEDBACK TOPOLOGY

One of the choices to be made as part of DAC is that of the feedback control topology.
That is, which actuator input to couple with which outputs, the rank of the controller, etc.
For this particular application two possible control topologies may be employed.

65.1 Multivariable Topology

One possible topological structure is to treat the system as atwo-input four-output plant and
touse 2x2 multivariable PFC controller blocks with  therecursive  form of the decision

logic.

With this topology it is possible to always control one of the outputs assigned to a demand
following role. Given the discussion of section 6.2 tight control of T4 is more important
than that of T2. Thus T4 is chosen as the output to always regulate at its required level.
The two zone outputs must be prioritised and two 2x2 PFC blocks implemented for each.

Using the assigned priorities recursive decision logic is used to switch between the
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regulators.

A criticism of this approach is that in extreme circumstances only one of the constrained,
or zone outputs, may be guaranteed due to the prioritisatioa The output T4 with one of
the zone outputs will always be controlled while the other constrained output may deviate
outside its bound. This is highly undesirable in the case of an extrusion process for the
safety reasons mentioned before. It would be preferable to relax control on T4 and ensure
that both zone outputs meet their constraints. This is possible using the two degrees of
freedom available and would not compromise the overall control strategy as it is the melt
temperature at the die that must be regulated exactly to ensure product quality. This may
be achieved with the primary loop, as shown in chapter 4, using either screw speed or
back valve position. Relaxing control on T4 just increases the level of difficulty of this
task

This new control objective may also be met using the LBS approach. A multivariable
topology, i.e. 2x2 PFC blocks, could be employed similar to the previous discussion.
However, the decision logic required becomes more complicated as may be seen by
consideration of the solution loci on the common input domain. A simpler topology may

be used to meet this objective which only uses SISO PFC blocks.

652 Feedforward Compensation

This topology considers the extrusion process as two separate stages, each a one-input
two-output subsystem. The first two zones (i.e. T1 and T2) are grouped together in stage

1, with the remaining zones (i.e. T3 and T4) forming stage 2 as shown in fig. 6.6.

Heater 1 is then the only MV for stage 1 and heater 2 may be considered a known
measurable disturbance. Similariy, stage 2 treats the input of heater 1 as a known
measurable disturbance.  Thus, using SISO PFC blocks with feedforward compensation a
separate one-input two-output LBS controller may be designed for each of the two stages.
This strategy is presented in fig. 6.7.

Using this approach the top priority outputs are T1 and T3. The output constraints on
these will be guaranteed under extreme conditions and the control of T2 and T4 relaxed.
Another advantage of this strategy is that tuning of the SISO PFC blocks is considerably
easier than the multivariable case. This feedforward topology is used in the full simulation
presented below.
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6.6 SIMUIATI0N RESULTS

From the steady state analysis the heater positioning was decided as shown in fig. 6.2
The achievable temperature profile, with no disturbances present, was then determined as
previously shown in fig. 6.4 and fig. 6.5.

The control objective is to regulate T2 and T4 tightly at the following values:

T2 = 170 °C T4 = 180 °C

and to constrain TI and T3 within specified limits.  The limiting constraints are deduced
from the discussion of section 6.2. The zone boundary on T3 is much narrower than that
for TI. The critical limit for TI is the upper constraint to prevent meltback. The lower
constraint is less critical. Measurement T3 is taken at a more critical part of the process.
It is important that this temperature is kept significantly higher than T2 while not too high
to cause the ploymer chains to break down The zone constraints used are:

T1+
T3+

180 °C TI* = 60 °C
1825 °C T3~ 177 °C

To obtain a realistic simulation disturbances, noise and process-model mismatch must be
considered. Typical disturbances were discussed in section 6.4. These were simulated with
the following magnitudes:

(1) Constant -10°C step on Tl (cold feed input)

(2) Short term £5°C additional step on TI (variations in feedstock temperature)

(3) Short term +3°C step on T3 (heat changes due to friction caused by screw
speed changes)

4 Intermittent +0.5% step changes on applied MVs (fluctuations in the power
supply to the heaters)

Gaussian white noise is also added to each of the temperature measurements to simulate
random measurement noise in the instrumentation.

Process-model mismatch is also considered. The parameters given in table 6.1 are used to
simulate the process. The LBS controller is designed with control models of this process
which have slightly different deadtimes, gains and time constants. The parameters of the
control models are given in table 6.2.
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Transfer Function Gl1 °21 g31 g41

Gain, K (°C/%ton) 4.5 4.0 1.5 0.5
Time Const., X (sec) 80 110 130 140
Deadtime, T (sec) 160 220 240 260
Transfer Function 912 922 932 942
Gain, K (°C/%ton) 0.12 0.9 4.6 6.3
Time Const., x (sec) 200 150 130 105
Deadtime, T (sec) 380 300 260 220

TABLE 6.2: Control Model Parameters

Temop T1 Temp T2

Temp. T3 Tempe T4

FIG. 6.8: Controlled Outputs with all Disturbances Present
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The performance of LBS with the above disturbances, noise and process-model mismatch
was investigated. The control results are shown in fig. 6.8 which is a plot of the point
temperatures.  The results show that T2 and T4 are controlled at their respective setpoints
with T1 and T3 allowed to drift within their zone constraints.  With the perturbations
discussed above T1 and T3 will not violate their safety boundaries and hence LBS does not
have to switch control regulators.

To illustrate the performance of LBS, it is useful to consider the effect of individual
disturbances. Fig. 6.9 and fig. 6.10 show the point temperatures and profile response of
the system to a large step disturbance on TI. T1 is allowed to drift and T2 is tightly
regulated. There is no effect on T3 and T4. The responses to a step disturbance on T3
are shown in fig. 6.11 and fig. 6.12.

To show relaxation of the setpoint control when necessary untypically large disturbances
have to be introduced. The lower constraint on Tl is also increased to 160 °C to aid
demonstration. Fig. 6.13 and fig. 6.14 show the responses in this instance. The
disturbance magnitudes are -20°C and +10°C on Tl and T3 respectively. The results show
Tl regulated at its lower constraint (i.e. 160°Q and T3 controlled at its upper constraint
(182.5°C). This causes offsets on T2 and T4 from their demand levels. These values are
minimal at +8°C and -4°C respectively.

6.7 CONCLUSIONS

The application of LBS to a distributed actuator control (DAC) problem was looked at In
particular, control of extruder barrel wall temperature profile was considered. The use of
LBS allowed the number of actuators normally employed for this puipose to be reduced by
half. This results in considerable savings in cost and maintainence, and increases reliability
with a reduced component count Given this actuator minimisation attention had to be paid
to the placement of the actuators. To achieve the temperature profile for this application
only one possible configuration exists.  This was determined from open-loop steady state
analysis.

Several possible controller feedback topologies may be employed. It was found that the
simplest was to treat the 2x4 extrusion process as two separate 1x2 subsystems, or stages.
Two LBS controllers could then be designed, one for each stage. The basic SISO PFC
blocks employed in each utilise feedforward compensation of external measurable
disturbances. The heater input for control of stage 2 is treated as such a disturbance by
the LBS controllerfor stage 1, as the control input to stage 2 is treated as a disturbance
on stage 1  This topology allows the two zone outputs (Tl and T3) to be assigned equal

priorities with the demand outputs (T2 and T4) given a lower priority. Thus, control of
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both T2 and T4 will be relaxed if necessary to ensure that T1 and T3 do not breach their
safety constraints.  Allowing offsets on T4 does not necessarily compromise the overall
control objective, i.e. a constant quality product extruded at the die. The primary control
loop involving screw speed andsor back valve position can compensate for the offseton T4
to achieve constant melt temperature at the die. LBS ensures the safety of the process
although the quality of the extruded product may be degraded.

A full simulation of the use of LBS for barrel wall temperature controlwas presented.
Modelling realistic disturbances, which are typically of a step foim in nature, and
measurement noise, the simulation results showed that LBS controlled the temperature profile
using a reduced number of actuators very efficiently. Extremely large and unrealistic
disturbances had to be employed to illustrate the performance characteristics in switching
between different regulators.
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CONCLUSIONS AND RECOMMENDATIONS

A detailed review of the relatively novel field of intelligent control was presented. This is
a multi-disciplinary area with research progressing along many independent and diverse
paths. Several different explicit definitions have been proposed with many implicit
definitions generated by the nature of particular research paths. Intelligent control has
become intimately associated with the development of autonomous robotics and systems.
The use of particular tools, eg. expert systems or neural networks, is often considered to
imply ‘intelligent’ control.  Most work is concentrated on application specific solutions to
problems, with little consideration of the underlying characteristics desirable. Most research
effort is concentrated on higher-level intelligent functions, eg. planning, problem solving, and
reasoning, to the detriment of the low-level controller employed. There is obvious need for
a unifying framework. Such a theory should allow current research strands to be included
and yet provide inspiration for new areas of investigation. A framework would strengthen

the core principles and allow new ideas to flourish from a strong base.

A central theme evident from the survey conducted is an association, usually implicit, with
emulation of one or more aspects of human intelligence or intelligent behaviour. A new
definition of intelligent control was proposed explicitly defining the use of intelligent human
behaviour as a reference model. A framework was developed based on this principle. The
study of intelligent behaviour provides a source of constraints that may be used to analyse,
or design, an intelligent control system. Consideration was given to psychological theories
of intelligence. A set of necessary and sufficient conditions were derived from these.
Learning ability was recognised as a sufficient condition for intelligent control.  Although
the exact nature of intelligence remains unclear, all theories agree that learning is a crucial
element.  Some additional characteristics of intelligent behaviour were identified as necessary
conditions for learning. Prediction is a major element of learning theories. It guides
learning by the accuracy of future predictions and in return improves its prediction
mechanisms  for better performance. The use of an online internal world model is
intimately linked to this mechanism. Similarly, low-level parameter learning by model
updating or  adaptationis necessary. Learning is an active process which continuously
occurs.  Manipulation of the environment causes learning to happen and manipulation often
has a dual role, bothto manipulateand to probe. Four necessary conditions were thus
derived.

The design of a learning based predictive controller (LPBQ was considered within the
proposed framework.  This can be viewed as an extension of classical adaptive control
schemes.  Adaptive control employs a simple form of parameter learning and is therefore a

first step towards intelligent control. LBPC extends this theory to include the necessary
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conditions identified. Long range predictive control strategies form the basis of LBPC
design.  They employ future predictions of proposed actions and use on online internal
model for this purpose. Parameter learning is accomplished by the addition of a recursive
estimation scheme to update the model parameters with ‘experience’, i.e. input-output data.
This feature thus employs sub-optimal probing. The applied control inputs are used for
learning but their calculation does not account for uncertainties in the prediction model.
This is the certainty equivalence principle.  Despitethis disadvantage, the  method can be
used as a first approach to intelligent control design within the framework. Future research

should try to incorporate a dual-type control action for active probing.

Predictive Functional Control was chosen as the LRPC strategy. This was reformulated in
terms of an ARMAX plant model to facilitate the addition of an adaptive layer. Recursive
least squares was employed with a variable forgetting factor to counteract the causes of
estimator windup and bursting. The stability and robustness of the ARMAX form of PFC
was examined. Itsperformance was tested on  several different plants under varying
conditions and disturbances. It operated successfully in all cases and could control a
nonminimum phase process without difficulty. The adapted version proved to be equally
successful and was also able to control a nonminimum phase plant. This compares very
favourably to other classical adaptive control laws which cannot control such difficult

processes.

Complex, large-scale, spatially distributed systems were identified as a suitable application
area for hierarchical intelligent control techniques. The distinguishing features of these
problems include their compliexity, difficulties in modelling, and choice of several prossible
control topologies among others. A plasticating extrusion process was selected as a
particular example of this class of problem. A literature review revealed the difficulties
encountered for modelling and control of these processes.  Control schemes usually have
two elements.  The primary loop controls either temperature or pressure (or both) of the
melt at the die inlet. These parameters are related to extrudate quality. A second
consideration is control of the temperature profile of the extruder barrel wall. This profile

is important for product quality and safety reasons.

The performance of the ARMAX PFC and adaptive PFC regulators was tested for control
of the primary loop by simulatioa Comparison of the results against other adaptive
regulators applied to the same simulation models demonstrated their good operating
characteristics. Although die temperature and pressure control are distributed parameter
problems typical extruder construction reduces the control problem to a standard ‘point’
control objective.
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Barrel wall temperature profile control is a Distributed Actuator Control (DAC) problem.
This involves several choices and design decisions. Being spatially distributed and requiring
profile control, one issue is the number and location of measurement points. A similar
issue is the number and location of actuators to employ which has a considerable bearing
on the achievable profile. Decisions as to which actuators and sensors must be matched
and feedback topologies are also part of DAC. Constraints may exist due to typical
construction practice. The system will invariably be multivariable with current control
methods requiring ‘square’ systems (equal number of inputs and outputs). There is
motivation to consider reducing the number of actuators or to use more sensors. Predictive
control methods are desirable due to the large time constants and excessive time delays of
the process dynamics.

A multivariable control technique for non-square systems with more outputs than inputs was
proposed.  This has the flavouring of some current appraoches to intelligent control. In
global terms it is a two-level hierarchy that combines the benefits of single-loop or
multivariable predictive controller blocks (LBPC) used at the lowest level with a decision
logic block at the higher level to offset the degree of freedom deficiency. The decision
logic switches smoothly between the low-level controllers based on the computed actuator
signals. This Logic Based Strategy leads to smooth actuator control signals and pre-emptive
action before a problem would normally cause an alarm. Zone constraints may thus be set
at their maximum. The logic is a simple scalar comparison regardless of the order of the

plant. Single-input geometric analysis extends elegantly to the general ‘n’-input case.

LBS was demonstrated on academic multivariable examples. The correct operation and
advantages of the strategy was observed. Use of LBS for DAC was considered applied to
extruder barrel wall temperature profile control.  Within construction and control objective
constraints it was shown that successful profile control could be achieved with two actuators
and four temperature measurement points. Two single-input LBS blocks were used with
feedforward compensation employed to account for the effects of the other. LBS may be
utilised with any control law design in conjunction with the decision logic. It is preferable
though to use LBPC blocks in line with the intelligent control framework.

Several research possibilities exist as derivations of the work presented here. A more
detailed study of intelligent behaviour is desirable to produse a rigorous set of constraints
such that a detailed computational theory of intelligent control could be built. A more
complete set of necessary and sufficient conditions could then be proposed. This should
consider the hierarchical nature of intelligent control systems and refer to both high and low
levels. The nature of learning mechanisms at these levels should be investigated especially

with regard to the efficient integration of several levels.
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As previously mentioned, LBPC formulation presented here is a first approach to intelligent
control within the framework. A sub-optimal probing technique is used through recursive
least squares and certainty equivalence.  The wuse of dual control action, which applies
inputs with objectives to both regulate the process and probe it to acquire more information,
is preferable. Such action accounts for uncertainties in the online model used for prediction

and is more in line with intelligent behaviour.

Relatively few detailed theoretical analyses of the properties of predictive control have been
presented.  Although good performance was demonstrated in simulation, rigorous theoretical
analyses of adaptive predictive control is still required for stability and robustness proofs.

LPBC employs a self-compensator to account for disturbances of degree one or greater.
Most LRPC strategies designed around ARMAX models utilise the disturbance model
availalbe for this purpose. LBPC could be extended to operate in this fashion. Interesting

comparisons could then be made between the two approaches to disturbance compensation.

Further work is required to assess possible application areas suitable for intelligent control
and requiring the characteristics inherent in the use of such a strategy. Further extensions
to the theory of DAC would be welcome. Possibilities include the development of a CAD
package to automate or provide help in the design stages of DAC. General theories of
how to combine outputs with actuators would also be beneficial, especially with regard to

optimal positioning and numbers of actuators and sensors.

Behavioural learning theories used to develope the framework have also been applied in
learning automata and in neural network research. The Associative Search Network is a
good example. It would be interesting to investigate the relationship between these topics.
Use of learning theories could also find successful application as learning rales in fuzzy
logic controllers or in expert systems.

Intelligent control is a relatively new and immature field of research and will undoubtedly
undergo many changes and modifications in the future. Future research and industrial needs
will further refine its definition. The work described here has identified the core principles
and presented a framework to allow future developments to proceed in a uniform and
creative fashion.
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