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SUMMARY

One of the major problem solving skills required of human supervisory controllers
concerns their ability to diagnose faults. Training for diagnostic problem solving is
currently either provided on-the-job or on simulators. While on-the-job training has many
problems, training on simulators alone is also inadequate. Many researchers feel that a

simulator coupled with an intelligent computer-based tutor can provide better training.

The concept of using computers as training aids is not new. But, research in intelligent
tutoring and training systems has traditionally focused on relatively simple tasks. Useful
results and techniques established through previous research have, therefore, not been
successfully applied to complex engineering systems. This research is aimed at
overcoming some of the difficulties in extending the applications of computer-based

training systems to complex engineering domains.

This research focuses on developing a methodology for decomposing, organizing and
representing domain knowledge of complex dynamic systems for building functional
computer-based intelligent tutors. In addition to developing a knowledge organization
methodology, the research proposes, implements and evaluates a coherent architecture for
constructing intelligent instructional systems. The results of the research demonstrate the

viability of using computers to train operators to troubleshoot large engineering systems.

xiv




CHAPTER 1

INTRODUCTION

Background: Diagnostic Problem Solving

In the operation of complex dynamic systems such as aircrafts and power plants, vast
quantities of information must be processed promptly to maintain desirable levels of
system performance. Various subsystems of a complex system generate a large amount of
information. This information about the system state must be combined with external
inputs from the environment and processed promptly. Even though computers and
automatic control systems are generally employed to process information in real time,
complete automation based on fully autonomous systems is not possible. Human presence
is still required to set high level system goals, monitor system states, and intervene and
compensate for problems that the automated control systems are unable to handle. Thus,
supervisory control of complex dynamic systems requires monitoring, planning and other
problem solving skills (Rasmussen, 1986; Woods, 1986; Wickens, 1984; Rouse, 1982;
Sheridan and Johannsen, 1976).

One of the major problem solving skills required of human supervisory controllers
concerns their ability to diagnose faults. Fault diagnosis usually involves the
identification of the primary cause of abnormal system behavior. It is the process of
identifying malfunctioning components by observing abnormal states of the system,
forming hypotheses about failure, and verifying each hypothesis by conducting diagnostic

tests.

The diagnostic problem solving task in modern engineering systems is often complicated
by the size, interactions and dynamics of the system. Size refers to the number of
components in the system. An increase in size increases the probability of failure in the
system and makes troubleshooting difficult by increasing the alternatives that can

explain the abnormal system behavior. Interaction between parts of the system makes




diagnosing faults difficult due to the increased information processing load on the
operator. In addition, the diagnostic process is complicated by the propagation of abnormal
system behavior. Therefore, timely intervention by the operator and appropriate actions

are necessary.

Successtul fault diagnosis in engineering systems depends upon the operator's use of
system knowledge at multiple levels of abstraction and detail (Rasmussen, 1985).
Efficiency in diagnostic problem solving is enhanced by timely compilation, integration
and organization of appropriate pieces of operational information about the components

and the system.

However, even when operators are familiar with the system operation, they are sometimes
unable to combine symptom information with mental resources concerning system
knowledge during troubleshooting (Govindaraj, 1988). Operators need to be trained to
overcome the problems related to cognitive aspects of diagnostic problem solving. An
operator training program that helps organize system knowledge and operational
information, including symptom-cause relationships, is therefore essential to ensure

competent performance.

Training for Diagnostic Problem Solving

Training for diagnostic problem solving is either provided on-the-job or on simulators
(Johnson, 1988; Kearsley, 1987; Goldstein, 1986; Naval Training Command, 1973; Bureau
of Naval Personnel, 1963). On-the-job training has many problems. First, it is usually
very expensive. Second, the consequences of an error can be catastrophic. Finally,
malfunctions occur infrequently and it may be undesirable or impossible to duplicate them
during training. Systems that can simulate a wide range of failure conditions offer a good
alternative training environment. However, simulators by themselves are unable to
provide appropriate help since they do not have the ability to evaluate a student's
misconceptions from observed actions. A simulator coupled with an intelligent computer-
based tutor may, however, improve training effectiveness. Such a combination of

simulator and tutor constitutes an intelligent tutoring system (ITS).

The concept of using computers as training aids is not new. But, research in intelligent

tutoring and training systems has traditionally focused on relatively simple tasks




concerned with imparting basic skills in mathematics, electricity, physics and computer
programming (Wenger, 1987; Sleeman and Brown, 1982). While these domains have been
useful for exploring research ideas, they are characterized by the absence of complex
interactions between subsystems that are present in most engineering domains. Because
of this inability to represent complexity, most ITS design principles have not been
successfully extended from simpler, less constrained domains to complex engineering
systems (Burns et al., 1991; Frasson et al., 1990; Psotka et al., 1988). A good part of this
inability to represent complexity stems from the lack of a methodology to decompose and

organize knowledge about large dynamic systems.

Research Objectives

Inspite of useful results and techniques established through previous ITS research, not
much progress has been made in applying the findings in a functional engineering
system. This research is aimed at overcoming some of the difficulties in extending the

application of computer-based training systems to complex engineering domains.

This research focuses on developing a methodology for decomposing, organizing and
representing domain knowledge of complex dynamic systems for building functional,
computer-based intelligent tutors. In addition to developing a knowledge organization
methodology, the research objectives include developing, implementing and evaluating a
coherent architecture for constructing intelligent instructional systems. The viability of
using computers to train operators to troubleshoot large engineering systems will be

demonstrated as a result of this research.

Proposed Methodology

The framework for knowledge decomposition and organization proposed here for
representing knowledge in intelligent tutors is based on an ITS architecture that separates
domain knowledge from pedagogical knowledge. This framework suggests the
decomposition of domain knowledge into system and task knowledge, and decomposition
of the pedagogical knowledge into knowledge to plan and execute the pedagogical functions

of the tutor that includes evaluation and rectification of misconceptions.




The proposed framework organizes system knowledge using a structure-function-
behavior model of the system and its components. It organizes task knowledge in a
manner that facilitates evaluation of student misconceptions. The organization of
pedagogical knowledge proposed by this framework facilitates planning of pedagogical
functions including inference of misconceptions and delivery of instructions using a

blackboard-like control architecture.

Scope

The application of the knowledge organization methodology and the intelligent tutoring
system architecture proposed in this research are limited to a class of complex domains
and tasks. It is important to recognize the salient characteristics of the domain and the
task that make them suitable for the knowledge decomposition and organization scheme of
the proposed framework. These salient characteristics of the domain and task are

described next to give some idea about the applicability and scope of this research.

Domain Characteristics

The methodology for decomposing, organizing and representing knowledge proposed in
this dissertation is suitable for engineering domains (e.g., power plants, aircrafts,
automobiles etc.) that are characterized by complexities such as size, high degree of .
interaction between subsystems and dynamics. In addition, these domains typically
exhibit slow response to changes in the control settings. Furthermore, these systems
seldom attain steady state. Even when steady state values are attained, it may take a long

time to do so.

Also, most control operations in such complex dynamic systems are automated and human
intervention becomes necessary only when the system exhibits abnormal behavior.
Malfunctioning components responsible for abnormal system behavior cause the
performance of the system to deteriorate progressively but seldom do they cause
catastrophic situations. However, effects of failure can propagate to many interconnected
portions of the system. Even components that are not physically connected to the failed
component may be affected. Therefore, even a single fault can lead to a catastrophic

situation due to cascading of failures.




Task Characteristics

Knowledge organization for intelligent tutoring proposed here is best suited for a
diagnostic problem solving task that supervisory controllers of complex dynamic systems
are often required to perform. The diagnostic task involves identification of a
malfunctioning component in the system that is responsible for observed abnormal system
behavior. In addition, the supervisory control task generally includes repair or
replacement of the faulty component as well. In this research, the emphasis is on the
identification of the failed component because it is a pre requisite for repair and

replacement.

There are several characteristics of the troubleshooting task considered in this research.
First, since the troubleshooting task involves identification of a failure that is usually not
catastrophic, the task is not severely constrained by time. Second, since the time constraint
is not severe, well defined mandatory procedures for identifying faults do not exist. Third,
due to dynamics of the system, the cause-effect associations are time dependent and
abnormal system states cannot be associated with specific failures without reference to a
point in time. Furthermore, since steady state conditions often do not even exist, it becomes
impossible to uniquely associate abnormal system behavior to specific faults. Therefore,
operators have to depend upon their ability to successfully prune various alternatives before
diagnosing the fault. Finally, limited availability of the gauges constrains the operators
from observing all abnormal system behaviors. Thus, effective utilization of diagnostic

information available is important for successful fault diagnosis.

Implementation

An important element of this research endeavor is the implementation of the proposed
knowledge organization methodology to develop an experimental instructional system.
The purpose of developing the instructional system was to validate the proposed ITS
architecture and to demonstrate the viability of using computers for training in diagnostic
problem solving. The domain of this experimental instructional system is a marine power
plant. The instructional system comprises of a simulator and a tutor. The simulator is
capable of simulating large number of failure situations and provides the training
environment. The task of the tutor is to improve the student's troubleshooting skills in

addition to providing practice and exposure to realistic situations. Knowledge
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organization based on structure-function-behavior is used for both the simulator and the

tutor.

Validation

Another important element of this research is the experiment that was conducted to
evaluate the proposed ITS architecture. The experiment involved comparing the
performance of subjects trained with and without the tutoring system. The experimental
results demonstrate that training on simulator alone is inadequate. However, a simulator
coupled with an intelligent computer-based tutor can enhance diagnostic problem solving
performance. The data also indicate that the strategies developed by those aided by the tutor
are different from those trained without the tutor. While the strategy used by those trained
by the simulator relies heavily on pattern matching to recognize familiar cause-effect
associations, the strategy developed by those trained with the tutor in more coherent and
involves formulation of hypotheses and systematic elimination of less likely alternatives
based on observed abnormal behavior. In addition, there is some evidence to suggest that

training received from the tutor is better transferred to unfamiliar situations.

Organization of Dissertation

The purpose of this chapter was to provide a synopsis of the diagnostic problem solving task
in complex dynamic domains, discuss the issues related to training human operators for
this task and present the research objectives. This chapter also provided an overview of the
research, its applicability and results. The remaining chapters of this dissertation

describe the different phases of the research activity in more detail.

Chapter II provides a review of the general architecture of intelligent instructional systems
for diagnostic problem solving in complex dynamic domains. The major constituents of
the ITS architecture are described. The problem in extending the existing ideas to a wider

spectrum of domains and the goals of current research are also discussed.

Chapter III proposes a methodology for organizing knowledge in intelligent tutors for
diagnostic problem solving in complex dynamic domains. An instructional system

architecture that uses this methodology is also described.




An implementation of the proposed instructional system architecture is described in
Chapter IV. Implementation details of an intelligent training system to train operators to

troubleshoot an oil-fired, steam propelled, marine power plant are described.

The student-tutor interface of the training system is described in Chapter V. Details of

interaction at the interface are also discussed.

An experiment to study the effectiveness of the training system is described in Chapter VI.

The purpose of this study was to validate the instructional system architecture.

The results of the experiment are presented in Chapter VII. Performance of subjects

trained with and without the tutoring system are compared.

Finally, a summary of the results of this research are presented in Chapter VIII. Some

recommendations for further research are also discussed.



CHAPTER 11

INTELLIGENT TUTORING IN COMPLEX SYSTEMS

Brief Review of Relevant Research

Although work on intelligent tutoring systems has been in progress for over two decades,
computer power and developments in ITS research have not been sufficiently harnessed
for application in complex, dynamic engineering domains. Sleeman and Brown (1982),
Wenger (1987), Psotka et al. (1988), Frasson et al. (1990) and Burns et al. (1991) provide
extensive surveys of existing intelligent tutoring systems of which only a few deal with
engineering domains. Some examples of these systems that have useful applications in an

operator training program are briefly discussed below.

SOPHIE (Brown et al., 1982) was perhaps one of the first applications of ITS in an
engineering domain. It was built to teach troubleshooting in electrical circuits. Work on
SOPHIE started in the 1970s and its development was carried out in three phases. In the
first phase, an electronic troubleshooting expert was developed that could critique student's
diagnostic problem solving performance on a simulator. In the second phase, the
capability of the expert troubleshooter was enhanced to solve arbitrary faults introduced by
the student. Finally, in the third phase, SOPHIE was equipped with a more powerful

reasoner.

Since SOPHIE, a great deal of progress has been made in computer-based training for
electronic troubleshooting. SHERLOCK" (Lajoie et al., 1990; Lesgold, 1990a; Lesgold,
1990b; Lesgold et al., in press), developed recently for a complex electronic troubleshooting
job in the Air Force, has a far richer representation of the work environment than
SOPHIE. It provides students with realistic means of practicing the task with context-

specific support and feedback. Instead of imposing a particular troubleshooting strategy it

* (includes the entire SHERLOCK family)




provides help that is relevant to the current performance of the students when an impasse is
reached. In addition, a model of the student’s competence and performance gives

SHERLOCK the capability to provide personalized instructions.

In domains such as power plants, ITS research on operator training has produced
STEAMER (Hollan et al., 1984), The Recovery Boiler Tutor (Woolf et al., 1986), and AHAB
(Fath, 1987; Fath et al., 1990). STEAMER does not teach any specific task. Instead, it uses
innovative graphical techniques to display the behavior of portions of the power plant.
STEAMER has neither means to evaluate the needs of the students nor can it provide help
upon request to improve the student's understanding of the power plant. Thus, it is not
really an intelligent tutoring system although it provides powerful graphical interfaces for

interactive inspection of simulated faults in steam power plants.

The Recovery Boiler Tutor simulates the thermal and chemical processes in the boiler unit
of a power plant. It has knowledge of boiler operating procedures for normal and
emergency situations. The tutor uses this knowledge to teach the steps involved in
controlling the situations arising from emergencies. The tutor also provides the students
with the facility to interact with the simulator and stop the boiler processes to engage in

activities needed to improve the understanding of the system.

AHAB addresses the complexities of a power plant such as size and interactions hetween
subsystems better than any other training system in its domain. Using a Discrete Control
Modeling methodology (Miller, 1985; Mitchell and Miller, 1986) to model the operator's
task, AHAB teaches symptomatic and topographic search strategies (Rasmussen, 1986) to
troubleshoot failures. It provides help to the student in the form of useful context-specific
symptomatic and topographic diagnostic tests and evaluates the performance of the student
based on deviations from the strategy prescribed by its task model.

Another complex domain that has been a target for computer-based training research is
aviation. Intelligent Maintenance Training System (IMTS) provides an interactive
environment for constructing domain-specific simulations and training scenarios
(Towne et al., 1988). It has been used to develop a maintenance training program for SH-3
Helicopter Bladefold System. The Helicopter Bladefold System is a moderately complex,
electrically controlled hydraulic system. The maintenance training program uses
Profile, a generic troubleshooting expert of IMTS, to aid operators improve their diagnostic

performance. The techniques for assessing and supporting the student's performance in




this training program, along with the ones used in SHERLOCK, are the most extensive

among all existing systems.

MACH-III (Massey et al., 1988) is yet another training system for a complex domain. It
will be used to train maintenance operators of HAWK radar systems to troubleshoot
complex electronic devices at tactical installations. It is claimed that this system uses
model-based qualitative reasoning techniques to generate explanations of normal and

faulty radar operations for use in training.

In the field of spacecraft ground control, GT-VITA (Georgia Tech Visual Inspectable Tutor
and Aid) being developed at the Center for Human-Machine Systems Research in Georgia
Tech is likely to have significant impact on the training program for satellite ground
control (Chu, 1991). GT-VITA teaches operations associated with ground control of satellite
missions. The tutor uses GT-POCC (Georgia Tech Payload Operations Control Center) a
real-time simulator of the domain as the training environment (Chu, 1991; Jones, 1991;
Chu et al,, 1991) and OFMspert's architecture (Rubin et al., 1987) to represent and interpret
operator actions. During training, the participation of the tutor in helping the student
understand the various operations and the task is progressively decreased as more actions

indicate that the student is acquiring the knowledge recessary to perform the task.

The purpose of this chapter is to review the architecture of these tutoring systems and
determine the reasons for a slow progress in the development of such applications. The rest
of this chapter is divided into three sections. In the first section, the major constituents of
the instructional system architecture are identified. In the second section, important
characteristics of each constituent are discussed. Finally, in the third section, reasons for

the slow development are outlined and an agenda for this research is presented.

General Architecture of ITS

In general, all intelligent tutering systems have a similar architecture. Figure 2.1
illustrates the major constituents of such a system. The basic ITS architecture is comprised
of an expert module, a student module and an instructional module. In addition, a
simulator provides the training environment. The expert module contains the domain
expertise which is also the knowledge to be taught to the student. The student module

contains a model of the student's current level of competence. The instructional module is
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designed to sequence instructions and tasks based on the information provided by the
expert and student models. Also, the interface used to communicate knowledge to the
student can be treated as a separate component of these systems. In the next section, each

constituent of the intelligent tutoring system is discussed in further detail.

Characteristics of the Constituents of an ITS

This section describes the five major constituents of an ITS: expert module, student
module, instructional module, the training environmert and the interface. For the expert,
student, and instructional modules, the discussion focuses on the knowledge represented
in each. For the training environment and the interface, the discussion focuses on their

importance in an ITS.

Expert Module

The expert module is the heart of the ITS and provides the domain intelligence and
expertise. The domain knowledge embodied in this module refers to the subject matter as it
relates to the task for which it will be used. It is not limited to procedures for executing the
task and includes material that provides the foundation and justification for the
application of procedures. Thus, domain knowledge is of two types: declarative and
procedural (Anderson, 1988; Charniak and McDermott, 1985; Winston, 1984; Rich, 1983;
and Nilsson, 1980). Whereas declarative knowledge refers to objects in the domain, facts
about them and their ianterrelationship, procedural knowledge refers to set of compiled

rules for executing the task.

Domain knowledge can be decomposed into system and task knowledge. System
knowledge concerns the knowledge about the structure, function and behavior of the system
and its components. Task knowledge includes procedures, facts, and some model of
causation that facilitates reasoning in operator tasks such as troubleshooting. Both system

and task knowledge can be declarative, procedural or both.

System knowledge is an essential component of the operator's domain knowledge. Even
though this knowledge by itself is inadequate to perform the troubleshooting task, it
enhances the troubleshooter's ability to solve problems. Therefore, representation of

system knowledge in an ITS must be explicit and the knowledge must be communicable to
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the students. It is not adequate to have a representation of the system knowledge that can be
applied to simulate the training environment but cannot be presented in a comprehensible
form to the student.

Likewise, the representation of task knowledge in an ITS must be explicit. In addition, this
representation should be human-like (Clancey, 1987). This is important not only because
the knowledge has to be communicated for comprehension by a human but also because this
type of representation is ideal for evaluating misconceptions in a student. If
misconceptions are to be inferred from student's actions, these actions should map to the

representation of the task in the expert module.

Furthermore, the deployment of task knowledge for the purpose of executing the task must
be separable and communicable to the students. When the knowledge representation is
such that it can generate the correct operator responses for a task without being able to
explain the computation of the responses, it is of little use for delivering instructions in an
ITS. On the other hand, when the representation of knowledge underlying the expertise is

articulate and inspectable by the student, it is more amenable to tutoring.

In most existing tutoring systems for complex domains, the domain knowledge is
represented in various forms. For instance, the expert module of SOPHIE (Brown and
Burton, 1975) does not have system knowledge represented in an explicit communicable
form. The task knowledge in SOPHIE was initially not even supported by any model of
causal reasoning and hence could not explain its diagnostic decisions that were computed
by solving mathematical equations. In that form, the expert module was of little help to the
instructional system. Later, however, the program was modified to contain a more

articulate expert that could also explain its diagnostic behavior (Brown et al., 1986).

STEAMER, the interactive simulation-based tutor for propulsion engineering, has system
knowledge expressed as mathematical models of processes in the steam power plant. These
models can simulate the behavior of the system for various settings of control devices.
Manipulation of these control devices is done through an interactive interface. The student
is expected to learn the operation of the power plant by merely observing the changes in the
system behavior for varied control settings. Although a powerful graphical interface is
expected to enhance this learning process, the training system is incapable of explaining
the computation of simulated system behavior to aid the student understand the process
better.
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The Recovery Boiler Tutor that teaches boiler processes does not support an explicit expert
module. Instead, it has a knowledge base of emergencies and operating conditions
expressed as scenarios. The system knowledge is based on mathematically accurate
formulation of boiler processes that do not represent the mental model that the student is

expected to develop.

Profile, the expert in IMTS, is based on a generic model of diagnostic task. It contains
generalized troubleshooting rules rather than domain specific data. The domain specific
data such as the list of essential context-specific diagnostic tests must be supplied by a
human expert. Using the list of essential tests, Profile can generate useful symptom-cause
data and failure hypotheses. Due to the vast amount of data generated and a large number
of alternatives explored, the performance of Profile is often inefficient. Still, Profile is
perhaps the only expert module that has been used to provide diagnostic support in the

maintenance of many similar systems.

The expert modules of AHAB and SHERLOCK also do not have system knowledge
represented in explicit communicable form. However, they do have rigorous models of the
troubleshooting task for their respective domains. Unlike IMTS, the task models are
extremely domain-specific. They use context-specific knowledge to quickly narrow the
problem space to a manageable number of possible malfunctions that may be responsible

for the abnormal system behavior.

Thus, in most instructional systems in which the system knowledge is represented, it is
expressed in a mathematical form. While this type of representation is suitable for
computing the system states, it is not necessarily suitable for helping students build
appronriate mental models of the processes in a complex system. An alternative
representation is required that goes beyond the non-causal framework of mathematical
equations and helps the students to understand the structure, function and behavior of the

system and its components.

Similarly, alternative methods of representing task knowledge are desirable. Task
knowledge, when expressed as procedures, overly constrains the activities of the student
and forces the training systems to impose a single troubleshooting strategy on the student.
This results in ineffective training, particularly for non-procedural troubleshooting tasks

that cannot be learned by rote alone. For such tasks, the tutor needs a representation of the
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task that can help evaluate the relevance or importance of a diagnostic test at any instant.
Using such a representation, the tutor can emphasize the effective utilization of diagnostic

data instead of imposing a normative strategy when none exists.

Student Module

A student module in an ITS maintains a model of the student's current understanding of
the domain. The student model is used to evaluate the student's need and help the
instructional module in preparing appropriate individualized instructions. It stores
actions taken by the student and has some means of representing the student’'s knowledge
derived from recorded actions. Representation of data in such a student model must
facilitate its comparison with the expert model of the task to enable evaluation of

misconceptions in the student.

A variety of student modeling techniques have been used in tutoring systems. Most of these
techniques fall under two categories depending upon the type of student model they use;

overlay models and buggy models.

Overlay models consider the student knowledge as a subset of expert knowledge. Any
missing or incorrect student knowledge is identified by overlay models but no explanation
is provided for these inadequacies. GUTDON (Clancey, 1987), a tutor for diagnosing and

prescribing therapy for infectious diseases, uses an overlay model.

Buggy models, on the other hand, have knowledge about errors and can provide
explanations for incorrect behavior of the student. DEBUGGY (Burton, 1982), a program

that teaches multi-digit subtraction, uses such a model to explain causes of student errors.

Student modeling in ITSs for complex dynamic domains has been very limited. SOPHIE
has no student model. The student model in STEAMER merely records the engineering
principles demonstrated to the student. In The Recovery Boiler Tutor, the student model
only records the actions carried out by the student and identifies them as correct or

incorrect

IMTS and SHERLOCK have better and more extensive models of the student. They model
the student at multiple levels. They measure competence as well as performance of the

student using overlay models consisting of predetermined goals. For each of these goals,
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the level of capability of the student is recorded. In addition, IMTS maintains a fairly
elaborate representation of the student's conceptual model of the system which is a subset of

a normative model of an expert.

AHAB too has an overlay model and is supported by an additional buggy-type error model
of the student. The overlay model is derived from the structure of the task model. The task
knowledge of the student is evaluated by comparing the student's actions to the actions
prescribed by the task model. The error model categorizes incorrect student actions into
types of error that relate to inadequacies in the student's conceptual knowledge of the
troubleshooting task. Instructions are generated depending upon the inadequacies in the

student's conceptual knowledge as determined by the error model.

Instructional Module

The instructional module of an ITS is responsible for several activities. Its primary
function is to control the curriculum, that is, select the material to be presented and its form
of presentation. In addition, the instructional module evaluates student's misconceptions
based on observed actions. To achieve these objectives, the instructional module makes use
of pedagogical rules pertaining to presentation methods, query response and conditions for
tutorial intervention. It also incorporates an algorithm that facilitates comparison of
knowledge in the expert and student models and a framework for evaluating

misconceptions based on this comparison.

In general, the instructional module adds to the instructional system's ability to teach a
task that cannot be done efficiently by merely presenting problem situations on a
simulator. Instructional modules try to enhance learning by providing help to the students
in more than one way. Burton (1988) has categorized the various forms of help provided by
instructional modules as: help, assistance, empowering tools, reactive help, modeling,
coaching and tutoring. Help involves providing advice on request. Assistance is helping
by doing part of the task. Empowering tools aid learning by reifying the problem solving
process. Reactive help is responding to student’s action in a manner that extends the
understanding of the implications of actions. Modeling involves displaying how an expert
executes the task. Coaching involves providing suggestions without adapting to the needs
of the student. Tutoring is when the instructional module adapts to the individual needs of

the students.
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The form of help and the instructional strategies used by the instructional modules of most
ITSs depend upon the pedagogical philesophy adopted by the instructional system.
However, the strategies that have been effective in one domain may not necessarily be
equally effective in another. For instance, the instructional strategies that have been
successfully implemented in static domains are not applicable to dynamic systems
(Munro et al., 1985). The timing of feedback, for example, is much more important when
interacting with dynamic systems because the relevance of feedback is established with
respect to states of the system that are continuously changing in a dynamic environment.
When the feedback timing is incorrect, the instructions are less effective. In most
instructional systems, it is not easy to incorporate changes in instructional strategies.
Only RAPIDS (Towne et al., 1990), an authoring tool for planning instructions, facilitates

building systems with instructional strategies amenable to quick changes.

Existing ITSs for training in complex domains have a loosely structured instructional
module that serves its limited purpose in specific domains. These instructional systems
make a feeble attempt at incorporating an instructional module that controls the
curriculum and evaluates misconceptions. Most of these systems merely depend upon the
knowledge in the expert module for teaching purposes without adapting to the individual
needs of the student. Although this is an active area for research, evidence of
implementation of research results or their effectiveness is hardly visible in the existing

systems for training in complex dynamic domains.

Training Simulator

In complex real world systems, it is often impossible to generate situations merely for the
purpose of training. Therefore, inspite of being costly and labor extensive, simulators
provide the only practical alternative for any training program. Although simulators
have, in the past, been used alone to provide instructions (Towne, 1986), these simulators by
themselves lack the ability to evaluate student misconceptions. However, these simulators
are an important part of any training program and, when coupled with computer-based

tutors, enhance the effectiveness of an instructional system.

Simulator-based training, as opposed to text book learning, is more effective as it
encourages students to explore and rapidly gather experience that cannot possibly be
acquired otherwise (Sleeman and Brown, 1982). Simulation-based training is all the more

useful for dynamic systems. It allows the student to learn by observing the effects of control
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actions without the fear of safety hazards. It also allows the student to visualize the effects of

failure propagation due to system dynamics.

However, not all training systems in dynamic domains actually simulate system
dynamics. In some domains such as electronics, a troubleshooting task rarely involves
investigation of transient behavior of the circuit. Steady state values are sufficient to
diagnose the fault. For such domains, system dynamics may not be important. Therefore,

training systems like SOPHIE and SHERLOCK can do without a dynamic simulator.

In domains where transient system behavior has a large amount of diagnostic
information or where sometimes steady state may not even exist, real-time system
dynamics cannot, however, be ignored. While this is true of most mechanical systems,
most training systems including the Helicopter Bladefold maintenance training system
built with IMTS, ignore real-time system dynamics. In the bladefold maintenance
training system, the states of the simulated system attain a steady state value soon after the
introduction of a malfunction. Although the state changes that occur over time in response
to student actions are appropriately modeled and incorporated, the real-time dynamics is

not faithfully represented.

In contrast to the systems discussed above, PEQUOD, the marine power plant simulator of
AHAB, models the transient behavior of the malfunctioning power plant although it does
not allow the controls of the system to be manipulated by the student. Hence, changes over

time in response to student actions are not modeled.

Interface

A good interface makes the knowledge of the tutor transparent to the student and helps the
student understand the complex structure, function, and behavior of the controlled system.
In addition, a well desizned interface addresses the external-internal task mapping
problem (Moran, 1983) and establishes a semantic link between the actions relevant to the
task in the domain and the actions to be taken at the interface (Miller, 1988).

Among the training systems for complex dynamic systems, STEAMER has best utilized

the power of graphics and icons. Using interactive graphical interface, iconic

representations and flow animation, STEAMER demonstrates the functioning of a
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simulated power plant and various properties of its operation unlike any other system of its
kind.

IMTS and SHERLOCK both use direct manipulation interfaces where all student actions
involve selecting an item and clicking on it using a mouse. In both these systems there is a
good mapping between the actions taken at the interface and the actions relevant to the task
in the domain. Objects that are manipulable by the operator in the domain are also

manipulable at the interface.

AHAB too has a direct manipulation user interface. However, unlike IMTS and
SHERLOCK, no control devices can be manipulated by the student. The student uses direct
manipulation techniques to switch between screens and pick components to investigate its

gauges.

This concludes a discussion of the five major constituents of an instructional system for i
training operators of complex dynamic systems. The next section describes the difficulties
associated with extending and implementing ideas from existing systems to a wider

range of complex domains. It also sets the agenda for the research.

Problems and Research Objective

Why the Slow Progress?

From the review of existing systers it is clear that despite the fact that all ITSs share a
more or less common structure, implementing a computer-based training program for
operators of complex real-world systems continues to remain a complicated exercise.
Clearly, something more than the top-level modular architecture or the underlying
computational machinery appears to be responsible for the slow pace of progress. Two
reasons for the slow progress in implementation of computer-based training programs can
be identified.

The first recson is the lack of appropriate simulation techniques. Intelligent training
systems need a domain simulator of at least moderate levels of dynamic, structural and
temporal fidelity (Su, 1985). For most real-world systems, due to their shear size and

complexity of processes and interactions involved, developing such a training
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environment is a tedious task. In the absence of an appropriate tool that supports rapid
construction of these training environments, the task of building large simulators is made
even more difficult. Moreover, constructing simulators for large systems using
conventional modeling techniques is computationally expensive. For an ITS which must
conserve its computational resources for the tutor rather than consume it on the simulator,

computer power is of extreme importance.

Shortage of computational resources, however, is not likely to be a problem in the future due
to the rapid pace of advances in computer technology. There is still a need to explore
simulation techniques that can be used for rapid construction of training environments for
instructional systems. If, in addition, the simulation technique can also be employed to
develop simulators which require moderate amount of computational power and yet exhibit
the fidelity suitable for the training program, it will surely enhance the development of

training systems.

The second reason for the slow progress in developing training systems in engineering
domains is the volume of knowledge and its organization. Knowledge in the tutoring
systems needs multiple representation at various levels of detail and abstraction. For most
real-world systems, this makes the volume of knowledge to be represented overwhelming.

Furthermore, this knowledge is interrelated and tightly coupled.

While representing huge volume of knowledge is a problem, the complexity does not
necessarily stem from a lack of knowledge representation methods. Recent advances in
object-oriented programming techniques have provided efficient and economical ways to
store knowledge. They have made knowledge representation for large complex systems in

an ITS relatively less tedious and computationally inexpensive.

But, as knowledge is decomposed for efficient representation, there is concern about the
level of detail that is necessary and adequate for achieving the pedagogical goals.
Moreover, since the knowledge to be represented in the instructional system is highly
interrelated, it cannot be stored as isolated modules. Knowledge must be integrated into
proper contexts and mental models that can be easily recognized and comprehended.
Inability to achieve this knowledge integration is precisely what is lacking in the ITS
technology. A framework that can help integrate the large volume of knowledge associated

with the safe operation of real-world systems is, therefore, needed.




The effectiveness of the existing training programs has also suffered due to a lack of
technology supporting the development of interactive interfaces. However, advances in
graphics, animation and direct manipulation interface designs in recent years have now
made it possible to develop creative interface ideas on various computational platforms.
These technologies need to be explored further to improve the methods of knowledge

communication between a computer-based tutor and a student.

Research Agenda

The issues raised in the preceding section open up several avenues for further research in
the field of intelligent tutoring systems. The research being reported here endeavors to
address some of the issues and seeks to reduce the difficulties associated with the

construction of intelligent t* wning systems.

The objective of thi< iesearch is to reinforce the technology of developing instructional
systems for surervisory controllers of complex systems with appropriate tools.
Specificallv, the research focuses on developing a methodology for decomposing,
organizing and representing system and task knowledge of a large complex dynamic

system.

The research has four goals. The first goal is to identify a suitable modeling technique for
building simulators of moderate fidelity for training programs. The second goal is to
propose a methodology for organizing knowledge of complex dynamic systems for use in
intelligent instructional systems. The third goal is to implement the proposed methodology
in a coherent ITS architecture to develop a training program for operators of complex
dynamic systems. The final goal is to experimentally demonstrate the effectiveness of the

instructional system developed through the proposed architecture.

Although this research is by no means aimed at solving all the issues associated with ITS
research, it is directed at bridging the gap between theory and implementation. This
research provides a pragmatic approach for extending the applications of ITS to real-world
systems. It is expected that the results of this research will stimulate development of better

training programs for supervisory controllers of realistic, complex dynamic systems.




CHAPTER III

SIMULATION AND KNOWLEDGE ORGANIZATION METHODOLOGIES
FOR
INTELLIGENT TUTORS IN COMPLEX DYNAMIC DOMAINS

Review of Research Goals

Successful applications of intelligent tutors for training in the domain of complex
eng'reering systems are scarce. Two possible reasons for their limited applications were
identified in Chapter II. One was the lack of a simulation methodnlogy that prevented
developers from rapidly constructing simulators of desired fidelity with minimum
computational power. The other was the lack of a principled way of organizing the huge
volume of interrelated knowledge into a coherent, feasible architecture for instructional
systems. If more applications of intelligent tutoring systems are to be developed in
engineering domains it would help to explore new simulation techniques and develop a
methodology for organizing knowledge in them. Characteristics of the simulation
technique and knowledge organization that will help the cause of improving the status of

ITS technology are briefly discussed next.

Simulation of Complex Dynamic Systems

Rapid prototyping of a large scale dynamic simulator for training systems is extremely
important. IMTS (Towne et al., 1988) is one of the few systems that provides simulation
tools for constructing large scale simulators of complex systems quickly for training
purposes. It maintains a library of graphical objects created with the help of an editor. The
same editor is also used to specify the object behavior. Equipment specific simulations are
built by interactively assembling the graphical objects. During simuiation, the system
states are computed using the behavioral knowledge of the objects and their graphical

connections.




However, the simulation methodology adopted in IMTS does not capture ths real-time
dynamics of the simulated system. It uses only the steady state values to describe the state
of the dynamic system. Steady state values are adequate for most operator tasks including
diagnosing faults in many complex domains. However, transient state values are
necessary in other real-world domains such as a power plant, where a steady state may not
exist or where troubleshooting for faults begins well before the system attains a steady
state. Thus, simulators for such domains must incorporate knowledge of the system’s
structure, function, and behavior in a manner that facilitates evolution of system states
with time. Furthermore, this knowledge must be available at multiple levels of abstraction
so that the evolution and propagation of system states across interacting subsystems can be
described to the student.

A methodology that facilitates the simulation of large complex dynamic systems with
reduced computational effort is described in this chapter. This methodology is currently
not supported by an interactive user interface that can help build simulations rapidly.
However, in conjunction with an IMTS-like interactive interface, it can serve as a useful

tool for building dynamic simulators.

Knowledge Organization in Intelligent Tutors

Besides the simulator and the knowledge of system dynamics, what really makes the
training system intelligent is the organization of knowledze. Absence of systematic
organization of knowledge adversely affects the effectiveness of a computer-based tutor. In
an effective ITS, the domain knowledge must be separated from teaching knowledge and
made explicit. Having explicit domain knowledge makes it easily accessible and
communicable to the student. Separation of knowledge also makes it possible for the tutor to
present the domain knowledge in more than one way. This allows an ITS to function with

more flexibility and present instructional material in different styles.

For a large, complex, dynamic, real-world system, the problems related to the knowledge
and its representation in an instructional system are two-fold. First, the volume of
knowledge is enormous. Second, its organization is critical for the success of the
instructional system. Both the type and organization of knowledge in an instructional
system also varies with the distribution of teaching and learning responsibility between
the student and the tutor (Rickel, 1989). Tutors that attempt to maintain a balance of control

between the student and the tutor (i.e., mixed-initiative tutors) have the largest amount of
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structured knowledge as compared to tutor-dominated traditional computer-aided
instructional programs or student-dominated discovery learning environments

(Sleeman and Brown, 1982; Wenger, 1987; Psotka et al., 1988).

Thus, a consistent knowledge organization methodology cannot only increase the pace of
progress by cutting down on the development time but also ensure effectiveness of the

instructional system.

This chapter describes a knowledge organization methodology that can be used to develop
effective intelligent tutoring systems to train operators of engineering systems. Details of
the methodology are presented with reference to an ITS architecture proposed for

developing intelligent instructional systems for complex dynamic systems.

An Architecture

This section describes an ITS architecture. Figure 3.1 illustrates the major components of
the instructional system. Together with the simulator and an interactive interface, the
three components of the tutor (i.e., the expert, student, and instructional modules) comprise
the architecture for the instructional system. The instructional system has three major
requirements: (1) a domain simulator; (2) organization of knowledge that supports the
functions of the three major elements of the tutoring system; and (3) an interactive student-

tutor interface.

A complete description of the architecture is provided in the next three sections. The first
section is a discussion of a simulation methodology suited for developing simulator-based
training systems. The second section provides a methodology for decomposing and
systematically organizing knowledge concerning complex dynamic systems. The
framework proposed by this methodology can be used to decompose knowledge into smaller
and easily comprehensible units for use in instructional systems. The third section is a

discussion of interactive interfaces and student-tutor interaction.
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Figure 3.1 Major Components of Instructional System




Simulation Via Qualitative Approximation

In this section, a qualitative approximation methodology for the design of moderate fidelity
simulators is described. Basic principles of this methodology were developed by
Govindaraj (1987).

In simulators using qualitative approximation, the system states are represented by
qualitative measures such as "pressure low" and "flow rate has been steadily
decreasing”. Exact numerical values are not used. The qualitative state representation
aids the human operator involved in troubleshooting by eliminating the need to compare
observed state values to nominal values. Also, large systems can be simulated with a

moderate amount of computational power due to reduced computational requirements.

The simulator design methodology is based on a hierarchical description of the system.
System components are grouped into a number of subsystems based on their function. For
instance, an oil-fired steam power plant on a ship is comprised of the following primary
subsystems: fuel oil, feed water, steam, lube oil, and control air. Some components might
belong to more than one subsystem. For example, the condenser is part of the feed water
subsystem as well as the steam subsystem. Components are classified into a number of
generic types, which are then broken down into a small number of primitives. A condenser
as well as an economizer, therefore, can be classified as heat-exchangers. This is a rather
simple arrangement or design of the hierarchy based on the physical nature of components

that form the system.

The primitives form the basic units in qualitative approximation. The primitives are the
simplest form of components performing a single operation or a function, e.g., providing a
path for some fluid in the case of a conduit. Primitives defined in this methodology
include: conduit, source, sink, heat exchanger, and resistor. A component such as a
condenser can be broken down into two sets of sources and sinks, gains and conduits, and
a transfer agent. These hierarchical descriptions follow the natural arrangements of

various components and subsystems in the real system.

The most significant part of the modeling process in simulator design is the qualitative
description of the state space. The states are represented as deviations from their nominal
values. This technique, commonly used in modeling dynamic systems, is called the

perturbation approach (Takahashi et al., 1972). The key difference from traditional
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applications, however, is that in the simulator design methodology described here, the
perturbed states evolve using approximate functional representations rather than exact

representations of the primitives.

Each of the primitives has a structure and a set of parameter values. The function,
characterized by appropriate differential and algebraic equations, is the same for a
primitive regardless of the component which it represents. Behavior of the primitives are
based on approximate functional equations of system dynamics and parameter values.
The parameter values depend on the component of which a particular primitive is a part.
Parameters associated with the primitives of a component are tuned to maintain temporal

fidelity of state evolution.

System state is updated in a two-step process: during the first step, the states of individual
components are updated; during the second step, the updated states are propagated to
successor components. Numerical values corresponding to deviations from nominal
values are used to represent the states in the simulation. Since these numerical state values
are derived from functionally approximate system equations, they represent system states
only qualitatively. The state values are transformed into qualitative descriptions, e.g.,

pressure low and level high, before presenting them to the operator.

An approximate, qualitative representation of system states enables the simulator built
through this technique to maintain cognitive compatibility with trainees. This is because
the system states computed using qualitative approximation are similar to state
descriptions used by the human (Govindaraj, 1988). Humans often use qualitative
descriptions of system states, e.g., pressure is low and temperature is fluctuating, rather
than specific values, e.g., the pressure is 1150 psi. Therefore, in training simulators, there
is no need for precise numerical state description. Although the simulation evolves
qualitatively, temporal fidelity is maintained since the sequence of state changes that

occurs as a result of an event is the same as it would be in a real system.




Knowledge Organization

Operators of complex dynamic systems, in which interdependent subsystems have some
level of autonomy, must be familiar with operational principles of different types of
system, e.g., thermodynamics and heat transfer for the fuel system, or electrical
characteristics for a turbogenerator. In addition, the operator must know the nominal
values of the state variables and parameters. Problem solving and compensation for
failures require processing of information from various subsystems using efficient
troubleshooting strategies. Therefore, an intelligent tutoring system must be capable of
organizing and presenting knowledge about the system and the troubleshooting task at

several levels of granularity or detail.

Successful implementation of an intelligent tutor for diagnostic problem solving in
complex dynamic domains depends upon the availability of (1) a large amount of system
knowledge organized to facilitate evolution of system states with time, (2) troubleshooting
task knowledge, (3) knowledge to infer a student's possible misconceptions from observed

actions, and (4) pedagogical knowledge to realize the tutoring objectives.

The system knowledge and the troubleshooting strategies constitute an expert model of the
operator's task. It must be organized in a manner that is easily accessible and

communicable to the student. The instructional module uses this model to train students to
use proper diagnostic problem solving strategies. Knowledge of student's actions can help
the instructional module to infer possible misconceptions. Finally, knowledge of tutoring

goals and how they are to be realized guides the instruction and its communication.

The remaining portions of this section describe the framework for decomposing and
organizing knowledge for a computer-based diagnostic problem solving tutor in complex
dynamic domains. Figure 3.2 summarizes the components of knowledge identified by this

framework. Each knowledge constituent is described in detail next.



Summary of Knowledge Components

Domain:

Schematics Structural knowledge

Functional .
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Failure modes
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knowledge Schemas of specific failures
(experiential knowledge)
Pedagogical:
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misconceptions infer misconceptions from evaluated actions

to rectify inferred Content

Instructional misconceptions
knowledge Form

to provide help
Time and duration

Figure 3.2 Summary of Knowledge Components




System Knowledge

Successful fault diagnosis in complex dynamic domains is aided by multiple
representations of the system's functional properties (Rasmussen 1986). The expert in a
tutor for a diagnostic problem solving task must therefore have access to multiple
representations of the system knowledge. Schematics, functional subsystems and fluid
paths are three possible means of representing the system knowledge. A schematic is a
pictorial representation of the components in the system. Schematics often graphically
represent subsystems and fluid paths in a system. A functional subsystem is a collection
of components responsible for performing a higher level system function and fluid paths
help in visualizing the system in terms of different fluids that flow through the system.
Thus, the three representations of the system knowledge are complementary rather than
mutually exclusive. A detailed description of system knowledge decomposition into

schematics, functional subsystems and fluid paths is provided next.

Schematics

A schematic presents a view into the structure of the system. Typically, a schematic shows
the sequence in which certain components and the gauges appear in a real system. It is also
a structure that reveals the logical proximity of two physically unconnected components
such as the burner and the stack in a combustion unit. A configuration of all components
either responsible for a higher level function or sharing a common fluid is yet another

example of a schematic.

In diagnostic problem solving tasks on a simulator, schematics are typically used to view
the configuration of components and gauges. Scanning through the various schematics
permits an operator to visualize the sequence of system processes as they occur in the
system. In a steam power plant, for example, the schematics may display the stages of
power generation in a sequence starting with the combustion of fuel, followed by steam
generation, steam condensation and preheating of condensed steam for re-use in a closed
loop water circuit. A collection of schematics provides a convenient interface between the
simulated system and the operator. The operator's interaction with the system during a
troubleshooting task involves probing gauge readings in the suspected areas of failure

through schematics.




Grouping of components in schematics for a tutoring system depends upon some other
factors such as frequency of interaction and level of dependency. There are portions of a
system that commonly interact with each other. For instance, in a power plant, the
performance of steam generation unit is affected by the performance of the combusticn
unit. Hence, the steam generation unit and the combustion unit are displayed in a single
schematic. There are parts of a system which do not significantly affect other portions of
the system and thus are viewed in isolation. For example, problems related to lubrication
are usually confined to lube oil path and rarely affect other fluid paths, unless left
unattended for a long time. Finally, there are some failures in a system that occur more
frequently than others. Components and gauges required for investigating such failures

are confined, as far as possible, to a single schematic.

Functional subsystems

Functional subsystems are collections of components responsible for achieving specific
higher level system functions. There are several higher level system functions that
collectively contribute to the system goals. For instance, in a marine power plant, the
functions are combustion, steam generation, power generation, steam condensation, feed
water preheating, auxiliary steam use, saltwater service, lubrication and control air

distribution.

A functional subsystem is described by information related to (1) fluid paths passing
through the subsystem; (2) components through which a given fluid flows; (3) the order in
which the components and gauges appear in each fluid path; (4) the connected subsystem on

either side of the fluid path; and (5) the schematic in which the subsystem may be found.

Fluid paths

In decomposing a system by fluid paths, all comporients on the same fluid path are
represented in a group. Additional system knowledge based on fluid paths consists of (1)
schematics in which the fluid is found, and (2) the subsystems through which the fluid
flows. Examples of fluid paths in steam power plants are combustion air, fuel oil, flue gas,
superheated steam, desuperheated steam, feed water, condensate, main condenser hot

fluid, main condenser cold fluid, saltwater, lube oil and control air.




Componeits

Each of the three system representations described above involves mechanical components
and gauges. The lowest level of system knowledge description is hence at the component
level. System knowledge at the component level has three attributes: structure, function

and behavior.

A component's structure, for the most part, refers to its connections to other components on
the input and output side, the fluids carried by it, the gauges attached to it, and its
association to a schematic or a functional subsystem. Structural changes in the
components are usually responsible for abnormal behavior of the system. Therefore, the
component level structural description for the failed and normal modes of a component are
different. Functional knowledge about a component is its intended use in the system and
its contribution to the higher level functions of the system. Behavioral knowledge of a
component concerns its states. Since the behavior of a component is different under
normal and failed modes, the behavioral knowledge, like the structural knowledge, is

different for the two modes.

Together, the structural, functional and behavioral knowledge of a system and its
components form an essential part of the expert's knowledge. Structural, functional and

behavioral knowledge are discussed below.

Structural Knowledge

Most of the structural information for components is the same in normal and failed states.
The structural information that remains invariant after a failure includes its
connectivity relationship to other components, the fluids flowing through it, and its
association to a particular subsystem and schematic. When a component fails, some
structural information changes. For example, a valve with its control set to the open
position but its blade stuck in the closed position represents a structural change for a valve
when it is blocked shut. Such structural changes for failed components will be discussed

later as a part of "Troubleshooting knowledge".




Functional Knowledge

Functional information defines the purpose or role of a component in the system.
Functional knowledge of a component depends upon its structure. For example, a pipe in
the system may be modeled as a conduit, where the function of a conduit is to transport
moving fluid from one of its ends to another. In an approximate representation, where
friction may be ignored, it is reasonable to define the function of the conduit in the manner

described above.

In general, a number of primitive function types, like the conduit, can be identified for a
system. All the components of the system can be categorized as instances of one of the
primitive types. For continuous systems, examples of primitives based on functions
include sink, source, source-sink, gain, controller, reactor, transducer, heat-exchanger

and phase-changer.

Behavioral Knowledge

Normal and failed modes of a component affect the system differently. The manner in
which the system state values are affected by the presence of a component, in both the

normal and the failed states, constitutes the component's behavioral knowledge.

Normal behavior of components is responsible for normal state values during system
operation. For example, normal behavior of the main condenser is responsible for a lower
outlet temperature of the hot medium as compared to its inlet temperature. As the hot
medium moves from inlet to outlet it undergoes a phase change from gas to liquid. The
same normal behavior of the main condenser is also responsible for a corresponding
increase in temperature of the cold medium as it flows from its inlet to outlet port. Behavior
of all components can be explained by the laws of science, e.g., the law of conservation of

energy explains the normal behavior described here.

Abnormal behavior describes the manner in which certain state values are affected by a
failure in the component. For tutoring, the behavioral information for a failed component
includes contextual information about specific gauges affected by the failure. The
explanations for the abnormal gauge readings in terms of cause-effect relationships also
form a part of the component’s behavioral knowledge represented in the tutor. Further

details of behavioral knowledge of failed components are discussed in the next section.
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System knowledge, although essential, is not sufficient for the troubleshooting task.
Troubleshooting knowledge discussed next includes more than the operational knowledge

of the system and its components.

Troubleshooting knowledge

Troubleshooting knowledge combines system knowledge and diagnostic strategies.
Troubleshooting knowledge includes general knowledge of the types of failures in the
system, detailed information on certain common failures, and cause-effect associations
for familiar failures. The nature of this diagnostic problem solving knowledge is

described here.

A mechanical component in a physical system such as a steam power plant can fail in
more than one way. There are four common modes of failure in components: (a) blocked-
shut, (b) stuck-open, (¢) leak-in, and (d) leak-out (Fath et al., 1989). Faults in components
fit one or more of these four mode types. Not all components, however, fail in all four
different ways. Some components have multiple faults that fit the same failure mode
category. For example, a clogged valve or a valve stuck in closed position are two different

ways in which the valve may be blocked-shut.

Each failure mode exhibits a typical system behavior (Fath, 1987; Fath et al., 1990). The
typicality of such behavior provides useful diagnostic information. If the system behavior
suggests a particular mode of failure, then the list of suspected components can be reduced
to those that fail in that particular mode.

The typical system behavior may depend upon the phase of the fluid in the affected path. A
blocked-shut mode of failure in a liquid path, for example, causes the liquid level
downstream to be lower than normal and the level upstream higher than normal. A
similar blocked-shut failure in a gas path, on the other hand, decreases the downstream
gas pressure and increases the upstream pressure. In any case, system behavior
associated with each mode is manifested in the form of a typical pattern of abnormal state
values. Patterns of such abnormal state values can be determined by the application of the
laws of physics and thermodynamics, and recognizing these patterns of abnormalities

during fault diagnosis often helps to identify the type of failure in the system.




System behavior associated with failure mode sometimes deviates from the expected
abnormal behavior (Fath, 1987; Fath et al., 1990). The way in which the system components
are configured is often responsible for such a deviation. For instance, a source-sink such
as a deaerating feed tank located downstream in the blocked-shut feed water path may
prevent further propagation of low feed water level. The deaerating feed tank imposes such
a behavior on the system because it is an "infinite” source of feed water which can at least
temporarily compensate for any loss in the water level. The expected abnormal behavior
associated with a mode of failure may therefore be confined to the vicinity of the failed
component. Furthermore, with the limited availability of gauges around the failed
component, the abnormal behavior may not be observable. Knowledge of such deviations

from the norm is essential for correct identification of the type of failure in the system.

Even when the failure mode is recognized from the system behavior, it may not be very
useful. An expert needs more than just the knowledge about modes of failure and their
associated system behavior. However, when the expert's troubleshooting knowledge also
includes information on all possible modes of failure for each component, it can be helpful

in at least reducing the list of suspected components.

Finally, to isolate the failed from the suspected components and to diagnose the fault,
additional information such as the gauges affected by the failure and causal relationship
between abnormal system states for every fault is required. Knowledge of the affected
gauges and the system states for the individual faults can provide the verification of the

final diagnosis.

There are other elements of the troubleshooting knowledge, accumulated through
experience, that make fault diagnosis in a large complex system time efficient
(Govindaraj and Su, 1988). This experiential knowledge, based on prior cases of solved
and unsolved problems encountered by the operator, is usually responsible for the
formation and rapid refinement of an initial set of hypotheses of either suspected

components, subsystems, or fluid paths.

Experiential knowledge is activated by the observation of obvious and non-obvious (i.e.,
discovered only upon investigation) symptoms. In a complex dynamic system, the size of
the system and the effects of fault propagation make it impossible to uniquely associate a
symptom to a specific fault. However, in such systems, observable symptoms still help to

limit the search for the failed component to a specific location in the system. For example,
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the symptoms may indicate that a particular higher level function of the system has been
affected by the fault. This helps to confine the search for the failed component to
components comprising the subsystem responsible for the affected function. Symptoms
may further help to categorize the faults, for example, they may separate those related to
components with moving parts from those related to speed or load. Such a categorization of
failures further reduces the search space for a failed component. For example, a search
space generated by a set of all components with moving parts in the ccmbustion system of a
powcr plant is likely to be much smaller than the set of all components in the combustion

subsystem.

An operator's fault diagnosis task is also aided by inferences based on failure schemas
built through experience. These failure schemas are a part of experiential knowledge. The
schemas represent some of the familiar ways in which the system fails. A schema is
activated by a symptom and proposes a hypothesis or a partial solution to the diagnostic
problem. The partial solution may be a diagnostic test that either provides a conclusive
inference or activates another schema. For example, smoke in a boiler may activate a
schema that recommends checking for smoke color. Black smoke may then trigger an
incomplete-combustion schema while white smoke may trigger an excessive-air-in-the-
burner schema. An abnormal fuel temperature with black smoke in the boiler may prompt
the incomplete-combustion schema to specify desuperheated-steam or fuel path as the path

suspected of containing the fail