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Towards Integrated Process Supervision:
Current Status and Future Directions

Venkat Venkatasubramanian

Laboratory for Intelligent Process Systems, School of Chemical Engineering,
Purdue University, W. Lafayette, IN 47907, USA.

Abstract Process supervision deals with tasks that are executed to operate a process plant safely and
economically. These tasks can be classified as data acquisition, regulatory control, monitoring, data
reconciliation, fault diagnosis, supervisory control, scheduling and planning. While these operational tasks
may be intrinsically different from each other, they are, however, closely related and can not be treated in
isolation. Hence, there exists a clear need for an integrated framework so that the operational decision-making
can be made more comprehensively and effectively. While such an integrated approach is very compelling and
desirable, achieving it is no simple task as there are many challenges in realizing integration. In this paper, we
review these challenges and indentify the underlying issues which need to be addressed for achieving an
integrated approach to process supervision. We discuss the role of artificial intelligence in this context and
how it provides a problem-solving platform for integration. We also survey the current status of automated
approaches to operations and conclude with some thoughts on future directions.

Key Words. Artificial intelligence; Failure detection; Integrated plant control; Monitoring

1. INTRODUCTION

Integrated process supervision is the overall,
coordinated, management of different operational tasks
in a process plant. These operational tasks can be
hierarchically categorized as data acquisition,
regulatory control, monitoring, fault diagnosis,
supervisory control, scheduling and planning. The
lower level of the hierarchy involves layers that deal
with tasks such as data acquisition and regulatory
control. At the intermediate level, one has layers for
the tasks of monitoring, data reconciliation,
diagnosis, and supervisory control. At a higher level,
one has the layers that perform plant-wide
optimization, scheduling and planning of process
operations. At the lower level, the perspective is
local in character, like that of a regulatory controller
which is limited to implementing a functional
relationship (e.g. the control law) between the
manipulated and controlled variables. The
intermediate level is concerned with coordination
between units, unit optimization and monitoring of
production and operating constraints. It also performs
fault diagnosis and suggests recovery from these
malfunctions. At the higher level, the perspective is
more global in character, like that of planning of
process operations.

The overall problem of integrated process supervision
involves several subproblem areas that are related to
each other and can not really be treated as individual

problems in isolation. For example, low-level
events such as controller failure or some other
equipment malfunction, can have a significant
impact on the higher-level plans by calling for the
revision of planned schedules. Likewise, higher level
decisions have a serious impact on lower level
activities such as supervisory and regulatory control.
In the case of data reconciliation, traditionally one
does not consider parameter drifts and structural faults
as part of the problem. However, an integrated view
is necessary for reconciliation of measured data in the
presence of process faults. Thus, while these
operational tasks may be intrinsically different from
each other, they are, however, closely related to each
other and can not be treated as isolated tasks. Hence,
we need an approach wherein all these different tasks
can be integrated into a single unified framework and
so that the operational decision-making can be made
more comprehensively and more effectively.

Over the years, a variety of tools and techniques have
been developed to address these tasks. They include
process modeling and simulation techniques, large
scale linear and nonlinear optimization methods,
advanced model-based and knowledge-based process
control techniques, model-based data reconciliation
methods, and statistical, neural net-based and
knowledge-based fault detection and diagnosis
methods, While no single tool or technique can
solve the entire process supervision problem by
itself, the proliferation of disparate tools imposes
barriers to task integration by fragmenting system



implementation as well as the solution process.
Such fragmentation also impedes the understanding
of the results and complicates their communication
and implementation. This is one of the key
challenges towards integration.

While an integrated approach is very compelling and
desirable, achieving it is no simple task as there are
many challenges in realizing integration. The intent
of this survey paper is not so much to provide the
answers but to try to identify the key challenges
faced, the related fundamental issues, and review the
current status and the emerging trends. In this
perspective, we will also examine the role of
artificial intelligence in integration. Since the scope
of this exercise is very broad, we will mainly focus
our discussion on the integration of low-level and
intermediate-level tasks, namely, the tasks of
regulatory control, data reconciliation, monitoring,
diagnosis, and supervisory control in this paper.

2. PROBLEM SOLVING PARADIGMS IN
PROCESS SUPERVISION

The common problem-solving paradigms that
underlie integrated process supervision can be
categorized as pattern recognition and classification,
symbolic reasoning, and optimization. Many of the
taks in process supervision can be handled in
different ways. For example, process fault detection
can be treated as a statistical classification problem
where one tests a measurement against a null
hypothesis that the process is normal. Alternatively,
by considering a fault to be a parameter disturbance,
fault diagnosis can be treated as a parameter
estimation problem [Isermann, 1984]. Yet another
view is to treat fault diagnosis as a classification of
measurement data into fault groups using neural
networks. In addition, we also have qualitative
methods for fault diagnosis that use causal models of
the process to search for the source of abnormality.
This is a symbolic reasoning problem. Thus, the use
of quite different solution methodologies for the same
problem poses serious challenges towards integration.
Since this is a central issue in integration, a better
understanding of these problem solving paradigms in
terms of their domain of application, types of
problems that can be solved using these techniques,
advantages and disadvantages is essential. To this end,
a brief overview of these various problem-solving
paradigms is provided in this section.

2.1. Pattern classification approach:

Syntactic pattern recognition is concerned with
classifying symbolic information into a given set of
classes. The classification task may be guided by a
set of rules or grammar that defines the membership
relationships or mapping between the patterns and
the classes. Alternatively, one could specify this
guiding information by a causal model (e.g., in the
case of diagnosis) or in general by a set of
constraints. Statistical pattern classification, on the
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other hand, is concerned with classifying numeric
information into a given set of classes. Many
problems in process operations can be categorized
into one of these classification tasks. For example,
reasoning about the cause of an abnormality in a
process behavior can be considered as a syntactic or
statistical pattern classification problem:

* Classifying sensor measurements into one of the
fault classes. This is considered as a syntactic
classification problem when the reasoning is based
on causal models. It is statistical classification,
when the numeric values of the measurements are
used.

¢ Classifying temporal trends of sensor
measurements into one of the known classes. Time
series information of the sensors can be used directly
for statistical classification or an abstracted syntactic
representation of the measurements for symbolic
reasoning purposes.

¢ Data reconciliation can be posed as a statistical
classification problem where one tests a measurement
against a null hypothesis to detect any gross sensor
faults. In the absence of any gross errors, the data is
then rectified to reduce the effect of random noise.

* In modeling for control, composite models can be
developed by using classification. For example,
choosing the proper model to use can be decided based
on the operating regime the process is in and this can
be solved as a pattern classification problem.

2.2. Symbolic reasoning approach:

In symbolic reasoning, one often addresses three
different kinds of reasoning. They are abductive,
inductive and default reasonings. Abduction is the
generation of a hypothetical explanation (or cause) for
what has been observed. Unlike simple logical
deduction, we can get more than one answer in
abductive reasoning. Since there is no general way to
decide between alternatives, the best one can do is to
find a hypothesis that is most probable. Thus,
abduction can be thought of as reasoning where we
weigh the evidences in the presence of uncertainty.
Searching for the cause of an abnormality in a process
system is thus an abductive reasoning. In MODEX2
[Venkatasubramanian and Rich, 19887, a model based
expert system for fault diagnosis, abductive reasoning
is used to generate hypotheses for the sources of
faults. In addition, abduction also provides
explanations of how the cause could have resulted in
the abnormality observed. Such a facility is useful in
providing decision support to plant operators. Use of
proper knowledge representation technique matters a
great deal in determining the computational effort.
Model based reasoning allows for efficient bottom-up
abduction by suggesting proper rules to try out.
Efficiency of such bottom-up search in abduction is
considerable [Charniak and McDermott, 1984].



Early work in learning concentrated on systems for
pattern classification and game playing. Inductive
learning is the classification of a set of experiences
into categories or concepts. Inductive learning is
performed when one generalizes or specializes a
concept definition learned so that it includes all
experiences that belong to the concept and exclude
those that do not. The clear definition of a concept or
category is rarely simple because of the great variety
of experiences and uncertainty (noisy data or
observations). For this reason, one prefers an
adaptive learning scheme. An example of such an
adaptive learning scheme is failure-driven learning.
Failure-driven learning is refining a concept from
failures of expectations as one accumulates related
experiences. The failure of heuristic judgement in
detecting a source of malfunction in fault diagnosis
can trigger a change in the knowledge (or rule) that
resulted in the judgement [Rich and
Venkatasubramanian, 1989]. Experiences with
abnormalities in a plant can be used to generate rules
that relate a set of observations with specific causes.
One can refine this experiential knowledge over time
by generalizing to successful cases not covered and
specializing when exceptions are noticed.

One frequently makes default assumptions on the
values of various quantities that are manipulated, with
the intention of allowing specific reasons for other
values to override the current values (e.g. since the
outlet is blocked, the flow is now zero), or of
rejecting the default if it leads to an inconsistency
(e.g. since the outlet of the tank is blocked, there
cannot be a decrease in tank level). A fundamental
feature of default reasoning is that it is
nonmonotonic. In traditional logic, once a fact is
deduced, it is considered to remain true for the rest of
the reasoning. This is what one means by
monotonic. However, as new evidence arises, often
one needs to revise the deduced facts to maintain
logical consistency. Let us consider our previous
argument where we deduced that the tank level cannot
decrease (since the outlet of the tank is blocked).
After this deduction, if we get new evidence that the
tank has a large leak, we will have to retract the
conclusion that the tank level cannot decrease. Such
a reasoning where retraction of deductions is allowed
is nonmonotonic. Default reasoning or
nonmonotonic reasoning is an invaluable tool in
dealing with situations where all the information is
not available at a time or if one has to reason about
many, probably inconsistent, cases simultaneously.
Reiter [1987] has shown how default logic can be
used for reasoning about multiple faults or causes for
an abnormality. Reasoning with assumptions
explicitly is a related concept [Kavuri and
Venkatasubramanian, 1992).

2.3. Optimization approach:

Optimization problems in process operations such as
model identification fall under the continuous case,
while problems such as allocation of plant resources
requiring discrete decisions are combinatorial
optimization problems. For example, plant-wide
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scheduling and optimization in the continuous case
and assignment and allocation of plant resources in
cases which require the sharing of manufacturing
resources between different products are examples of
optimization problems in planning. Other examples
are:

e Management of inventories and maintenance
planning.

* Online estimation of process model, for
optimization and model-based process control, data
reconciliation, parameter estimation for fault
diagnosis.

¢ Online prediction of the performance of an operating
plant.

* Online optimization of control profiles in batch and
continuous operations.

Most of the planning problems which are discrete
optimization problems are usually solved off-line and
hence one can try to solve really large problems. In
contrast, most of the continuous optimization
problems have to be solved on-line and hence
computational effort becomes an important
consideration here. Other concerns include
convergence problems in multi-dimensional search
spaces and local minima problems in continuous
nonlinear optimization problems.

3. INTEGRATED PROCESS SUPERVISION:
CHALLENGES AND THE ROLE OF Al

Though an integrated framework is very attractive in
terms of the benefits it can provide, there are a
number of conceptual and implementational
challenges that have to be overcome before an
industry-wide following of this approach takes place.
This section discusses the key requirements and the
role of Al in addressing these challenges.

i. It is necessary to reason about process operations
without assuming accurate models.

In most cases, plant behavior is not accurately
known. Even rigorous models are not adequate to
predict plant behavior with satisfying accuracy.
Furthermore, configuration of plants change during

their lifetime. Process operating conditions may
1th the Apmqndc for different nradncte

vary with the demands for different products

in the plant. All of these force the operators to make
their operating decisions with approximate models of
process behavior. Al provides us with techniques for
developing qualitative and approximate models,
doing inexact reasoning, etc. to cope with situations
such as this.

LTUuuLCU
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ii. It is necessary to reason with incomplete and/or
uncertain information about the process.

Operators often face situations where they receive
conflicting information about the status of the
process or the various process units. This could be
due to faulty sensors, for example. Also, they often
deal with situations when all the information needed



about the process may not be available. Thus,
operators are forced to reason and make assessments
about the process with incomplete and/or uncertain
data. Realizing these operational constraints in
practice and having a means to handle
incompleteness and uncertainty is essential to the
decision making process. Again, artificial
intelligence techniques play a useful role in handling
this requirement of an automated system.

iii. It is necessary to understand, and hence represent,
process behavior at different levels of detail
depending on the nature of the task.

The amount of information that is available to the
operator is often sufficient to understand the essentials
of the behavior of a process. However, the
voluminous data results in an information clutter and
the operator is now faced with the task of gleaning
the important features he needs from this vast amount
of data. Information from process measurements,
perhaps over an entire month, needs to be organized
so that he can get a more global picture of a section
or the overall plant easily. Given the large size of
plants and different information requirements of tasks,
it is necessary to reason with knowledge at different
levels of detail. Reasoning with knowledge at
different levels of detail is a difficult task as one has
to carefully ensure the consistency of the information
at different levels of detail. Given the information
clutter, it is inevitable that the operator have some
way to look at the required information in a compact
way. For example in a process plant, there may be
as many as 1500 process variables observed every two
seconds for behavior during a selected period [Bailey,
1984]. The trends are displayed on monitors and there
can be two, four or eight process variables displayed
per screen at any one time. This dictates the need for
a hierarchic organization from process subsystems to
loop clusters down to single loops. This also
emphasizes the need for an automated framework for
extracting important qualitative features of process
behavior from raw sensor data. Powerful knowledge
representation and pattern classification techniques of
Al are indispensable for this problem.

iv. It is necessary to make assumptions about a
process when modeling or describing it. One has to
ensure the validity and consistency of these
assumptions.

When a process unit is described by a model, the
model is constructed based on some assumptions,
mostly assumptions of normal behavior. However,
in diagnostic applications, these assumptions may
be violated. In order to avoid inconsistencies, it is
necessary to explicitly consider and change the model
and the assumptions during the reasoning process.
What is needed is a representation of the process
model that can represent the process behavior for a
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given set of assumptions. It is necessary to
explicitly define the underlying assumptions, have a
scheme to verify the consistency of these
assumptions and choose the process model based on
these assumptions.

As an example, consider the problem of controlling
a process. The controller configuration, parameters
and the control law are determined by the
mathematical models of the process and the
controller. The success of the control scheme
crucially depends upon whether the assumptions that
underlie these models are still valid. For example,
models assume that the sensors provide accurate
information. In the case of a gross fault in the
sensor, the controller action not only becomes
ineffective but may even cause adverse process
behavior. Similarly in a hierarchical model for
process operations, the decisions made at a higher
level can have significant impact on the lower level
implementations and thus their assumptions are
crucial. Failing to detect the violation of an
assumption can result in a gross disruption of the
operations. Al provides us with the framework for
treating assumptions explicitly, thereby making the
automated system readily alert to assumptions
violation.

v. It is necessary to integrate tasks and solution
approaches. This requires integrating different
problem-solving paradigms, knowledge representation
schemes, and search techniques.

To effectively provide an integrated framework, one
needs to carefully address the knowledge
representation and search issues. It is necessary to
represent structural, functional and behavioral
information about the process. We can think of these
as three complementary sources of information each
organized hierarchically. One needs to address how
the three hierarchies are built and how they interact.
One of the key functions of such a knowledge
representation is to let one examine the process at any
preferred level of detail in any desired hierarchy. For
example, for the task of process fault diagnosis, one
is concerned with structural information within the
individual units and the overall connectivity of the
process. For planning tasks, one may take a higher-
level perspective on the process plant, lumping many
units together as a larger, abstract, input-output
module. The different tasks may employ different
problem-solving paradigms which, in turn, would call
for different representation and search strategies. All
of these need to integrated to offer a complete
perspective of process operations. Due to the character
of the issues involved in here, artificial intelligence
plays a crucial role.



vi. It is necessary to keep the role of an operator
primary and active, not secondary and passive, in the
operating environment that is managed with the
assistance of on-line intelligent systems.

While it might be acceptable to delegate all the
control to computers when we are dealing with
regulatory control problems, it might be more risky
to do so when it comes to supervisory and higher-
level decision-making. This is due to the character of
the problems and issues involved as well as due to
the limitations of current intelligent systems. In
addition, one has other concerns such as the liability
and legal aspects of this problem. Thus, it is
important to have the operators actively involved in
the decision-making process and make the on-line
intelligent systems play an advisory role. This is
also necessary to keep the operators' skills sharp, as
otherwise their skills could deteriorate over time due
to their increased dependence on the advisory systems
as a crutch. There is a delicate balance that has to be
achieved here. Since the operator's role would be
primary, this creates special demands on the design
of the advisory systems, such as:
* simple, operator-friendly user-interfaces
« empbhasis on visual, graphical display of
information for ease of understanding
* structured, guided access to data and knowledge
about process status and behavior
* explanatory capabilities to offer insights into
the systems reasoning and recommendations

Thus, the design of such systems should be operator-
centered, with his or her needs and capabilities in
mind. Such a perspective places considerable
emphasis on man-machine interaction issues and the
nature of the user-interface, which are important
requirements that will benefit from artificial
intelligence techniques.

One can see from this discussion that the use of Al
techniques to face these challenges is not only
desirable, but also necessary.

4. CURRENT STATUS OF AUTOMATION
IN PROCESS SUPERVISION: A BRIEF
REVIEW

The main focus of this paper is to address issues in
integrated process supervision for the low-level and
intermediate-level tasks. As mentioned before, these
tasks are: regulatory control, process monitoring,
fault diagnosis, data reconciliation and supervisory
control. In this section, the current status of
automation of these tasks are briefly reviewed.

4.1. Process Monitoring

Process monitoring refers to the task of identifying
the state of the system from sensor data. Process
trend analysis and prediction are important
components of process monitoring. Knowing the
current process trends, the causes that drive them,
and the possible future evolution of these trends are

13

essential for supervisory decision making. The
central issues here are representing and reasoning
with temporal evolution of process trends, multi-
scale data, sensor noise and data uncertainties, and
cause and effect models of process trends. Recent
research in this area has shown some promise for
integrated supervision applications. Stephanopoulos
recognized the importance of process trend
representation for higher-level process integration
early on and developed a formal framework. This
framework handles temporal data, reasonable
discontinuous and continuous functions, and the
abstraction of semi-quantitative and qualitative trends
(Cheung and Stephanopoulos, 1989).

Venkatasubramanian and co-workers (Janusz and
Venkatasubramanian, 1991; Rengaswamy and
Venkatasubramanian, 1992) developed a similar
approach in their qualitative representation scheme.
The fundamental element in their representation
scheme is the primitive. They use a finite difference
method to calculate the first and second derivatives of
the process trend changes and based on these values
the primitives are identified. For noisy data, neural
networks are used to extract the primitives as they
are noise-tolerant. The ability to handle noise is
incorporated in two stages. At a lower level, the
neural net-based pattern classification approach is
used to identify the fundamental features of the
trends. At a higher level, the syntactic information
is abstracted and represented in a hierarchical fashion
with an error correcting code smoothing out the
errors made at the lower level. Such syntactic
approaches are suitable for hierarchical representation
of the trend information and for developing error
correcting codes, which eliminate the effects of high
noise and outliers.

Multilevel abstraction of important events in a
process trend is possible through scale-space filtering
through the use of a bank of filters each sensitive to
certain localized region in the time-frequency domain
(Marr and Hidreth, 1980). An example of such a
filter that has been extensively used in image
processing is y?G, where G is a Gaussian
distribution (Marr and Hidreth, 1980). Another
important recent development in this area is the
emergence of wavelet-based frameworks. The recent
work of Bakshi and Stephanopoulos (1992) using
wavelet networks for representing trends shows
considerable promise. -

4.2. Fault detection and diagnosis

Fault detection and diagnosis is concerned with the
detection of abnormal behavior and the identification
of their causal origins. Over the recent years, there
has been considerable progress (owards the
automation of fault detection and diagnosis. A
general description of fault diagnosis would include
the following kinds of abnormalities:



Gross parameter changes in a model

In any modeling, there are processes occurring below
the selected level of detail. These unmodeled
processes are lumped as parameters. "Parameter
faults" arise when there is a disturbance entering the
process from the environment through one or more
parameters. An example of such a fault is a change
in the concentration of the reactant in a reactor feed or
the change in the activity of a catalyst.

Structural changes

Structural changes refer to changes in the model
itself. They occur due to hard failures in equipment.
Structural faults result in a change in the information-
flow between various variables. This corresponds to
dropping the appropriate model equations and
restructuring the other equations to describe the
current situation in the process. An example of a
structural fault would be a controller failure which
would imply that the manipulated variable is no
longer functionally dependent on the controlled
variable.

Malfunctioning sensors and actuators

Gross errors usually occur in actuators and sensors.
There could be a fixed failure, a constant bias
(positive or negative) or an out-of-range failure.
These are also important faults that need to be
identified quickly in view of the fact that some of the
instruments might provide feedback signals which
are essential for the control of the plant .

The solution strategies for fault diagnosis range from
purely qualitative to purely quantitative, with
various combinations in between. There are different
perspectives from which one can view the problem
of fault diagnosis. One can look at the fault
diagnosis problem from the perspective of the
transformations the measurements go through before
arriving at the final solution. Figure 1 shows these
transformations.

Mcastrement Spm:\'_—[ Featurc Spa?]—"l?ccision Space i——l Class Space

Fig. 1. Transformations in a Fault Diagnostic
System

Measurement space is the space of sensor
measurements that is available to perform fault
diagnosis. Feature space is the space of reduced set of
features representative of the measurement space that
is developed by transforming the measurement space
using a priori knowledge about the process. A set of
decision variables are developed from the feature
space, and class space is the set of integers indexing
each individual fault and an additional integer to
represent the normal operation of the process and is
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the final interpretation delivered to the user by the
diagnostic system. The transformation from feature
space to decision space is performed by a search
technique that tries to minimize the mismatch
between the actual observations and the observations
for different faulty modes, either in a qualitative or
quantitative manner. For example, symbolic
reasoning is done qualitatively where one tries to
minimize the mismatch between the observation
(sensor i is low, sensor j is high and so on) and the
template for various faulty modes. In contrast, in
parameter estimation methods the mismatch is a
least squares norm and is minimized by searching in
a parameter space that models the various faults. The
transformation from the decision space to class space
is effected using either thresholding, template
matching or symbolic reasoning as the case may be.
Hence, the two important components in a
diagnostic system are the a priori knowledge and the
search technique used.

One can view diagnostic systems from either of
these two perspectives as well. A general
classification of fault diagnostic systems can be done
based on the three different solution methods used.
They are: Knowledge-based, Analytical model-based,
and Pattern recognition-based methods. Each of
these diagnostic methods is a combination of a
particular type of a priori knowledge and a search
technique. Knowledge-based systems predominantly
use qualitative models of the process in tandem with
different search techniques. The quantitative model-
based approaches rely on mathematically
representing the inconsistencies between the actual
and expected behavior as residuals. Pattern
recognition is the task of assigning a pattern to one
of k predetermined classes. The knowledge about
these classes is usually obtained from process
history data. Under each of these general solution
philosophies there are many combinations of a priori
knowledge and search techniques and is not possible
to enumerate all these combinations. Hence, the
attempt here is to provide a flavor for some of these
methods.

Knowledge-based methods

In this subsection, knowledge-based techniques are
illustrated with the aid of some typical approaches to
fault diagnosis.

Hypothesize-and-test Using Causal Models:

There are many approaches to the design of model-
based expert systems for chemical process fault
diagnosis. One approach is the hypothesis/test
strategy. A rigorous approach to hypothesis
formulation is the method of O'Shima and
coworkers (Iri et. al., 1979; Shiozaki et. al., 1985).




The basic premise of this approach is that, for a
fault hypothesis to be considered viable, causal
pathways must link the proposed fault origin with
all observed abnormal measurements. A signed
digraph is used as the representation of the
influences between the process variables.

Another class of model-based reasoning methods
used for diagnosis use agenda-based search
techniques. An example of this approach is
MODEX (Rich and Venkatasubramanian,1987),
which is a system developed to reason from first-
principles model-based knowledge. It extension,
MODEX2 (Venkatasubramanian and Rich, 1988),
is a two-tiered approach using a compiled
knowledge-base at the top tier and a deep-level
causal model at the second tier.

Finite State-Space Search of FFault Trees:

Fault trees provide a computational means for
combining logic to analyze system faults. To
perform consistent diagnosis from fault trees, the
trees must comprehensively represent the process
causal relationships. To ensure this consistency,
causal models in the form of signed digraphs are
developed. Causal fault trees are developed from these
digraphs (Lapp and Powers, 1977). Fault trees
determine causal pathways through which primal
events (faults) can propagate through the system to
cause the top event (some significant malfunction).

Once a fault-tree is synthesized, the information from
it is stored in the form of cut sets. Cut sets
exhaustively specify all possible paths in the digraph
resulting from the fault. Kramer and Palowitch
(1989) developed a method of deriving rules for
diagnosing faults from signed digraphs. Ulerich and
Powers (1987) used digraph models to include human
operator action and failure models due to operator
action. They also illustrate how real-time data can be
used to infer events in a control loop.

Search in malfunction hypotheses hierarchy:
Knowledge within these systems is organized as a
hierarchy of maifunction hypotheses, representing
different levels of process abstraction (Ramesh, et.
al., 1992). Each level of hierarchy represents an
increasing level of process detail. Under the establish-
refine strategy, a hypothesis under consideration is
evaluated by examining the knowledge-groups
associated with it. The search mechanism consists of
exploring the hierarchy in a top-down fashion and a
malfunction hypotheses is completely validated.

Analytical Model-based Approaches:

The analytical model-based approaches require
knowledge about the process in terms of either input-
output models or first principles quantitative models
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based on mass and energy balance equations. Here,
the following techniques are used.

Observer-based Fault Detection and Isolation:
The main focus in observer-based fault detection and
isolation is the generation of a set of residuals which
detect and uniquely identify different faults. These
residuals should be robust in that the decisions should
not be corrupted in the face of unknown inputs.
Unknown inputs here include unstructured
uncertainties such as process and measurement noise
and modeling uncertainties. The aim of observers is
to come up with an error innovation sequence like

e(k+1) = Fe(k) - TKf(k) )
where F is the observer system matrix and T is the
input transformation matrix, and K is the fault
distribution matrix.
If no faults occur in the process, f(k) = 0 then

e(k+1) = Fe(k) 2)
If the absolute value of the eigenvalues of F are less
than 1, then e(k) -> 0 as k ->co.
In the absence of any faults, this observer will track
the process independent of the unknown inputs d(k) to
the process. Hence these are known as an unknown
input observers. The necessary and sufficiency
condition for the existence of these kinds of observers
are described in Frank and Wunnenberg (1989).

Parity-Space Approach:

Parity equations are suitably arranged forms of the
input-output model of the plant. The basic idea is to
check the parity (consistency) of these input-output
models of the plant by using the sensor outputs
(measurements) and known process inputs. The idea
of the approach is to rearrange the model structure so
as to get the best isolation of the failures. Chow and
Willsky (1984) proposed a procedure to generate
parity equations from the state-space representation of
a dynamic system. Gertler and Singer (1990)
extended this to statistical isolability under noisy
conditions by defining marginal sizes for fault alarms.
All these methods are limited to failures that do not
include gross process parameter drifts. However, they
are an attractive alternative owing to their ability to
determine, a priori, isolability of different fauits. A
general scheme for considering both direct and
temporal redundancy in parity equation generation is
provided by Chow and Wilsky (1986). In contrast,
voting techniques are often used in systems that
possess high degree of parallel hardware redundancy
(Willsky, 1976).

Parameter Estimation:

Diagnosis of parameter drifts which are not
measurable directly requires on-line parameter
estimation methods. Accurate parametric models of
the process are needed, usually in the continuous
domain in the form of ordinary and partial differential



equations. Young (1981) and Isermann (1984)
surveyed different parameter estimation techniques
such as least squares, instrumental variables and
estimation via discrete-time models.

Pattern Cassification Methods:

Pattern classification using process history data is
usually performed using either statistical and non-
statistical techniques. Bayes classifier is one of the
more popular classifiers using the statistical
properties of the input data. Neural networks have
proved to be a popular non-statistical approach to
pattern recognition.

Parametric and Non-parametric Classifiers:

Statistical pattern classification methods again can be
roughly compartmentalized into two components: (i)
a priori knowledge; assumption about the form of
Probability Density Function (PDF) available, and
(ii) search technique; the classifier design. Estimation
of PDF (Fukunaga, 1972) can be classified as
parametric and non-parametric estimation and the
classifier can be also designed either in a parametric or
non-parametric fashion.

Neural Networks as Classifiers:

A lot of interest has been shown in the recent
literature in the application of neural networks for
the task of pattern classification in fault diagnosis
(Hoskins and Himmelblau, 1988; Kavuri and
Venkatasubramanian, 1994). To understand neural
networks better it helps to view them from a
statistical pattern rccognition perspective. Let us
consider a standard two layer neural network. The
first layer connecting the input to the hidden nodes
tries to estimate the PDF for each class and the
second layer connecting the hidden nodes and the
output acts as a classifier. It is not surprising then
that the network based classifiers are inferior to
parametric classifiers when the density information
for the class is available. When the assumption of a
functional form for the density function could be
made, parametric classifiers are a better choice.
However, for a general classification problem, an a
priori choice cannot be made for the functional form
of the density. Moreover, the data available for the
classes may not be enough to develop
approximations to the density function. In such
cases, non-parametric classifiers such as the network
based classifiers are to be preferred.

As a general comparison of these different
approaches, one can state that knowledge-based
systems can be used where fundamental principles
based approaches are more difficult or lacking, where
there is an abundance of experience but not enough
detail available to develop accurate quantitative
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models. However, they suffer from the resolution
problems resulting from the ambiguity in qualitative
reasoning. Parity space and observer-based
approaches (analytical model-based methods) are
shown to be equivalent in that they can be developed
to generate the same residuals. Merits and demerits
of one group carry to the other. These methods
provide design schemes in which the effects of
unknown disturbances can be minimized, isolability
conditions ascertained, and sensitivity analysis
performed in a consistent manner. The cost for
obtaining these advantages are mainly modeling
effort, computational effort, and the restrictions that
one places on the class of acceptable models. Pattern
classifiers are constructed solely based on process
history data. The main advantages of classifiers are:
their real-time performance, ease of knowledge
acquisition, and applicability to a wide variety of
systems. There are some limitations to methods
which are based solely on process history data. It is
the limitation of their generalization capability
outside of the training data. This problem is
alleviated by radial and ellipsoidal units by avoiding
a decision in case there are no similar training
patterns in that region. This allows the network to
detect unfamiliar situations arising from novel
faults. Besides its lack of ability to generalize to
unfamiliar regions of measurement space, classifiers
based solely on process history data also have
difficulties in identifying multiple faults.

The review of the fault diagnosis approaches
presented here does not adequately cover the
considerable body of work that is available in the
literature. This review is necessarily brief due to
spatial constraints. For a more thorough review the
reader is referred to Venkatasubramanian et. al.
[1994].

4.3. Data Reconciliation

Data reconciliation can be viewed as a quantitative
fault diagnosis problem with the focus on detecting
sensor faults and sensor biases. Another important
goal is to remove the measurement noise from
process data to enhance the control performance.
Data reconciliation usually consists of three parts: (i)
identification of the biased parameter, (ii) estimation
of the bias, and (iii) rectification of the sensor

measurements.

Romagnoli and Stephanopoulos (1981) proposed a
systematic method for identifying the source and
location of gross errors in linear systems under
steady-state conditions. There are three levels to their
proposed strategy. (i) A structured search of the
balance equations for measurements with gross
errors. (ii) Sequential search of the balance equations
that reduces the search further. (iii) Another level of
sequential search that identifies the gross error. Mah



and Tamhane (1982) proposed a statistical test on the
residuals to identify gross error.

Crowe, et. al. (1983) proposed a matrix projection
method for data reconciliation problems for the linear
case. Valko and Vajda (1987) introduced the idea of
decoupling the parameter estimation problem from
the state variable estimation problem. Though the
original problem is not naturally decomposable in
this manner, the rationale for doing this is that one
always has good initial values for the state variables,
whereas, it is hard to provide good initial values for
the parameters. Recently, Licbman et. al. (1992)
proposed a nonlinear programming methodology for
data reconciliation in nonlinear processes under
transient conditions.

Most practical processes are nonlinear in nature and
hence linear reconciliation methods might not be
adequate for practical problems. Also, steady-state
reconciliation methods might prove ineffective in
handling transients. In this context, the nonlinear
programming approach proposed by Liebman, et al.
(1992) is quite promising. The issues that have to be
addressed in this approach are, computational
complexity in the case of large-scale nonlinear
problems and nonconvexity problems.

4.4. Supervisory Control

Supervisory control, typically, has a variety of
functions. It includes model updating, controller
tuning, reacting to equipment failures, "gain
scheduling" to reflect changes in the disturbance
variables, changes in the process, and so on. It might
also include, for example, in batch plant automation,
dealing with sequential controls and exception
handling. It could also potentially include
automatically making major changes in controller
configurations or control algorithms to reflect process
changes, online optimization, automated startups and
shutdowns of continuous plants and scheduling.
These are knowledge intensive tasks and knowledge-
based methods have been proposed previously in the
literature.

Kraus and Myron [1984] presented a self-tuning
controller that uses pattern recognition techniques.
Autom man
practice. The control engineer perturbs the closed
loop, observes the pattern of response, and compares
this response to the desired pattern. Then, using his
experience, he adjusts the control parameters. The
pattern recognition based self-tuning PID algorithm
monitors the closed-loop recovery following a set
point or load disturbance and automatically calculates
the P, I and D so as to minimize the process recovery
time, subject to user-specifiable damping and
overshoot constraints. Cooper and Lalonde (1990)
have presented the idea of detecting naturally-
occurring input excitation events based on the recent
history of manipulated process input and also the
calculation of model gains to develop a continuous
gain schedule function for better control of nonlinear
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systems. The utility of knowledge-based expert
systems in performing diagnostics and tuning control
systems in real-time has been discussed by Arzen
(1991). The formal integration of pattern recognition
techniques in control systems to design "Intelligent
Controllers” has been proposed by Stephanopoulos
(1991).

5. BRINGING IT ALL TOGETHER:
FUTURE DIRECTIONS IN INTEGRATED
PROCESS SUPERVISION

As we reviewed in the last section, there has been
considerable progress made in the last decade in
developing efficient solution strategies for the various
operational tasks. In this section, a perspective on
how these paradigms, tools, and techniques in process
operations might evolve and come together in the
near future is presented. To this effect, first, one
possible integration framework is discussed. The
intent here is to discuss the nature and the extent of
interaction that might occur between the various tasks
in such a framework. Then, some perspectives on
how the conceptualization and solution techniques for
these various tasks themselves might develop is
provided.

5.1. A Framework for Integrated Process
Supervision:

One can approach the formulation of an integration
framework from different viewpoints such as: (i)
information flow, (ii) flow and management of data
(ii1) functional blocks view, and (iv) knowledge
management. I'rom the perspective of operational
tasks, the most important facet of the integration
framework is the functional blocks view and one such
interpretation of the integration framework is provided
in Fig. 2. The figure shows the structure and the
interfacing of various process operational tasks and
the information-flow dependence between modules
that perform these tasks. The main functions of the
monitoring system are to provide concise executive
summaries to be presented to the operator, extract and
abstract hierarchical trend explanation to be passed on
to a diagnostic system and, detect and remove
outliers. The fault diagnostic system houses different
kinds of knowledge like rules, temporal patterns,
causal models and pattern information. The diagnostic
system assists the operator in identifying the root
cause of the problems and also passes on this
information to both supervisory control and data
reconciliation modules. The data reconciliation
module estimates the values of the parameters to be
sent to the supervisory contro! module and also
provides the regulatory control with the reconciled
process data. Supervisory control module would have
the complete information about the state of the
process. The supervisory system would utilize the
trend information and the diagnostic information to



suggest any changes needed at the regulatory control
level.
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Fig. 2. A framework for Integrated Process
Supervision

5.2. Process Monitoring

The important recent developments in the field of
process monitoring have been the advances made in
statistical process monitoring and syntactic pattern
recognition, as noted earlier. The ultimate use of
process monitoring is in diagnosis. The integration
of these monitoring techniques with diagnosis is
still not fully developed. One needs to see
improvements in this regard in the future. Also, the
recognition of operators as an important part of the
operational decision-making has put an onus on the
monitoring systems. The monitoring systems
should be able to provide information (o the
operators in a way that they can understand them.
These systems should also be able to interact with
the operators, take suggestions from them and
interpret these suggestions for the other operational
tasks. Hence, one needs integration of Natural
Language Processors (NLP) into typical monitoring
systems in the future.

5.3. Fault Diagnosis

One of the important underlying points in all fault
diagnosis methods is the inadequacy of a single
method to handle all the requirements for a diagnostic
classifier. Though all the methods are restricted, in
the sense that they are only as good as the quality of
information provided, still some methods might be
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better suited for a particular problem at hand than
others. Hence, hybrid methods where different
methods work in conjunction to perform collective
problem-solving are an attractive alternative. For
example, fault explanation through a causal chain is
best done through the use of digraphs, whereas, fault
isolation might be very difficult using digraphs due to
the inherent ambiguities in qualitative models.
Analytical model based methods are superior in this
regard. Hence, hybrid methods might provide a
general powerful problem-solving approach. Consider
another example, where a pattern-based classifier and a
trend-based classifier are used sequentially for
improved search. The pattern based classifier localizes
the search based purely on the spatial organization of
various fault patterns. Once this is done, a trend based
classifier can take the set of fault hypotheses to see if
they can be further distinguished based on the
temporal pattern they exhibit. One can hope to
improve the resolution characteristics of an overall
diagnostic framework by combining various
approaches like these.

There has been some work on hybrid architectures.
The two-tier approach by Venkatasubramanian and
Rich (1988) using compiled and model based
knowledge is an example of a hybrid approach. Frank
(1990) advocates the use of knowledge-based methods
to complement the existing analytical and
algorithmical methods of fault detection. The
combination of methods allows one to evaluate
different kinds of knowledge in one single framework
for better decision making. The resulting overall fault
detection scheme would have a knowledge base
consisting of both heuristic knowledge and analytical
models, data base, inference engine and explanation
component. These methods provide promising
prospects for the solution of general diagnostic
problems.

Dynamic simulation in diagnosis:

When one has access to dynamic models of a process,
one should take advantage of such models in real-time
diagnosis. However, this is not usually done due to
the complexity of the models and the difficulties
involved in integrating diverse approaches in a single
framework. But using a framework such as the one in
Figure 2, a hybrid system would be feasible.

The basic idea here is to use a signed digraph for
doing fault diagnosis at a first level. The
completeness for a diagnostic system using digraphs
is usually quite good, whereas, the resolution might
be poor. The digraph will come up with a
malfunction hypotheses set which would also include
the actual fault(s). A prioritizer will then order the
faults for further validation. Under a single fault
assumption, the faults can be simulated using on-line
first principles model. The simulated data and actual
data can be compared using trend modeling approaches
for validation. Through a hybrid approach like this,



one can hope for improved completeness and
resolution in a diagnostic module.

5.4. Data Reconciliation

As mentioned before, most attempts in the past had
restricted themselves to linear and/or small systems.
With the recent progress in optimization and the
emphasis on plant-wide control, people are
attempting large-scale nonlinear optimization
problems. From a purely computational point of
view, if the only bottleneck is the "largeness" of
these problems, it may be handled by faster
computers,parallel computing and more efficient
algorithms. However, there are other issues like local
minima problems inherent in many nonlinear process
situations which makes the solution to large-scale
nonlinear optimization methods very difficult,
particularly in real-time. Hence, one needs to think of
new ways of formulating the problem and new
solution strategies drawing from different fields that
might mitigate this complexity. For example, instead
of using purely gradient-based approaches, one can
think of a combination of qualitative and quantitative
approach. Diagnostic qualitative knowledge can be
used to reduce the search space and provide good
initial guesses thereby enhancing the performance of
the data reconciliation module.

5.5. Supervisory control

While there has been a lot of work in regulatory
control over the years, much less attention has been
devoted to supervisory control issues (Garcia et. al.,
1991). As noted earlier, supervisory control includes
model updating, controller tuning, reacting to
equipment failures, changes in controller
configurations or control algorithms to reflect
process changes, online optimization, automated
startups and shutdowns and so on. The following
outlines some of the important issues to be addressed
in the context of controller performance.

Identification of out-of-tune controllers:

The simplest kind of supervisory control action one
can think of is the monitoring of individual control
loops. In doing this a test signal is sent periodically
to perturb the closed loop system to a small degree.

By using pattern matching techniques on the
resultant outnut of the pprrnrhpd system. one can
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identify out- 0f tune controllers or controllers with
degraded performance. Once the problematic
controllers are identified, they can be tuned using
rules in a knowledge-based system or other
techniques.

Designing controllers for various inputs:

Generally, there is no single perfect controller for all
kinds of input disturbances. A controller designed for
a step input in a particular variable might not give
acceptable performance if there is a ramp input in
that variable. Furthermore a control system cannot
be designed to work well for disturbances in all the
input variables. These issues might become crucial
if the system is being operated under tight quality
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control requirements. This is another area where one
might see future developments in supervisory
control systems. A supervisory control system can
adaptively toggle between various control laws based
on the specification about the state of the plant. This
specification about the state of the plant can be
provided by a combination of sensor trends, fault
hypotheses from the diagnostic system and the
estimates from the data reconciliation module.

Other than the input disturbances, there can be some
structural changes in the plant model itself. In such a
situation the different kinds of controllers previously
designed might no longer be valid. This could call
for redesigning the controllers. This is another place
where one might use the information from the
diagnostic system to update the model. Once the
model is updated, one can decide about the
controllers that are affected by this change in the
model. With this new information from the model, a
redesign of the controllers can be performed.

Variable pairing selection:

The variable pairing for the controller depends to a
great extent on the state of the system. Once there is
a change in the state of the system, the original
pairing might no longer be optimal. There might
exist new pairings corresponding to the state of the
system that might provide optimal control action.
By using methods like Relative Gain Arrays (RGA)
and Singular Value Decomposition (SVD)
techniques in conjunction with knowledge-based
systems, a supervisory control module can advise the
operator of the different options available and
suggest an optimal configuration.

In case of process upsets one might want to continue
production in the system with minimal impact.
Having minimal impact on the system might call
for reconfiguration of the controllers in the system.
This can be done effectively if one has built-in
redundancy in the control system in the design stage
itself. To this end one might need to detune some
controllers and bring into operation other controllers.
Having bypass lines and rerouting streams might be
another way of moving variability in the process to
different locations.
be done in the case of unanticipated instability in the
system.
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User specified, online, interactive design of
controllers:

Another kind of activity that the supervisory control
module can do is the online interactive design of
control parameters. In a typical plant, operating
strategies change form time to time. Such changes
might necessitate the redesign of control parameters.
In some situations, for example, one might want a
small settling time without worrying too much
about the overshoot in the response. In contrast, in
some other situation, one might want as small a




overshoot as possible without any constraint on the
settling time. These factors are altered by using the
control parameters. In such situations the
supervisory control module can have an interactive
session with the operator to identify optimal
controller parameters.

6. CONCLUSIONS

The main purpose of this paper is to present some
perspectives on the current status of integrated
process supervision and identify future directions.
The focus of the paper is primarily on the
integration of low-level and middle-level tasks such
as regulatory control, process monitoring, diagnosis,
data reconciliation and supervisory control. While
these operational tasks may be intrinsically different
from each other, they are, however, closely related
and can not be treated in isolation. Hence, there
exists a strong and clear need for an integrated
framework so that the operational decision-making
can be made more comprehensively and more
effectively. In such a unified framework, it would be
relatively easier to see the effect of various choices
in some particular task at hand on the different
aspects of the overall operational picture.

While the advantages of integrated process
supervision are quite clear, achieving it is no simple
task as there are many challenges. In this paper, we
reviewed these challenges and identified the
underlying issues which need to be addressed. In this
context, we discuss the key role being played by
artificial intelligence methodologies. After
considerable experimentation and introspection over
the past decade, AI applications in process
operations are begining to show considerable
promise. Al has provided a means for developing an
integrated platform that allows for reasoning with
different forms and levels of representation about
different tasks. Most importantly, it has helped
focus research in academia on issues that are of
practical importance but appeared too distant for
conventional methodologies. This paper also
reviewed the current status of automating the various
operational tasks and identified some future
directions to pursue towards integration. While we
do have a long, challenging road ahead of us towards
total integration, and we do need to have much more
accomplished to achieve a satisfactory integrated
solution to process supervision, the journey so far
has been quite encouraging.
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COMPONENTS IN EXISTING PROCESS CONTROL SYSTEMS
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Abstract: Integration of knowledge-based and conventional systems is a particularly hard problem because of the com-
plete incompatibility of data structures of this two kinds of systems. The weak points of knowledge-based systems such as
poor performance, enormous resource requirements and incomprehensibility hinder a wider acceptance of knowledge-
based approaches in process control. The new approach for the integration of knowledge-based and conventional systems
provides a unified data model for both worlds, offers a structuring mechanisms for the rule and the fact base and improves
the performance. The main contribution of this work is a new statically and strongly typed knowledge-based language
fully compatible with C++, which constructs provide for type-safe and efficient integration with conventional components.
A particularly important point is that no modification of the conventional code and no conversions of the data are needed,
providing for exchangeability of paradigms in process control applications.

Keywords: Knowledge engineering; expert systems; software engineering; programming languages; process control

1. INTRODUCTION

Knowledge-based (KB) and rule-based systems are the
most successful areas of artificial intelligence. Their popu-
larity comes from the fact that besides algorithmic knowl-
edge, many problems require the use of heuristics which
cannot be efficiently expressed by algorithms. Many heuris-
tics are represented in a form of rules but the conventional
programming languages cannot represent and execute the
rules directly. Rule-based systems are considered to be the
most commonly used of the various types of KB systems,
because rules are a natural and very common format used
by experts to express problem-solving knowledge in many
types of domains (Gonzales and Goforth, 1993), However,
in spite of many successful applications, failures of KB sys-
tems in industrial applications are not uncommon.

The paper is organized as follows: in Chapter 2 problems
with rule-based representations and integration of KB and
conventional systems are discussed. The main ideas of the
new approach are introduced in Chapter 3. Abstract data
type operations and event generation are associated by
mechanisms described in Chapter 4. In Chapter 5 handling
of generated events, integration on the architectural level
and structuring of the rule space are presented. Embedding
in the conventional application is presented in Chapter 6.
At the end, a summary of what we have accomplished is
given.
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2. PROBLEMS OF KB SYSTEMS IN
PROCESS CONTROL

Problems of KB systems and rule-based knowledge repre-
sentation will be explained on an example which describes
a system for control of groups of pumps in a process control
system. The architecture of the system implemented in a
conventional programming language is depicted on Fig. 1.
It consists of a main module, which uses the PumpControl
module for the control of pumps. Information about charac-
teristics of the transported fluids are provided by the mod-
ule Fluid. Other parts of the system are not of importance
for the example.

Problem domain knowledge about pump control is given
mainly in a form of rules, while containing some algorith-
mic parts. The PumpControl module, while implemented
in a conventional programming language, exhibits two
severe drawbacks.

The system is incomprehensible and the knowledge in the
system is not maintainable: the realization of the rule sys-
tem is scattered in a large number of if-statements of the
conventional language; there is no obvious correspondence
between rules in the problem domain and rules in the
implementation.
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Fig. 1. Conventional Pump System

The second drawback is that the system is not reus-
able: the inferencing mechanism of the rule system is
intertwined with the implementation of rules; the
implemented inferencing mechanism cannot be sepa-
rated and used in a similar application.

However, the implementation of a rule-based system
in conventional languages has also an advantage: the
integrability with other components and perfor-
mance ar¢ very good since the system uses the con-
ventional language with its efficient data structures.
Additionally, the problem can be divided into several
units using the modularization capabilitics of modern
programming languages.

Trying to represent the knowledge more directly, the
developers are now trying to make usc of a KB com-
ponent for the PumpControl. However, the incorpo-
ration of the KB system in the application is not easy:
an additional nontrivial software component,
KBInterface, must be developed for the integration
of the KB component and the conventional part. Its
main function is to perform translation of data
between the KB and conventional components. The
resulting architecture is presented in Fig. 2.

This solution exhibits a large number of problems.
The inability of KB systems to be integrated into
already existing data processing environments is
here, as well as is in many other cases, the most
important drawback. Papers on development of KB
systems report that the integration with conventional
systems was the most difficult and time consuming
part (Irgon et al., 1990), and in some cases was not
achievable at all (Lazzara and Marcinkovski, 1986).

Many of the modern KB systems are able to run on
conventional hardware platforms, but their use of
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completely different languages makes system inte-
gration very hard. On the lowest level, their data
structures are not compatible, what makes expensive
translations necessary in order to achieve the bare
communication between two parts of a system., It is
often the case, especially on less powerful hardware,
that the integration can be achieved only via external
media - e.g. local area network or file system (Wong
et al., 1988). This problem becomes particularly
painful when the system has to process large vol-
umes of data and when complex data structures have
to be maintained simultaneously in both systems
(Bacvanski, 1992).

Newer generation KB tools targeted to general pur-
pose hardware .are often implemented in conven-
tional procedural languages, but it is frequently the
case that they simulate mechanisms and data struc-
tures of Lisp-like languages. That has as conse-
quence that those as “fully integrable” advertised
systems have only elementary data types compatible
with conventional languages. There have been
attempts to overcome few of the integration deficien-
cies using various approaches, as described by
(Attali and Franchi-Zanettacci, 1987; Butler et al.,
1988; van Biema et al., 1990; Collard, 1988; Intelli-
Corp, 1990; Madhav, 1990; Nuutila et al., 1987).
Nevertheless, these attempts introduce improvements
to some of the problems, but they do not offer sup-
port for the integration on a high level, nor they
present a methodology for development of heteroge-
neous, KB and conventional software components.

Further, KB systems do not have facilities for struc-
turing the system into modules. This results in large
monolithic systems which are hard to maintain when
the number of rules becomes large. That holds also
for the structuring of the fact base - there is no encap-



ADT from the conventional
part

Eventtype definition - a conventional abstract data
type

class Pump {
void set_temp(int t);

B b

class ChangePumpTemp : public Event {
ChangePumpTemp(Pump *p, int temp);

uses uses

events Pump {
after void set_temp(int t) =
ChangePumpTemp(this, t);

Event constructor associated with the
abstract data type operation; its termina-
tion gencrates the event which starts the
rule-based class instance.

Fig. 3. Integration of Events with Abstract Data Types

sulation mechanism. This means that data in KB sys-
tems can be freely modified jeopardizing the
semantic integrity which can be enforced by allow-
ing access only to operations defined in the interface
of the abstract data type.

3. ANEW MODEL FOR INTEGRATION

From the analysis of the drawbacks of the integration
capabilities of existing KB systems and conventional
components it can be concluded that a new approach
should be developed. The goal is to provide a system
which combines good characteristics of conventional
and KB solutions. This results in a new KB language
which is fully integrable with a conventional lan-
guage. In addition, this new language should have
structuring facilities and constructs which provide a
high-level interface to the conventional parts of the
application, and this interface must be strongly typed.
A unified data model is 10 be provided in order to cir-
cumvent costly translations from one to another data
format and to prevent inconsistencies which occur
when the KB and the conventional system process
replicated data with the same semantics.

In forward chaining KB systems, inference engine is
activated by changes of data attributes. Since our
approach respects the encapsulation of data, we can-
not allow usage of this mechanism. Data in abstract
data types (ADT) can be accessed only by operations
defined in the interface of the type. Therefore, in our
approach, the invocation or the termination of the
ADT operation is a significant point during program

§ activates
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uses uses

rb_class PumpControl {
reacts_on
ChangePumpTemp *cpt

Rule-based class which reacts on the gener-
ated event

execution which can start the inference mechanism.
The operations of ADTs are associated with creation
of events which are handled by special rule units.
Data structures of the conventional system thus
become the fact base of the KB system,

A language that provides for multiparadigm develop-
ment of systems conmbinig procedural, object-ori-
ented, and rule-based paradigms is developed as a
rule-based extension of C++. New concepts and lan-
guage constructs are defined in a separate language
layer which do not cause interference with already
existing language constructs. This provides for a full
reusability of code written without using the exten-
sions in a standard C++ context.

4. THE EVENT INTERFACE

In order to associate the generation of events with
invocation or termination of the ADT operations, a
special language construct is introduced. It respects
encapsulation and, what is particularly important for
real-world applications, leaves the definitions of
ADTs and the data intact. Further, it enables genera-
tion of any event types, as defined by the developer.
Arbitrary type definitions can serve as event types,
but event types typically contain a reference to the
object that changed its state. Additionally, other
informations can be contained in the event. Later, the
rules in the rule units can make use of this additional
information, thus reducing unnecessary pattern



matching and therefore improving the overall perfor-
mance of the system.

In order to associate an operation of an ADT with an
event type, the developer defines first a type that will
serve as an event, After that, in the events definition
the creation of the event is bound to the invocation or
the termination of an ADT operation (Fig. 3). Leav-
ing the conventional language and data intact allows
for full reusability of existing conventional compo-
nents and data.

The event binding definitions are compiled by an
event compiler, and implementations of the ADT
operations are instrumented with statements which
create the instances of events and invoke the Event-
Manager of the appropriate event class to perform
multicasting of the event instance to the interested
parties. The EventManager classes are generated by
the compiler and are fully transparent to the devel-
oper.

In the event constructor, all data members of the
ADT can be used, as well as parameters of the opera-
tion.

5. THE RULE-BASED CLASS
INTERFACE

The main functions of the rb_class construct are to
provide a structuring and encapsulation mechanism
for rules and to facilitate integration with other
rb_classes and conventional components. Addition-
ally, it contains a pragma for the compiler to direct
which inference machine to select for the particular
rb_class. The rb_class construct was developed by
having in mind structuring concepts of the program-
ming in the large methodology.

The most important construct here is the reacts_on
clause which defines on which types of incoming
events the rb_class reacts. Besides, the from part
limits the objects from which the events should
come. Since the usage of arbitrary collections is
allowed, the name and signature of the function for
the membership test is not known by the system.
Therefore, after the condition reserved word, the
expression which forms the membership test is writ-
ten. The test can also serve for testing of other, spe-
cial conditions which control the work of the
instance of the rb_class. Fig. 4 illustrates the
rb_class for the PumpControl component. Besides
from particular objects, a rule-based class can
declare that it is interested in events regardless of
their source, what is done by the keyword combina-
tion from anywhere.
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tb_class PumpControl {
reacts_on ChangePumpTemp *cpt
from List<Pump*> * monitored_pumps
condition monitored_pumps->
member(cpt->pump());
reacts_on ChangeFluidMaxTemp *cfmt
from anywhere;

inference_engine ForwardChainer;

rule PumpTooHot {
reacts_on ChangePumpTemp;
}

Fig. 4. Rule-Based Class PumpControl

This system supports forward chaining, but the con-
crete variants of inference engines can be selected
from the inference engines in the library. After the
declaration of the inference engine, declaration of
rules follow. The declarations of rules contain the
name of the rule and specifications on which events a
rule reacts. Full implementation of the rules iscon-
tained in the implementation part.

Another important novelty in our approach is that the
rules can directly access events that caused their exe-
cution. Since the events typically contain a reference
to the object that changed its value, there is no need
to perform pattern matching to find the object. How-
ever, pattern matching cannot be eliminated in all sit-
uations. In contrary to other approaches, where a
special kind of collection must be used for data used
in pattern matching, in this model pattern matching is
available on arbitrary collections. The matches_on
construct in rules can define the way how to iterate
over the collection (including plain arrays from the
conventional language). A rule from the PumpCon-
trol rb_class is given in the Fig. 4.

rule PumpMonitor :: PumpTooHot {
/I direct access to the event:
reacts_on ChangePumpTemp *cpt;
I/ local variables for the rule:
{ Pump * p = cpt->pump(); }
If (p->temp() > p->fluid()->max_temp())
then {
operator << "Pump “ << p->name()
<< “too hot, slowing down 25%";
p->set_power(p->power() * 0.75);

h

Fig. 5. Rule from the rb_class PumpControl



6. EMBEDDING IN CONVENTIONAL
APPLICATIONS

The rb_classes are compiled by a compiler which
translates them to C++. An interesting characteristics
of our approach is that the compiler uses building
blocks on a high level of abstraction. It actually gen-
erates a whole software architecture for the KB sys-
tem, while using components from the reusable and
extensible library of KB components implemented as
C++ classes. Generated classes for rule-based classes
and rules inherit from the abstract components given
in the KB library. The construction of the building
blocks and the organization of the developed soft-
ware architectures for integrable KB systems are out
of scope of this paper.

Translated units have a set of operations which pro-
vide for integration with conventional part and which
control the inference engine. After creation of the
rule-based class instance, the operation set_-
external_objects connects the data from the con-
ventional part with the reference names in the rule-
based class (defined by the from construct). After the
initialization, the operation start can be invoked after
which the rule-based class instance becomes aclive
and reacts on incoming events.

Since rule-based classes are translated to C++
classes, multiple instantiation is possible. This offers
the possibility to partition the observed system and to
associate separate rule-based classes for monitoring
of different objects or collections. That also improves
the performance since the number of objects that
must be considered in pattern matching is reduced.
The integration of the PumpControl in the system is
given in the Fig. 4.

Il colections of pumps which we will control
List<Pump*> * pump_group1;

!/ creation of the KB instance
PumpControl pump_ctrl();

Il pumps are now the “fact base" :
pump_ctrl.set_external_objects(pump_group1);
I/l instance of the KB system is sel (o the state where
/1 it can react on incoming events generated by

!l the operations of other classes

pump_ctrl.start();

Fig. 6. Integration of the PumpControl Instance
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7. CONCLUSIONS AND FUTURE
WORK

The new model for integration of KB systems in con-
ventional environments strengths the potential to
apply KB systems in process control applications.
The most important contributions of this approach
are the strongly typed KB language which is fully
compatible with C++ and provides a unified data
model for conventional and KB systems. No conver-
sions between data are necessary. Additionally, mod-
ern software engineering principles are respected,
and new concepts for the integration of conventional
and KB systems defined. A particularly important
point is that the conventional components do not
need to be modified in order to make use of the KB
system, nor to be used by KB components, The trans-
lation to C++ provides for good performance and
small memory requirements,

Another aspect of the project is a construction of a
CASE tool which supports building of heterogeneous
software systems. This tool is going to be integrated
with tools from a conventional software engineering
context by using messages over a network. Besides
aspects of interconnection and organization of KB
systems, applicability of various match algorithms
and their coexistence with information hiding mech-
anisms of ADTs are still to be examined.

Further, it would be particularly interesting to extend
the concepts presented in this work with language
constructs for real-time programming. This will pro-
vide an opportunity to develop high-performance
real-time KB systems.

The presented approach can be extended to distrib-
uted systems as well. Events in the system do not
need to be limited to notifications of rule-based
classes in the same program. The EventManager
can as well create events that are distributed over a
network. Such services can be realized without much
effort by using distributed communication facilities,
such as ToolTalk (SunSoft, 1991) or CORBA (Object
Management Group, 1991).
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Software Integration of Real-Time Expert Systems
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Abstract: A technique to achieve real-time computing throughput from rule-based expert
systems is discussed. Using compilation, compaction, and parallelization techniques, this
rescarch synthesizes a set of concurrently executable Ada tasks from a knowledge base of
rules. A prototype compilation system based on this approach has demonstrated speedups in
excess of 100X along with increased embeddability of the knowledge base. The work is
being extended into a software engineering development environment for expert systems
whereby programming constructs from both the procedural and rule-based language domains
are made available to the user. The approach strives to present the engineer with
programming templates that protect him from the intricate control mechanisms of the
inference engine and to enable him to concentrate on problem solving at higher levels of
abstraction.
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1. Introduction

In recent years, rule-based expert systems have
been proposed as a means for implementing
complex decision-intensive processes for real-time
embedded systems. Numerous characteristics of
rule-based systems make them advantageous for the
programming of knowledge-intensive systems;
however, many real-time applications, such as those
encountered in typical process control situations,
will require inferencing throughputs exceeding
those currently provided by commercial expert
system shells. Also, data interfaces with other
software modules is not as efficient as would be
desired in an integrated system. Finally, the large
memory requirements of a full-capability inference
engine hampers its embeddability. These problems
are expected to worsen as larger knowledge-based
systems are developed to handle more sophisticated
tasks. Therefore, although rule-based expert
systems offer a unique programming paradigm and
can be rapidly prototyped using commercial tools,
some means of converting them into resource-
efficient representations is needed. This paper
describes ESCAPE (Expert System Compilation
And Parallelization Environment), a prototype tool
which has been built as part of a research project
examining the application of software engineering
and re-engineering principles to rule-based systems
in order 1o achieve the performance levels required
for real-time embedded systems.
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2. Objectives

The objectives for ESCAPE were formulated by
observing the techniques being used by various
expert systems development teams working on
actual projects. All of the knowledge bases
examined were to be implemented in applications
where, not only speed, but also embeddability and
memory size were important issues. Although there
were expected differences in the programming
styles of the individual teams, it became apparent
that there were some common patterns of
development being applied.

In particular, because expert systems technology is
relatively new, we observed that projects utilizing a
knowledge-based approach uwsually took a
conservative design path and first implemented a
prototype. The main purpose of the prototype was
to demonstrate the capability and functional
correctness of the design specification and the
expert system. Since these prototypes were
developed using only a minimal amount of
manpower and funds, they were usually
implemented on a readily available commercial off-
the-shelf (COTS) expert system development
package. By using the built-in inference engine,
user-friendly interface, and extensive debugging
facilities provided by the COTS tool, the software
development task was simplified considerably and
the many advantages of using expert systems were
cost-effectively realized.



Unfortunately, there are some serious deficiencies
associated with this development scheme. One of
the most serious problems is that of slow execution
speed. Delays of a few seconds or even minutes to
verify proper functional operation of a prototype
might be acceptable. However, such processing
delays are clearly unacceptable in a fielded version
of the expert system operaling in a real-time
computing environment. The speed problem is
caused mainly by the overhead associated with the
slow, interpretive inference engine of the expert
system. Two other problems arise during the
conversion of the prototype into a deliverable
version. First, very few COTS packages are
directly embeddable with procedural software
languages. Second, converting such a prototype
into a deliverable is complicated because of the lack
of a development methodology during the
prototyping phase. In particular, exercising control
over the rule firing order in the inference engine's
agenda mechanism often proved difficult. The
result is that the expert system developed on the
COTS tool is useful only to the extent of being a
conceptual prototype and must undergo a time-
consuming manual re-engineering process before
actual fielding on the target platform.

Ideally, one wants to preserve the convenience and
cost-effectiveness of using a COTS tool during
prototype development while not sacrificing
performance in the delivered version. This desire
spawned the following short, medium, and long-
term goals for ESCAPE:

1) Provide a capability whereby a knowledge
base developed on a COTS tool could be efficiently
executed, embedded, and integrated with real-time
procedural software.

2) Enable the developer to separate pure
heuristics from their associated control by giving
him programming constructs from both the rule-
based and procedural language domains.

3) Establish a software engineering environment
for rule-based systems which enforces good design
methodology and a framework for hierarchical,
reusable, template-based objects.

3. Approach

ESCAPE facilitates these capabilities by
automatically converting the COTS prototype rule
base into multitasking Ada software which satisfies
the performance and embeddability demands of
real-time expert systems. Presently, ESCAPE has
been augmented with a control specification
environment thereby achieving the first and second
objectives. The object-oriented template-based
representation for rule-based systems represents on-
going work. Each of these evolutionary stages for
ESCAPE are described below.

3.1) wl -
Bases. The overall purpose of the ESCAPE
environment is to generate knowledge-based
systems that will act as embedded components of
larger software systems. In typical expert system
shells, "embedded” means that the interpretive
inference engine executes as an autonomous
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subprocess of the software system, virtually
separate from the embedding application. In
ESCAPE, however, the knowledge base (KB)
becomes a standard procedural package (e.g. an
Ada or 'C' library unit) that is integrated into the
software system. The KB actually becomes an
object of the system with methods to dispatch
operations from within the software environment,
This approach results in a tight coupling of all
components of the system, offering an efficicnt and
practical means to integrate and embed KBs in
software applications. ESCAPE uses a synergistic
approach incorporating compilation, compaction,
and parallelization of a knowledge base to re-
engineer it into a more efficient form.

Compilation of the KB is accomplished by
transforming the essence of the expert system from
its rule-based format into a more streamlined,
procedural language structure. As depicted in
figure 1, the built-in inference engine of the COTS
tool eases programmer development by allowing
rules to be incrementally entered into the KB in an
unordered fashion. Unfortunately, this convenience
requires a significant amount of run time overhead
associated with the iterative, interpretive, inference
cycle. For a rule base which has a static data and
control structure, a significant amount of the
processing time is unnecessarily expended in the
match and select phases of the inference engine
cycle. Compilation can effectively pre-determine
the execution sequence for the rules in the KB and
instill organized control flow into the structure of
the generated procedural code. An overhead task
performed once during compilation avoids the
penalty of repeated searches during run time.

Know ledge

Base of Rules Conflict
Set

2: Match

1: Facts INFERENCE .
Assert ed CYCLE 3:Sebet
J o]
==
Wa iking 4 E xscute Agenda
Memory

Fig. 1. Interpretive Inference Cycle.

Compaction of code size is achieved by selectively
compiling only those features of the inference
engine actually used by a particular KB. We
observed that a typical KB utilizes only a small
fraction of the total set of programmatic features
provided by a COTS expert system development
shell. By using a selective, RISC-like philosophy
during compilation whereby only those
programming constructs actually used by a
particular KB are converted into equivalent Ada
code, unnecessary features can be eliminated from
the inference engine offering an additional savings
in terms of processing time and memory space.



Parallelization is accomplished by performing an
analysis of the data and control dependencies within
the KB during compilation to identify and extract
the implicit parallelism among rules. By
partitioning the KB into groups of rules which are
data independent, we can gencrate a set of tasks
which can exccute in parallel on separate nodes of a
multi-processor machine, thereby converting a
sequential process into a parallel one. The number
of tasks extracted is left as an adjustable parameter
to enable tuning for the target machine architecture.
For example, given the number of nodes available
on the parallel processor platform, a heuristic goal
for ESCAPE would be to partition the rule base into
the same number of equal-sized independent tasks.

3.2) Control Knowledge Specification

A knowledge base is intended to capture a set of
heuristic statements typically performed by a
human expert in assessing a sitwation. The
application of these heuristics is what we term the
control of the knowledge base. It is important to
distinguish between knowledge itself (the rules
stating condition-action pairs) and the control
(specifying when to enable and fire the rules)
[Erm84]. A common problem faced by knowledge
engineers developing rule-based systems is how to
capture and specify control information without
contaminating the knowledge with tool-specific
inference engine directives. Adding meta-rules or
control conditions to either the predicate or action
side of the rules increases the complexity of the
knowledge base and destroys the clean, modular
nature of the heuristics. Representing inference
engine control constructs in the rule base as rules
themselves undermines the premise of the rule base
programming paradigm and creates a rigid,
unmanageable KB. In the ESCAPE environment,
we strive to separate knowledge from control by
introducing two separate user interfaces -- one for
the encoding of knowledge, and the other for the
encoding of control.

Separating domain knowledge from control
knowledge in rule-based systems has several
advantages. In particular, it allows the rule base to
be purely declarative in nature, and therefore,
simpler.  This separation also promotes the
application of sound softwarec engineering
principles to the development of rule-based expert
systems and avoids the performance "downfall"
associated with them, i.e. the flatness of the rule
base. Instead of having new data enter the system
and the entire base of knowledge applied against it
to compete for control of the dispatching agenda,
the control environment enables the engineer to
instill structure into the knowledge base. These
reasons justify a separation of domain knowledge
from control. By giving the user access to both
programming paradigms, he can use the best
representation for each type of information he needs
to code : rule-based programming constructs for
heuristics, and procedural programming constructs
for control. In ESCAPE, the control constructs
provided are those typical of most procedural
programming languages.
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WHILE while (test input) begin [ R |

deterrrine (test.hypo1, test.hypo2)
FOR In (rule_set1) m
IF with (test.start = 1,0) s |
CASE do (ruie_set2) 5|
With (Input.1 w 5.0, Input.2 = test")
DETERMINE ond
DO

Fig. 2. MetaInterface Main Window

ESCAPE's environment for specifying rule base
control was developed using a graphical interactive
interface (fig. 2). This method of presentation and
organization expresses two key concepts behind
ESCAPE's approach to heuristic/control separation.

* No "new language” needs to be mastered by
the engineer before productivity can begin. The
interface is intuitively centered around the
constructs of the control language; the "editor"
in which the control will be specified is a
menu-based, fill in the blank metaphor. The
engineer will, for example, select (from the
construct buttons) a while loop -- the editor
then builds a template representing the while
loop and all its syntax and installs blanks to be
filled by the programmer.

* A graphical expression of the control allows
for the language to be iteratively complex. In
other words, there are default settings for the
majority of the control constructs. As the user
needs more complex, special purpose control,
these defaults can be visualized and edited at
various levels of detail. For a user needing only
the minimal expression of control, the
underlying mechanisms and complexities are
hidden.

The left side of the control interface (figure 2)
depicts the control constructs that the proposed
environment will support (While, For, If, etc.).
The right icon bar is where the elements of control
are automatically (from the input rule base) and
interactively (from the user) summarized into
selection windows for use by the control engineer.
The "R" icon, for example, when clicked on, will
display a scrolling list -- this list identifies all rules
existing in the rule base about which control can be
asserted. The "R*" icon invokes a similar list
structure to display the various clusters of rules to
use in organizing the control.

A rule cluster (or "knowledge island") is a group of
rules which inference on a related set of data. For
example, in a KB which diagnosed automobile
drivetrain faults, two possible clusters might be
engine related rules and transmission related rules.
Note that the rule clusters in the KB are
automatically identified by ESCAPE during the
parallelization step through data dependency
analysis. In this manner, the engineer need not be
burdened with separating the rules into logical
groups during the development stage (although
doing so would probably increase their rcadability).
These clusters generally represent the macro-level



heuristics which an engineer needs to exert control
over. For instance, he might specify that
transmission related faults are to be handled only
after all engine related faults have been processed.
A typical control programming session flows in the
following general fashion:

(1) Click on the button representing the
desired control construct (While, For, If, Case,
Determine, Do, Package, etc.).

(2) In the text window, the syntax for the
selected control construct is displayed in
template fashion (i.e., with blanks to be filled
in).

(3) From the rule and rule cluster icons, select
the control program variables to fill the blanks
in the template. Alternatively, additional
control constructs can be selected to fill the
template blanks (e.g., nested loops, nested ifs).

(4) Package the set of control constructs
synthesized into a "procedure” representing a
unified task to be performed over the rule base.

3.3) Template-Based Knowledge Engineering

The basic "types of procedural language control”
described above form the most basic statements of
control that can be said about the use of the domain
knowledge. However, an engineer working at this
level of detailed design may lose focus on the
higher-level structure of the problem. Therefore,
we see the need 1o build a higher level of control
abstraction and expression. To achieve this long-
term goal, we offer an expandable set of templates
that capture typical KB tasks, allow the user to
select a template for use, and then allow for the
encoding of knowledge and control in each
applicable aspect of the template. For example, an
A* search [Kor90] template could be built into the
ESCAPE environment. Below, we describe
Heuristic Search as one such high level problem
structure and as a scenario of a knowledge template
which could be prototyped in our ESCAPE system.
We refer the reader to [Cha86] for a good
discussion of several other problem solving
structures whose incorporation into our template
base is ongoing research.

The Heuristic Search Template

Many expert tasks can be viewed as sets of
seemingly disjoint heuristics that need (o
continually assess the environment state and
suggest appropriate actions to this state. Each "set
of heuristics" -- a subtask in the expert domain --
applies to a set of input assignments (input state)
and outputs one or more output assignments (output
state(s)). This process can be viewed as a scarch
for the "best” output stale derivable from the input
constraints via application of the heuristic subtasks.
Thus, a built-in search template that provides the
framework for a generalized search algorithm along
with the most commonly used variations of
constituent heuristic subtasks would be useful to the
programmer. Figure 3 demonstrates the process
behind the Heuristic Search template:
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Fig. 3. Heuristic Search Template

« The clear ovals represent knowledge-based
tasks that the engineer constructs in the control
environment and imports to the organizational
template.

« The shaded boxes represent template
functions that are managed by the system and
automatically expanded at compile time to
form a complete embedded reasoning task.

« The black box represents the data model
constructed for the domain and imported into
the organizational template.

There is a tight interaction between the organization
metaphor, the meta subtasking, and the encoding of
the knowledge. Within the entire KB development
process, the only "language” the en gineer needs Lo
be aware of is that of the domain shell, The Meta
Environment is an interactive point-and-click high
level specification and the Organization Templates
generate forms in the domain shell for required data
and knowledge input. Thus, in three levels of
problem description (domain, control, and
template), the underlying Match-Select-Act cycle of
a rule-based inference engine was never referred to.
Instead, the problems were formed around template
organization structures invoking domain subtasks.
The user is thereby protected from the details of the
specific underlying inference engine shell. Problem
decomposition along the levels of Organization,
Representation, and Control alleviate the need to
encode anything but domain knowledge at the level
of the rule base. This is the exact goal the ESCAPE
environment is striving to achieve: top-down
expert system design such that all issues of control
or problem solving organization are removed and
captured separate from the domain knowledge base.

4. Implementation

We completed a prototype to evaluate the
effectivencss of our approach. We chose to
interface to a commercially available object-
oriented expert systems shell, Nexpert Object. For
the target compiled language, we chose Ada.
Although the following discussion uses rule syntax
peculiar to that of Nexpert and tasking mechanisms
available in Ada, the concepts can be generically
adopted to almost any rule-based expert system
which needs to be converted into parallelized,
compiled form. The prototype was intended to
operate on a sub-set of functions found in the
Nexpert KB. This sub-set of inferencing capability



4. CONTROL SYSTEM

A control system can be seen as a collection of
loosely coupled data handlers, producers and con-
sumers of time-discrete data communicating in a lo-
cal area computer network, Common examples of
data handlers are: Process Interface interacting with
the controlled process and supplying current meas-
urements to and receiving control commands from
other handlers; Data Base storing data and control
commands in a persistent data base; Data Visualizer
displaying time-dependent data as two and three-
dimensional computer graphics and video images:;
finally Process Animator displaying animated proc-
ess flowcharts and interacting with the human opera-
tor. Other handlers that are of primary interest here
execute instances of particular computational
classes.

The key feature of a data handler is its software
structure involving a data interface, a function li-
brary, a piece of real-time software and a graphical
user interface.

4.1, Data Interface

The data interface, a common data bus lying at the
core of the system architecture, provides a collection
of procedures for the manipulation of data objects.

Data objects are repositories for temporal data. Each
data object has a circular buffer storing a limited
amount of the most recent data sorted by a time key
of fine granularity. Due (o its record-like structure, a
data object can be made persistent, i.e. it can be as-
sociated with a relation within a relational data base.
For long-lived objects large amounts of data can be
stored in this way,

However, a data object is not merely a passive data
store. Any handler can register itself as a recipient of
object’s data. The object will then supply the handler
with current data for further processing. This data-
driven mode of communication is crucial to the
processing of data in real time,

Using the data interface, a handier can create a new
data object and delete an existing one, store data in
an object, register itself as a data recipient, wait for
and receive incoming data and finally read data us-
ing a time and a component selection. Turning back
to the example of two functions connected by a coin-
mon data stream, the producer-consumer relation
can now be expressed in terms of the data interface
calls. A handler creates a data object S and succes-
sively stores in it results computed by the function
A; a data handler (not necessarily a different one)
registers itself as a recipient of S and provides B
with data incoming from A.

Structurally, the data interface is a software layer
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hiding three data bases related to data objects: (1) a
volatile data base consisting of bounded buffers and
data routing software, (2) a permanent data base
consisting of persistent relations, and (3) a remote
data base involving network software for referenc-
ing data objects across the computer network.

4.2. Function Library_

Since data handlers essentially are interpreters, the
computations they carry out have to be represented
as data structures.

The relational data model can be used to efficiently
model such distinct computational objects as differ-
ence equations, crisp and fuzzy rules, linguistic
variables, membership functions and multilayered
neural networks, provided that a normalized data
representation for them can be found. For example,
a numerical model can be defined by a few relations
for named constants and variables, expressions con-
verted to the executable postfix form, parameter
lists for input and result variables, and subprogram
hierarchies. A fuzzy controller can be defined by
three tables, one for the linguistic variables, one for
the membership functions and one for the fuzzy
rules. A backpropagation neural controller also re-
quires three tables, one for the network layers, one
for the layer units, and one for the weight matrices.
The function frames, i.e. generic data streams and
generic stream components, require two more rela-
tions common to all computational classes.

4.3, Real-Time Software

Obviously, from the multitude of predefined library
functions only a subset is needed within an active
application. When starting an application, the rela-
tional description of involved functions is trans-
formed into resident data structures for efficient
processing in real time,

The primary requirement for a real-time task is that
it has to be completed within a specified period or
by a decadline. There are many scheduling algo-
rithms for real-time tasks aimed at meeting time
constraints. For example, the rate monotoning
scheduling theory (Sha and Goodenough (1990))
ensures that all real-time tasks meet their deadlines,
provided that the overall time utilization lies below
a certain bound.

However, the task execution time is never constant
and is often unbounded due to transient overloads.
A typical example of a transient overload is a high-
variance response time of numerical iterations, Al
search algorithms or communication requests. The
method of imprecise computations (Liu et. al.
(1994)) helps to maintain the schedulability of time-
critical tasks in a system suffering from transient



overloads. A time-critical task contains a mandatory
part which must be always complete and an optional
part which completes under normal conditions pro-
ducing a final or a precise result. Occasionally, how-
ever, the task is caused to leave the optional part
unfinished and produces partial or imprecise results.

A simpler version of the imprecise computation
scheme can be proposed for a data flow control sys-
tem. Again, a control task consists of a mandatory
part of varying duration and an optional or a "last-
chance’ part of predictable duration. The mandatory
part may or may not be completed by the deadline.
In the former case, the task is able to deliver a de-
sired result. In the latter case, the task leaves the
mandatory part as soon as the time limit is to be
reached and enters the last-chance part to provide
default or approximate results.

To achieve predictable scheduling of time-critical
computations, the time bounds like execution time,
execution deadline, communication delay or space
between events must be known. A practical method
of evaluating the temporal behavior of a real-time
system is run-time monitoring, i.e. collecting of per-
formance data during a test or a normal operation.
As the main activity in the data flow scheme is the
event-driven propagation of time-stamped data, it is
feasible to observe the timing related to data and,
thus, the timing related to the functions themselves.

In summary, real-time software for a control system
require an appropriate scheduling schema to guaran-
tee predictable response times and to cope with tran-
sient overloads. For a recent survey of scheduling
methods and other aspects of real-time computing
see Krishna and Lee (1994).

4.4. Graphical User Interface

Each function class requires a development environ-
ment to create new class instances and to combine
them into a control application. The core of the de-
velopment environment is a library of function pro-
totypes and ready-to-run applications. The visible
part of the development environment is a graphical
user interface.

For the numerical class, a user interface consisting
of a syntax-oriented text editor and menu-driven
dialogues for compiling and testing numerical ex-
pressions is appropriate. A truly graphical interface
for editing the membership functions and displaying
the control surface is required for a fuzzy controller.
A matrix editor for a Kalman filter and a state-space
observer as well as a graphic editor showing the to-
pology of a neural network and strength of connec-
tions among the network units are further examples
of class-dependent user interfaces.
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When working with many function classes, the
problem of guiding the user through different gra-
phical interfaces arises. This problem will be dis-
cussed in the next section.

5. DATA FLOW GRAPHS

A visual representation of data flow is a hierar-
chized directed graph, whose nodes stand for func-
tions and whose edges stand for streams.

The abstraction of hierarchy allows to replace a
number of related functions by a single graph node
in a recurrent manner. A node representing one hier-
archy level is called a virtual node. A real node, on
the contrary, represents a computable function, i.e. a
process model or a control algorithm. Control engi-
neers are very well familiar with the technique of
decomposing complex applications into a hierarchy
of simpler functions via multi-level functional block
diagrams, i.e. hierarchized directed graphs.

A software tool for constructing directed graphs is a
graph editor (for an example of an extendible graph
editor see Newbery Paulisch (1993)). The graph edi-
tor supports the user by the automatic layout, checks
for connection constraints and graph completeness,
navigation within the hierarchy, graph persistence,
etc.

The graph editor generates two different descrip-
tions of a complete and a correct graph. The first
one preserves precisely the graph hierarchy and the
visual layout. This form is necessary to reconstruct a
graph retrieved from a library. The second form isa
ready-to-run, or a ’flat’, graph free of auxiliary
symbols like virtual nodes. It only consists of real
nodes arranged in a topological order following the
“first-producer-then-consumer’ rule. This form is
necessary to run the application.

Again, the relational data model provides the under-
lying paradigin for describing data flow graphs. One
group of relations defines data types of stream com-
ponents, graphical symbols for nodes and connec-
tions, and frames for function prototypes. Another
group describes the graph hierarchy and visual
properites. The last defines executable graphs.

The graph editor can be regarded as a primary (or
class-independent) graphical user interface interact-
ing with secondary (or class-dependent) interfaces
provided by individual data handlers. For example,
if the user is going to change interactively some pa-
rameters of a running model, he navigates within the
graph hierarchy until he points at a real node repre-
senting the model. As the internal structure of the
model is unknown to the graph editor, it sends a
message to the data handler which in turn provides
the user with an appropriate dialogue.



6. SUMMARY

This section summarizes main notions used to de-
scribe the system architecture.

A control application is a collection of process mod-
els and control algorithms (represented as data flow
functions) and data objects (represented as data
streams). A data object is an active repository for
time-discrete data. Functions are linked together via
streams and have temporal properties necessary to
schedule them in real time. Function entities are
class members. Class examples are: Unstructured,
numerical, rule-based, neural network and fuzzy
controller. A control application is defined by the
relational data model and represented as a directed
hierarchized graph. A control system consists of a
library of function prototypes, a library of ready-to-
run applications and distributed software called data
handlers. Data handlers execute control applications
in real time,

7. DEFICIENCIES

There are three main sources of possible limitations
of the proposed architecture:

¢ The communication and synchronization mecha-
nisms intrinsic to the data flow scheme,

e the relational data representation, and
e the real-time programming issues.

As shown in Section 2, the data flow scheme offers
a communication mechanism restricted to only two
cases, non-waiting producer and non-waiting or
waiting consumer. However, many control applica-
tions require a more sophisticated interaction among
control tasks. For example, a recent system for a
computer-aided design of a real-time robot control-
ler ORCADD (Simon et. al. (1993)) employs as
much as eight modes of interaction among the real-
time module tasks. The module tasks, organized as
a finite-state automaton, synchronize their activities
by exchanging signals. Data flow functions, on the
contrary, commaunicaie by exchanging daia. This
suggests that a data flow function should be rather
compared to a more complex ORCADD structure
called a robot task, a collection of module tasks per-
forming desired robotic actions. It follows that the
limitation discussed here can be overcome by intro-
ducing a new function class implementing required
interactions, in this case for finite-state automata.
The disadvantage of this solution is that an instance
of the new class becomes a rather weighty entity
serving as a data interface for its internal tasks.

As described in Section 4.1, the structure of a data
object is limited to a one-level data record because
of the one-to-one mapping to a persistent relation.
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Mapping of multilevel data structures is more de-
manding as it requires many relations and a design
procedure called data normalization. This raises the
question whether a true object orientation could pro-
vide more flexibility in data structuring.

The realm of real-time programming poses some
implementation-dependent problems which are hard
to solve without appropriate language constructs. As
a programming language Ada was chosen as it sup-
ports concurrent and to some degree real-time pro-
gramming. Ada’s support of concurrency is limited
to tasks which are basically suitable for implement-
ing data handlers. A typical data handler consists of
two Ada tasks, @ transporter task waiting for new
data and carrying them 10 a server task which car-
ries out actual computations. Unfortunately, Ada
lacks a language construct for an asynchronous
transfer of control. This means that it is not possible
to interrupt a busy server task when a time limit
clapses. Another deficiency of Ada is the lack of a
simple synchronization mechanism such as a moni-
tor or a protected region which is necessary to im-
plement imprecise computations efficiently. Finally,
a static priority allocation for tasks severely limits
scheduling schemes which can be implemented us-
ing Ada. Fortunately, the emerging new standard for
Ada9X is likely to bring much needed improve-
ments (for details see Baker and Pazy (1991)).

8. PROTOTYPE

A prototype system called Regulus is being imple-
mented to show the feasibility of the presented con-
cept. Regulus is entirely programmed in Ada, as it is
a general-purpose language supporting large-scale
programming, software reusability, readability and
modularity in addition to concurrency just men-
tioned. Two programming techniques related to Ada
are worth mentioning, as they have a positive im-
pact on the software quality and development time.
First, this is an extensive use of generic packages for
abstract data types (the concept of abstract data
types is basic for object-oriented programming) im-
plementing dynamic data structures such as ordered
lists and binary trees. Second, this is building up
functionality in layers by hiding complexity behind
clear and simple interfaces.

Presently, a data interface supporting large data ob-
jects with up to 1000 components and providing a
processing rate of several thousand data items per
second is completely implemented. For the persis-
tent data base Rdb with dynamic SQL has been
uscd. The underlying network software for the re-
mote data base is DECnet and TCP/IP. A prototype
of the graph editor was developed using OSF/Motif
(Przibylla (1993)). For the numerical class, a stack-



oriented, computationally complete machine (in-
spired by the MATLAB interpreter) built around a
numerical library and capable of evaluating arith-
metical and logical expressions in the inverse Polish
notation has been developed. Handlers for other
classes are in preparation. Imprecise computations
will be fully implemented using the new Ada stan-
dard.

A major step in the system development process is
the introduction of a new data handler. Our experi-
ence shows so far that the design of a new class li-
brary is a straightforward task requiring only a few
days, whereas programming the real-time software
takes much longer. Writing an elaborated, user-
friendly graphical interface, however, seems to be
the most time-demanding task.

9. APPLICATION

The first application of the prototype is a system for
a model-based control of a waste incineration pilot
plant. Several hundred analog signals acquired from
a conventional process control system are processed
using polynomial functions and simple statistics. In
addition, a model of combustion based on mass and
heat balances and a predictive model for setpoint
calculation of combustion temperature, air flow,
fuel flow and oxygen concentration are also com-
puted in real time. Current development includes a
closed-loop control for the setpoints calculated by
the predictive model. Further plans comprise a real-
time expert system for knowledge-based plant
startup, supervision and shutdown. Finally, existing
FORTRAN programs for statistical process control
shall be integrated using the frame concept.

10. CONCLUSIONS

The data flow approach to the software integration
for real-time process control is appealing because it
expresses the basic duality between data and com-
putation in a simple and elegant way. This approach
is probably well suited for control applications in
which the emphasis is more on computation than on
communication. One of the key features of the pro-
posed architecture is the pervasive use of the rela-
tional data model. This suggests that a control
system based on this architecture is particularly well
suited for large-scale applications.
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Abstract. The performance of a heterogeneous (gain scheduling) controller is verified, for the
control of a CSTR with a reversible exothermic reaction, in the face of sizable disturbances and
under uncertainty. A qualitative reasoning technique, NSIM, is used to build and simulate semi-
quantitative models with both parametric and non-parametric uncertainty. Bounds on the state
variables are determined that are guaranteed to include all of the solutions to the uncertain model,
and hence, this technique can be used for automatic proof construction.

Key Words. Control system analysis; chemical industry; qualitative reasoning;
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INTRODUCTION

In this manuscript, a combination of simple
controllers is used for the control of a non-linear
chemical process, and closed-loop stability is
proven, when there is uncertainty in the model and
sizable disturbances are anticipated. Since many
models of chemical processes are incompletely
known, it is of practical importance to design
controllers that perform well when the dynamic
behavior of the plant differs from that described by
its model. Model uncertainty can be either structural
(non-parametric) or parametric; that is, the terms in
the equations that govern the plant may not be
known exactly, or the parameters and the
disturbances may be known only within rough
bounds. Although techniques exist to deal with
parametric uncertainty, the representation and
simulation of nonlinear models with inexact
functional relationships has not been addressed as
effectively. A qualitative reasoning technique is
proposed here for this purpose.

The problem of predicting behavioral bounds on
uncertain systems has been addressed in several ways
in control theory. For linear systems, through the
use of Internal Model Control (IMC), Zafiriou and
Morari (1989) have established a methodology for
the design of robust controllers in the face of
parametric uncertainty.  Sensitivity analysis
(Thornton, 1987) is often used to investigate the
effect of perturbations, but involves uncertainty in
parameters or initial conditions only. Monte Carlo
techniques are also used to compute behavioral
bounds. However, they have been applied only with
uncertain parameters (see Gazi es al. (1994b) for a
recent extension to non-parametric uncertainty), are
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semi-quantitative

computationally expensive (especially as the number
of uncertain parameters increases), and their
predictions are only guaranteed in the limit of an
infinite number of samples.

Qualitative reasoning methods have been developed
to handle imprecise models using the rules of
qualitative mathematics (Forbus, 1984; Kuipers,
1986). They deal with states of incomplete
knowledge better than differential or difference
equations, since qualitative descriptions of
parameters (e.g., the level of a tank between 0 and
Sull) and functional relationships (e.g., pressure
monotonically increases with the level in the tank)
are sufficient. Thus, they permit the construction of
models without assumptions about functional forms
or specific values for uncertain constants.
Qualitative simulations have been completed for
simple chemical processes by Dalle Molle ef al.
(1988, 1990). More complicated processes are
difficult to handle qualitatively because the results
are too ambiguous to be useful. To circumvent this,
numerical information, such as bounds on the
variables and functions, has been added (Berleant and
Kuipers, 1991; Kay and Kuipers, 1993). These so-
called semi-quantitative models yield results that are
more precise. Vinson and Ungar (1993) have used
this technique for process monitoring and fault
detection and diagnosis.

In this work, the NSIM algorithm (Kay and Kuipers,
1993) is used to verify the stability of a CSTR with
a reversible exothermic reaction, controlled by a
combination of simple controllers. In the next
section, a brief description of the process and the
controller is provided, followed by a description of
the NSIM technique, as well as some results.



CSTR PROCESS

The methodology is illustrated for the control of a
CSTR in which the reversible exothermic reaction

k
AZ2 R
L
is carried out. Note that this reactor, inspite of its
rather simple reaction, exhibits a maximum in the
conversion as a function of temperature, that
presents special control problems. Three ODEs, two

mass balances and an energy balance, model the
process illustrated in Figure 1:

dA 1
E=;(Ai'A)-k1A+k'lR (1)
dR 1
—=;(Ri-R)+k1A-k_1R (2)
_dI_'__AHr 1

o ki A-k R)+2 T O

where k; = C1exp{-Q1/RT} and k_j = C_1exp{-Q.
/RT}. The parameter values and the steady-state
operating conditions given by Economou er al.
(1986) are reproduced in Table 1. A, R and T
represent the state variables of the system, and are
the concentrations of the species and the temperature
in the reactor, respectively. The inlet temperature is
selected as the manipulated variable. A control
objective is to operate the reactor as close to the
maximum conversion as possible, while
maintaining the stability of the closed-loop system
in the face of sizable disturbances. The equilibrium
conversion increases with the reactor temperature at
lower temperatures and decreases at higher
temperatures (Figure 2a). Thus, the gain of the
plant changes sign as a function of the reactor
temperature, which can cause a controller designed
with a linearized model and a fixed gain to become
unstable.

A heterogeneous controller (Kuipers and Astrom,
1992) is used to control the process. It combines
simple control elements across regions (usually
overlapping) of state space, with a smooth transition
between the different regions. It offers the advantage
that each eiement (usually a P or PI controller) has
well known and theoretically proven properties and
is implemented easily. The global control law,
u{x), is defined as the weighted average of the local
control laws, u;{x}:

u(x} =Y oglxjuilx} Y e{xi=1 @

where x is the vector of state variables and a;{x} is a
monotonic (not necessarily linear) function of x, that
may be regarded as a measure of the appropriateness
of applying the local control law i. As illustrated in
Figure 3, controller 1 is used when 0 < x < a,
controller 2 when b < x < ¢, and controller 3 when d
< x. In the intermediate regions, ab and cd,
combinations of controllers 1 and 2 and 2 and 3 are
used, respectively. Such heterogeneous controllers
can thus be viewed as an extension of gain
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scheduling (Shamma and-Athans, 1990), where a
specific control law is selected for a given operating
region with smooth transitions between controllers
as the process shifts between operating regions. The
ability of heterogeneous controllers to guarantee
stability (robustness) and good performance, in the
face of disturbances, for simple linear processes is
demonstrated by Kuipers and Astrém (1992). They
are also applied for the control of this CSTR process
by Gazi et al. (1993).

A heterogeneous controller, having three elements,
is implemented herein. It consists of a proportional
controller having a negative gain in the low-
temperatures region, a proportional controller having
a positive gain in the high-temperature region and a
zero-action (dead-band) controller in the region
around the maximum of the conversion-temperature
curve; i.e.,

T;=T;, +low(T} K, R-Ry) + nom(T} K,
(R-Ry) + hi{T} Ky R-Ry) ®

where the functions, low{T}, norm{T} and hi{T},
represent the appropriateness measures for the low,
normal and high temperature regions, respectively,
as defined in Figure 2b, and K ,, K, K}, are the
corresponding controller gains with K ,< 0, K, = 0
and K, > 0 (Figure 2a). Ry is the set-point for R
and T; is the associated inlet temperature.

RESULTS

Although the controller is designed based on the
nominal process model, it is of practical importance
to verify that the closed-loop plant will remain
stable in the face of disturbances, even when there is
significant model uncertainty. A qualitative
reasoning technique is used herein as a means o
represent and simulate the inaccurate model.

QSIM (Kuipers, 1986) provides a framework for
developing models in the form of qualitative
differential equations (QDEs), which are abstractions
of ordinary differential equations (ODEs), where the
values of the variables are described qualitatively and
the functional relationships between the variables
may be known incompletely. The constraints are
qualitative expressions involving the common
mathematical operations, such as addition,
multiplication, and differentiation, as well as
arbitrary monotonic functions. Given a QDE and a
qualitative description of an initial state, QSIM
derives a tree of qualitative state descriptions, where
the paths from the root to the leaves of the tree
represent the possible behaviors of the system.

Usually functional relationships and parameters are
computed using experimental data and are expressed
with some uncertainty., In NSIM (Kuipers, 1989;
Kay and Kuipers, 1993), an extension of QSIM,
parameters may be assigned lower and upper bounds
and functions may be bounded by lower and upper
envelopes, thus forming Semi-Quantitative
Differential Equations (SQDEs). With these bounds,



NSIM eliminates behaviors that are inconsistent
with the numerical information, while placing
bounds on the remaining behaviors. NSIM produces
bounds on the trajectories of the state variables that
are guaranteed to include all of the behaviors
consistent with the approximate model.

Suppose that the SQDEs are written as a system of
equations of the form x'=f(x}, where f; is an
expression composed of addition, subtraction,
multiplication, and division operations and arbitrary
monotonic functions (monotonically increasing,
M™*, or decreasing, M"). Given a SQDE and an
initial condition, NSIM derives and numerically
integrates an extremal system of ODEs, whose
solution is guaranteed to bound all solutions of the
SQDE. The extremal equations are generated by
computing, for each state variable x;, the lower and
upper bounds on the first derivative (i.e., the
expressions L{f;} and U{f;}) using the rules in Table
2, as proven by Kay (1991). The table is applied
recursively to the subexpressions of f;. Minimal and
maximal equations are derived to define a dynamic
envelope for each state variable, and hence, a n-th
order system results in a 2n-th order system.

Once the extremal system is found, it is integrated
using a standard integration technique such as the
Runge-Kutta method. It is theoretically proven
(Kay, 1991) that, when the extremal system bounds
the solution of the SQDE at t = 0, it bounds the
solution at all times.

Simulations of the reactor with the heterogeneous
controller, using NSIM, were carried out for several
disturbances under parametric and non-parametric
uncertainties. The goal was to verify the conditions
under which the controller is guaranteed to keep the
process stable. As explained in Gazi et al. (1994a),
NSIM determines bounds that are guaranteed to
include all of the solutions to the SQDES, but these
are conservative. Thus, when the NSIM bounds are
stable, it is guaranteed that the family of ODEs
represented by the SQDEs is also stable. However,
when a NSIM bound is unstable, no conclusions are
possible. At least one of the sets of ODEs
represented by the SQDE:s is unstable (but this may
be a physically unrealistic one).

Gazi er al. (1994a) identify the source of the
conservatism of the NSIM algorithm and propose
improvements to reduce it. Figure 4 shows the
response of the system for a disturbance that adjusts
the reactor temperature such that T = 435 K, as
predicted by NSIM with and without the
improvements. Even with small parametric
uncertainty, the bounds produced by the pure NSIM
algorithm diverge, although the closed-loop system
is stable,

Using the improved NSIM technique, it can be
shown that the plant remains stable for a range of
the controller gains. Figure 5 shows the bounds on
the response for a step change in A; (A; € [0.85,
0.90] mol/L), when K ,& [-1050, -950] and K}, €

[90. 1001.
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Moreover, stability can be proven in the face of
sizable parametric and non-parametric uncertainties
and disturbances. As an example, stability is
ensured for the case when a disturbance is introduced
that adjusts the reactor temperature within [415, 420]
K, as illustrated in Figure 6. In this case, there is
parametric uncertainty (A; € [0.85, 0.90] mol/L)
and non-parametric uncertainty in the rate constants:

11 T exp{-Q;/RT} <k < 5200 exp{-Q;/RT}
0.99 10° T exp{-Q.;/RT} <k ; <
2.4 10° T exp{-Q.;/RT} ©

For larger disturbances, however, the NSIM bounds
may diverge, due to conservatism, even when the
plant is actually closed-loop stable, as shown in
Gazi er al. (1994b).

CONCLUSIONS

NSIM can be used effectively for controller
verification. It utilizes functions and parameters
that are imperfectly known to determine bounds that
are guaranteed to include all possible solutions of the
uncertain system. Thus, it can be used for automatic
proof of stability. Given a set of semi-quantitative
differential equations, NSIM automatically derives an
extremal system of ODEs, by bounding the first
derivatives of the state variables. Although the
bounds produced by the pure NSIM algorithm are
very conservative, an improved algorithm (Gazi et
al., 1994a) can provide useful results.

This technique is used to verify closed-loop stability
for a CSTR with a reversible exothermic reaction,
under parametric and non-parametric uncertainty and
in the face of sizable disturbances. It is shown that a
combination of simple controllers is adequate to
keep the reactor stable under the class of disturbances
considered, for considerable model uncertainty and for

arange of controller gains.

As compared to existing techniques, NSIM offers the
advantage of providing proofs for nonlinear systems,
even with non-parametric uncertainty. However, the
results, even of the improved NSIM, may be very
conservative, especially for highly coupled systems.
Therefore, NSIM is more effective for combinations
of simple controllers such as in the heterogeneous
controller used herein. The technique would be more
difficult to implement for model-based controllers
(e.g., a Model-predictive Controller) where the
NSIM bounds should be too broad to draw
meaningful conclusions.

In the future, the technique will be tested for more
complex chemical processes with sizable
uncertainties and disturbances, including faults. An
important application of this methodology is likely
to be for the automatic verification of safety ner
control actions to prevent plants from moving into
hazardous operating regimes when faults are
encountered. In this application, the stability of the
controller can be tested with respect to a library of



faults that often occur in the chemical industry.
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Table 1 Constants and steady-state operating
conditions for the CSTR process (Economou ef al.,
1986).

T =60s A; =10molLl
C, =5x103¢! R; =0.0molL-l
C, =1x108s1 A =04912mol L-!
Q =10000calmol’l R =0.5088 mol L-!

Q. =15000calmol’l  T; =4359K
R =1987calmol'l! K-l T =4384K
-AH, = 5000 cal mol'!

p =1kgL!

cp  =1000cal kgl K!

Table 2 Translation table for extremal expressions.
Let B{f;} be the lower or upper bound on x;' (B=L or
B=U). x; is the state variable with derivative f;, x;
is any other state variable, c is a constant, and A and
B denote any subexpression. The subscript £ (u)
denotes lower (upper) bound or envelope.
Reproduced from Kay and Kuipers (1993).
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Abstract: In this paper, the Dynamic Master Plant Logic Diagram (DMPLD) is introduced for representing the time-dependent
behavior of complex physical systems (feedback, time-lagged dependency, autocorrelation, trend, ete), Experts may decompose
a complex system hierarchically, and model the dynamic behavior of its subsystems and components separate from cach othier.
A DMPLD is a hicrarchical structure which enable a user to decompose a dynamic system into dynamically stable and
independent subsystems. Using a DMPLD, degree of success (or failure), approximate full-scale system physical values, and
transilion cffects in the system can be used. An example of using DMPLD for controlling a dynamic system is presented.

Key Words: Reliability theory, System analysis, Tine~domain analysis, Dynamic response, Fuzzy control, Expert systems,

Knowledge engincering, utelligent building control.

1. INTRODUCTION

As we look back upon the history of science and
engineering, we cannot help but notice the importance of
knowledge representation. Knowledge representation
supports a medium to communicate and share knowledge
among people. A good representation method may also
become a useful tool for system analysis and design.

As a research area in its own right, knowledge
representation has evolved within the field of artificial
intelligence (AI), where it continues to play a central
role. Improvement in computer capabilities has enabled
us to transfer specific fields of knowledge into an expert
system. The procedure for transferring system knowledge
into a computer acceptable representation is a two stages
process:

1. development of a logical representation of the
general system and its component interactions,

2. development of a dynamic representation
describing physical behavior of the system and its
components,

While modelling a system-level expert system, the
knowledge representation often involves elements of
inescapable complexity. It has been shown by many
researchers (Simon, 1982; Rasmussen, 1985) that most of
the complex systems are formed through some hierarchic
evolution. As such, they can be best described and
represented through hierarchic frameworks. For system
knowledge representation, logic diagrams (e.g., fault tree,
event tree, success tree, goal tree, master plant logic
diagram, etc.) are proven to be powerful hierarchic
methods to represent the system knowledge (Kim and
Modarres, 1987; Poucet, 1990, Chen and Modarres,
1992; Dezfuli, Modarres and Meyer, 1994; Hu, Modarres
and Marksberry, 1994). While these representations are
popular for performing the first stage described above,
they are limited to model the time-dependent behavior of
the system (i.e., how the system or its subordinates acts
or reacts to the external or internal environmental
changes occurred during its operating). The modeling of
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the dynamic behavior (i.e., the second stage described
above) is the focus of this paper.

A variety of mathematical simulators have been
developed and applied to plant operations. Thus, book
knowledge may be transfered into complex physical
relationships to simulate and predict the dynamic
behavior of the system. However, this would be very
costly, inefficient, and most of the time unnecessary.

Some researchers such as de Kleer (1984) and Felkel
(1990) have proposed dynamic models based on naive
physics to simplify the mathematical relationships of
systems and infer behavior from the system structure,
Other researchers (Kosko, 1992; Sugeno 1993) have used
fuzzy logic concept for modelling dynamic relationships.
The naive physics has high potential for representing
complex relations. The problem is, however, that for
large systems in use today, the complexity of the
knowledge will be prohibitive for a naive physics
approach. A decomposition algorithm (e.g., MPLD) can
alleviate some of the shortcomings. However, MPLD is
a static and logically based approach. In this paper, we
will report the extention of the traditional MPLD models
to dynamic modelling of complex systems. The MPLD
methed has been the basis for knowledge representation
(the first stage) in our research.

The MPLD has proven to be a powerful method for
modeling complex physical systems (e.g., nuclear power
plant), and clearly shows the interrelationship between
functions, systems, subsystems and components, as
shown in Fig. 1. The MPLD can logically and
hierarchically display the functions, subfunctions and the
manner in which various hardware, software, and people
interact with each other to achieve these functions. In
essence, the hierarchy of the MPLD is displayed by a
dependency matrix in form a lattice. For each subsystem,
hardware, human, etc. , the success paths are shown on
the top. On the left side of the lattice, the set of
supporting elements needed are displayed. Since these
supporting elements may require other supporting
elements, another hierarchy and interrelationship may



also be shown to display this complexity. Informal
relationships such as common cause failures may also be
modeled in MPLD structures. More details about MPLD
is discussed by Hunt and Modarres (1987), Modarres
(1992), Dezfuli et al. (1994), and Hu et al, (1994).

Since one important characteristic and advantage of the
MPLD is its lattice representation which models system-
to-system (or subsystem-to-subsystem) interactions, it
allows for an easy integration of dynamic fuzzy logic
concept into the classical MPLD. In this concept, the
physical behavior is assumed to be represented by
interactions between various levels of hierarchy. The
degree of interactions is governed by the physics laws
which describe this interaction. Complex physical
relations can be represented by fuzzy relationships
(rules). Therefore, the system can be modeled using
time-dependent fuzzy logic. Accordingly, the logical
relationships modeled in an MPLD is accompanied by a
corresponding physical relationships by fuzzifying such
relationships. Therefore, it is highly desirable to develop
a new diagram that combines the MPLD (the first stage
process) and the fuzzy logic concept (the second slage
process) together to analyze the dynamic effect or
behavior of the system (e.g., due to an incipient failure).
This new diagram is called Dynamic Master Plant Logic
Diagram (DMPLD).

The basic concept ‘of using the Dynamic Master Plant
Logic Dingram (DMPLD) to model the transition
behavior of plant systems has been discussed by Hu and
Modarres (1994a, 1994b), and will be reviewed in this
paper. Conceptually, the DMPLD allows the experts to
specify the degree of success (or failure) in realized a
desired operating function, approximate temporal values
of (he govering parameters, and transition effects of a
subsystem on other subsystem or on the system, etc..

In this paper, time-dependent behavior of physical
systems is classified and discussed in Section 2. Time-
dependent fuzzy logic and the basic concepts of the
DMPLD are reviewed in Section 3. Examples of using
the DMPLD to organize different types of time-
dependent behavior are discussed in Section 4. As an
example, the DMPLD representation for an intelligent
building control system is discussed.

2. TIME-DEPENDENT BEHAVIOR
OF PHYSICAL SYSTEMS

Conceptually, time-dependent behavior can be classified
in a variety of different ways. Table 1 shows a
classification based on response time. As such, time-
dependent behaviors of a physical system has one or

more of the following properties:

a Transition,
A transition addresses an ongoing process which
a system is transferring from one static state to
another in a deterministic time. A transition can
be stopped only if the condition is no longer held
or the target static state is reached. For example,
when a tank is leaking (a behavior), the tank
transitions from a full level (state) to no water
(another static state). If we stop the leak,
behavior is changed to another stable state.

L Trend.
Trend is the potential that a system will reach a

specific state (probabilistic output) based on the
past or cument deterministic history of the
system. For example, if we continue pumping
water into the tank, it will overflow sometimes in
the future. This is different than a transition,
since tank-overflow (behavior) is not ongoing,
but it will happen if we do not change the current
trend.

e Scheduled Transition (or Trend).
A scheduled transition (or trend) is a standby
status that system is scheduled (not ongoing) to
start a transition (or a trend), sometimes in the
future. For example, assume a redundant battery
can only provide power for 5 minutes. As such,
once the redundant battery is enabled, the system
is scheduled to lose its power 5 minutes later if
no other power source is enabled within this
period.

e Uncertain_Transition (or Trend).
An uncertain transition (or a trend) addresses that
the behavior is caused randomly because of the
uncertain nature of a system status or lack of
knowledge about the system response. A
transition (or a trend) will be triggered if such a
random input happens. For example, an operator
accidently pressing a wrong button may trigger a
transition (or a trend).

Table 2 shows another popular classification which is
based on variable input-output relations (Pankratz, 1991).
By such, some major time-dependent behaviors are:

® Time-Lagged.
Time-lagged relationship assumes that the output
variable is affected by the current and the past
data of other variables.

° Autocorrelated.
Autocorrelated (self-correlated) addresses that the
output variable may depend on its own past
values.

° Feedback
Feedback addresses that the system retums part
of the output as its own inputs, especially so as
to modify the output.

We will show in the next section that a DMPLD can

represent and model the time-dependent behaviors
classified in Tables 1 and 2.

Table 1 _Time-Dependent Transition/Trend Behavior

OUTPUT RESPONSE TIME
past current deter- prob-
ministic abilistic
future future
. past static | trajsition | transition trend
N
5 current - static transition trend
T
deterministic scheduled | scheduled
-{ future e - transition trend
M e " :
g | probabilistic uncertain | uncertain
future - - transition trend




Table 2 Major Time-Dependent Behaviors
Classified by Variable Relations

current current current current
X{t) X() X X0
whicli is a function of
currenl /v v
X
past X v
current v '
Y
past Y v/
is called
time- auto- static feedback
lagged | comelated

Y € [ variables other than X }

3. DYNAMIC MPLD

DMPLD is a logic-based diagram. It is an extention of
the GTST and MPLD decomposition method by using
the time-dependent fuzzy logic. The GTST structure was
initially developed as part of a DOE sponsored research
(Hunt and Modarres, 1984) to assess and improve
information systems in a nuclear plant, Subsequently, it
has been further developed and extended (o a number of
other applications (Kim and Modarres, 1987; Hunt and
Modarres, 1987, Birky, McAvoy and Modarres, 1988;
Chung and Modarres, 1989; Sebo, Marksberry and
Modarres, 1989; Chen and Modarres, 1992, Modarres,
1992; Dezfuli et al., 1994; Hu et al., 1994).

MPLD is designed for two purposes. One is to show
systems or subsystems, their functions. For this an GTST
is used. The other purpose is to represent the
interrelationships between various subsystems, especially
between the main subsystems and the so-called support
subsystems (subsysterns that power, control, cool main
system). A GTST_MPLD diagram is shown in Fig. 1.
More detail about GTST_MPLD analysis and application
has been discussed in (Hu er al,, 1994).

Main
Funclions

Fig. 1. A GTST_MPLD Diagram

Once GTST_MPLD is used to decompose a large system
into locally isolated subsystems, DMPLD is applied to
model the dynamic behavior of these subsystems, as
shown in Fig. 2,

In this section, we first introduce the basic concepls of
time-dependent fuzzy logic, and then explain  the
notations and symbology of a DMPLD, Examples of
using DMPLD to model and represent time-dependent
behaviors are discussed at next section,

3.1, Time-Dependent Fuzzy Logic Operations

Fuzzy logic is based on the concepts of fuzzy sets and
symbolic logic (Zadeh, 1976). Here, "time-dependent”
addresses cases where the system states are also a
function of time.

applytime-dependent fuzzy logi muliple saes
LMPLIY [ﬁ
i DMPLD

GiT DMPLD 7 _{_ Vi
lﬁ'.- "r - % Bidiy | (1) .
& M ] Dflr transfion behavior

uncertainy or degree o truth

Flg. 2. From GTST_MPLD to DMPLD Modelling

Similar to the Boolean logic algebra, dynamic fuzzy
logic may be represented by slightly  different
expressions. Classical fuzzy logic operations are time-
independent (i.e. static). The major relations of interest
in static fuzzy logic are described below:

1. Commutative Law: ANB=BNA

' AUB=BUA
ANBNO=(ANBNC
AUBUQ=@AUBUC
ANBUO-ANQUMNBE)
AUBNO =AUCONMUB)

2. Associative Law:

3. Distributive Law:

4. Idempolent Law: ANA=A
AUA=A

5. Absorption Law: ANMAUB) = A
AUMANB) = A

6. Negation Law: (A) - 4

7. deMorgan’s Law: TATTB) - A4UB

(AUB) = 4NB

8. Kleenc's Law: (ANA)U(BUB)-BUDB

(ANA)N(BUB) - ANZA
*Complementation Law:  Since there are overlaps between fuzzy
sets,

ANA w o

AUZ4 =n

Kleene's law is a degenerated form of the
Complementation law. In fuzzy logic, Kleene's law is
used to replace the Complementation relation, Typically,
time-dependent (i.e., dynamic) fuzzy logic obeys the
static operation relations described above, However,
since the time effect is considered, we have introduced
new rules to represent the dynamic behaviors.



Let capital A and B denote fuzzy sets. For a fuzzy set A,
when its state is changed or the set is activated, A'
indicates that a delay time t is required to perform this
change or activation. Suppose F(®) denotes a logic
relationship of component sets. Accordingly, F(e)'
represents requirement of a delay time t to perform this
relationship, when the state of one or more of its
components are changed, The time-dependent optration
rules which are supplemental to the rules discussed
above are:

9. Delay law: A=A
(Al)lnAl‘l
(an -4
F(®) ° = F(®)
F(e) ' =F(e ')
F(ALB,..) =F(A",B",. )

3.2. Time-Dependent Fuzzy Logic Evaluations

The procedure of fuzzy logic evaluation is not universal.
Bellinan and Giertz (1973) argued that [also discussed by
Alsina, Trillas, and Valverde (1983)], under reasonable
hypotheses (especially distribution law), the only truth-
functional logical evaluation for fuzzy sets are the usual
min-max operations. In this research, however, since the
delay time is considered, this evaluation shall be time-
dependent. Let Dmf(S(t)) denote the degree of
membership function of S(t) at a given time t. For inputs
A and B, the fuzzy evaluation procedure for S(t) may be
defined as:

S:A"NB" = Dmf(SW)

= min[ Dmf( A(t-a) ), Dl B¢-b) ), TS,
S:A'UB" =Dmi(SQ))

= min[ max{ Dm{( At-a) ), Dinf( B(t-b) )1, TS,
S :NOTA®  =Dmf(S1))

= min[ 1 - DmI( A(t-2) ), T(S)],
SzA" = Dmf( S(t))

= min{ Dmf( A(t-8) ), T(S)].

wlere T(S) is the uncertainty or the degree of truth

of the relation described by the symbol =.

To understand the importance of the dynamic logic
operations, let’s compare the following two logic
relations:

A=XNY and B=XNY'

where tis a delay timeand X =¥

In Boolean set A, when X and Y change their states (due
to a given behavior), A will change its state
simultaneously. Fuzzy set B is different in that Y takes
a delay iime t to change its states. Figure 3 shows the
results of A and B when we switch the states of X and
Y. Pulses are generated when X changes slowly between

Otol.

Boolean -'—l SR
X . o lmie
| 'L__I
Y . L—— time
Doolean .I.
A ilne
| —
Fuzzy _/_'_
X -| —~ e
Fuzzy =
Y .l_r i — sime
¥ lI' ;-P— p— )
i sid :I, I g simw
Dynaniic 1} Pas
Furzy B s} Siime

Fig. 3. A Comparison Baiween A = X Ny and
B:XNY';where X = NOT ¥ and T(S) = 1.

3.3, Notation for Uncertain Relations in DMPLD

In the previous section, the degree of true relationship
T(S) between various systems or subsystems was
considered. Such a degree of truth can be represented by
fuzzy logic. Figure 4 shows all the major uncertainties
modeled in term of a fuzzy logic in a MPLD, where

° state of A (or B) may be uncertain;

L] relationships between S, A and B may be
uncertain;

® logic relation U (or M) may be uncertain.

Relationships
maybe
unknown or
uncertain.

States
maybe
unknown or
unceriain.

T'ig. 4. MPLD Uncertain Relations

For example, consider a relationship § where we are
uncertain whether it is equal to A U B or A U C.
Assuming that 40% S = A UB, and 60% S = A UC, the
notation may be:

S=[TyN(AUB) 104 UITN(AUC) I n-os

If T, and T, represent the possibility of outcomes for S
=AUBor S = A U C respectively, S may be either A
UBorAUC

If T, and T, are degree of truth relationship (fuzzy
relationship), S may be both A UB and A U C, in which
sum of degrees may not necessarily add up to one. For
example,

S-[Tln(AUB)ITI-o.7 UIT,N(AUC)In-os

The above expression assumes that membership function
of S will not be larger than 0.7.

3.4. Notations and Symbols of DMPLD

Figure 2 showed a basic DMPLD structure. Table 3
summarizes the notations of the DMPLD. Four types of
logic gates are designed to represent the fuzzy logic
rules. Additionally, five different dependency-matrix
nodes are used in DMPLD to describe the probability
and the degree of truth in relationships. Using these
notations and symbols, we may organize a DMPLD to
improve the MPLD to represent the time dependency and
the uncertainty.

4. EXAMPLES OF DMPLD REPRESENTATION

When we talk about the DMPLD representation, we are
talking about a family of models (diagrams). That is, for
representing a physical behavior, there is no unique
DMPLD model; rather, experts can come up with
varieties of DMPLDs and different numbers of nodes and
layers, fuzzy sets, and transition logic. However, these
DMPLDs should yield approximately similar results.



Table 3 Basic Symbols of DMPLD Based On

Dynamic Fuzzy Logic

Notation Description

P 'AND’ gatc: the minimum value of inputs will be
3 the output value.

N ‘OR’ gate: the maximum value of inputs will be
(L———-'l the oulput value.

'AND' transition gate: il a new value is reached
) before its previous value is sent oul, the new

K"; | value will override the old value, and the

transition time is recounted accordingly.

@ ‘OR’ transition gate: the values will be sent out
sequentially according to their arrival time.

—(U‘%— minimum  between  the input  degree  of

Uncertain node: the number inside the node
represents the  uncertainty of relationship. The

membership function (dinf) and the uncertainty is
selected as the output.

. input dinf to the output dinf.

Solid bullet node (i.c., certain node): represents a
L certain relationship that dircctly propagate the

A Hollow nodes (with no number inside): means
Hﬁ« certain negation in which the output dmf is (1 -
= input dinf).

A Uucertain negation:  a hollow node with a bar
above the degree of certainty inside. The output
r dmf is the minimuin between the uncertainty and
(1 - input dinf),

Simple-crossed line: means no relationship (i.c.,
independent nodes).

4.1.

Basic Struetures in DMPLD

The structures in DMPLDs can be grouped into seven
basic classes: static, uncertain (or priority) output,
uncertain (or weighted) input, scheduled, time-lagged,
autocorrelated, and feedback. A DMPLD model
(diagram) is assembled from these basic structures.

Static.
A static DMPLD represents a linear or nonlinear
physical relation which is certain and not varied
with time. For example, consider a give behavior
described by the analog curves which relate O(t)
to A(t) and B(t). Figure 5(b) represents an
equivalent DMPLD which describes these analog
relations in a fuzzy relation model. Various
fuzzified values of A(t) and B(t) yield the
simulation result shown in Fig. 5(c).
Uncertain (or Priority) Qutput.
When the output is not unique for given inputs,
we take advantage of uncertain nodes in the
lattice of the DMPLD. For example, as shown in
Fig. 6, one may turn on a fan, or open a window
while feeling hot. And, of course, for different
people, the comfort range is varied, so the fan
speed is also uncertain,

neertain Weight \put,
Sometimes, we are uncertain about the effect of
specific input, or the input has only partial
effects. Uncertain nodes can be applied on the
left lattice of a DMPLD to represent an uncertain
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or weighted input, For example, in a light rain,
experience of driver would not affect safety. For
heavier rain, degree of safety depends on the
driver's experience. Assuming that a threshold
exist at almost 0.7 (degree of experience), Fig. 7
shows such a DMPLD represemtation of the
problem.

o)
EETEw [ an W
A fri -‘i
oo
.
| e
Re[iE]s) (TWTmETH
A1) B(y
(b)
Fig. 5. A Static DMPLD
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Fig. 6. A DMPLD with Uncertain Qutputs
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Fig. 7. A DMPLD with Weighted Input.

Scheduled,

Some outputs happen after a require time has
elapsed. As such, transition logic gates can be
applied to represent such this effect. For example,
as shown in Fig. 8, an automatic dishwasher
takes 15 minutes to wash, 15 minutes to rinse,
and 30 minutes to dry dishes. (one can also use
transparency of rinsing water and humidity of
drying air to control the timer. Such a DMPLD is
static.). At t=0, the washer is turned on to either
start a wash, a rinse or dry.

Here, the AND transition gate performs a crisp
state change when it reachs the delay time.



Time-Lagged.

Sometimes, the output depends on not only the
current inputs but also on the past inputs. For
rate of acceleration
calculated from the current and the past velocity,
as shown in Fig. 9.

example, the

Autocorrelated.

Autocorrelation  addresses  an

output

can be

which

depends on its own values in past. Somelimes,
while we have difficulty to identify the inputs
describibg a specific behavior (e.g., stocked), we
may assume the hidden input-output relation may
be represented via an autocorrelation. For
example, Figure 10 shows a system's -output
which depends on its previous two outputs.

‘Here, the OR transition gate performs a
continueous full-scale state change.

Feedback.

When the output is affected by the inputs and in
tum, the inputs are affected by the output, a
feedback relation exists. The structure of a

DMPLD with

feedback

is similar

to an

autocorrelated DMPLD but the output can retum
to itself (as autocorrelated) or other variables, as

shown in Fig. 1
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Tig. 8. A Scheduled DMPLD

ACCELERATION
+

H = HIGH AT
—
=
*- = =
=
=
ZE LW '—IV(\-l)
3 a(l) = dV(t)/ dl
| @ — Vi) - V{t-1)
EELWIWI v (t) —_—
VELOCITY

Fig. 9. A Time-Lagged DMPLD
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4.2, Case Study: Intelligent Building Control System

To illustrate the GTST_DMPLD process, in this section,
an intelligent building control system is discussed as an
example. An intelligent building which can sense inside
and outside environment, decide the efficient way of
providing a convenient, comfortable and productive
environment for its occupants. It can respond to
occupants’ need through computer-based models. A
variety of modemn technologies (e.g., thermal control, fire
protection, computer network, security system, etc.)
have been applied to the building control system to
achieve important features.

To model an intelligent building control system via a
DMPLD, first major system function-support
relationships are decomposed and displayed. As shown
in Fig. 12, the GTST_MPLD method is used to represent
the complex interrelations of the building systems. For
each function or system, more details can be shown. For
example, in Fig. 13, "Human Comfort and Health” goal
can be decomposed into eight control functions:
temperature, humidity, air motion, dust, odors, acoustics,
lighting and aesthetics. Support systems, for example,
centeralized air cond. system and lighting system can
also be decomposed into subsystems.

[ToCaiges H
[ Patarsy }
P Sggot

Tig. 12. A GTST.MPLD Decomposition of
an Intelligent Building Control System

~ m@g@iﬁmﬁlﬁﬂ[ﬁ@

Fig. 13. The GTST_MPLD Decomposition of
Subgoal “Comfort & Health”

After the whole building control system has been
decomposed into small subsystems, the DMPLD is
applied to model the local control processes and system
dynamics. For example, Figure 14 shows an air condition
system schematic diagram (Bradshaw,1985). The
DMPLD of MIX for ROOM2 is shown in Fig. 15. This
DMPLD models the dynamic aspects of the relationships
encircled in the MPLD of Fig. 13. While occupants set
a temperature, MIX will adjust the ratio of cooling and
heating air to match the setting temperature. Since the



temperature of cooling and heating air depends on the
lemperature of outdoor air, the air mixed ratio also
depends. ROOMI may use the similar DMPLD but the
fuzzy ratio of cooling air must be higher [e.g., a set
(20%,50%,100%)] because of radiant heat. The computer
simulation result is shown in Fig. 16. We model the
room temperature to depend more on the setting
temperature than the outdoor temperature,
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Fig. 14. An Air Condition System Schematic Diagraim
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Yig. 15. The DMPLD for Fig. 14
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Abstract. A combination of Multilevel Flow Modeling (MFM) and Hybrid Phenomena Theory (HPT)
is proposed for efficient design of engineering systemns. The MFM is a methodology to model an
engineering system from the standpoint of means and goals. One useful application of the HPT is to
derive mathematical equations describing a system's behavior. A conceptual design procedure
composes of 1) goal decomposition, 2} listing up design constraints, 3) function assignment, 4) finding
out suitable parts/components and their configuration, and 5) examination of the design's behavior.
The paper presents extensions to MFM representing detailed information about goals and
parts/components configuration so as (o be applied to the steps 1) to 3). The HPT is applied for the
step 5). Two design examples by the proposed combination are discussed.

Key Words. Computer-aided system design; Functional Modeling; Behavior calculation; MEM; HPT

1. INTRODUCTION Therefore, an effective

between

A design process can be described as an iterated
aclivity comprising 'generate’ and 'test' procedures.
In the 'generale' parl, a designer make a draft
design by managing the decomposition of goals into
subgoals, instantiation of design plans, invention of
new parts/components, new combination of existing
parts/components, modifications of similar designs,
and design constraint satisfaction.

Brown. et al. (1989) categorize design activities
into three classes by mainly considering the
subprocesses in the ‘generate’ part of design.
According to their classification, ‘class 1 design’ is
defined as an open-ended creative process resulting
in ill-specified goals. 'Class 2 design' is
characterized by the existence of powerful problem
decompositions but with the need of substantial
modification. The last class, 'class 3 design’, is a
routine process where problem decomposition and
compiled design plans are known but the design
task is still too complex.

For the ‘class 3 design’, knowledge-based
approaches such as rule-based systems or case-
based reasoning can be applied. However, it is
considered to be difficult to perform even ‘class 2
design' by using only knowledge-based systems at
current status of artificial intelligence technology.
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co-operation
humans and computers is necessary for the other
two classes of design. That is, an effective
knowledge-based design support system is needed
to support the decomposition of goals into subgoals,
instantiation of design plan, invention of new
parts/components, new combination of existing
parts/components and so on.

In this paper, a combination of Multilevel Flow
Modeling (MFM) (Lind, 1990; 1992; 1993; 1994)
and Hybrid Phenomena Theory (HPT) (Woods,
1991; 1993) is proposed for the efficient design
(‘class 2 design’) of an engineering system within
the process control domain. The MFM is a
methodology for modelling an engineering system
from the standpoint of means and goals. It has
been applied to diagnostic, planning and man-
machine interface problems. The purpose of the
HPT is to combine qualitative reasoning and
numerical calculation and for example to derive
mathematical equations describing a system's
behavior. In the combination of MFM and HPT,
the MFM is applied to support designers in the
decomposition of goals into subgoals, the
representation of design constraints, the assignment
of functions to goals/subgoals and representation of
parts/components configuration. .The HPT is
applied to derive the behavior of a designed system
needed in the 'test' part of design activity.



2. A KNOWLEDGE-BASED SUPPORT SYSTEM
FOR FUNCTION-BASED DESIGN

In a conceptual design procedure of the 'class 2
design’ of an engineering system, one can observe
that designers perform the following steps to
complete their design: 1) to decompose the design
goals into sub-goals, 2) to list up design conditions
and constraints, 3) o assign functions to achieve
each decomposed goal/subgoal, 4) to identify
suitable parts/components and their configuration
to realize the functions, and 5) to check if the
behavior of the resulting design satisfies the
goals/subgoals and design conditions. In this
paper, a function is defined as a useful behavior,
i.e. it is describing teleology and is a selected subset
of all possible behaviors, following the definition of
function in the MFM. The discussions of functions
are detailed in Lind (1993; 1994).

In the design procedure mentioned above, it is very
important not only (o decompose goals into
subgoals with suitable grain size and complexity,
but also to decide what functions to be assigned to
each goal/subgoal. The decomposition and
assignment are left to designers in ordinary design
activities and depend on the quality of design.
After the assignment of functions, designers can
rather easily find suilable parts/components by
comparing the definition of a function and the
specifications  of parts/components under the
condition that no new part/component nceds to be
invented.  From the standpoint of attaching
importance (o tunction assignment, the authors call
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Fig. 1. Schematic of function-based design procedure
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this kind of design procedure a 'function-based'
design procedure.

The authors are now developing a knowledge-based
interface syslem to support designers for a
conceptual design of the ‘class 2 design'. The main
idea of the knowledge-based support system is to
combine effectively the MFM and HPT. A
schematic of the function-based design procedure
and the application of the MFM and HPT is shown
in Fig. 1. The parts/components data/knowledge
base contains the specifications, behavior
knowledge, applicability knowledge, and so on of
parts/components. The MFM is applied to the steps
of goal decomposition and function assignment,
while the HPT is used for system behavior
derivation and calculation. The HPT representation
in Fig. 1 is a description (set of statements) of a
system according to the HPT syntax. Although
there are several knowledge-based subsystems
needed to complete the interface system, this paper
focuses on a discussion of the application of MFM
and HPT.

3. MULTILEVEL FLOW MODELING AND ITS
EXTENSION FOR DESIGN PROBLEMS

The MFM (Lind, 1990; 1992; 1993; 1994)
represents intentional aspects of a sysiem from the
standpoint that a system is an artifact, that is, a
man-made purposeful system. The relationships
among system goals, subgoals, plant functions, and
control functions to achieve goals