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ABSTRACT

Several research organizations are working on the applieation of
artificial intelligence (AI) +techniques to engineering processes and
operations (1, 3, 4, 5). Of all the contributions of AT, expert systems show
some of the most significant promise for engineering disciplines. An expert
system provides a framework for acguiring, representing, and using knowledge
about a particular application's domain. This computer processing of
knowledge is increagingly significant in a wide variety of engineering
applications. Although the construction and processing of the knowledge bases
of exzpert systems are currently widely analyzed, the role of knowledge in
engineering design merits closer attention so that Al-oriented computer—aided
engineering {CAE) systems can be developed and maintained systematically.

Az in many current AI aystems, lnowledge processing is the most
important issue in expert systems. "EKnowledge" in engineering applications is
loosely defined and subject to interpretation. Therefore, before widespread
engineering design applications can be achieved, we must formally identify
knowledge types and the correlation between them. To begin this process, this
paper presents various perapectives of the Inowledge currently used in
engineering design.

INTRODUCTION

One of the most rapidly developing subdisciplines of computer science is
artificial intelligence. AT seeks the exhibition by computers of behavior
which would be called intelligent if it were being exhibited by humans (22).
Of particular concern in AT is an understanding of the knowledge-processing
capabilities needed to produce intelligent behavior. Such behavior includes
organizing knowledge, exploiting constraints, controlling attention, searching
solution spaces, logic, and theorem proving (22). Each of these behavioral
methods is applied to the major areas of AT research: vision and image
processing, speech, natural language processing, strategic technology,
robotics, and expert systems, the latter of which is the topic of this paper.

Expert systems embody methods of conceptualization and reasoning to
simulate human problem-solving capabilities in specific domains, e.g.,
engineering design. Expert systems rely on the acgquisition, representation,
processing, verification, and use of Inmowledge. Since knowledge 1is the
central theme, expert systems are also called knowledge-based expert =zystems
(KBES). The application of KBESs in engineering appears to be most promising
(1, 5, 165, 19, 20).



In an Al-oriented CAE application, knowledge appears in many contexts.
The primary ones are knowledge types, knowledge contreol, and knowledge
representation. The interrelationships between these contexts and the
criteria one uses to choose appropriate representation paradigms are discussed
herein.

BACKGROUND

in expert system consists of three main components: an inference
engine, a knowledge base, and a representation of the problem at hand. The
inference engine iz =a computer program that uses knowledge and a
representation of the problem to draw conclusions, The knowledge base is a
collection of facts, procedures, and rules (or heuristice) gathered from an
expert by a knowledge engineer. The expert iz a person chosen for his or her
level of performance in the domain being captured, for example, structural
analysis. The knowledge engineer specializes in extracting information from
the ezpert through interviews, role-playing, and cbservation. The knowledge
engineer then selects toolz and develops strategies to represent the decision
processes of the expert in a computerized form.

Expert systems limit themselves to domain-specific lknowledge rather than
general problem-solving techniques. SACON, for example, dealt with structural
analysis, using finite element technigues to simulate the behavior of a
physiecal structure under wvarious loading conditions. The more limited, or
domain-specific, the problem, the greater its chances of being captured
successfully in an expert system.

TYPES QF ENOWLEDGE

The most important and time-consuming task in the consatruction of KBESs
is establishing a knowledgze base through problem analysis and the acquisition
and representation of the Iknowledge needed for problem solutions. In a
variety of domains, the emergence of expert systems points out inconsistencies
between knowledge sources and gaps in domain knowledge. These problems are
prominent in engineering design, construction, and manufacturing processes
where Imowledge iz not monolithiec and information flow 1is fragmented.
However, the construction of engineering knowledge baseas can be greatly
gimplified by classifying knowledge according to its function. The types of
knowledge commonly encountered in engineering design include:

- Facts,

- Procedures (algorithms, operations),
- Judgmenta (heuristieas, beliefs), and
- Control.

Facts

Factual knowledge iz the most primitive, declarative knowledge type. It
consiats of formalized knowledge +typically found in handbooks. Material
specifications and engineering properties contain factual knowledge.
Additional candidates for factual representation in mechanical design
applications include:
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Undeniably, Judgmental knowledge is not a type that engineers
traditionally encode in computer programs. Yet judgmental knowledge is
ezzential to engineering design processes. In fact, judgmental knowledge
plays a major role in all phases of the design process: conceptualization,
requirement definition, planning, preliminary and detailed analysis,
proportioning, sizing, procurement, manufacturing, operation, testing, and
revision., The engineer uses judgment to evaluate alternatives and to guide
the search for design solutions. Judgmental knowledge i= quite often cast as
regulatory requirements and is embedded in codes, specifications, standards,
and other regulatory documents.

Control

Control knowledge is metaknowledge, knowledge about knowledge. Control
knowledge directs the processing of the above types of knowledge in expert
systems. Control knowledge can be procedural, Jjudgmental, or both.
Important features of control knowledge include:

- Pattern-directed actions,

- Flexible and sometimes self-modifying behavior,
~ Inticipation of unexpected developments,

— The use of an open-ended solution space, and

— Dealing with uncertainties.

Control knowledge controls and coordinates the evelution of the other
knowledge forms by chooaing appropriate knowledge =ources for a particular
gituation. Depending on the level of intellect and the reguired expertise,
control lmowledge can be categorized into three classesz., The next =ection
discusses these classes and presents pertinent examples.

CLASSES OF KNOWLEDGE

The knowledge used in engineering iz not uniform in its nature and
applicability. It can be at a wvery high level, where general decisions are
made; it can be wvery specific, concerning a single component or a simple
activity; or it can assume wvarying degrees of complexity between these two
extremes. Chandrasekaran (1, 3) categorizes the design tasks of an industrial
process in similar terms. He identified three classes of design tasks that
depend on whether the +ask iz creative, innovative, or routine. Theses
categories are applied herein to the wvarious levels of engineering design
knowledge.

Creative knowlsdge involves a high level of attention in a broad sense.
It presents the engineer with differing and often contradictory options,
particularly in initial design stages where conflicts between goals must be
resolved and resources must be conserved, and during critical phases of
product development where unanticipated problems= arise and contingency plans
must be put into effect. Engineers use creative lknowledge to select a site
for a manufacturing plant, initiate a new product line, evaluate initial
design options, and change the marketing strategy of a product.

Innovative lmowledge is not as general as creative knowledge, but still
involves considerable decision-making effort and is used more or less
routinely throughout the design/manufacture process. Engineers use innovative



knowledge to select computer hardware or scoftware for a particular
application, manage and schedule projecis, fine-tune a process to match
manufacturing specifications, and design =a facility given the loads,
materials, and other constraints.

Routine knowledge enables one +to perform the day-to-day fasks of
engineering. This is not to say that routine knowledge doez not warrant any
expertise or skill, but that it is less general than creative or innovative
knowledge., At this level, decision-making ingredients are well undersiood and
engineering alternatives are chosen from a large, but well-defined, knowledge
base. Engineers use routine knowledge to diagnose a specific malfunection,
optimize a process, control and monitor activities, and check deszigns.

These classifications of engineering dezign knowledge are not rigidly
definable, The levels presented tend to overlap one another to some extent
and could themselves be further subdivided. However, the above c¢laszification
sufficiently illusftrates the variety of knowledge needed to perform different
engineering design tasks.

EXPERT SYSTEM/ENGINEERING TASKS

Having discussed the iypes and classes of engineering design knowledge,
this section will now define feazsible tasks for expert aystema before covering
the selection of XKEBES toolza for wvarious engineering tasks and applications.
The tasks fall into two broad categories, interpretive tasks and generative
tasks.

Interpretive tasks require reasoning about a +task in light of the
knmowledge available in the task's domain. Interpretive tasks are data driven.
They obtain known data, reason about it to make decisions and inferences, and
then derive problem solutions. Examples include interpretation itself,
diagnosis, monitoring, and prediction.

Generative tasks are those for which there are many possaible outcomes.
A solution to a generative problem iz obtained by generating a potential
solution and testing it against a =set of applicable conastraints., Generative
tasks are goel driven, They establish a goal, seek aclution methods to achieve
the goal, and then apply constraints to limit the solution space. Examples
ineclude planning and design.

Brief definitions of these tasks, including examples, follow (8).

Interpretation ~ Analyze known data to determine its meaning. Example:
the interpretation of laboratory test data.

Diagnosis - Investigate the cause of a fault in a system. Example:
the diagnosis of a structural failure.

Monitoring - Continuously interpret signals and notify users when
intervention ia required. Example: real-time monitoring of stress and
strain parameters in a structural system test.



Prediction - TForecast the fubture from a model of the past and the
present. Example: predicting the effectz of time-dependent changes in

material properties.

Planning - Create programs of action to achieve a goal. Example:
planning the manufacturing sequence for an assembled part.

Design - Develop specifications to create objects that matisfy a szet of
constraints, Example: the design of a component, part, or facility.

Other suitable tasks for exzpert systems inelude consultation,
instruction, evaluation, scheduling, debugging, testing, and repair. Clearly,
one must recognize the distinguishing characteriatics of these tasks +to
effectively apply KBES tools to them.

SELECTION OF KBES TOOLS FOR ENGINEERTNG APPLICATTIONS

Applying KBES techniques to engineering problems requires classification
and organization of the knowledge levels involved, followed by a consideration
of appropriate tocls for developing and implementing a KBES. Many factors
contribute to deciding what criteria enable a KBES tool to meet engineering
design requirements, Maglierc presented the following as critical features of
expert-system tools (9):

- Enowledge representation technigues,

- Control strategy,

— KBES interface requirements,

— Compatibility with traditional application programs, and
-~ Economic considerations.

Those considering the acquisition of KBES tools must evaluate these features
carefully. Each feature will be briefly discussed below. For a broader
discussion and a comparison of popular expert-system toolz based on these
eriteria, the reader is referred to the paper by Magliero.

Knowledge Representation Technigques

Enowledge-based paradigms are the techniques used to represent and
process the knowledge of expert systems. The four most widely used
paradigms are semantic networks (5, 18), production rules (7, 13),
frames (11, 12), and first-order predicate logic (4, 21). Although currently
most expert system tools support only one knowledge representation and
processing paradigm, it is possible to develop tools which support multiple
knowledge paradigma. A number of expert systems have been developed, for
example, using a combination of production rules and frames (10, 17, 23).

Control Strategy

The control strategy processes domain knowledge. Although control
knowledge is separate from domain knowledge, the implementation of a control
strategy depends heavily on how knowledge iz represented. Enowledge
paradigms, therefore, often directly determine control strategies. A single
type of knowledge representation paradigm can employ different kinds of
control strategies although the reverse is not true, For example, the



production rule paradigm of EMYCIN (2) follows a goal driven strategy, whereas
the production rule paradigm of OPS5 (7) follows a data-driven strategy.

Typical planning-analysis-design cycles of engineering activities mix
goal- and data-driven strategies. Therefore, an expert-system tool having
control lknowledge that employs different lmowledge-processing technigues would
be ideal for engineering applications.

KBES Interface Requirements

Ease of use contributes to the ultimate utility of any major software
tool. In the case of a KBES, such use involves three activities: knowledge
acquisition, kmowledge maintenance, and explanation.

Like many typical engineering and data-processing activities, knowledge
acquizition and maintenance are cyclic, reguiring definition and redefinition
as experience is gained. During knowledge acquisition a knowledge engineer
extracts knowledge from an expert and encodes it in a KBES, The KBES
interface should make this high level activity as easy as possible by
providing capabilities that free the knowledge engineer and the expert from
software-dependent detaila.

Initial attempts to encode knowledge obtained from experts may result in
flaws or contradictions in the knowledge base, In addition, modifications
during the lifetime of the expert system can introduce incompatibilities and
contradictions. Remedial actionz on the knowledge base are therefore
necessary. These actions fall within the realm of knowledge maintenance, which
involves the addition, deletion, and modification of Inowledge. An
appropriate debugging facility is therefore essential.

ingother important requirement that must be met by the KEES interface is
an explanatory capability. The expert system must be able to explain its
reasoning process. An explanatory capability aids in detecting flaws in the
system during development. It alsoc aids novice users in understanding the
expert reasoning process of the domain being modeled. Lastly, it pursuades
human experts of its wvalidity by revealing the reasoning leading to its
conclusions.

Compatibility With Traditional Application Programs

One of the major impediments to the use of KBES tools by engineers is
the languages in which they are written. More often than not these languages
have been LISP and FROLOG, although other languages, including FORTRAN, have
been used (15). Because of a lack of standardization, thezse languages have
not provided a uniform development base, hindering their use by engineers.

The importance of compatibility in a computer-aided engineering
environment cammot be overemphasized. However, consideration of the
compatibility between the broad spectrum of tools available to the engineer,
ineluding application szoftware, database management systems, and lmowledge-
based expert systems, is often neglected. It is imperative, therefore, that
an efficient interface between expert system tools and traditional engineering
software be Iinvestigated +to provide an environment supportive of CAE
departmentsz in all of these areas. Those tools which most easily fit into an



engineering organization's computing environment must be identified as high
priority candidates for acquisition.

Economic Consideraticons

The cost effectiveness of a KBES application reguires careful study. In
most cases, the cost of the hardware and software needed for expert system
development will be low compared to the coast of lmowledge acquisition,
encoding, and maintenance. Since the integration of KBES and +traditional
engineering computing togls iz significant, the availability and cost
effectiveness of such an interface should be ezamined closely. The ease with
which such tools could fit within an organization's computer-aided engineering
environment igs a strong consideration. As when acquiring any major software,
engineering organizations need to evaluate the cost of KBES relative to other
traditional engineering applications, then base their acquisition decisions on
the economic impact this new technology would have on their current and future
operations.

SUMMARY

Expert systems iz a rapidly developing subdiscipline of artificial
intelligence that aimulates human problem-solving capabilities. Constructing
an expert system often points out inconsistencies in domain kmowledge while
formalizing it. The types of domain knowledge; facts, procedures, judgments,
and control; differ from the classes of that knowledge; creative, innovative,
and routine. The feaszible tasks for expert aystems can be determined based on
these types and classes of lnowledge. Interpretive tasks require reasoning
about a task in light of the knowledge available, where generative tasks
create potential solutions to be tested against congtraints, Only after

classifying the domain by type and level can the engineer select an
appropriate knowledge-engineering tool for the domain being considered. The
critical features +to be weighed after classification are knowledge

representation techniques, control strategies, interface reguirements,
compatibility with traditional systems, and economic considerations.
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