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Computational Intelligence in Product Design
Engineering: Review and Trends
Andrew Kusiak, Member, IEEE, and Filippo A. Salustri, Member, IEEE

Abstract—Product design engineering is undergoing a trans-
formation from informal and largely experience-based discipline
to a science-based domain. Computational intelligence (CI) offers
models and algorithms that can contribute greatly to design for-
malization and automation. This paper surveys CI concepts and
approaches applicable to product design engineering. Taxonomy
of the surveyed literature is presented according to the generally
recognized areas in both product design engineering and CI. Some
research issues that arise from the broad perspective presented
in the paper have been signaled but not fully pursued. No survey
of such a broad field can be complete; however, the material pre-
sented in the paper is a summary of state-of-the-art CI concepts
and approaches in product design engineering.

Index Terms—Computational intelligence (CI), decision making,
design automation, engineering design, product engineering.

I. INTRODUCTION

PRODUCT design engineering is a complex discipline; it
draws upon and contributes to other disciplines, and it is

not well formalized. This interdisciplinary nature of product
design engineering has resulted in numerous computational ap-
proaches that have been reported in the literature. The goal of
this paper is to discuss the recent computational intelligence
(CI) results applied to product design engineering, and structure
the CI approaches in a general unifying framework.

No survey of such a broad field can be complete. An attempt
has been made to balance the degree of detail against availability
of literature sources. Any imbalance in the coverage is due to
the availability of information rather than the topic’s importance.
Such topics are included as they are relevant to the breadth of
our survey.

A general taxonomy of models used in product design en-
gineering is proposed in Fig. 1. Some formal approaches in
product design engineering fall into the programming language
category (category 1 in Fig. 1) equating designing mechani-
cal components as coding. This approach is analogous to the
hardware design language developed in electronics.

There is no indication that a widely accepted computer in-
struction approach to product design engineering will be realized
in the near future, and therefore, category 2 in Fig. 1 presents
a more realistic option of object-based design. This is a coarser
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approach to product design engineering aiming at capturing
higher level objects, i.e., parts and assemblies defined by a col-
lection of functions. Category 3 in Fig. 1 introduces a natural
system perspective to product design engineering. This perspec-
tive supposes that any product can be viewed as a genome, with
subassemblies represented by chromosomes, and parts repre-
sented by genes. Genetic operators, decision rules, and other
logic would govern the design and redesign of products. The
nature-based perspective to mechanical design could be the most
promising; as such, it will be a focal point of this survey.

Many researchers favor an optimization approach to product
design engineering, shown as category 4 in Fig. 1. This approach
usually describes some aspects of design with a constrained ob-
jective function. A multitude of different models reflects differ-
ent facets of mechanical design under this approach. However,
here, the term “optimization” is used in a broader sense than
in mathematical programming. Once a basic design concept is
established, the remainder of the development process can be
regarded as a refining that concept into a real product. This sense
of “refinement” is how the authors wish the reader to interpret
the term “optimization.”

In summary, one may distinguish between categories 2, 3,
and 4 in Fig. 1, as representing perspectives of informational
structure versus evolutionary development and optimization,
respectively.

In the next section, numerous approaches and methods that
fall into categories 2–4 are examined.

II. TAXONOMY OF CI ALGORITHMS, TECHNIQUES, AND TOOLS

Many experts agree that CI will contribute greatly to design
automation. Machine learning algorithms fuse historical design
information distributed in space and time into coherent and
understandable design knowledge. The only impediment here is
in the representation of such information in a uniform way.

The CI approaches of potential use in product design engi-
neering can be grouped into seven major classes. These classes
are identified and related to the three categories of Fig. 1 in
Table I. Note that category 1 of Fig. 1 has been excluded from
Table I as the computer code-development approach requires
an extensive coverage that could not be accommodated in this
paper. The criterion used for matching a CI approach with a
category is based on the literature coverage. If a substantive
collection of research was found, then an “×” was placed in the
appropriate entry of Table I.

The literature pertaining to each of the seven approaches of
Table I is discussed in the sections that follow.
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Fig. 1. Classification of modeling approaches in product design engineering.

TABLE I
CI METHODS AND CATEGORIES OF RESEARCH APPROACHES OF FIG. 1

A. Ontologies

An ontology is an agreed upon set of terms and meanings that
enables parties to share diverse knowledge through a common
language [1]. “Intelligent” methods and algorithms use knowl-
edge organized into ontologies. The nature and representation
of ontologies are of importance to product design engineering.
Ontologies are the formal underpinnings of all methods that de-
fine knowledge as complex structures, and they are fundamental
to category 2 (design objects) approaches (see Table I).

Fowler et al. [2] used ontologies of engineering features to
develop software to check that product configurations satisfy
both physical and organizational constraints. Yoshioka et al. [3]
developed a framework for knowledge-intensive engineering
driven substantially by ontologies of physical concepts that
constitute “pluggable” metamodels in the framework. These
physical concept ontologies form the common basis to integrate
diverse information sources.

Ontologies were used by Kitamura et al. [4] to build and
successfully deploy a framework to capture and reuse knowl-
edge about product functions in a large electric corporation. The
authors reported that a key feature of their framework was its
ability to make explicit the knowledge that designers would only
use implicitly otherwise, and to help share the knowledge with
team members.

Brown et al. [5] used ontologies to create a Web-based reposi-
tory to support the distributed development of automotive com-
ponents, using conventional Web technologies and standards.
Leveraging the Web for such purposes allows users to add and
search content using ubiquitous and robust systems that many
industries already have in place.

Tao et al. [6] described the development of ontologies to
facilitate searching design spaces based on the semantic grid
concept of the Web. The reported work is part of the Geodise
project (http://www.geodise.org) intended to provide a complete
Web-enabled knowledge-based system (KBS) for design and
optimization involving fluid dynamics.

Tormey et al. [7] developed agent-based systems using on-
tologies to support collaborative design processes by making
diverse and distributed sources of knowledge appear homoge-
nous and integrated to users.

The Enterprise Intelligence Laboratory at the University of
Toronto has developed an extensive ontology-based capability
to address modeling of an entire enterprise, including require-
ments, supply chain management, quality management, and so
on [8].

Lee and Luo [9] used ontologies to analyze requirements in
the domain of network management software.

B. Data Mining

The volume of “legacy data” collected by industry is growing
at an unprecedented rate. Such large quantity of data is usually
difficult to process and analyze, yet is likely to be a source
of valuable knowledge. Data mining, also called knowledge
discovery, provides algorithms for searching and summarizing
the legacy data in a usable form. Data mining can be combined
with other approaches to develop intelligent systems. It falls
into category 2 (Table I) as it creates design objects from the
typically unstructured legacy data.

Kusiak [10] proposed a data mining system for predicting
product cost using historical design data. A rough-set theory
algorithm was used to extract the decision-making knowledge.
Ishino and Jin [11] applied data mining for knowledge acqui-
sition from design activities involving a computer-aided design
(CAD) system. They developed a method called extended dy-
namic programming to extract the knowledge. Romanowski and
Nagi [12] proposed a design system based on knowledge ex-
tracted from product life cycle data. Giess et al. [13] mined
manufacturing and assembly data of gas turbine rotors to es-
tablish and quantify relationships between the balance and vi-
bration data, which, in turn, improved component tolerance
designs. Hamburg [14] applied a decision-tree algorithm to sup-
port product development by analyzing high-level data such as
market position, strategy, philosophy, and culture of the manu-
facturing and customer behavior. The extracted knowledge was
to be integrated in the product development process. Albers and
Marz [15] used data mining to extract know-how of disciplines
related to design processes for microtechnological products.
Cascint [16] uses data mining techniques to create TRIZ-based
semantic portals to support the redesign of metal parts in plastic.

Terpenny et al. [17] developed a methodology to assist in
the discovery, classification, and capture of design knowledge.
The methodology was intended to guide industries in developing
taxonomies and ontologies in a practical way. By providing such
guidance, the paper demonstrated that it was possible to build
semiautonomous, agent-based tools using structured knowledge
in design.

C. Evolutionary Computation

Evolutionary computation is concerned with the development
of problem-solving methods based on concepts from natural
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Fig. 2. Genomic representation of a product.

systems. A number of evolutionary computational methods have
been developed, including genetic algorithms (GAs), genetic
programming (GP), evolutionary strategies (ES), and evolu-
tionary programming. All of these approaches are discussed
next.

1) Genetic Algorithms: A human organism in its all com-
plexity can be represented by approximately 30 000 genes ex-
pressed as a vector of four genetic letters A, C, G, and T, or
just a series of zeros and ones, if one prefers the binary repre-
sentation. Any two humans differ only in a small percentage of
their “genetic vectors” regardless of their phenotypic differences
(looks). How long would the vector of “product letters” need to
represent a watch, a bicycle, or a space station? One could argue
that such vectors of characters can be handled by the modern
computer hardware and software. Thinking of a product design
in a bottom-up (genetic like) rather than the top-down (the way
the products are often viewed today) leads one to believe that
intelligent systems may dramatically change the course of prod-
uct design engineering. The time could be ripe to explore the
genetic design paradigm.

Fig. 2 shows a “genomic-like” representation of a product,
where the genes represent parts, and the chromosomes represent
subassemblies. The same product could be represented at finer
level by assigning genes to its design features.

Bentley and Wakefield [18] applied a GA to design a table.
Using primitive shape representations, tables were designed to
satisfy the size constraints, the distribution of mass, and the
resulting stability. Cho [19] applied a GA to learn the replication
of human intent of interest to product design engineering. The
user provided initial selections and the algorithm optimized the
intent.

2) Genetic Programming: GP creates a computer program
in the scheme computer language as the solution [20], [21].
Zhang and Muehlenbein [22] investigated the relationship be-
tween the performance and complexity of the evolved struc-
tures. Employing statistical search, Iba et al. [23] introduced a
new approach to GP by integrating a GP-based adaptive search
of tree structures and a local parameter tuning mechanism. In
traditional GP, recombination can cause frequent disruption of
building blocks, or mutation can cause abrupt changes in the
semantics. Soule and Foster [24] showed that poor results with
parsimony pressure are due to “failed” pmpulations that over-
shadow the results of the populations that successfully incorpo-
rate the parsimony pressure. Additionally, they showed that the
effect of parsimony pressure could be measured by calculating
the relationship between program size and performance within
the population. This measure can be used as a partial indicator
of success or failure of individual populations. Yao et al. [25]
proposed a fast evolutionary programming algorithm using as
the primary operator Cauchy rather than Gaussian mutation.
The authors showed the relationship between the search step

size and the probability of finding a global optimum. GP has
also been applied to multiobjective robust design in [26].

Within the limits of their current applicability, GP algorithms
have typically been able to generate and evaluate far more de-
sign alternatives than any team of designers. As such, these
algorithms can be effective design tools, especially in develop-
ing new and innovative design alternatives.

3) Evolutionary Programming: Evolutionary programming
[also known as evolutionary algorithms (EAs)] incorporates the
aspects of natural selection or survival of the fittest. An EA
maintains a population of structures (initially randomly gener-
ated) that evolve according to the rules of selection, recombina-
tion, mutation, and survival, referred here as genetic operators.
A shared “environment” determines the fitness (performance)
of each individual in the population. The fittest individuals are
more likely to be selected for reproduction (e.g., retention, du-
plication), while recombination and mutation modify the indi-
viduals, yielding potentially superior ones.

The background on various implementations of EAs is pro-
vided in [27]–[30]. The last paper provides a comprehensive
typology of EAs. A promising alternative in solving difficult
and dynamic problems is the coevolutionary algorithm, which
is a variation of EA where each individual represents only a
partial solution to the problem (see [31] and [32]).

4) Evolutionary Strategies: ES is an algorithm where indi-
viduals (potential solutions) are encoded by a set of real-valued
“object variables” (the individual’s ‘genome). For each object
variable, an individual has a “strategy variable” determining the
degree of mutation to be applied to the corresponding object
variable. The strategy variables mutate, allowing the rate of mu-
tation of the object variables to vary. The population size, the
number of offspring produced in each generation, and whether
the new population is selected from parents and offspring or
only from the offspring characterize an ES.

Eiben and Bäck [33] extended the ES approach to multipar-
ent recombination involving a variable number of parents to
create an individual offspring. The extension was experimen-
tally evaluated on a test suite of functions of different modality
and separability and the regular/irregular arrangement of their
local optima. Multiparent diagonal crossover and uniform scan-
ning crossover and a multiparent version of intermediary re-
combination were considered in the experiment. Olafsson [34]
demonstrated the use of evolutionary game theory for the alloca-
tion of service requirements onto an ensemble of heterogeneous
network components. Schweitzer et al. [35] applied Boltzmann
and Darwin’s and mixed strategies to find differently optimized
solutions (graphs of varying density) for the road network, de-
pending on the degree of frustration. They showed that the op-
timization process occurs on two different time scales. In the
asymptotic limit, a fixed relation between the mean connection
distance (detour) and the total length (costs) of the network
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exists that defines a range of possible compromises. Thompson
et al. [36] presented ES to design a reconfigurable controller.
The designed product exhibit better properties than the one de-
signed with conventional constraint-based methods. Moriarty
and Miikkulainen [32] applied coevolutionary search to design
a neural network. The designed network was robust due to neu-
rons assuming overlapping roles as well as increased diversity.
Lohn and Colombano [37] presented an evolutionary search
method for automatic generation of circuit designs. They used
a set of circuit primitives that were synthesized in valid circuits.
The algorithm allows for the evolution of the circuit size, circuit
topology, and device values.

D. Decision Making

Product engineering has a significant decision-making
element. Intelligent decision-support systems are especially
useful in product design engineering because of high complex-
ity associated with the decisions and of the risks associated
with making wrong decisions. Decision-making algorithms
optimize various design outcomes, and therefore, naturally fall
in category 4 (Table I).

Sim and Chan [38] developed a KBS for rolling element bear-
ing selection. They used heuristic knowledge supported by a
manufacturer’s catalog to generate a solution. Stacey et al. [39]
reported on a CI approach, called signposting, to support de-
cision making in design. Signposting provides both inference
knowledge and strategic problem-solving knowledge by focus-
ing on the dependencies between design parameters. Danesh
and Jin [40] created an agent-based decision network to support
decision making in collaborative design. Each designer is repre-
sented with a software agent in an objective-based negotiation
environment.

Agents were also used by Chao et al. [41] to model interac-
tions between design systems used by multiple teams working
on large-scale, complex-design problems. An evolutionary ap-
proach was used to automate negotiation between the agents in
exchanging design solutions from different systems.

Mussi [42] presented a method for building decision-support
systems based on decision theory using value of information.
The method accounts for the vagueness of information derived
from tests needed to validate hypotheses crucial to task comple-
tion, which is typical of product design engineering situations.

E. Case-Based Reasoning

Case-based reasoning (CBR) is an approach that attempts to
mimic the human capacity to adapt and reuse solutions from
known problems to new ones. It assumes that similar problems
can be solved with similar solution approaches. A case is a
description of a problem and its solution. New problems are
analyzed and compared to known cases until a best match is
found. The solution of the matching case is used (and some-
times adapted) to solve the new problem. CBR performs best
when the library of known cases is such that each case: 1) is
representative of a particular class of common problems and
2) has some similarity to a few other cases in the library. The
major operational elements of CBR systems include gathering

and analyzing cases, establishing a “similarity measure” for new
problems, and adapting known solutions to new problems. The
structuring of cases places CBR to the design object (category 2,
Table I) approach, while its aspects of space searching indicate
its membership in category 4 (optimization).

CBR has been used to build software of known solutions.
Depending on the way the similarity is defined, it is possible to
apply CBR in quite innovative settings. Scott and Cook [43] used
CBR in combination with context-free grammars to “emulate
human reasoning” with respect to assessing product require-
ments. Morcous et al. [44] applied CBR to model infrastructure
deterioration in civil engineering structures using a large vol-
ume of data (i.e., large number of cases) on the strength and
deterioration of structures.

Rivard and Fenves [45] developed a CBR system for concep-
tual design of buildings. The system supports the hierarchical
decomposition of design cases, offers multiple views, and en-
capsulates the outcome of the design. Multiple case retrieval
methods are available, and case adaptation is done by a “replay”
method of existent processes. Note that adaptation is generally
a parametric operation requiring a parameterized model of the
object being designed. Such parametric models may themselves
be the object of intelligent systems.

Concept maps were used to navigate and manipulate cases
and their adaptations in the CBR system presented in [46] to
support aerospace design.

Many applications of CBR in design have been restricted to
relatively narrow domains. Lee and Luo [9] developed a CBR
system for the design of die-casting dies. The system logs how
humans use it and trains itself to new cases, thus improving
its performance that is transparent to its user community. Tor
et al. [47] applied a two-stage similarity algorithm to control the
size of the search space in the CBR design of a stamping die.
Their solution is demonstrated to noticeably speed up die design.
Qin and Regli [48] applied CBR to the design of mechanical
bearings. Vong et al. [49] used CBR to design the hydraulic
circuits of production machines.

CBR has also been applied to broader cases, e.g., Chiu [50]
used CBR to studying cognitive processes of designers.

F. Qualitative Reasoning

Qualitative reasoning allows developing models when the
relationships between variables and parameters are not well es-
tablished [51]. These methods seek ideal solutions to simplified
or abstracted situations, and therefore, they fall in category 4
(Table I). While they are not able to operate with highly detailed
“real life” information, they are able to guide design engineers
in general terms. The qualitative reasoning approach integrates
well with the knowledge to be extracted from the data sets [52].
Bond graphs are well suited to integrate the process modeling
constructs. They provide means for unambiguous definition of
the behavior of components by [53] the following.

1) Use of a limited number of versatile general terms and
symbols to provide a rational graphical structure describ-
ing the presence and the interaction of effects impacting
the dynamic performance of the system.
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2) Allowing for ready formation and subsequent changes of
the structure, important in the creative system design.

3) Use of the model structure to formally prepare a ratio-
nal and adequately complete set of equations suitable for
computer simulation of the system.

Karnopp et al. [53] described applications of bond graphs in
engineering systems using the same set of ideal elements and
provided standard techniques for translating these into a simu-
lation model. Zakarian and Kusiak [54] discussed bidirectional
reasoning of interest to product design engineering.

Other research in qualitative reasoning has focused on the ap-
plication of qualitative physics to engineering in general—such
as Pisan [55], but has also examined the role of other theories
of qualitative reasoning in product design engineering such as
analogical reasoning (see [56]). Stahovich et al. [57] used qual-
itative reasoning to develop a nonmathematical formalization of
rigid-body mechanics.

G. Hybrid Approaches

As individual methods and techniques have matured, an inter-
est in combining them has emerged. Combinations of different
methods have led to hybrid approaches that could mitigate the
shortcomings of the elemental methods. Obviously, hybrid ap-
proaches span all of categories 2–4 in Table I, as they combine
aspects of all the major approaches.

Chau and Albermani [58] developed a hybrid system includ-
ing production rules, object-oriented programming, and proce-
dural methods to express engineering heuristics in a blackboard
KBS for designing liquid retaining structures. The system can
provide advise in preliminary design as well as downstream
design stages.

Lou et al. [59] developed a new frame-rule structure for
knowledge processing in mold design by incorporating features
of product modeling, frame-based KBSs, CBR, and neural net-
works. They reported that design efficiency was significantly
improved. Zhang et al. [60] developed a system integrating
blackboard architecture with CBR for stamping process plan-
ning in progressing die design. The advantage of the system is
that CBR can be used with past data as well as other reasoning
methods. Many hybrid approaches fall in the category of soft
computing methods and are discussed at numerous conferences
and publications. One of the major drivers of soft computing is
the fuzzy set theory (e.g., see [61] and [62]).

Nursel [63] reported an interesting use of a GA to design neu-
ral network structures. The combined GA and neural network
approach are reported to reduce the computational complexity
in design and manufacturing applications.

Evolutionary programming was used to adapt previously
stored design solutions in a CBR system [64]. It is argued
that such “knowledge-lean” techniques are more broadly ap-
plicable than conventional case-based design approaches. Chan
et al. [65] used the analytical hierarchy process methodology
jointly with expert systems, fuzzy systems, and neural networks
to develop a decision-support tool for designing flexible manu-
facturing systems.

III. PROCESS VIEW OF PRODUCT DESIGN ENGINEERING

Product development processes can be considered as artifacts
sharing commonality with the products themselves. In this sec-
tion, a categorization of design processes based on similarities
between the process and product characteristics is presented.
The categorization in this section refers to the three main cate-
gories of Table I.

A. Typological Characteristics of Processes

1) Modularity: The first and most obvious characteristic is
that of modular versus platform-based processes (in analogy
to product development). Modular processes are composed of
“ready-made” elements that can be assembled into an overall
process. The functional nature of the modules makes optimiza-
tion (category 4, Table I) approaches likely to be used.

Platform-based processes use common bases that are modi-
fied to suit specific needs. Since they depend on well-established
bases, there is ampleopportunity to perform data mining. How-
ever, platform-based processes are easy to institutionalize but
harder to adapt to corporate and technological changes.

2) Platform Orientation: Analogous to the product plat-
form typology discussed in [66], processes can be based on
standard components, basic components, common architecture,
and standard interfaces. Processes based on standard compo-
nents are built up from specific component processes; the over-
all structures of these processes are defined each time a new
process is developed. A process based on basic components
reuses certain fundamental process components connected in
well-understood ways (within a particular company or setting),
enhancing the process with other (possibly new) process com-
ponents as needed. A process based on common architecture
uses predefined overall process structure (e.g., a generalized
workflow-like arrangement) and fleshes out process components
as required by the application of the architecture to a particular
situation. Finally, a process based on standard interfaces devel-
ops process architecture and components.

3) Differentiation: Some processes, called here the stan-
dardized processes, are based on common process models in-
tended to meet specific goals (such as best practices). Otherwise,
processes can be early differentiation processes or delayed dif-
ferentiation processes [67]. The latter two processes differ in the
distribution of process activates. The early differentiation pro-
cess shapes the unique design at the beginning of the process,
while late differentiation process makes design unique at the fi-
nal stage. Therefore, the late differentiation processes are more
likely reusable across different products. This characterization
is concerned primarily with optimization, i.e., finding an ideal
process based on corporate and other constraints, and thus, fall
in category 4 of Table I.

4) Modification: Processes can be modified generally for
three reasons. Modifications may be done to customize the pro-
cess for reuse in a new setting. Processes may also be modified
for improvement, either gradually (e.g., continuous improve-
ment) or by more radical reengineering method. Reengineer-
ing of processes is usually undertaken only when substantial
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changes are essential. This characterization belongs to category
4 as it deals with optimization and goal attainment.

5) Customization: Processes can be characterized by the
type of their reuse. Unique processes that are not expected to be
reused as opposed to the processes developed using principles
of mass customization. For the latter, we intend that specific
process aspects are identified a priori as variable and that are
expected to change based on how the process will be applied.
Considering process elements is analogous to the design objects
of category 2 (Table I). However, allowing for customization of
processes in response to the environment in which the process
is to be used, such processes associate with category 3 (e.g.,
if evolutionary computation algorithms are used to perform the
customization) or category 4 (e.g., if heuristic/deterministic al-
gorithms are used to perform the customization).

6) Construction: Another characteristic that can distinguish
processes is the method by which they are constructed, in anal-
ogy to the generally accepted kinds of product design: innovative
design, variant design, or redesign. Generative methods develop
new processes “from scratch” based on prior knowledge. Vari-
ant methods develop processes from existent ones by modify-
ing existent processes. Reverse-engineered processes are those
developed by dissecting existent processes, usually to address
identified shortcomings. We consider all three of these methods
as category 4 (Table I) because the development of the new
process is primarily oriented to goal satisfaction. Additionally,
instances of the variant and reverse-engineered methods may
also be category 3 if they depend on evolutionary analogies.

7) Evolution: One may also characterize processes by the
way they change over time. The basic division in this case is be-
tween changes in procedural elements—the tasks and activities
that occur in the process—and changes in the nature of the in-
formation objects used by those activities and tasks. Since both
procedural elements and information elements can be treated
as design objects, this characteristic associates with category 2
(Table I). If the specific changes over time take advantage of the
evolutionary analogy, then such processes belong to category 3.

The above-defined elements will make up the library of con-
structs proposed in this paper. This library will be an important
element of a product design engineering cyber infrastructure.

B. Selection of CI Methods

The typology presented in Section III-A can be used to guide
the selection of CI methods. For example, consider the following
hypothetical company.

1) The company is well established, with significant cor-
porate design knowledge stored in various conventional
databases, e.g., CAD database.

2) The company is a consumer goods producer with small
profit margins, and it cannot afford substantive process
overhaul. That is, the company prefers small and continu-
ous process improvements.

3) The company designs a broad range of consumer products
under a single brand.

4) The company has a number of distinct divisions, but there
is a significant movement of personnel between the divi-

sions. This suggests a preference for design processes that
can vary between divisions but that has a common base to
leverage worker expertise.

5) The company has developed pockets of procedural exper-
tise that are not systematically connected. The company
plans using this expertise for process improvements.

6) There are no known serious process problems in the
company, but process effectiveness is noted as slowly
decreasing.

7) The company’s structure includes fairly independent
groups. The interactions between the groups are defined
by the corporate leadership.

One might identify the company as seeking gradual,
platform-based modularity using variant design methods, mass
customization, and standardized interfaces to address the iden-
tified process problems. Solutions will be based on changes
to procedural elements because of procedural expertise being
exchanged between groups with movements of personnel.

Based on this description, one may then consider various CI
methods based on the mapping between process characteristics
and the categories outlined earlier. The hypothesis is that the CI
methods identified in this way would be best suited for use by
the company.

For example, one could propose a CBR system to support this
company. CBR works best with a broad range of slightly similar
products, and can help discover new variations on existent prod-
ucts. The movement of personnel between divisions provides a
“vector” to distribute new knowledge and tools (such as CBR)
throughout the company, so a phased implementation seems
possible. Furthermore, the “pockets” of expertise suggests that
a knowledge-acquisition system with data mining support could
be useful to pull the knowledge from the “pockets” and eventu-
ally redistribute it to other workers.

Clearly, not enough information is presented here to allow a
detailed and reliable selection of specific CI methods for specific
companies. However, we believe we have shown the potential of
this approach. Indeed, one can envision a three-dimensional ma-
trix aligning company characteristics (as outlined in the earlier
list) on one axis, against process characteristics (e.g., platform-
based modularity) on a second axis, and computational tech-
nologies on the third axis. One might then use the matrix as a
guide to identify what technologies of CI might be proposed for
specific industrial settings. An exploration of such a scheme is,
however, beyond the scope of this paper and is deferred to a
future publication.

C. Evolutionary Computation and Process Perspective

Process modeling involves two notions (see Fig. 3).
1) Horizontal.
2) Vertical.
A process model is seldom developed at one level rather it is

built vertically and horizontally. The top node in the hierarchy
denotes the overall process that is decomposed into lower level
components. The most granular model is usually a network of
activities (the horizontal notion).
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Fig. 3. Horizontal and vertical expansion of a process model.

Fig. 4. Illustration of the crossover operator in a process model.

To support the horizontal notion of process modeling concepts
from evolutionary computation will be applied. The feasibility
of applying evolutionary computation, in particular GP is illus-
trated in Fig. 4. The crossover operator applied to the process
model in Fig. 4(a) produces the model in Fig. 4(c) by using the
submodel in Fig. 4(b).

The crossover operator demonstrated in Fig. 4 is one of many
operators defined in GP that can be applied in product design
engineering (e.g., see the operators defined in [68]).

The evolutionary computation concepts can be applied to
support the horizontal notion of process modeling. The use of
evolutionary computation in horizontal process modeling is il-
lustrated with the following three activity operators.

1) Specialize.
2) Generalize.
3) Mutate.
To demonstrate these operators, consider the model in

Fig. 5(a). The generalization operator transforms the model in
Fig. 5(a) in the model in Fig. 5(b) by incorporating activity 5.

Fig. 5. Activity model operators. (a) Reference model. (b) Generalization.
(c) Specialization. (d) Mutation.

Similarly, the specialization and mutation operations are illus-
trated in Fig. 5(c) and (d).

In addition to the activity operators, algebra for inputs, out-
puts, controls, mechanisms, and logical connectors can be de-
fined. For example, the generalize operator applied to an EX-
CLUSIVE OR connector would transform it into an OR-connector.

One of the tools that can contribute to increasing the autonomy
of process models is data mining. For example, a decision rule
derived by a data mining algorithm may select in the model in
Fig. 5(a) the path {1–2–3} based on real-time data.

The subprocess in Fig. 5(a) could be a fragment of the active
Web search process. At present, the information on the Web is
organized and largely searched hierarchically. In the near future,
the process of retrieving Web information will be active. One
way to make the Web active is to introduce process models that
would adapt depending on the arising conditions, e.g., chang-
ing user’s profile, the domain search frequency, changing the
domain content. Data mining agents could track and increase
the adaptability of the search process of various design libraries
and repositories.

IV. PROBLEM VIEW OF PRDUCT DESIGN ENGINEERING

The review of the literature points to numerous topics of
interest to both research and industry. The most urgent topics
include:

1) innovation;
2) conceptual design;
3) standardization;
4) modularity;
5) design of product families;
6) design complexity management;
The relationship between each of these topics and the taxon-

omy presented in Section II is discussed next.

A. Innovation

The term innovation is widely used in a broad range of set-
tings; however, analysis of the engineering literature indicates
that the knowledge about the underlying science of innovation
is limited.

Innovations in any domain can be enhanced by principles
and insights from disparate disciplines. However, the process of
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identifying the linkages between the disparate disciplines and
the target domain is not well developed [69].

There are three basic approaches to innovate: structured, cre-
ative, and dynamic, producing either a sustaining or a disruptive
product [70]. Structured innovation spawned during the indus-
trial era was engineered to be highly efficient and replicable by
innovating within set guidelines. It has been primarily used in
large corporations, and it emphasizes internal leadership, strate-
gic planning, effective execution of ideas, shareholder pressure,
and financial resources more than other approaches, while plac-
ing less emphasis on a creative environment [71]. Creative in-
novation thrives more often in small organizations where focus-
ing on the “big picture” is easier accomplished [70], [72]. The
greatest advantage to the creative approach is the process itself.
Dynamic innovation is a blend of both the structure and creative
innovation approaches. Businesses of all sizes, from small to
large, have used the dynamic approach to produce successful
innovations. Dynamic innovation has taken on the aspects of
structured innovation that embody strategic thinking and plan-
ning, along with the need for execution of projects [71].

Sustaining innovations are built off previous innovations [70],
e.g., the personal digital assistant (PDA). The PDA has been an
innovative and successful device, however, its predecessor the
Apple Newton (a disruptive innovation) has failed. Sustaining
innovations tend to be more successful than the disruptive ones.
The sustaining innovation follows the incumbent, and therefore,
it is easier to develop and market.

Several tools have been developed in support of innovation in
engineering, including TRIZ—a Russian algorithm for theory
of inventive problem solving [73], the Osborn/Parnes creative
problem solving (CPS) process [74], and the innovation tech-
nology (IvT) approach [75].

TRIZ was developed to aid innovation by studying the pat-
terns of problems and solutions, rather than relying on the spon-
taneous creativity of individuals or groups. This is done by
focusing on a problem in its basic form while simultaneously
understanding that this problem is rarely the actual problem
to be solved. TRIZ handles three basic problems: the tech-
nical conflict and physical contradiction problem in which a
solution creates another problem; the inventive problem where
before a problem is solved, the solution of the conflict must
be resolved; and the creation of the ideal machine/process
in which something simplistic is constructed from a
concept [76].

The CPS [74] is an “as-needed” problem solver for a gener-
ation of innovative solutions. The process greatly increases the
chances of creating useful and unique solutions to almost any
problem applied by groups or individuals. During the working
process, combining convergent and divergent thinking is used
to generate numerous potential solutions, while the user imag-
ination is used freely to aid in the creation of innovative and
working solutions.

Another approach used by engineers is the innovation tech-
nology is the IvT approach [75]. It involves various tools for
problem solving, e.g., modeling, simulation, virtual reality, data
mining, artificial intelligence, rapid prototyping, high through-
put chemistry, and high throughput screening.

Other innovation tools include CREAX [77], Visual Mind
[78], and Pull Thinking [79].

GAs have been used to design new electronic circuits. In
some cases, GAs have outperformed the circuitry designed by
humans [36], [80]. Some research, e.g., [81], suggests that GAs
can help discover “innovative principles” of designing.

It is expected that in the near future, evolutionary compu-
tation algorithms will become embedded in software and inte-
grated with other systems to support innovation. The ramifica-
tion and use of the existing methodologies, e.g., group thinking
and brainstorming, will be better understood, and new progres-
sive methodologies will be developed.

Some of the drivers for the development of innovation science
are as follows.

1) Innovation is the engine of the global economy, accounting
for some 50% of the economic growth [82].

2) Innovation will mark the first economic revolution of the
twenty first century [72]. Innovation involves almost all
aspects of life, yet the innovation process is not well
understood.

3) Innovation applies to the creation of methods used in
industry, including the design of consumer goods and
services.

4) The increasing complexity of technologies, their interde-
pendencies, and the rapidly expanding volume of data call
for a paradigm shift to be led by innovation.

5) Innovation clearly belongs to categories 2 and 3 (Table I).

B. Conceptual Design

Conceptual design is the early stage of design where general
notions of a product are developed. To date, no computer-based
system has been developed that can actually perform concep-
tual design. However, there are a number of systems that have
been proposed to assist human designers in this task. These
systems generally involve knowledge management in the ar-
eas of expected and desired function and behavior of products.
Conceptual design falls in category 2 (Table I).

Zhang and Muehlenbein [22] developed a graph and matrix
representation for the functional design of mechanical products.
The system assists in performing design tasks that involve rea-
soning about function and behavior of products. Berrais [83]
reported on a KBS that is used as an interactive design tool for
all stages of design and analysis of earthquake-resistant rein-
forced concrete buildings, paying special attention to the pre-
liminary stages, by imposing a predefined design methodology.
Lina and Farahati [84] developed a KBS for assembly design
of blade and shell assemblies that focuses on the early stages
of product development, before actual component shapes have
been determined. Experimental validation of two cases indicates
satisfactory results.

Parmee and Bonham [85] used evolutionary techniques
for quick identification of regions of complex design spaces
that contain high-performance solutions. The results of such
searches stimulate human designers in an iterative process of
solution space refinement. Test results indicate that such an
approach can stimulate innovation. Zavbi and Duhovnik [86]
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developed a KBS using physical laws to identify key behaviors
in technical systems and assists designers in establishing be-
havioral models of products from their expected functions. The
system uses the analytical hierarchy process methodology to
select among possible physical laws, and a prescriptive design
process. Cvetkovic and Parmee [87] used several types of agents
(search agents, interface agents, and information agents) to de-
velop an evolutionary conceptual design system. A special type
of agent to capture preference was also developed to account
for qualitative and experiential knowledge of the designers.

Ming [88] developed a computer-based system using in-
ductive learning to semiautomate concept design tasks. Ling
et al. [89] proposed CBR to represent function spaces.
Kryssanov et al. [90] suggested that semiotics could signif-
icantly improve our understanding of the creative process of
designing and developing an applicable computational theory.

C. Standardization

Standardization is the activity of developing uniform prod-
ucts or product components that can be used in different settings.
Standardization of products and components has been discussed
in the literature from different viewpoints. Because standard-
ization regards goal attainment and optimization (e.g., lower-
ing part counts, increasing production runs) falls in category 4
(Table I).

Tarondeau [91] discussed the impact of standardization on
the number of components, the number of reference points to
be managed, and the manufacturing complexity. Lee and Tang
[92] developed a model optimizing the tradeoff between the
investment in standardization and the profit due to the economy
of scale. Erol [93] proposed a mathematical formulation for
the standardization of low-value components that was solved
in [94].

Fouque [95] discussed different scenarios for the standard-
ization of two components (C1 and C2) into one (C), namely,
an increase in the service level of component C1 and/or C2,
a decrease in the correlation between the demand for C1 and
C2, an increase in the uncertainty of demand for C1 and/or C2,
similar costs of the components C1 and C2, and a low demand
for the two components. Standardization aggregates the risk and
reduces the uncertainty of the standardized component C with
respect to the uncertainty of each component C1 and C2. In
addition, the level of in-process inventory may be reduced and
the productivity and service level may increase [96].

Kota et al. [97] proposed a measure that captures the level of
commonality in a product family, i.e., the potential of the part
family to divide the elements and to reduce the total number
of parts. This measure allows the comparison of design alterna-
tives. Thonemann and Brandeau [98] presented an approach for
determining optimum commonality among subproducts from
the customer differentiation viewpoint. For highly diversified
products, standardization is not the best solution.

D. Modularity

A way to design products for highly diversified requirements
is to apply modular design methods. These methods are to direct

designers toward products including functional units (modules)
that are often interchangeable and reusable over different prod-
ucts or product variants.

Modules imply standard interfaces allowing for their use
across different products. To implement the modular design con-
cept, it is necessary to partition a product into semi-independent
or mutually separable elements. It then becomes possible to de-
sign, manufacture, and service the modules independently. The
differentiation of products is accomplished at the assembly stage
by the selection of modules and their location in a product [99].

Kusiak and Huang [100] and Huang and Kusiak [101] dis-
cussed modular design aimed at the production of a wide variety
of products at low cost. A matrix representation of the product
allowed the identification of modules sharing different charac-
teristics. Numerous applications of the product modular concept
are presented in [67] and the recent product design engineering
literature.

Product flexibility and the use of common components across
various products are important in modular design [102]. The
flexibility of a module (the number of its uses) depends on its
functionality and the required standard interfaces.

Prior research on modular design has emphasized consis-
tency of the design process and manufacturing. For example,
the taboo search algorithm presented in [94] aimed at the design
of an assembly system for modular products. A modular design
methodology intended to produce a large variety of products at
a low cost is discussed in [103]. Other examples of modular
concepts are presented in [102].

Modular design leads to a large number of different products
using a limited number of modular components. One aspect
of product modularity, the design product families, has been
discussed in [103]–[109].

Modular process design with CI has been pursued in disci-
plines where processes are inherent elements of products, such
as in chemical and electrical engineering. Byrne and Bogle [110]
used optimization methods to design modular chemical plant
process flowsheets. Similarly, Smayling et al. [111] developed
modularized process elements to automate the design of elec-
tronic components.

Goel and Bhatta [112] used design patterns as starting
points to modularize design activities involving analogical rea-
soning, and develop computable models of limited domains
based on their approach. Fensel et al. [113] reported on
their Unified Problem-Solving Method Description Language
(UPML), which used modularized process elements to imple-
ment reusable methods, applied to simple design problems.

Modularity is associated with category 4 (Table I).

E. Design of Product Families

While modularity (discussed earlier) treats the identification,
specification, and design of modules, a separate issue—design
of product families—builds upon modularity concepts, taking a
more holistic perspective on product development. Like modular
design, product family belongs to category 4 (Table I).

To meet diversified product requirements, numerous strate-
gies are available [114]. It is conceivable that a standardized
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Fig. 6. Product diversity cost [91].

product would satisfy many customers, as well as the require-
ments of a single customer. A cost-based compromise between
these two strategies is of interest. Therefore, single and multi-
objective models are of interest. Fellini et al. [115] addressed
performance losses of product families with respect to individ-
ually designed products, arising from commonality constraints.
This is done by a user-specified performance loss tolerance on
an optimization of choice of components. Seepersad et al. [116]
based their multiobjective approach on a utility-based compro-
mise decision-support model.

Du et al. [117] used graph-rewriting techniques to create hi-
erarchies of graph schema for different product families, which
can provide an interactive environment for customers to make
choices among product offerings. Siddique and Rosen [118] and
Corbett and Rosen [119] developed constraint-based methods
for combining design configuration spaces that model design
requirements for physical connections, module partitions, and
assembly sequences for product families. They also presented
a new designer-guided method, called the partitioning method,
for decomposing configuration design problems hierarchically
to enable significant reductions in design space sizes.

The delayed product differentiation concept implies delay-
ing the point of differentiation of the product or the process
(in which a product acquires its identity) [92]. The goal of the
delayed product differentiation is to maximize the use of stan-
dard elements and to push back, to the latest time possible, the
point when each product differs from another. Some authors,
e.g., He et al. [120], used the term postponement as a synonym
of delayed differentiation.

F. Design Complexity Management

To meet the customer needs, product diversity tends to grow
over time, and therefore, a suitable management strategy is
needed. The cost of offering a large portfolio of products should
not exceed gains obtained by satisfying the customer needs. It is
essential to determine the level of diversity that minimizes the
total cost (see Fig. 6).

The major challenge is how to offer a large diversity of prod-
ucts while managing a limited diversity of components. Differ-
ent approaches have been used to address this challenge, e.g.,
standardization, modular design, design of product families, and
product delayed differentiation. Assemble-to-order is a policy
that links modular design and product delayed differentiation.

According to this policy, modules are built from basic parts
and stocked, the final assembly is done after an order has been
confirmed.

The large apparent diversity for the customers is enabled by
a combinatorial association of basic parts.

The major component of diversity is not visible to the cus-
tomers. It is actually created by the evolution of components
(changes in technology) or the creation of new versions (prod-
uct upgrades).

V. CONCLUSION

This paper has surveyed recent literature and generalized
emerging concepts of CI in product design engineering. The re-
search covered in this paper is being vigorously pursued and no
survey as broad as this one could be complete. Rather than con-
sidering all papers published, a representative “slice” of recent
research has been described. The reviewed literature indicates
certain trends that are briefly summarized next.

Some recent research combined multiple approaches to de-
velop new tools. As the new techniques become better under-
stood (e.g., CBR), they are used as building blocks upon which
more powerful systems are constructed. This is a characteristic
of the area that was not evident a decade ago.

Another somewhat paradoxical trend that can be observed is
a tendency to include a human in the “loop” of the intelligent
system. This may be an indication that developing totally au-
tonomous and thinking software is not feasible (at least, given
the current understanding of the computing science and the
human mind). Usable intelligent systems of systems involving
humans are likely to emerge in time.

A third trend is the emergence of the WWW as a component of
the CI landscape. Whether by using Semantic Web technologies
or just using browsers as user interface tools, the Web continues
to be a growing application platform.

The role of data, data analysis, knowledge extraction, and
knowledge management in product design engineering is gain-
ing momentum. As sufficient volume of information surround-
ing the design process will be captured, design may become
process driven. Dynamically induced knowledge and models
could guide the design of innovative artifacts.

Another conclusion one may draw is that there appears to
be some correlation between characteristics of corporate set-
tings and the kinds of CI tools that could be most beneficial in
those settings (see Section III-C). The authors have not gathered
“hard” data on this matter, but instead, we suggest that it may
be a fruitful avenue for future work.

Finally, evolutionary computation algorithms could pave way
toward systems supporting many of the frameworks reviewed
in this paper, including increased automation and enhanced in-
novation in product design engineering.
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Ph.D. dissertation, Inst. Nat. Polytech. Grenoble, Grenoble, France, 1999.

[94] L. Dupont, M. Erol, G. Cormier, and N. Turkkan, “La standardisation des
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