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ABSTRACT 

Engineers spend a significant amount of time searching for 
the right product information during the design and 
manufacturing process. A large amount as well as various types 
of product information have been generated and are available 
within the engineering databases. But representing and 
indexing the products effectively and retrieving them 
efficiently, remains a challenge. The purpose of this survey is 
to document the current state of research and development. We 
then identify avenues for exploration and provide a comparison 
of the advantages, disadvantages, and limitations among the 
various techniques. This survey concludes by suggesting 
possible future research directions. 
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1. INTRODUCTION 
1.1 Type of product information 

Product information varies during the different phases of 
the design process [1]. At the conceptual design stage, it 
defines the specifications, required functions, behavior, and 
constraints. Sketches indicate the alternatives being considered. 
During later stages, engineers need information about the 
physical components for detailing the design solution. Once the 
final design is constructed, there is also a need to document the 
related information for future usage. Therefore, the product 
information model by nature is a multi-faceted information 
model. 

Product information is also encoded in a variety of 
computer-readable forms and structured on different levels: 

i. Structured data, including attribute-value pairs, 
relational tables, and object-oriented data structures. 

ii. Semi-structured data, including 2D/3D CAD models, 
semantic descriptions, and text documents. 

iii. Unstructured data, including images, audio and video 
data; 

The richness and multi-facet nature of the product information 
represents the different contexts and the user preference. It also 
initiates the challenge for product information modeling and 
retrieval. 

1.2 Product retrieval for reuse 
The popularity of CAD/PDM/PLM systems in product 

design and manufacturing industry is resulting in a large 
amount of product information being generated and stored in 
the engineering databases. The availability of this information 
is opening up new ways in which design information can be 
archived, analyzed, and reused. 

The increasing competitiveness in today’s global 
marketplace also highlights the importance of design quality, 
productivity and predictability. Reuse of design information is 
one of the best approaches to achieving these goals [2]. By 
reusing designs, product quality can be improved by 
incorporating the assemblies or components whose quality and 
correctness have been proven in the past. Productivity is 
increased, because designers do not have to re-invent large 
portions of the design. Better predictability is also achieved, 
because the timing and other performance characteristics of the 
previous design are known at the start of the design cycle.  

Therefore, the reuse of previous design eliminates 
unexpected surprises in these portions of the design. Such 
unforeseen issues can lead to allocation of scarce resources for 
solving unanticipated problems or putting out “fires” in the 
product development context [7]. 

In engineering, it is conservatively estimated that more 
than 75% of design activity comprises case-based design, i.e., 
reuse of previous design and manufacturing knowledge to 
address a new design problem [5]. 

Design reuse is achieved by adaptation; i.e., the existing 
product is adapted to a given requirement specification. The 
adaptation could be instantiation or parameterization if the 
existent products match the given requirement exactly, e.g., the 
standard part. Otherwise, the products need to be modified to 
meet the new requirements. 

To make a design reusable, the key requirement is for 
someone to reuse the function it realizes or the geometry it 
represents. In the first case, for example, the designer needs to 
design a set of fasteners to mount a bracket on the housing. 
She/He can directly reuse a fastener in the database or change 
the radial placement of it when a higher torque must be 
accommodated. Cost estimation could be an example for the 
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reuse of geometry knowledge. Estimating the cost of 
manufacturing a new part can be quickly achieved by finding 
previously manufactured parts similar in detailed 
manufacturing features with the new part. Therefore, the cost of 
the new part can be estimated by modifying the actual cost of 
the previously manufactured similar part. 

Although systems such as CAD/PDM/PLM have greatly 
improved productivity in the design and manufacture of new 
products, one of the great disappointments with these systems 
has been the difficulty of reusing the product information stored 
by the system [3]. Engineers spend about 60% of their time 
searching for the right information, which is rated as the most 
frustrating of engineers’ activities [5]. 

Current PDM/PLM systems do not provide proper ways to 
facilitate reuse of past designs. Because they are more “data 
centric” than “product centric.” They have predominantly taken 
annotation and document-based approaches – where context 
information such as part names and part numbers are used as 
keywords for searching. These names typically correspond to a 
naming convention supported by the host computer platform or 
provided by the company as a guideline to the designer. But 
there is no guarantee that a given textual name or part number 
has any relationship to the functionality, intended use, or other 
context information of the design. Retrieving an existing design 
is difficult using a current PLM system without any mechanism 
other than a part or file name. 

The need of industry for rapid retrieval and subsequent 
reuse of knowledge to reduce product development times has 
resulted in an interest on the part of both research and industry 
to have a sharper focus on methods for representing and 
indexing product information [4]. Twenty-first century product 
development will mainly be driven by the need to reduce cycle 
times and costs. Reuse of design, associated geometry and non-
geometry knowledge, and physical inventories are the keys to 
reducing new product development time as well as to reducing 
“fire-fighting” [7]. 

A number of tools and techniques have been proposed in 
the literature to address the challenges of the product 
information retrieval. However, many of these tools/techniques 
are specific to representing different facets of the product 
knowledge or they only applied to specific product domains. It 
is necessary to keep stock of what tools/techniques have been 
proposed, their advantages and disadvantages, and their 
application domains. In this paper, we perform a preliminary 
survey of the tools and techniques that have been proposed in 
the literature to support product information retrieval. The 
survey mainly focuses on investigating the retrieval techniques 
based upon the different aspects of the product information they 
represent: CAD models, non-geometry attributes, functional 
and other semantic descriptions. Furthermore since 
representation and indexing are related to each other under the 
product retrieval context, we have chosen to comprehensively 
review these two topics. However, we have not conducted any 
quantitative evaluation on the retrieval performance mainly due 
to the lack of a benchmark for such multi-modality of product 
information retrieval. 

The rest of the paper is organized as follows: first is the 
shape-based product retrieval, which focus on the geometry or 
CAD aspect of the product, and then the knowledge and 
ontology-based techniques stressing non-geometric product 

information modeling and indexing.  Finally, we summarize the 
conclusions of our survey.  

2. REPRESENTATION AND IDNEXING      
TECHNIQUES 
2.1 Shape-based retrieval 

3D model has become one of the most important types of 
product information generated during the design and 
manufacturing. Traditional group technology (GT) based 
methods have been done some high-level, content-based human 
analysis of the models. However, the manual operation makes it 
error-prone and expensive. Moreover, its alphabetic coding 
makes GT code a coarse shape representation and, thus, not 
suitable for complex engineering parts. Hence, there is a need 
for an automated content-based retrieval method for 3D CAD 
models. 

Shape-based techniques measure the similarity from the 
perspective of geometry and topology of the 3D model. Shape 
signature is typically abstracted from the content of a 3D model 
for similarity assessment. Related issues such as distance 
metrics, matching algorithms, database indexing, and clustering 
are all dependent on the selection of shape signature. 

Shape-based product information retrieval is a promising 
research area in the current distributed product design 
environment since shape is able to act as a neutral language to 
represent a model, compared to context-based retrieval in 
which context might change with time, among designers or 
companies. It can be reliably assumed that the geometric and 
solid modeling capabilities of commercial CAD systems are 
sufficient to provide an unambiguous representation for the 
shape of a part.  

In this paper, we give a short discussion of the current 
research for engineering parts retrieval based on shape 
similarity. Four categories of shape signatures: global shape 
measurement, topological graph, manufacturing feature, and 
section image together with their corresponding retrieval 
techniques are discussed. For more details about shape-based 
retrieval algorithms, the reader can refer to [8] for an intensive 
survey on the 3D shape searching technologies in broad 
domains, and [11] for a state-of-the-art review focusing on 
product design and manufacturing applications. 
 
3.1.1 Global Shape Measurement (Geometric approaches) 

Global Shape Measurements have been broadly used in the 
computer vision and graphics area.  Various measurements 
such as moments, invariants, geometric parameters, and ratios 
have been borrowed for engineering part retrieval. Dartmouth’s 
3D Base system [11 - 13] and Purdue’s 3D Engineering Shape 
Searching System [14, 15] are examples of using these global 
shape measurements as signatures for similarity assessment. 
Shape distribution proposed by Osada et al. [17] is another 
global shape measurement which has been extended to the 
engineering part domain by Ip et al. [18]. The extracted 
measurements are then used as numerical features or combined 
as feature vectors to index the 3D models using 
multidimensional indexing. Different distance metrics are 
computed to compare them for similarity. However, global 
shape measurement based approaches only operate on the gross 
shape of a single part and do not work directly on solid models 
or with semantically meaningful engineering information. 
Hence, there is a gap between the low-level features and high-
level semantic meanings of engineering parts. Typically, a 



 3 Copyright © 2004 by ASME 

Figure 2.  Multiple interpretations of machining features
 

refiner search is required; voxel-by-voxel comparisons [11], 
relevance feedback [15] and hidden annotation [16] are 
different mechanisms currently proposed for bridging the 
semantic gaps. Nevertheless, this issue still poses a difficulty 
for the global shape measurement-based approaches. 

Some other global features such as spherical harmonics 
[19, 20], slope diagram [21], and curvature distribution [22] 
have been proposed for arbitrary 3D shape search in other 
applications, but they have not been developed for engineering 
parts retrieval and the implementation in this domain has not 
been found yet. 
3.1.2 Topological Graph (Topological approaches) 

Besides the low level geometric information, the topology 
that represents the connectivity information of the shape has 
also been utilized by researchers to perform shape similarity 
assessment. A relational data structure such as directed acyclic 
graphs is typically used as the shape signature. Subsequently, 
the comparison can be carried out by graph matching based on 
relevant properties or by graph isomorphism algorithms. 
Meanwhile, with added attributes, topological graph can also 
incorporate some geometric information. 

Different kinds of topology-preserving graphs have been 
developed for shape similarity search at different granularity. 
Attributed Adjacency Graph (AAG) used by McEherter et al. 
[9, 24 - 26], El-Mehelawi and Miller [27, 28] is the one with 
the most complicated structure, which is essentially as complex 
in topology as the original B-Rep structure. Skeletal Graph 
applied by Iyer et al. [29] represents the 3D model as a curve 
type media axis: “skeleton.” Compared to the adjacency graph, 
the skeletal graph is more concise so that the matching process 
can be performed at a lower computational cost. In addition, 

users can intuitively understand skeleton. This facilitates the 
user controls in searching and understanding the extent of the 
similarity. A simpler topology-preserving graph is 
Multiresolutional Reeb Graph (MRG), proposed by Hilaga et 
al. [30]. Bespalov et al. [31] did experiments on the MRG-
based approach for CAD model databases. However, they 
reported several issues with this technique. Examples of these 
three kinds of topological graph are given in Figure 1. 

The advantages of topological graph-based shape search 
are that the information granularity can be controlled through 
different levels of details. In contrast to global shape 
measurement-based approach, topological graph can 
accommodate local part matching. The major challenge of this 
method is the computational cost of graph comparison. 
Therefore, heuristic graph isomorphism algorithms are 
employed to improve the search efficiency. Other graph 
properties and invariant such as vertex and edge count, degrees 
of node, and eigenvalue spectra are also used for efficient 
indexing, inexact matching and quick searching.  
3.1.3 Manufacturing feature (Feature-based approaches) 

Manufacturing feature approaches assess the similarity of 
solid models based on how they will be manufactured. This 
method is enabled by the extensive research efforts in the area 
of automatic feature recognition [32 - 34]. After extracting 
instances of predefined manufacturing features, the properties 
of the features such as type, size, orientation, number and 
feature interactions are then used as the shape signature. They 
form either numerical feature vectors or graph structures for 
database indexing. Research papers regarding the use of 
manufacturing features to perform similarity search or part 
classification are [35 - 39], but all of them are limited to the 
machining features-based similarity search. The major 
challenge of feature-based approaches is that the feature 
representation is not unique for a given solid. An example of 
showing different interpretations of machining features is given 
in Figure 2. Although Cicirello and Regli [40] tried to use a 
Model Dependency graph (MDG) structure to solve this non-
uniqueness problem. They based their approach on the 
assumptions that there is an explicit ordering of the features or 
design operations. This assumption does not always hold for 
cases of real engineering parts.  Currently, the multiple feature 

c. Multiresolutional Reeb Graph using a height function [30]
 

a. An Example of Attributed Adjacency Graph [27] 

Figure 1.  Three kinds of Topological Graph

b. An Example of skeleton and corresponding skeletal graph [29] 
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interactions issue still poses significant challenges to successful 
extraction of features and also the feature-based approaches 
[10]. 
3.1.4 Section Image (Automated GT based approaches) 

Section image-based techniques reduce the 3D shape 
search problem into 2D space; a 2D silhouette of the parts or 
their orthographic projections are used to determine similarity 
or to generate GT code. One or several representative sections 
are utilized and the boundary of the part section image is 
represented using a binary pixel matrix (bitmap) [41 - 44] or a 
set of Fourier descriptors [45]. The similarities among different 
parts are then determined by comparing the bitmaps or their 
Fourier descriptors through the use of a neural network. The 
inputs to the neural network are those vector representations of 
bitmap or Fourier descriptors, and the outputs are the 
classification of the corresponding part. The limitation of this 
method is that it will require manual intervention to identify the 
representative sections; also, the applicable part domain is 
limited since it is only suitable for rotational parts, which have 
relatively constant cross-sections, or simple prismatic parts 
where shape can be determined by orthographic projections.  

In summary, global shape measurement-based methods are 
computationally efficient but they ignore rich engineering 
knowledge. Topological graph-based methods fit human 
intuition well but are intractable for large graphs due to the NP-
completeness of graph/subgraph matching. Manufacturing 
feature-based methods do not decompose shape uniquely and 
they may require human intervention. Section image-based 
methods are designed for a limited type of parts retrieval and 
classification. Thus each technique has its own advantages and 
disadvantages. The choice of technique depends on the type of 
shape being searched and the level of discriminating power 
required by the application [8].  

 
2.2 Knowledge-based retrieval 

As mentioned earlier, product information represents the 
different sources and vast amount of knowledge spanning the 
whole life-cycle of product development, e.g. physical, 
mathematical, and experiential [47]. To represent these 
different types of knowledge, knowledge models have been 
introduced. The common forms of knowledge models include 
cases, constraints, frames, and rules. In the design research 
area, knowledge models are used to facilitate high-level 
reasoning. However, there has been research using knowledge 
models to represent and index the product information. Case-

based reasoning is a technique which has been proved 
successful in a wide range of application areas [48]. Case-based 
design systems have been developed to assist designers in 
various stages of design by providing them access to previous 
designs that can accomplish or nearly accomplish the new 
requirements, functions, or other characteristics. By adopting 
the retrieved design cases, the designer can modify a previous 
design to satisfy designer’s new requirements. 

In general, a case consists of two parts: content and index. 
The content is the design data and documents available within 
the case. It may include information regarding the case 
description (specifications, characteristic attributes, constraints, 
and other domain specific information), solution description 
and the outcome (failure or success). The content of design 
cases must be annotated (usually in a manual way) to capture 
their features and properties. Case indexing involves assigning 
indices based on descriptions to cases so as to facilitate their 
retrieval during the reasoning process [49 - 51]. Storage and 
performance issues in the case base (or memory) are addressed 
by providing the indexing schema to design cases, usually with 
respect to their similarities. The issue of indexing exposes some 
inherent trade-offs between the level of flexibility for problem 
definition and the efficiency of the retrieval algorithm. Kolonde 
[48] asserts that the selected indices should be able to represent 
different levels of information abstraction and be flexible 
enough to adopt different contexts. Classical case based design 
systems include: CADET [52], KRITIK [53 - 55], CADRE 
[56], DDIS [57], SUPPORT [58], and HICAP [59]. Two 
systems are given a detailed description here, CADET and 
KRITIK.  

CADET produces a conceptual schematic description of a 
device which satisfies the input specifications described as 
functional and behavioral characteristics as well as physical 
constraints of the device. CADET supports conceptual design 
by synthesizing a device from component level of design 
solutions accessed from previous design cases. The case 
memory stores design cases in terms of function, behavior, and 
structure along with the relationships among those aspects of 
each design. The cases are indexed by linguistic descriptions of 
devices, functional block diagrams, behavioral abstractions, and 
qualitative states, as well as by structure and performance 
features. Device behaviors are represented as influence graphs, 
which relate qualitative relations among design variables. The 
input of design specification is transformed into an index graph; 
the index graph of the desired device is then matched against 
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the devices in the case memory. Case matching in CADET may 
result in alternatives produced from influence subgraph 
isomorphism. The criteria used for choosing alternatives are 
cost, weight and heuristics. Central to CADET’s capabilities is 
the approach of describing device behavior through influence 
graphs (Figure 3). The root of the influence hierarchy is the 
most generic influence (arc): Parameter ← Parameter (node). 
The parameters can be either materials, energy, or signal. The 
hierarchy is expanded all the way down to the influences in the 
cases, thus providing direct access to the details of a case. 

KRITIK supports the input as a functional description of 
the device. A design case in KRITIK is comprised of the 
design’s structure, functions, and a pointer to the structure-
behavior-substance model (SBS). The SBS model represents 
how the design’s structure achieves its functions and provides 
the knowledge necessary for KRITIK to perform design 
adaptation. Design cases are indexed according to the functions 
they deliver and are based on the specific hypothesis that the 
preliminary design is a Function-to-Structure mapping and the 
inverse Structure-to-Function map of previous designs may 
provide guidance in adapting the previous design to achieve a 
new functional specification. 

Underlying KRITIK’s case function representation is a 
component-substance model capturing the structure and 
function of the devices. The structure of a device is represented 
as components (e.g., a pump), substances (e.g. electricity), and 
the structural relations between the component and the 
substance. Among the different types of functions which the 
component-substance model can support, KRITIK focuses on 
state transformation functions, i.e. the functions transform an 
input behavioral state to an output behavioral state, e.g. cooling 
a substance from temperature A to temperature B. This 
component-substance model is used as the vocabulary in a 
behavioral representation language describing device functions. 
Function schemas (Figure 4) in the behavioral representation 
language describe the input and output state, the internal causal 
behavior responsible for the state transformation, and the 
internal and external conditions enabling the function. 

The function schema allows for case retrieval based on 
functional indices and the identification of similar design cases 
based on partial matches. Heuristics are used to improve the 
discrimination performance.  

Kopena and Regli [60, 61] represent the electromechanical 
assemblies based on conceptual graphs (nodes correspond to 
parts and the arc to (causal) relations between them) and 
implement such representation with DARPA Agent Markup  
language (DAML). By storing such representation in the  

 
“design repository, the system can support the searches to find 
assemblies containing particular joints and parts or the declared 
function of the assembly. 

Guarino et al. [62] use lexicon conceptual graph 
representation where the conceptual graph-based search also 
synergies with the power of the natural language process to 
deal with the semantic disambiguation between different 
representations. The input to the system is a graph which 
depicts the new design conditions. The input is matched to the 
graphs or parts of graphs stored in the case base, i.e. graph 
repository. 

Most of the CBD approaches rely on the indexing of 
design data with respect to captured attributes or features of the 
cases. Craw et al. [63] use object-oriented representation for 
cases and implement a decision tree to index the cases. An 
example of decision tree indexing can be found in Figure 5, 
where Attribute 1 is a symbolic variable and Attribute 2 is a 
numerical variable. 

Krampe and Lusti [64] provide a hybrid index structure, 
i.e. model-based and schema-based indices which are able to 
search for cases at different levels of similarity. Watson and 
Perera [65] propose a hierarchical indexing structure with 
object-oriented representation attached to each object with 
attribute pairs. Each design case also connects to the other 
forms of multimedia information related with it.  The case 
library is also classified according to the different domain 
perspectives. The system supports the retrieval at the different 
level of abstractions. LEE [66] uses symbolic index that 
involves both general and specific features to get a better 
performance. Other indexing techniques for case-based 
retrieval include memory-based learning to assist automatic 
indexing [67], generated design signature [68], and fuzzy 
indexing [69]. 

Shah, et al. [70] look at the design cases as design history, 
which include both design data and process data. They propose 
a framework that models the relationships among the different 
product information entities and assists the design reuse. 

Category I Category II 

>a >a and <b >b 

Attribute3 

Attribute2 Attribute2 

Attribute1 Attribute1 Attribute1 

Case 1 
Case 2 

Case 3 
Case 4 Case 7 

Case 6 

Case 5   

Figure 5. An example of decision tree for case indexing Figure 6. Thin wall exemplar [71] 

Extract 
ID (S1): 
Parameter D1; 
Distance(D1, S1, S3); 
Direction dir1, dir2; 
TopNormal (dir1, S1, V1); 
TopNormal (dir2, S3, V1); 

Match
Volume V1: 
Plane S1, S2, S3; 
Boundary(V1, {S1, S2, S3}); 
Line C1, C2; 
Boundary(C1,{S1,S2}); 
Boundary (C2, {S3, S2}); 

Transform 
Volume V1; 

Figure 4. Functional specification schema in KRITIK [53]

Functional specification in behavioral representation 
language: 

Makes: output behavioral state 
{given: input behavioral state} 
by: causal behavioral-state sequence 
{stimulus: event in the external environment triggering the 
functioning of the device} 
{provided: external to the device conditions necessary for the 
functioning of the device} 
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Exampler [71 - 73] is a constraint-based case retrieval tool 
developed in ASU, which uses the constraint database to index 
the geometry and topology data represented as STEP format. 
The case retrieval is achieved by doing constraint solving. One 
example of querying a thin wall object and the specified 
constraints of it is shown in Figure 6. 

Although there have been many successful applications 
that are built upon the knowledge-based retrieval presented 
here, a number of issues still remain unresolved. Some of these 
issues include: the difficulty of building a large knowledge 
repository, the selection of significant features, the lack of 
granularity of the index structure, the subjective definition of 
the case vocabulary. Also, the case matching based on word 
pattern matching does not include enough semantic relations 
among those engineering terms, and most of the knowledge-
based design tools are domain specific. Also the geometry of 
the design itself is generally not indexed and there is no direct 
access to the portion of the geometry that satisfies the input 
query. The only exception is KRITIK, which uses functional 
queries to retrieve the design components that are connected to 
the specific functions in the functional model. 

2.3 Ontology-based retrieval 
Ontology (or semantic network) has been applied 

extensively in product modeling and knowledge sharing across 
different domains. Ontology is an abstraction of the world, 
which can be seen as a realization and a practical argument for 
knowledge based processing [74]. The ontology model includes 
a set of concepts, the attributes of each concept and the 
relations among concepts. These concepts must be expressed in 
a language that is expressive enough and free from the 
problems of imprecision and ambiguity [75]. The ontology 
model indexes the product domain by assigning product 
instances (or a description of the product) to the concept. 

As part of the “How Things Work” project at Stanford 
University, Iwasaki and Oguchi [76, 77] propose to use explicit 
ontology of functional terms and the knowledge of typical 
functions in order to map from the given functional 
specification as a user query to an actual product. They also 
assert that in such a way they can incorporate the semantic 
knowledge of the domain to meet the user’s goals more 
directly. 

Kim et al. [78, 79] recognize the gap between the user’s 
high-level conceptual mental model for a required product and 
the low-level physical attributes which the database or catalog 
system uses to index the products. That is, the user needs 
essentially to understand the schema of the storage structure 
and the searchable technical attributes of the system contents, 
before mapping the requirements into a set of queries. This 

mapping is not trivial and imposes a major mental burden on 
users, deflecting them from concentrating on fulfilling their 
requirements. They provide a set of ontologies and semantic 
models of the user’s daily work and a structure that captures the 
nature of the domain knowledge (Figure 7). 

The critical component in this framework is to structure 
knowledge in such a way that in a given product description, 
only the essential search paths are explored, restricting 
unnecessary search effort as much as possible. There are five 
search approaches supported by the system:  

i. Browsing ontologies; 
ii. Given product and searching for its applications; 

iii. Given the applications and searching for products; 
iv. Using a template which consists of a list of attributes 

for the product 
v. Progress combination of the above approaches. 

A set of rules and taxonomies can all be used for the 
queries. For instance, the system can find an amplifier with 
high frequency (> 30) for brush servo motors at the lowest 
price using the semantic network shown in Figure 7. The search 
can be accomplished in multiple ways. The user can begin the 
search by following the product taxonomy to reach the 
amplifiers (1), and then specifying the required frequency (>30) 
(2). Given the amplifiers satisfying the property, their 
application as a component of a servo system with brushmotors 
can be specified (3). Finally, by computing the minimum of the 
prices of the intermediate results, the amplifier satisfying all the 
requirements can be retrieved (4). The same result can be 
produced via different search paths. The query template given 
to the user at the moment should reflect the fact that the scope 
of the search is limited to the given class. Thus, the valid 
queries will be limited to be the ones consistent with the class 
of products. 

Guarino et al. [62] assert that the ontology provides the 
primitives needed to formulate queries and resource 
descriptions. They use the natural language processing (NLP) 
technique to attack the semantic mapping gap between the 
user’s query and the product representation in the database. 
Meanwhile they can achieve better recall and precision. They 
work on an experiment by applying the different search 
strategies to an online product catalog system.  
These search strategies use different encoding and retrieval 
techniques, such as: 

• A flat list of words, 
• A structured list of words, 
• A flat list of word senses plus the linguistic ontology, 

and  
• A structured list of word senses, using a general 

ontology. 
They claim that the combined use of linguistic ontologies 

and structured representation formalisms can improve both the 
recall and precision of an information-retrieval system. 

Kopena and Regli [61] apply description logic and the 
Semantic Web to classify electromechanical devices based 
upon an ontological representation of function and flow in such 
a domain. The goal is to integrate the powerful inference 
capability of the description logic and ontology representation 
with the Internet accessibility of Semantic Web. 

Ontology-based product information retrieval is still an 
open research area showing opportunities for improved search 
results and a flexible and concept-oriented indexing mechanism 

Figure 7. An example of semantic network [78] 

frequency(2) 

is a (1) is a 

is a is a (3)

Products 

Motors 

Brushless_Motors Brush_Motors
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applied for/component 

price(4) 



 7 Copyright © 2004 by ASME 

with which the query results can be achieved at different levels 
of details. However, it also has drawbacks such as acquisition, 
maintenance, and issues related to the application of NLP into 
engineering terminology. 
3 CONCLUSIONS AND FUTURE DIRECTIONS 

It is clear that many different forms of knowledge are 
required for executing the product information retrieval to 
assist the design and manufacturing process. This knowledge 
cannot be captured by any single existing representation 
technique. Shape-based retrieval has domain independent 
representation (e.g. B-rep, CSG, Voxel models). Shape-based 
retrieval can also use the existent geometry and topology 
encoding schemas without involving any extra manual 
annotation. However, there is a gap between low-level 
geometry features and high-level domain/user semantics that 
reduces the recall and precision [16]. It is not able to represent 
the domain knowledge such as requirements, functions, 
attributes, constraints, and other semantics, which are the 
holistic part of the product model and may have the most 
discriminating information. Some of those specifications are 
actually the starting points during the design process. Also, 
most of the current shape search systems only work on the 
component level, and few of them can deal with the searching 
of assemblies. Knowledge-based retrieval and ontology-based 
retrieval use the non-geometry and domain dependent textual 
representation such that the user can search the product based 
on functional specifications, constraints, attributes of the 
product, or the concept graph which may be similar to the 
previous designs. But these systems only work for a limited 
class of engineering problems and it is not a trivial task to 
extend the representation from one domain to another. The 
subjective way of case definition and ontology acquisition also 
causes representation mismatching between the system and the 
user. This textual information may also need to be annotated 
manually and attached to the CAD model. 

In spite of the tremendous efforts and progress in 
developing suitable modeling techniques for product 
information retrieval, there is much to be done. Currently, we 
have different representations to support different facets of a 
product. However, some issues related to the cognitive 
psychology have been neglected: perception, visual similarity, 
mental categories, etc. There have been no human experiments 
to test for the validity and effectiveness of the system. 

What is also lacking is a systematic approach, which 
integrates all the different facets of product information with 
the flexible indexing mechanism. Such indexing should be able 
to discriminate among concepts at various levels of 
granularities. It is context dependent and user preference-
oriented.  

The user interface is necessary to support the product 
information retrieval system due to the complex nature of the 
information model and the iterative retrieval procedures. 
Unfortunately, the importance of user interface design is often 
overlooked. Most of the research papers implement the query 
interface as either one of query by example (QBE), query by 
user sketch, or query by text. But few of them treat the query 
mechanism in product information retrieval as a multi-mode 
and multi-step procedure. Also, how to represent different user 
preferences during product retrieval is still an open research 
issue. 
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