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ABSTRACT 
 When engineering content is created and applied during 

the product lifecycle, it is often stored and forgotten. Since 
search remains text-based, engineers do not have the means to 
harness and reuse past designs and experiences. On the other 
hand, current information retrieval approaches based on 
statistical methods and keyword matching are not directly 
applicable to the engineering domain. We propose a new 
computational framework that includes an ontological basis 
and algorithms to retrieve unstructured engineering documents 
while handling complex queries. The results from the 
preliminary test demonstrate that our method outperforms the 
traditional keyword-based search with respect to the standard 
information retrieval measurement. 

1 INTRODUCTION 
Engineering design is a decision making process in which the 
basic sciences, mathematics, and engineering sciences are 
applied to convert resources optimally in order to develop a 
product [1]. In current practice, textual documents and 3D/2D 
computer-aided design (CAD) drawings are two of the most 
prevalent document formats by which products and processes 
are described. The number of digital documents being 
generated for product development has exploded. For 
example, there are approximately 40,000 documents produced 
in the design of a single engine in an aerospace company [2]. 
In Boeing, digital documents have accumulated up to the scale 
of petabytes, a number which is expected to double over the 
next two years [3]. 
Engineers are dependent on accessing documents in order to 
fulfill various design and engineering tasks. In fact, today’s 
engineers simply do not make an effort to find engineering 
content beyond mere keyword searches. However, current 
information retrieval approaches either retrieve too much or 
irrelevant results for engineering [4]. In industry sectors, it 
was reported that design engineers spent 20% to 30% of their 

time retrieving and communicating information [5]. 
“Delivering the right information to the right people at the 
right time” plays an important role in supporting engineers’ 
memory extension, knowledge sharing, design concept 
exploration, design reuse, and the learning process particularly 
of novice engineers [6-8]. However, current engineering 
practices ignore reuse of previous knowledge because 
appropriate engineering information retrieval tools have not 
been developed. As a result, a large amount of time is spent 
reinventing what is already known in the company or is 
available in outside resources. It is, therefore, imperative to 
minimize such overhead by developing the science base for 
contextual retrieval and then using this knowledge to create 
effective computer-aided tools. 
Engineering document resources can be classified into internal 
resources and external resources. Internal resources include 
documents from product specifications and memos to final 
project reports and CAD drawings. External resources include 
online catalogs of suppliers and patents. A major portion of 
engineering documents are textual descriptions and CAD 
drawings that have embedded textual descriptions such as 
shape features, property tables, drawing notes, and Bill of 
Materials (BOMs). Most engineering documents are 
unstructured, in contrast to structured data resources such as 
database tables. Their formalities also vary. Formal 
documents, such as project proposals and reports, usually 
comply with linguistic grammars; informal documents, such 
as engineers’ notebooks and certain text descriptions in the 
drawings, are fragmentary. This research addresses the task of 
retrieving unstructured engineering documents with textual 
descriptions by using an engineering ontology. 

2 RELATED WORK 
The analysis of general unstructured documents has been 
studied by researchers mainly from information retrieval (IR) 
and information extraction (IE). There is also research and 
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development in the engineering domain though limited. 
Below, we explain these three areas. 
Statistics-based methods and keyword-based input such as 
vector space model [9], have been prevalent in IR research 
[10]. They can be viewed as sophisticated stochastic 
techniques for matching terms from queries with terms in 
documents under the assumption of term independence. They 
try to derive the meaning of the text from the observable 
syntactic and statistical behavior of its units without any 
attempt to represent the meaning directly. However, words 
alone cannot capture the semantics or meanings of the 
document and query intent. To put it differently, the search 
results should satisfy the users, who are looking for something 
that matches their understanding of pertinent text—an 
understanding that includes, among other things, the relations 
among the terms and the ability to disambiguate and to infer. 
This is where the statistical keyword-based techniques fail the 
users and defeat their purposes. 
IE approaches bring together natural language processing 
(NLP) tools with domain knowledge to extract meaningful 
sentence constituents from texts for retrieval or for knowledge 
mining purposes. The domain knowledge can either be 
formalized as expression patterns by an expert [11], or learned 
from a large training corpus [12]. However, the research in IE 
usually deals with only short texts with very restricted topics, 
such as news of terrorism reports. Engineering documents are 
more diversified. Therefore, it is very labor intensive to form 
expression patterns manually. It is also infeasible by using the 
training approach because both writing style and terminology 
usage change over time, tasks, and departments/companies. 
In the engineering domain, there has been very limited 
research aimed at analyzing unstructured engineering 
documents for retrieval purposes. Most of it has been based on 
IR or IE approaches. Farley [13] extracted equipments and the 
repair action on them from aircraft maintenance logbooks for 
case-based retrieval. This method was based on the IE 
approach and used existent domain vocabularies. Dong and 
Agogino [14] proposed to use vector space model and belief 
networks to represent design manuals. Ahmed et al. [15] 
developed taxonomies in order to index corporate documents. 
The vector space model was also used to classify the 
documents against the terms in the taxonomies. Yang et al. 
[16] attempted to automate the population of a thesaurus from 
notebooks by using the latent semantic analysis. McMahon et 
al. [4] employed predefined taxonomy to classify documents 
by rule-based matching. 
In summary, current approaches (1) do not attempt to provide 
the semantics-based representation of engineering documents 
or provide for engineers’ information needs; (2) work only 
with restricted types of documents; (3) do not provide a 
feasible and scalable computational framework in order to 
retrieve heterogeneous engineering documents; (4) do not 
reflect and utilize engineering knowledge in the organization 
of the search; and  (5) do not deal with the relationships 
among various engineering taxonomy classes and the syntactic 
and semantic ambiguities that are prevalent in engineering 
documents and user queries. 
We propose a new, content-oriented, knowledge and meaning 
based computational framework to form the ontological basis 
of the search, browsing, and learning tasks in the engineering 
domain. The cumulative domain knowledge such as the 

classification of mechanical elements, their function, design, 
and manufacturing knowledge are formalized. This knowledge 
must be brought to bear in developing an industry-wide, 
constantly upgradeable ontology for engineers, and is 
formulated in a single standard format. The framework intends 
to 
• Develop an Engineering Ontology (EO) and its associated 

Engineering Lexicon (EL) in design and manufacturing. 
And use them to index the documents and interpret users’ 
queries at the concept level. 

• Extract a structured and semantics-based representation 
from the unstructured documents based on the knowledge 
conceptualized in the EO. 

• Overcome the difficulties of regular search engines in not 
understanding the engineering context of a query. 

• Design a novel user interface to further improve the 
information seeking effectiveness. This is especially 
important for novice engineers since they require more 
support in identifying what they need to know, instead of 
just what they want to know [8]. 

3 OVERVIEW OF THE APPROACH 
Figure 1 shows the overall architecture of interactions between 
the ontological basis, i.e., the domain knowledge source, with 
other functional modules, applied to engineering information 
retrieval. It comprises six portions: pre-processing, knowledge 
source, knowledge source acquisition and maintenance, 
concept tagging, concept indexing, and document retrieval, 
i.e., query processing. The centerpiece of the architecture is 
the EO and EL models. 

Fig. 1 System architecture and functional modules 

(1) Pre-processing: Consolidating heterogeneous documents 
(2) Knowledge source: Engineering Ontology & Engineering Lexicon 
(3) Knowledge source acquisition and maintenance 
(4) Concept tagging 
(5) Concept indexing 
(6) Query processing 
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1. Pre-processing: The task of pre-processing is to convert 
engineering documents into a unified format, such as .txt 
files, which can then be processed by the system. The 
inputs may include catalog descriptions, drawings, 
technical reports, and notebooks. 

2. Knowledge source: It provides domain knowledge and 
lexical knowledge, i.e., the EO and its associated EL, 
respectively. They are used to assist recognizing and 
indexing technical terms at the concept level, and to 
understand user queries. 

3. Knowledge source acquisition and maintenance: Protégé 
3.1 (http://protege.stanford.edu) is used to build and update 
the knowledge source. The output scripts from Protégé 
record the content of the EO and EL. These Frame-based 
XML scripts are then read into the system to generate the 
EO and EL in the memory. 

4. Concept tagging: The documents in unified format are 
transformed into an XML and concept based 
representation. Using EO and EL makes the tagging 
process less dependent on NLP techniques in 
understanding the texts. Metadata, such as names of the 
original documents, are also stored. 

5. Concept indexing: An index file is generated to index the 
XML documents. The filenames and the locations where 
the concept (tag) appears are listed along with the concept. 
This index is accessed when the system ranks the 
documents in query processing. 

6. Query processing: EO plays an important role in 
interpreting the user’s query accurately, and therefore 
improves retrieval performance. Ontology-based query 
processing algorithms are developed to fulfill this task. 

4 PROPOSED APPROACH 
4.1 Ontology Definition 
An ontology is a constructed model of reality, a theory of a 
domain. In more practical terms, it is a highly structured 
system of concepts covering the processes, objects, and 
attributes of a domain as well as all their pertinent complex 
relations. The grain sizes of the concepts are determined by 

considerations such as the need for an application or 
computational complexity. 
From one aspect, an ontology can be viewed as a 
decomposition of a domain: it is a tangled hierarchy of 
conceptual nodes, each of which can be represented as: 

property-slot (CONCEPT-NAME, PROPERTY-VALUE / 
FILLER-CONCEPT-NAME) + 

Every concept but the root of the ontology has the property-
slot is-a, and the value of this property is the parent of this 
concept. A concept may have multiple parents and multiple 
inheritances. 
From the other aspect, an ontology reflects the correlations 
among concepts across sub-domains: the PROPERTY-
VALUE of a concept refers to its filler concept, i.e., these two 
concepts are connected by the specific property-slots, i.e., 
(binary) relationships. 
 
4.2 Developing EO and EL 
To build the EO, we specialize the ontological semantics 
method described by Nirenburg and Raskin [17], which 
propose a principled, structured, and semi-automatic  
acquisition process. In contrast to the current automatic 
learning approaches, such as [18, 19], produce shallow 
representations of knowledge and are difficult to scale up. 
First is to identify the scope or themes of the EO. These 

Taxonomies 
Number of 
concepts Examples of concepts Acquisition resources Examples of acquisition resources 

Engineering 
component 451 

D-LOCK-WASHER, 
D-LINEAR-SLIDE 

Engineering texts, Handbooks, Online 
catalogs 

[24, 26], 
www.globalspec.com Device 

Proprietary 
product N/A N/A BOMs, Product dissection N/A 

Function 246 F-SUPPORT, F-LOCK Existing taxonomies [25, 26] 

Material 1017 
M-STAINLESS-STEEL, 

M-2008-T4 AL 
Engineering texts, Handbooks, Online 

catalogs [27], www.matweb.com 

Process 252 
MF-CASTING, 
MF-WELDING Engineering texts, Handbooks [27, 28] 

Property 378 
P-SHAFT-DIAMETER, P-

DUCTILITY Same as Device taxonomy Same as Device taxonomy 

Measurement unit 64 
MU-INCH, 

MU-FT-LB/SECOND Online resources 
www.ex.ac.uk/cimt/dictunit/dictunit.

htm 

Shape feature 47 
SF-LINEAR-SLOT, 

SF-TOOTH Existing taxonomies 
STEP AP224, vocabularies of major 

CAD packages 

Environment object 135 
E-HEAT, 

E-AXIAL-LOAD Engineering texts, linguistic resources [29], WordNet2.1 
Standard 31 S-MIL-STD-130 Standard libraries www.nssn.org 

Value-type 8 
V-FLOAT (Numerical), 

V-HIGH (Symbolic) 
Engineering common sense; Online 

catalogs N/A 

Fig. 2 A portion of the EO 
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Table 1 The EO contents and acquisition resources
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themes are determined based on the discoveries by cognitive 
studies in the engineering domain [20]. The prior studies have 
categorized the domain-specific issues being documented 
during product development process as well as the information 
needs of engineers. Currently, in designing the themes of the 
EO, we consider issues such as the products or components 
being designed (i.e., devices), their functions, properties, 
material selections, various processes (e.g., manufacturing) in 
product development, the environmental objects with which 
the product or component interact, and the standards that 
certain design or manufacturing comply with. 
In the second step, taxonomies under these themes are 
constructed. Concepts of each taxonomy are acquired from 
various engineering knowledge resources. These concepts are 
used in concept tagging (section 4.3) and query processing 
(section 4.4). 
Then, (inter) relationships are formed between concepts across 
taxonomies. For example, has-material (D-PLAIN-WASHER, 
M-STAINLESS-STEEL): where D-PLAIN-WASHER 
represents a device concept (in device taxonomy), M-
STAINLESS-STEEL is a material concept (in material 
taxonomy), and has-material is a relationship which associates 
a device concept with a material concept. The prefix in each 
concept represents the taxonomy which this concept belongs 
to. The acquisition of relationships between concepts is 
important for concept disambiguation and concept abstraction 
as discussed in sections 4.4. 
The resultant EO is organized in a directed graph: each node 
represents a concept; each arc represents a relationship 
between two concepts. A portion of the EO is shown in Figure 
2. 
Note that the device taxonomy includes classifications of 
engineering catalog components and proprietary products. The 
latter one needs to be customized for each specific company 

including product line classifications, subassembly 
classifications, and part inventory classifications, usually by 
referring to the BOMs or by product dissection [21]. The 
properties of the device concepts are conceptualized in the 
property taxonomy and connected with the device concepts 
through the has-property relationship. 
The last step is to acquire the EL. It is a list of lexical terms in 
descendant order. They are used to match with word(s) in 
documents or queries. Each lexical term is the actual 
word/phrase representation of the corresponding concept in 
the EO. Morphology forms, abbreviations, acronyms and 
synonyms of the word/phrase are also lexical terms and share 
the same concept as the original lexical term. For example, 
move and moving are lexical terms of the functional concept 
F-MOVE. 
Currently, there are 10 taxonomies, 2,629 concepts and 13 
types of relationships in the EO, and more than 10,000 lexical 
terms in the EL. Table 1 lists more details of the EO and the 
acquisition resources. Definitions of the relationships are 
given in Table 2. We developed formatted worksheets as 
templates to 1) direct the acquisition of the EO and EL; and 2) 
improve the efficiency of the acquisition process. These 
worksheets enable automatic uploading the acquired data into 
the Protégé editor. They have been used extensively by the 
undergraduate students who fulfill the acquisition task in our 
group. Please refer to [22, 23] for more details of the proposed 
ontology development methodology and the templates. 
 
4.3 Concept Tagging and Indexing 
In order to represent unstructured engineering documents by 
using concepts in the EO, we first need to convert documents 
from various resources into unstructured .txt files, i.e., 
PartTexts, during pre-processing in Figure 1. Note that .txt 
format is the only requirement for the input document to be 

Relationship (Concept*, Filler 
concept) 

Definitions of the relationship Examples 

is-a Child Parent Describes the generalization from a child concept to its 
parent concepts or the specification from a parent concept 

to its child concepts 

is-a (D-ELECTRICAL-MOTOR, D-MOTOR) 

has-part DC DC Represents the part-whole between an DC and the other DC has-part (D-LINEAR-SLIDE, D-BALL-
BEARING) 

has-function DC FC Refers to the connection between a DC and one of its FCs has-function (D-LOCK-WASHER, F-LOCK) 
interface-with  

& 
Interact-with 

 
DC 

DC 
 

EC 

Complement the has-function relationship when there is an 
‘object’ in the function description of ‘subject + verb [+ 

objects]’. Together, they represent the interactions between 
an DC and the other DC or EC 

interface-with (D-LOCK-WASHER, D-
FASTENER); 

interact-with (D-LOCK-WASHER, E-
FRICTION) 

has-material DC MC Describes the type of materials used in making the DC has-material (D-WASHER, M-METAL) 
has-process DC MFC Describes the type of manufacturing process used to 

make/fabricate the DC 
has-process (D-GEAR, MF-HOBBING) 

use-material MFC MC Describes the type of possible raw materials that certain 
manufacturing processes act on 

user-material (MF-COATING, M-
NONFERROUS-METAL) 

has-property DC/MC PC Each DC has several PCs characterizing its attributes such 
as various physical attributes and geometry attributes; each 

MC may also have several PCs specifying its 
characteristics such as physical and mechanical attributes 

has-property (D-PLAIN-WASHER, P-INSIDE-
DIAMETER); 

has-property (M-METAL, P-HARDNESS) 

has-measurement PC MUC Most of the PCs have one or several MUCs has-measurement (P-DIAMETER, MU-INCH) 
has-value PC/MUC VC Each PC may have numerical VC or symbolic VC while 

MUC only has numerical VC 
has-value (P-DIAMETER, V-NUMERICAL) 

has-feature DC SFC Describes the significant shape features a device may have has-feature (D-SCREW, SF-THREAD) 
has-standard DC/MC/MFC SC specifies the standard a DC/MC/MFC may comply with has-standard (D-WASHER, S-ASME B18.13) 

* DC: device concept; FC: function concept; EC: environment concept; MC: material concept; MFC: manufacturing process concept;
SFC: shape feature concept; SC: standard concept; PC: property concept; MUC: measurement unit concept; VC: value type concept 

Table 2 Definitions of the relationships
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processed by our prototype. We use XPDF 
(www.foolabs.com/xpdf/, written by Robert Li at Caltech) 
which converts the PDF documents (e.g. catalogs) into a 
congruent stream of plain text while recognizing certain 
layouts of PDF. Engineering symbols, such as " and Ø are 
replaced by their textual descriptions (i.e., inch and diameter). 
Texts in CAD drawings are extracted by using I-migrate 
(www.imaginestics.com), a software program that uses 
various CAD application program interfaces (APIs) (e.g., 
APIs of SolidWorks and AutoCAD). It converts the textual 
descriptions such as drawing notes and title blocks (in 2D 
drawings), as well as geometry features and mating relations 
(in 3D drawings) into .txt files. 
Our method makes use of the EO and EL to recognize 
concepts contained in the documents. By doing so, the 
PartTexts are converted into an XML and concept based 
representation, i.e., PartXMLs, where each recognized 
word/phrase is tagged by the corresponding concept in the EO. 
Then concepts in all PartXMLs are indexed. 
In contrast to IE approaches and more recent ontology-based 
IE approaches, e.g., [30], our method is less dependent on 
NLP techniques. It has no syntax analysis and no phrase 
chunking and therefore is more robust in analyzing both 
formal and informal documents. The process is as following: 
1. Tokenization: The input character streams of a PartText are 
parsed into tokens and punctuation marks. 
2. Sentence segmentation: Sentences are formed by using 
punctuation marks and symbols such as “\n.” 
3. Concept recognition: 
 3.1 Cardinal number recognition: The cardinal numbers 
such as 3.2, 1:20, and 200 are identified. 
 3.2 Concept matching: Assigning each word/phrase the 
concepts it refers to. This process takes two iterations. The 
first iteration is full matching, where lexical terms are 
retrieved in an orderly manner and matched against words in 

each sentence sequentially. Word(s) that fully match with a 
lexical term will be assigned the pertinent ontology concept. 
Note that multiple concepts may be assigned to a single word 
or a series of words (i.e., a phrase) because different concepts 
may have the same lexical term. The next iteration is  partial 
matching, where each unrecognized word is matched against 
lexical terms sequentially. The concept will be assigned if the 
word matches with part of its lexical term. 
3.3 Numerical value recognition: The system recognizes the 
numerical values such as 3.2 inch, HRC 55, and 32°F - 212°F. 
First, it recognizes a single numerical value by converting the 
cardinal number recognized in step 3.1 to single numerical 
value if the number is adjacent to a measurement unit concept 
such as ‘mm’ (MU-MILLIMETER), a property concept such 
as ‘diameter’ (P-DIAMETER), or certain symbols, such as 
‘+/-.’ Next, range values are recognized. Currently, the system 
recognizes five types of numerical  values: integer, float, 
percentage (e.g., 20%), ratio (e.g., 1:4), and tolerance (e.g., +/-
0.001). 
4. Concept disambiguation: A word or phrase which matches 
with multiple concepts causes ambiguities, such as in the step 
3.2. There are two major types of ambiguities: 
• Polysemy: for example, the word cylinder may refer to a 

shape feature concept, SF-CYLINDER, or a device 
concept, D-CYLINDER, because both concepts have the 
same lexical term cylinder. 

• Ellipsis: for instance, the word finish may (partially) 
match with the lexical term surface finish, which is 
associated with the property concept P-SURFACE-
FINISH, and protective finish, being associated with the 
manufacturing process concept, MF-COATING. 

 Ambiguities are resolved by referring to the contexts of 
the word/phrase that is ambiguous. The contexts of a word 
refer to the concepts its adjacent words/phrases are tagged. 
More details about the concept disambiguation method are 
given in the next section. 
5. PartXML generation: The processed PartText is converted 
to PartXML, where each word/phrase is enclosed with its 
concept as tags. Figure 3 presents an example of a component 
catalog description before and after the tagging process. Note 
that the tag <TEXT> serves as a containment of words not 
semantically tagged. These tags are used for a repeated 
updating of the EO and EL because the words can be easily 
pulled out and analyzed. 
6. Concept-based indexing: In order to rank the relevancy of 
documents in query processing, we propose a data structure 
called inverted concept index (ICI) to index the concept (tag) 
and the PartXMLs. ICI is a variation of the inverted index. It 
lists each concept as well as the PartXML file name and the 
locations where the concept are present. 
 
4.4 EO-based Query Processing 
Users’ queries are assumed to be a list of words. Tokens, i.e., 
keywords, are generated from a query after tokenization and 
removing stop words. Relational operators are recognized and 
correspondent routines will be called when the system ranks 
the documents. The rest of the keywords are matched with the 
concepts in the EO through the EL. These matched concepts 
might be ambiguous, either of lexical ambiguity or semantic 
ambiguity. By applying the metrics of concept disambiguation 
and concept abstraction discussed in section 4.4.1 and section 

<PartXML> 
<FILENAME>washer1_3.pdf</FILENAME>  
…… 
<D-EXTERNAL-TOOTH-LOCK-WASHER>External Tooth Lock Washers</D-EXTERNAL-

TOOTH-LOCK-WASHER> 
 <TEXT>For</TEXT> 
 <TEXT>maximum</TEXT> 
 <F-HOLD>holding</F-HOLD> 
 <P-POWER>power</P-POWER> 
 <D-SCREW>screws</D-SCREW> 
  <SF-HEAD>heads</SF-HEAD> 
  <P-ROUND>round</P-ROUND> 
  <P-PAN>pan</P-PAN> 
 <SF-TEETH>teeth</SF-TEETH> 
 <S-ASME B18.21.1>ASME B18.21.1</S-ASME B18.21.1> 
 <M-18-8-STAINLESS-STEEL>18-8 stainless steel</M-18-8-STAINLESS-STEEL> 
  <P-CORROSION-RESISTANC>corrosion resistance</P-CORROSION-

RESISTANCE> 
  <P-MAGNETIC>magnetic</P-MAGNETIC> 
  <M-TYPE-410-STAINLESS-STEEL>410 stainless steel</M-TYPE-410-STAINLESS-

STEEL> 
   <P-CORROSION-RESISTANCE>corrosion resistance</P-CORROSION-

RESISTANCE> 
   <P-ROCKWELL-HARDNESS>Rockwell hardness</P-ROCKWELL-

HARDNESS> 
   <MU-HARDNESS>C</MU-HARDNESS> 
   <V-INT>34</V-INT> 
…… 
</PartXML> 

Fig. 3 Examples of the document tagging results
Note that letters in bold are the words from the original document or PartText. 
For the sake of clarity, only parts of the tagged documents are illustrated, and the 
PartText is ignored. 
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4.4.2, respectively, only relevant concepts are retained. These 
concepts will then be expanded and participate in the ranking 
process described in section 4.4.3. Section 4.4.4 describes a 
novel search interface designed to assist users’ information 
seeking process. 
 
4.4.1 Concept disambiguation 
Lexical ambiguity arises when a single keyword matches with 
multiple concepts. It includes the types of ambiguities 
described in the previous section, i.e., polysemy and ellipsis. 
Given a query of ‘lock washer with zinc finish,’ the keywords 
of ‘lock’ ‘washer’ and ‘finish’ cause lexical ambiguities. For 
example, ‘lock’ matches with the device concepts of D-
LOCK-WASHER and D-TOOTH-LOCK-WASHER, and the 
function concept of F-LOCK; ‘washer’ matches with D-
WASHER, D-LOCK-WASHER, D-TOOTH-LOCK-
WASHER, and D-PLAIN-WASHER; and ‘finish’ matches 
with P-SURFACE-FINISH and MF-COATING. We adapt the 
concept disambiguation metric proposed in [31]. It calculates 
the correlations between the matched concepts of all keywords 
in order to determine which of the ambiguous concepts should 
be retained. For a set of concepts, a concept is highly 
correlated with others if it is 1) less far away from them in the 
EO, i.e., semantically closer, and 2) has more words matching 
with the particular query keyword, i.e., lexically closer. Figure 
2 also illustrates the matched concepts. 
One issue of this metric is the computational cost related to the 
ontology traversal when compute the CDs. To ameliorate the 
problem, we propose a pair-wise concept distance lookup 
table (PCDT) that stores any pair of concepts and their CD. 
PCDT is pre-computed (i.e., when the EO is uploaded into the 
memory) by implementing the Floyd-Warshall algorithm. 
Therefore, the online computing cost is transferred to offline 
processing. 
 
4.4.2 Concept abstraction 
Semantic ambiguity occurs in the queries when users may not 
know the exact words of the design or the related issues they 
want to find though they may have some contextual clues, 

such as the functionality of the design and other interacting 
parts/components of the querying product/component. One 
example is when users want to find ‘a component which 
rotates, has teeth, and connects to a chain and shaft.’ The 
system should return a sprocket even though the word 
‘sprocket’ does not appear in the query. However, in the 
traditional IR methods, because the query  
is treated as a list of independent words when searching for 
relevant documents, the meaning of the query is lost. 
Therefore, the retrieval performance is hurt. In the EO-based 
method, the engineering contexts of the query are recovered at 
the system representation by using the proposed concept 
abstraction metric. The metric takes advantage of the structure 
and content of the EO to ferret out the true meaning, i.e., the 
target concept(s), of the query. 
Given a user’s query ‘rotates teeth chain shaft,’ the query 
keywords are first processed by equations 1 and 2 in concept 
disambiguation, i.e., only the Cscores of the matched concepts 
are calculated. Next, all of the matched concepts are added 
into a list. Query expansion is executed on the matched 
concepts. The newly added concepts share the same Cscore 
with their parents. All these concepts are called Probe 
concepts. For the given example, assuming the Probe concepts 
(and their scores) are SF-TOOTH (1.0), D-SHAFT (1.0), D-
AXLE (1.0), D-CHAIN (1.0), D-ROLLER-CHAIN (0.5), and 
F-ROTATE (1.0), the system traverses the EO by Bread First 
Search (BFS) to collect the concepts (Cconcept). Each of these 
Cconcepts must have at least one of the Probe concepts as the 
filler concepts in one of its relationships, except for is-a. The 
wCscore of this Cconcept is then obtained by adding up the 
Cscores of all its filler concepts which are also Probe 
concepts. For example, the wCscores are 1.0 for D-TOOTH-
LOCK-WASHER, 3.0 for D-GEAR, and 4.0 for D-
SPROCKET. The average wCscore is then set as threshold 
and only the Cconcepts with above the average wCscores are 
selected. They are added into the selected concept list in 
descendent order. In this example, the average wCscore is 
2.67. Therefore, D-SPROCKET and D-GEAR are selected. 
 

a. Search interface and first level of EO concepts for navigation b. Search interface and returned results categorized
 

Fig. 5 User interface for design orienteering 
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4.4.3 Ranking and context-aware dynamic search 
interface 
In general, the relevance of documents with respect to a query 
is ranked by the similarity score between the selected query 
concepts and the document. The score is calculated by using 
Boolean model [33] and the ICI. 
Studies by [6] indicate that engineers who look for 
information want to browse and search documents by 
categories. Teevan, et al. [32] discovered the “orienteering” 
behavior in information seeking activities. This represents an 
evolving information-finding process where users interact 
with the search system and use the intermediate results to 
explore unexpected search directories or refine the search path 
to finally arrive at the target. It is noticed that such an 
information seeking process is preferred to the directed 
keyword search due to cognitive and practical advantages. 
However, to our limited knowledge, there is no search system 
which allows users to navigate engineering documents by 
dynamically generated design orienteering previews. Most of 
them return a flat list of relevant documents, or use predefined 
classification schemas as visible indices of the document 
collections. Design orienteering on the other hand, is to 
dynamically update and organize the retrieval results based on 
the domain contexts in the EO and the content of the relevant 
documents in order to assist users to find the optimal target.  
We develop a search interface that allows users to navigate 
vertically and horizontally according to the relevant domain 
contexts or the concept categories in the EO. Vertical refers to 
the different levels of concept granularity, while horizontal 
refers to the selection of multiple concept categories across 
taxonomies to form a joint query. Figure 5a shows the first 
interface for navigating engineering catalog collections. It 
includes a text search box, the first level EO concepts, and the 
number of document that have the specific concepts. For each 
query (either by typing keywords or selecting concept 
categories), the system (1) returns a list of ranked documents; 
and (2) categorizes them based on the concept categories (per 
taxonomy) which present in the returned PartXMLs. Figure 5b 
shows the results categorized on the interface. 
Different from regular users’ requests, engineers often need to 
search for designs that satisfy some specifications or property-
value pairs, including quantitative/numerical values (e.g., 
washer with ID = 2.0 mm) and qualitative/symbolic values 
(e.g., motors with high load capacity). 
In order to enable search by design specifications, recall that 
the system identifies the numerical values, which are adjacent 
to the property concept (and the measurement unit concept) in 
the PartXMLs. Then it orders the relevant documents into two 
sets according to the values of these numerical value concepts 

from lowest to highest.  

5 PRELIMINARY EVALUATIONS 
This research uses an engineering catalog collection as the test 
bed in order to compare the retrieval effectiveness of the EO-
based search and keyword-based search. We have collected 
about 1,000 components (with their PDF descriptions) from 
various suppliers’ websites. The length of the original PDF 
description ranges from 1 to 3 pages per component. 
For an example of the keyword-based techniques, we have 
implemented the most widely used method, the vector space 
model [9]. Note that the EO-based system indexes and 
retrieves PartXML documents, while the vector space model 
acts on the full text, i.e., PartText documents. Standard IR 
measurements of recall and precision [33] are used to measure 
the retrieval effectiveness. 
The test was executed by the experiment committee, 
consisting of the first author, the last author, and two graduate 
students. Ten undergraduate students were selected as subjects 
from the senior engineering design class and the SAE 
Formula-I design team in the School of Mechanical 
Engineering. They have various levels of design and 
manufacturing experience. Each of them provided the 
committee at least 10 queries that they generated during their 
tasks in the regular development process. The committee 
classifies these queries based on criteria such as the levels of 
complexity and the scope of search prior to applying them to 
querying the two search systems. The relevancy of each 
retrieved document is judged by the committee jointly. 
There were a total of 100 queries generated. Nine of them 
were invalid and discarded. They were either duplicates or out 
of the scope of the EO and the catalog collection. The valid 
sample queries were first classified into two types: ‘search for 
what I type’ and ‘search for what I mean.’ These correspond 
to the type of queries that need concept disambiguation and 
the type of queries to be answered by concept abstraction, 
respectively. The first type of queries are further classified as 
general queries, specific queries, queries with qualitative 
specifications, and queries with quantitative specifications. 
The general queries were associated with the upper-level 
concepts of the EO such as ‘search for electrical motors.’ The 
specific queries were associated with the lower-level concepts, 
e.g., ‘find radius tab with threaded hole and made of steel.’ 
Table 3 shows the results of the average recall and precision 
for the queries in each category, and for all the queries taken 
together. The results demonstrate that the precision and recall 
of the EO-based model outperformed that of the vector space 
model, especially for general queries. This is because for 
general queries, more relevant concepts are added to the 
selected concepts by query expansion, and therefore, improve 

Type of queries Number of 
queries 

Average recall 
of EO model 

Average recall of 
VS model 

Average precision 
of EO model 

Average precision 
of VS model 

general query 22 94% 28% 92% 31% 

specific query 28 83% 77% 71% 81% 

quantitative query 15 80% 36% 75% 41% 

Query by concept 
disambiguation 

qualitative query 18 75% 38% 65% 35% 

Query by concept  abstraction 8 96% 25% 78% 30% 
Average of total   85% 46% 78% 49% 

Table 3 Average recall and precision of two retrieval methods
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recall. Meanwhile, precision is also improved significantly 
because concept disambiguation enables the system to search 
for the right lower-level concepts in the documents which are 
also tagged by such concepts. In the vector space model, 
however, the exact terms of the upper-level concepts are rarely 
used in documents or used differently from the query intent. 
Therefore, its retrieval performance is degraded. 
For specific queries, the overall performance improvement of 
the EO-based approach may not be significant over the vector 
space model. There are several reasons: First, it is more 
challenged in accurately recognizing lower-level concepts 
than upper-level concepts for the EO-based approach. Second, 
usually the recall is improved by query expansion. However, 
there is very little space in the EO for query expansion with 
specific queries. Third, in general, the vector space model 
obtains fairly good precision when more exact keywords are 
provided. 
For the rest of the query categories, the EO-based approach 
also achieves greater performance than the vector space model 
because the concept-based document and query 
representations enable query reasoning based on meaning. 
Note that for the retrieved results, the vector space model is 
rank-based, while the EO-based model is in fact Boolean 
retrieval. In order to make a reasonable comparison, a 
retrieved document is relevant if it has a similarity score 
greater than 0.15 in vector space model. The reported 
precision is when the maximum recall is achieved. 

6 CONCLUSION 
This research represents a first exploration of the possibilities 
of semantics-based engineering document analysis and 
retrieval, and its application. It develops an EO to represent 
the established design and manufacturing knowledge, both 
inside and outside of a company. We have described a new 
computational framework for the EO-based search system that 
aims at effectively retrieving unstructured engineering 
contents. 
The experimental results demonstrate that the EO-based 
search outperforms the keyword-based search. Using a test 
bed of 1,000 engineering component descriptions from various 
suppliers, we found that the EO-based search improves the 
average recall by 39% and the average precision by 29%. 
More importantly, 1) it understands users’ queries at concept 
level when exact query terms are not available; and 2) it 
enables querying with quantitative as well as qualitative 
engineering specifications. All these query types are prevalent 
in engineering and design tasks but not handled properly by 
the traditional IR approaches. 
The research suggests that PDM/PLM systems should take 
into account the importance of utilizing the established 
domain knowledge in order to achieve more effective 
engineering information retrieval. Engineering design is a 
complex task, so does engineers’ information needs. 
Understanding the context of the task plays a crucial role in 
their successes of decision making as well as information 
seeking. By extracting dispersed contents and associating 
them with an explicit domain knowledge model to support the 
query inference on a meaningful and contextual level, our 
method has the potential of pursuing a more coherent design 
environment with future PDM/PLM systems. 
The combination of the ontology-based textual engineering 
information retrieval with geometry-based engineering part 

retrieval has the potential of producing more comprehensive 
descriptions and achieving more effective search results. We 
plan to integrate this research prototype with the sketch-based 
CAD model retrieval system [34]. 

ACKNOWLEDGEMENTS 
 Special thanks are extended to Imaginestics LLC for 
donating the software, I-migrate. Chris Bence, In Chul Chang, 
and Jose Valdes helped in acquiring the engineering ontology. 
We also want to thank the students who volunteered for our 
experiment. We would like to acknowledge the support of the 
21st Century R&T funds and the National Science Foundation 
Partnership for Innovation Award (NSF-PFI) on ToolingNET. 
We are grateful to the Purdue Center for Education and 
Research in Information Assurance and Security (CERIAS) 
for making its ontological semantics resources available to us 
and to its internal pilot grants, funded initially by an Eli Lilly 
Foundation grant, as well as to its external NSH-ITR and NSF 
CyberTrust grants on the extension of the resources to new 
domains. 

REFERENCES 
[1] Ertas, A. and Jones, J.C., 1993, The Engineering Design 
Process, John Wiley & Sons, NY 
[2] Marsh, J.R., 1997, “The Capture and Utilization of 
Experience in Engineering Design,” PhD Thesis, Cambridge 
University, UK. 
[3] Radhakrishnan, R., 2006, “Information Retrieval at 
Boeing: Plans and Successes,” ACM SIGIR’06,  Seattle. 
[4] McMahon C.A., Lowe, A., Culley, S.J., Corderoy, M., 
Crossland, R., Shah, T., and Stewart, D., 2004,  “Waypoint: 
An Integrated Search and Retrieval System for Engineering 
Documents,” J. Comput. and Info. Sci. in Eng., 4(4), pp. 329-
338. 
[5] Court, A.W., Ullman, D.G., and Culley, S.J., 1998, “A 
Comparison between the Provision of  Information to 
Engineering Designers in the UK and the USA,” Int. J. 
Information Management, 18(6), pp. 409-425. 
[6] Del-Rey-Chamorro, F.M. and Wallace, K.M., 2005, 
“Understanding the Search for Information in the Aerospace 
Domain,” 15th Int. Conf. on Engineering Design (ICED'05), 
Melbourne, Australia. 
[7] Ullman, D.G., 2001, The Mechanical Design Process, New 
York: McGraw-Hill. 
[8] Ahmed, S. and Wallace K.M., 2004, “Identifying and 
Supporting the Knowledge Needs of Novice Designers within 
the Aerospace Industry,” J. of Engineering Design 15(5), pp. 
475-492. 
[9] Salton, G., 1989, Automatic Text Processing, Wokingham: 
Addison Wesley. 
[10] Lin, J. and Demner-Fushman, D., 2006, “The Role of 
Knowledge in Conceptual Retrieval: A Study in the  Domain 
of Clinical Medicine,” ACM SIGIR’06, Seattle. 
[11] Hobbs, J.R., Appelt, D.E., Bear, J., Israel, D., Kameyama, 
M., Stickel, M., and Tyson, M., 1996, “FASTUS: A 
Cascaded Finite-state Transducer for Extracting Information 
from Natural-Language Text,” Finite-Stat Devices for Natural 
Language Processing, Cambridge, MA: MIT Press. 
[12] Riloff, E., 1996, “Automatically Generating Extraction 
Patterns from Untagged Text,” Proc. 13th National  Conf. on 
AI (AAAI-96), pp. 1044-1049. 



 9 Copyright © 2007 by ASME 

[13] Farley, B., 2000, “Extracting Information from Free-text 
Aircraft Repair Notes,” J. Artificial Intelligence for 
Engineering Design, Analysis and Manufacturing, 15(4), pp. 
293-305. 
[14] Dong, A. and Agogino, A.M., 1996, “Text Analysis for 
Constructing Design Representations,” J. Artificial 
Intelligence in Engineering, 11, pp. 65-75. 
[15] Ahmed, S., Kim, S., and Wallace, K.M. (2005). “A 
Methodology for Creating Ontologies for Engineering 
Design,” Proc. ASME / IDET&CIE Conf., Long Beach, CA. 
[16] Yang, M.C., Wood, W.H. and Cutkosky, M.R., 2005, 
“Design Information Retrieval: A Thesauri-based Approach 
for Reuse of Informal Design Information,” J. Engineering 
with Computers, 21(2), pp. 177-192. 
[17] Nirenburg, S. and Raskin, V., 2004, Ontological 
Semantics, Cambridge, MA: MIT Press. 
[18] Hwang, C. H. (1999) Incompletely and Imprecisely 
Speaking: Using Dynamic Ontologies for Representing and 
Retrieving Information,” Austin: Microelectronics and 
Computer Technology Corp., TX, Technical Report. 
[19] Shamsfard, M. and Barforoush, A.A., 2004, “Learning 
Ontologies from Natural Language Texts,” Int.  J.  Human-
Computer Studies, 60, pp. 17-63. 
[20] Li, Z. and Ramani, K., 2007, “Ontology-based Design 
Information Extraction and Retrieval,” J. Artificial 
Intelligence for  Engineering Design, Analysis and 
Manufacturing, 21(2), pp. 137-154. 
[21] Nanda, J. Simpson, T.W., Kumara, S.R.T., and Shooter, 
S.B., 2006, “A Methodology for Product Family Ontology 
Development Using Formal Concept Analysis and Web 
Ontology Language,” J. Comput. and Info. Sci. in Eng., 6, pp. 
1-11. 
[22] Li, Z., Raskin, V., and Ramani, K., 2007, “A 
Methodology of Engineering Ontology Development for 
Information Retrieval,” Int. Conf. on Engineering Design 
(ICED’07), Paris (accepted for full paper presentation). 
[23] Li, Z., Raskin, V., and Ramani, K., 2007, “Developing 
Engineering Ontology for Information Retrieval,” J. Comput. 
and Info. Sci. in Eng  (In review). 
[24] Rothbart, H.A., 1996, Mechanical Design Handbook, 
McGraw-Hill, NY. 
[25] Hirtz, J., Stone, R.B., McAdams, D.A., Szykman, S., and 
Wood, K.L., 2002, “A Functional Basis for Engineering 
Design: Reconciling and Evolving Previous Efforts,” Research 
in Engineering Design, 13(2), pp. 65–82. 
[26] Kim, J., Will, P., Ling, S.R., and Neches, B., 2003, 
“Knowledge-rich Catalog Services for Engineering  Design,” 
J. Artificial Intelligence for  Engineering Design, Analysis 
and Manufacturing, 17(4), pp. 349-366. 
[27] Kutz, M., 2002, Handbook of Materials Selection, John 
Wiley & Sons, NY. 
[28] Kutz, M., 2005, Mechanical Engineers' Handbook, 
Manufacturing and Management, John Wiley & Sons. 
[29] Pugh, S., 1997, Total Design: Integrated Methods for 
Successful Product Engineering, Addison-Wesley. 
[30] Kim, S., Ahmed, S. and Wallace, K.M., 2006, 
“Improving document accessibility through ontology-based 
Information Sharing,” in Int. Sym. series on Tools and 
Methods of Competitive Engineering  (TMCE2006), 
Ljubljana, Slovenia, 2, pp. 923-934. 

[31] Khan, L. and McLeod, D., 2000, “Disambiguation of 
Annotated Text of Audio Using Ontologies,”  Proc. ACM 
SIGKDD Workshop on Text Mining, Boston, MA.  
[32] Teevan, J., Alvarado, C., Ackerman, M.S., and Karger 
D.R., 2004, “The Perfect Search Engine Is Not  Enough:  A 
Study of Orienteering Behavior in Directed Search,” ACM 
Conf. on Human Factors in Computing Systems, pp. 415-422. 
[33] Baeza, R. and Neto, B., 1999, Modern Information 
Retrieval, Addison Wesley, NY. 
[34] Pu, J.T. & Ramani, K., 2005, “A 3D Model Retrieval 
Method Using 2D Freehand Sketches,” Lecture Notes in 
Computer Science (Sunderam, V.S. et al., Eds.), Part II, pp. 
343-347, Heidelberg: Springer Berlin. 

 


