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introduced into the new model to cluster knowledge documents and the
combined keyword concepts of the clusters are generated as well. The
keyword concepts of the clusters, rather than the keyword concepts of
documents, are used as the index of the retrieval. During the knowledge
matching process, the keywords and their semantic extension of design
problems are extracted, and the similarity between the abstract
descriptions of the knowledge clusters and design problems is calculated,
so the best cluster can be found by the calculated results. Based on the
granularity levels of the keywords (concepts) the design problems, finally
the documents in the selected clustered are ranked in the order of
granularity levels. The selected document by the model is that with the
highest relevance and most suitable granularity level about the design
problem. In the last section of the paper, we used a simple real case to
evaluate the new design model, also developed the scheme of the whole
design knowledge retrieval system for the future work.

Abstract:

http://mc.manuscriptcentral.com/(site)




Page 1 of 25 Journal name

©O~NOUAWNBR
iv/

http://mc.manuscriptcentral.com/(site)



©CoO~NOUTA,WNPE

Journal name

Title: A New Design Knowledge Retrieval Model Based on Granularity and Clustering Theories

Authors: Hongwei Liu', Yan Li', Jian Chen?, Yan Xiongl, Xiaojiao Du', Qian Shi'.

Email:scu liuhongwei@163.com;liyan@scu.edu.cn;jc2d14@soton.ac.uk;xy@scu.edu.cn;
1095719250@qq.com; 1571979875@qq.com.

Address: 'School of Manufacturing Science and Engineering, Sichuan University, NanYihuan Road
No.24, WuHou District,Chengdu 610065, Sichuan Province, China.

*Faculty of Engineering and the Environment, University of Southampton, Southampton, SO17 1BJ,
UK.

Institution: 'School of Manufacturing Science and Engineering, Sichuan University.

*Faculty of Engineering and the Environment, University of Southampton.

Corresponding author: Yan Li, Professor, School of Manufacturing Science and Engineering,
Sichuan University, NanYihuan Road No.24, WuHou District, Chengdu, 610065, China;

Tel: 86-28-85403211;Fax:86-28-85403211; liyan@scu.edu.cn.

0
http://mc.manuscriptcentral.com/(site)

Page 2 of 25



Page 3 of 25

©CoO~NOUTA,WNPE

Journal name

A New Design Knowledge Retrieval Model Based on

Granularity and Clustering Theories

Hongwei LIU' ,Yan LI'*, Jian CHEN’, Yan XIONG', Xiaojiao DU, Qian SHI'

Abstract: Former research has proved that the design knowledge involved in the conceptual design stage has multiple
attributes/perspectives, which can be further abstracted into the concepts with different abstract/ granularity levels, from
coarse to fine. Based on this, we believe that it is necessary to use multiple attributes to describe design knowledge
during the knowledge retrieval process. Firstly, an attribute ontology with multi-perspective and multi-granularity was
built in the new retrieval model. Therefore, the knowledge documents can be abstracted by the concepts of the ontology.
Based on the correlation of the concepts, the clustering theory is introduced into the new model to cluster knowledge
documents and the combined keyword concepts of the clusters are generated as well. The keyword concepts of the
clusters, rather than the keyword concepts of documents, are used as the index of the retrieval. During the knowledge
matching process, the keywords and their semantic extension of design problems are extracted, and the similarity
between the abstract descriptions of the knowledge clusters and design problems is calculated, so the best cluster can be
found by the calculated results. Based on the granularity levels of the keywords (concepts) the design problems, finally
the documents in the selected clustered are ranked in the order of granularity levels. The selected document by the model
is that with the highest relevance and most suitable granularity level about the design problem. In the last section of the
paper, we used a simple real case to evaluate the new design model, also developed the scheme of the whole design

knowledge retrieval system for the future work.
Keywords: product innovative design, knowledge retrieval, ontology, granularity, clustering

1. Introduction

Knowledge plays an important role in the product innovative design process. Sufficient knowledge resource is the critical
to prompt the innovation designs in modern companies [1]. Since the conceptual design stage determines most of the
innovation elements of new products, if product designers can efficiently acquire the relevant knowledge during the
conceptual design stage, the innovation levels of the designed products will have significant improvements [2]. More
importantly, the knowledge retrieval system of the conceptual design process should inspire the designers in the design
thinking to generate innovative solutions from various aspects, such as customer needs, product functions, product
structures, abstract principles, etc [3]. Therefore, the key issue in the knowledge-based conceptual design stage is to
discover the multi-perspective correlation between design problems and existing knowledge. In order to solve this issue,
it is very necessary to study the design knowledge from multiple perspectives and build its multi-perspective correlation.

Clearer and more comprehensive knowledge correlation can efficiently help the designers to realize the knowledge
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transfer [4] and knowledge recombination [5]. Up to now, many methods (or models) have been developed to support the
product conceptual innovative design, such as the theory of inventive problems solving (TRIZ) [6], the
function-behaviour-structure model [7], and the axiomatic design method (AD) [8]. Based on these methods, many
design knowledge perspectives can be extracted, such as, function [9], behaviour-flow [10], physical effects [11],

inventive principles [12] and technical principles [13], etc.

Most of the commercial Computer Aided Innovation (CAI) systems, such as Goldfire [14], CREAX Innovator Suite [15]
and Pro/Innovator [16], can only support the function-based [17] knowledge retrieval (only correlate the knowledge from
function perspective); therefore, they can only retrieve the relevant knowledge when the designers obtain the functional
attribute of the design problems. This situation hinders the stimulation of innovative thinking. More recently, some
researchers [18, 19] have made some improvements on the knowledge retrieval model by introducing both the
function-based and TRIZ-based knowledge retrieval methods into the CAI systems. Compared with the single
function-perspective based system, both Refs [18, 19] have verified that the improved systems (with two perspectives)
can retrieve more relevant knowledge to support the innovation conceptual design. However, the improved system still
have the limitation that it can only retrieve the relevant knowledge based on defined functional attribute or TRIZ
principle attribute. If the designers need solve innovative design problems from the effect knowledge perspective or
behaviour knowledge perspective, the improved systems may provide the designers the inappropriate/inaccurate
function-based knowledge or TRIZ principle based knowledge. Due to the shortcomings of these existing retrieval
models, we believe that the new knowledge retrieval system should include more perspectives to represent the

knowledge and its correlation.

As mentioned above, another important issue of design knowledge retrieval is how to realize the multi-perspective
correlation of design knowledge, also the correlation between design problems and existing knowledge. Ontology is a
common method to build the correlation of general knowledge; therefore, we believe that ontology should be also a
promising method for the correlation of design knowledge. In recent years, some researchers have applied the granularity
theory in the general knowledge retrieval model [20-22]. This application is still in the infant stage, but these existing
works can provide a useful guide for the application of ontology on design knowledge retrieval. Ontology is a method to
describe the entities by a set of representational terms [23], and it is a specification of a conceptualization of the
entities/subjects [24]. Ontology can correlate the entities by means of the semantic correlation of the defined concepts.
Ontology based knowledge correlation models normally include two main aspects, one is the abstraction of knowledge
(conceptualization process), and the other is the correlation of knowledge. However, most existing ontology-based
methods [25-27] for design knowledge retrieval only focused on the correlation of concrete knowledge, such as customer
needs, product components, etc., and researchers paid limited attention on the correlation of the concepts of design

knowledge for the conceptual design stage.

Granularity is a common way to represent and measure the abstract degree of knowledge [28], and it is also a easy way to
represent the levels of the concepts that extracted from design problems. Well-trained designers often solve problems
from a coarse granularity level to a fine granularity level [29, 30]. Moreover, knowledge granularity is considered as the
foundation to realize knowledge transferring and knowledge reuse [31]. Up to now, only a very few of researchers have
attempted to abstract the design knowledge based on the granularity theory. Both Refs. [32, 33] built a granular
computing model to retrieve the knowledge with different abstract levels, and verified that granularity theory could
efficiently help the designers in the conceptual innovation design process. On the other hand, the existing commercial

CAI systems aforementioned have no relevant function/model to conceptualizing design knowledge according to the
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granularity levels. Therefore, there is still much work to be done on the granularity-based design knowledge

conceptualization.

As analysed above, the design knowledge retrieval model with multi-perspective and multi-granularity should has a
capability to retrieve high-quality knowledge (with high inspiration for innovation) to solve the design problems, but on
the other hand, there has been a trend that the conceptual innovation design of modern products involve more and more
knowledge recently (in quantity aspect), so how to organize a huge amount of design knowledge is also very important.
Clustering theory should be a potential solution to this problem. Clustering can assign labels to large-scale unlabelled
data and classify them into different groups or subsets such that the data in each group share some similarity [34]. So
clustering can indirectly reduce the management and computing scale of data. In recent years, clustering theory has been
introduced into the knowledge retrieval [35-38]. Particularly, for the knowledge-based conceptual product design, some
scholars [39-41] revealed that clustering can help the designers to accurately retrieve sufficient relevant design
knowledge from a large amount of existing knowledge, consequently expand (from quantity aspect) the operation space

for the knowledge transferring and recombination.

From the above analysis on the knowledge requirements of the conceptual design process, this paper proposed a new
design knowledge retrieval model based on the granularity theory and clustering theory. The model derives from the
conceptualization and correlation of design knowledge, and it provides a practicable approach to retrieve design
knowledge. Meanwhile, the model integrates the advantage of clustering on knowledge’s classification, so the designer
can search much broader range of relevant knowledge during the problem solving process. Based on the theories of
multiple-perspective, clustering and granularity, a new knowledge matching method was proposed in this model. An
attribute ontology was built from the extracted multiple attributes (i.e. corresponding perspectives) of design knowledge
and the different granularity levels of these attributes. The ontology works as the semantic basis for the following
clustering process and matching process. The model selects the most relevant knowledge cluster (with multiple attributes)
in the first step of the matching process. Next, the knowledge documents in the selected the cluster are ranked according
to their granularity levels. Finally the model provides the designers the knowledge document with the most relevance and
suitable granularity level about the design problems. In the last section of this paper, a case study was carried out to
validate the feasibility and performance of the new developed model, and the final results showed that the model can
efficiently help the designers to retrieve more relevant knowledge which has the multiple-correlation with the design

problem, and can also fulfil the designers’ requirement on the knowledge with the suitable granularity levels.

2. Overall scheme of new design knowledge retrieval model

The schematic diagram of the new granularity and clustering based knowledge retrieval model for innovative conceptual
design is shown in Figure 1. The main part of the model is a “attribute ontology-clustering index-knowledge resource”
three-layer mapping structure, which is used to represent various design knowledge. Based on the attributes extracted
from design knowledge and the granularity levels of attributes, we set up an attribute ontology which can provide the
common understanding on innovation design. Meanwhile, the WordNet semantically extends the attribute ontology into
the semantic space. The knowledge resource layer consists of knowledge documents, which are mainly from local
archives and internet and saved beforehand in the database by some standard formats. It is worth pointing out that the
knowledge documents can be considered as a hidden input of the model, but the processing (searching, processing and
saving) of these documents has been finished before the practical retrieval process of the designers, therefore this input is
not a real “dynamic” input of the new retrieval model. These documents are abstracted by the conceptual terminologies in

the semantic space, and we called these the conceptual terminologies as keyword concepts. The model also allows the
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knowledge in the knowledge resource layer to be clustered into different clusters, and consequently the semantic space
generates the features for the different knowledge clusters. The features for clustering can function as the clustering index

in the knowledge matching process.
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Figure 1. Schematic diagram of proposed design knowledge retrieval model

The diagram of knowledge matching is in the bottom section of Figure 1. The design problems, as the real input of the

model, are semantically analysed by the conceptual terminologies in the semantic space, then their keyword-extension

sets are generated. Next, the model properly matches the knowledge clusters with design problems based on the

calculated semantic similarity between them. Finally, the knowledge documents in the cluster, which has the highest

similarity level, are ranked based on their granularity levels, and they are returned to the designers to support the design

problem solving.

It can be seen that the building of ontology with granularity hierarchy and the generation of keyword concepts and

clustering index are two critical elements in the new knowledge retrieve model. Based on these two elements, the

matching between the design problems and knowledge becomes more straightforward. The details of the new model and

the involved techniques will be specified in the following sections.
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3 Two critical elements in the design knowledge retrieval model

3.1 Attribute ontology

As mentioned above, ontology is a very comprehensive technique to represent design knowledge, and it can efficiently
correlate design knowledge from multiple perspectives and interpret the abstract (conceptual) levels of the design
knowledge as well. Ontology defines the concepts, terminologies, and relations of design knowledge, so it is the semantic
basis of knowledge organization and retrieval. In this paper, a quadruple ontology Ont:{ontC ontA ontR ontH } is

defined. C refers to the concepts extracted from design knowledge. A denotes the attributes (perspectives) (in this paper,
they are derived (extracted) from the summary of our group’s previous research about knowledge representation for

innovative design [32]), including TRIZ principle, function, behaviour-flow, effect, and domain (we consider that these

1% th}

five attributes represent five main perspectives). R denotes the relations between the attributes, such as “is-a”,

LINT3

“instance-of”, “sub-class-of”, “kind-of”, etc, and H refers to the granularity hierarchy of the ontology.
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Figure 2. Hierarchical structure of attribute ontology
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(1) Granularity hierarchy of the attributes ~ From Figure 2, we can see that the ontology in this model starts from the
five attributes (perspective), which are the coarsest concepts and also in top granularity level of the hierarchical tree. All
five top concepts have secondary concepts, which can be further divided into finer granularity concepts. For example, the
secondary concepts of the TRIZ principle include inventive principle, standard principle and technical principle.
Moreover, the inventive principle is divided into 40 inventive principles, the standard principle is divided into 76
standard solutions, and technical principle is divided into 11 technology evolution principles; additionally, all of the 127

principles can be further divided into detailed concept descriptions with the finest granularity.

(2) Relations between different attributes ~ As shown in Figure 3, the attributes relating to function include the

behaviour-flow and effect which realize this function, and the domain that the functional entity of this function belongs to.

The attributes relating to TRIZ principle include the domain that the knowledge entity of this TRIZ principle belongs to,
and the effect implementing this TRIZ principle. The attributes relating to behaviour-flow include the function realized
by this behaviour process, and the TRIZ principle knowledge and domain information involved in this behaviour. The
attributes relating to effect include the function that realizes this effect, and the corresponding behaviour-flow knowledge
and domain information involved in this effect. Finally, relational terms, such as “referring ”, “achieved ”,
“ input/output”, etc, are used to describe the semantic relationships among these attributes. The configuration of the
semantic relationships of the ontology can be illustrated by the Ontology Web Language (OWL), and is shown in Figure

3.
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e
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Figure 3. The semantic relationships of attribute ontology
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3.2 Build the keyword concept set of document and the index of cluster

The new knowledge retrieval model applies the clustering method from Ref. [43] to cluster a large group of knowledge
documents. Prior to the clustering processing, the Keyword Concept Set (KCS) of each knowledge document is
generated and each knowledge document includes a group of keywords. It is worth pointing out that the generation of
KCS is also the process of label-add (i.e. feature-add) to the knowledge documents. Next, the knowledge documents
described by KCSs are clustered into different clusters and the cluster feature, we call it as KCSs, s, are generated as
well. The cluster feature works as the cluster indexes in the following matching process. So all relevant knowledge
documents can be found in the selected cluster during the retrieval process. In fact, KCSs not only represent the semantic
features of knowledge documents in this model, the semantic similarities among KCSs are also the foundation of the

document clustering. The process of building the KCS of document and the index of cluster is shown in Figure 4.

Attribute ontology

3
W
04
w7
7

4 N
7 A

KCSs (cluster), /

indexir

exing

usters

Clusterl
a
Cl=
2 4 Cluster n

Figure 4. Diagram of building the KCS of document and the index of cluster

3.2.1 Build the keyword concept set of document
The keyword concepts are obtained by mapping of the Concept extension Set of the concepts from Attribute Ontology
(CSAO). It is worth pointing out that the CSAO is actually the practical entity of the semantic space in Section 2.
Because each keyword is mapped to one concept, each KCS can be represented by a group of concept tuples
“fi = (si,wi) ", where s;denotes the semantic extension of concept ¢; from the attribute ontology, w; denotes the feature
weight of concept ¢;, and i={1,2...N}, N is the number of the concepts of the KCS. The weight “w” for each keyword

concept is computed by the “#f-idf” (term frequency-inverse document frequency)

wxi:ilogL (1)

i fu o dfi+]
k=1

where f,;is the number of the occurrences of concept i in KCS, (document x), n is the number of the concepts in KCS,, df;
is the number of KCS which contains the concept i, N, is the total number of KCSs (documents) of the knowledge

document set (note that each document corresponds only one KCS).
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By means of the WordNet, the concepts of the attribute ontology are extended to generate the CSAO. The WordNet
provides the semantic relations of words, including hypernym, hyponym, synonymy, antonym, etc. Moreover, the words
(including noun, verb, adjective, and adverb) in the WordNet are clustered into synonym sets respectively [44]. These
synonym sets consist of basic conceptualized words in the same category and the semantic relations among these words.
Taking the behaviour concept “concentrate” of the attribute ontology for example, its semantic extension by the WordNet

is shown in Figure 5.

§ WordNet 2.1 Browser o8 %

File History Options Help

SeaichWaord: [concentiate

Seatches for conceniate: Noun | Verb Senses: g
. g
E Concepts from attribute, &
[ The noun concentrate has 3 senses (first 3 from tagged texts) ontol ogy 5

1. (3) dressed ore, concentrate -- (the desired mineral that is left after impurities have been removed from mined
ore)

2. (1) concentrate -- (a concentrated form of a foodstuff; the bulk is reduced by removing water)

3. (1) concentrate -- (a concentrated example; "the concentrate of contemporary despair”)

Ap & Loy
"’nm*k\ii’e
The verb concentrate has 8 senses (first 5 from tagged texts)

1. (8) concentrate -- (make (th solvent of a soutin) dense or denser) | Algorithm:Semantic

2. (4) concentrate, focus, center, centre, pore, rivet -- (direct one's attention on something; "Please focus on your extension
studies and not on your hobbies")

3. (4) centralize, centralise, concentrate -- (make central; "The Russian government centralized the distribution of .
food")

4. (2) digest, condense, concentrate -- (make more concise; "condense the contents of a book into a summary”)

5. (1) concentrate -- (draw together or meet in one common center; "These groups concentrate in the inner cities")

6. condense, concentrate, contract -- (compress or concentrate; "Congress condensed the three-year plan into a
six-month plan")

7. boil down, reduce, decoct, concentrate -- (be cooked until very little liquid is left; "The sauce should reduce to
one cup")

8. reduce, boil down, concentrate -- (cook until very little liquid is left; "The cook reduced the sauce by boiling it
for a long time")

CSAO
(semantic space

Overview of concentiate:

Figure 5. Example of the semantic extension of a concept based on the WordNet

The WordNet adopted by this paper is the Version 2.1, which contains about 150,000 morphologies and 200,000
semantics. The results of semantic extension of words are presented in the forms of verb and noun. The algorithm of

invoking the WordNet 2.1 to generate the CSAO is shown in Figure 6.

Algorithm 1. Semantic extension based on the WordNet 2.1

Input: concepts from attribute ontology, “C” .
Output: extension set of concepts from attribute ontology, “CSAO” .
Algorithm_start:

1. From nltk. corpus import WordNet as wn

2. Python. IDLE: File InputStream (C): adding concepts from attribute

ontology

3. Python. IDLE: initializing the WordNet Library

4 loop over each concept “C”

5 If C is void

6. Then report errors and skip

7. Else index concept “C” in WordNet Library

8 get synsets of “C” by inputting : wn.synsets ( ‘C”)

9 C =wn.synset ( ‘C. verb or noun. Ox’ )

10. CSAO= (C. hyernyms (), C. hyponyms (), C. synonyms ();
C. Antonyms (); %)

11. Print_CSAO

12, Endif

Algorithm_End.

Figure 6. Algorithm for the semantic extension based on the WordNet 2.1
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3.2.2 Clustering
Building the index of cluster includes two main steps, the first step is to compute the semantic similarity among the

KCSs of documents, and the second step is to cluster the documents and generate KCS,j ;-

For any pair of KCSs, KCS, and KCS,, by comparing the concepts comprising KCS, with the those comprising KCS,,
the semantic similarity of KCS, about KCSy can be presented by the similarity set p={/;,/,,...],,} (m means that there are
m number of concepts in KCS, that are similar to the concepts in KCS,). Likewise, by comparing the concepts
comprising KCS, with those comprising KCSi, the semantic similarity of KCS, about KCS, can be presented by another
similarity set g={k;,k,,...k,}(n means that there are n» number of concepts in KCS, are similar to the concepts in KCS,).
The individual similarity values (for individual concept comparison pair) in both similarity sets are computed according
to the shortest path principle of the WordNet, and the similarity for arbitrary concept pair cx; (from KCS,) and cy; (from
KCS,) is given by

csim (cxl. €y, ) = C —length (cxi .y, ) —kd 2

where cx; represents concept i of KCS, (i can be any number from 1 to N, ,and N, is the number of the concepts in KCS,),
cy; represents concept j of KCS, (likewise, j can be any number from 1 to N,,and ¥, is the number of the concepts in
KCS,), d denotes the number of direction changes in the path, and both C and & are constants. Finally, the semantic

similarity between KCS, and KCS, is given by

tsim(KCS,,KCS, ) = # 3)

It is worth pointing out that, as defined by Ref. [45], the length of the path length(cx,,cy/.) in Eq. (2) is not too long and

does not change direction too often in WordNet, meanwhile Ref. [45] also illustrated that the path length between two
concepts may not exist, so when the path length “from concept i to concept j” has a value, the path length “from concept j
to concept i” may do not have a value. Therefore, m and » in Eq. (3) may not equal, and Eq. (2) presents the general

situation. Meanwhile, as described by Ref. [45], for any two concepts with existing path length between them, the

similarity value of them (Eq. 2) ranges from O to 1. Therefore, the value of tsim (KCSX,KCS},) in Eq. (3) also ranges

from 0 to 1.

The clustering of knowledge documents is based on the principle of hierarchical clustering in Refs. [46, 47]. The
algorithm of the clustering is shown in Figure 7. In this algorithm, the KCS of a knowledge cluster (KCS ) 1
determined by the combination of the KCSs of all knowledge documents in the cluster, and the same keyword concepts
from these KCSs will be merged together (no repeat for the same keyword concepts), so the number of the keyword
concepts in the cluster will reduce. The detail of the clustering process and the combination of KCSs in the clustering
process will be specified in the case study of Section 5.1. As mentioned in previous section, KCSs, . Will function as
the cluster’s index during the knowledge matching process. Because KCSs, . derive from the concepts of the attribute

ontology with clear granularity hierarchy, the knowledge documents inside the clusters are also characterized with the

9
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corresponding granularity (abstract) levels.

Algorithm 2. Clustering process for knowledge documents
Input: KCS; of each document, document number “n” , cluster number “K”,
weight coefficient of KCS “wi” .
Output: Clustering results “clusters”, signalments to clustering results “results”.
Algorithm_start:
1. P=callsimilarity (KCS;);  #computing similarity matrix P according to KCS;#

2% Clusters.initialize(n); #initialized to n clusters#

3. Results.initialize (KCS;); #using KCS;to initialize the signalments of n
clusters#

4. Do

5. Findnearestcluster (p,q); #finding the most similar clusters to p and q#

6. Clusters.merge (p,q); #cluster p and q merge#

7. Results.merge (p,q); #the signalments of cluster p and ¢ merge#

8. Update (P); #updating similarity matrix#

9. n-- #assigning the value of “n-1” to “n” #

10. While (n>k)

Algorithm_end.

Figure 7. Document-clustering algorithm

4. New method for knowledge matching

The knowledge-based ontology is the standardized description of all aspects in the conceptual design stage. Any design
problem in the conceptual design stage can also be described /abstracted by the ontology. Therefore, through the
correlation of the concepts in the ontology, the mapping/matching between knowledge and design problems can be set
up.

4.1 Semantic analysis on design problem

Before semantically analysing on a design problem, it is necessary to do the text pre-processing on this design problem.
This pre-processing includes keyword extracting, keyword extending, word frequency statistics, and stop word removing.
Based on the text description of the design problem, the keywords thereof are extracted, and the total number of the
keywords is M. Next, similar to the generation of KCSs of knowledge documents in Section 3.2.1, the semantic extension
concepts of these keywords is acquired by the mapping of the CSAO, and these concepts include the required TRIZ
principle, the domain that this problem belongs to, the required function, the input/output of the behaviour flow that
realizes the related function, and the involved effect. We define the keywords and their semantic extension as the
Keyword Retrieval Set (KRS) of the design problem. Each KRS consists of a group of keyword tuples #,=(s;,w;), where s;
represents keyword j and its semantic extension, j ={1,2...M}, and M equals the number of the keywords of the design
problem, and w; represents the feature weight of keyword, given by

W= @

10
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where f;is the number of the occurrences of keyword jin the keyword set of the design problem. After the unnecessary
words are removed, finally the keywords and keywords’ semantic extension of the design problem are generated.
Because the KRS of the design problem is generated by the mapping of the CSAO where the ontology has very clear

granularity hierarchy, the KRS also has the corresponding granularity (abstract) levels.

4.2 Knowledge matching based on the similarity between KRS and KCS

4.2.1 Select cluster based on the similarity between KRS and KCS ..,

As specified in the previous sections, we have applied KRS and KCS to describe the design problem and the design
knowledge (the combined KCS for a cluster, as described in Section 3.2.2) respectively. As shown in Figure 8, the
semantic extension structures of KRS and KCS . can be represented by the star-like elements that originate from the
concepts of the attribute ontology. Note that the star-like elements (¢ element) are exact same as the structure shown in
the right hand part of Figure 5, and they represent the different keyword concepts. During the matching process, a group
of knowledge clusters are considered as the candidate clusters, and the semantic similarities between all candidate
KCSs,puster and KRS are calculated. The calculated results are used to indicate the similarity between the design problem

and individual cluster.

KCSs(cluster) Knowledge clusters
Q Tuster 1
Indexing ) E]
<Semantic extension Semantic annotan’an| D

Cluster 2 Cluster n

Knowledge
matching

Design problem

Similarity
matching

KRSs i
<S‘emam‘ic extension Semantic analysis|
* ...... %Q Mapping

Figure 8. The knowledge matching based on the mapping between KRS and KCS

Similar to the similarity computing among KCSs in Section 3.2.2, the computing of the semantic similarity between a
KRS and a KCSsjyster 1 described as follows.

By comparing the concepts comprising the KRS with those comprising the KCS,jyg.r, the similarity of the KRS about the
KCS,usier can be presented by the similarity set p={/;,05,...],,} (m means there are m number of concepts in the KRS
similar to the concepts in the KCS ) . The individual similarity value in the similarity set can be computed by the

shortest path principle of the WordNet, and the similarity of arbitrary concept pair ¢y, ; and ¢y ; is given as

CSim(ckrsii Ches i )=C_length(ckrsii Ches _J )_kd (5)

11
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The definitions of the most of the items in Eq. (5) are same as those in Eq. (2), except that the subscript i can be any
value from 1 to M (M is the number of the concepts in the KRS) and the subscript j can be any value from 1 to N (N is the
number of the concepts in the KCSg ). Likewise, comparing the concepts comprising the KCS .. With those
comprising the KRS, the similarity of the KCS . about the KRS can be represented by another similarity set
q={kk;,...k,} (n means that there are n number of concepts in the KCS4. are similar to the concepts in the KRS),

likewise the individual similarity value in the similarity set ¢ can be computed by Eq. (5).

Considering the weight “w,.” of the KCS.. (calculated by Eq. (3)) and the feature weights “wy.,” of the KRS
(calculated by Eq. (4)), the similarity between the KRS and the KCS ., is defined as

m n
z Wrs _i li+ Z] kaijkj
tsim( KRS, KCS 10y )==L =

(6)

m+n

It can be seen that the value of tsim(KRS, KCS,,se) ranges from 0 to 1. When the similarity is close to 1, it means there is
high similarity between the KRS and the KCSyger-

As mentioned above, during the matching process, a group of clusters are regarded as the candidate clusters, so the
similarity between each KCS ., and KRS are calculated by Eq. (6) one by one, and the cluster that has the highest
similarity value is selected. The selected cluster includes a series of knowledge documents which have high relevant with
the design problem. It is worth pointing out that, as mentioned in the Section 3.2.2, the quantity of the keywords concepts
in a KCS s 1S normally less than the overall quantity of the keyword concepts in the constituent KCSs (documents), so
the computing cost of knowledge matching reduces to some extent. More documents in the whole database means more
computing time saving. Therefore, the new retrieval model should show stronger advantage for a huge number of

knowledge documents.

4.2.2  Ranking the documents according to granularity level

The knowledge documents in the selected cluster are not organized in the order of granularity levels at this moment. In
order to find the documents with the suitable granularity level, the granularity properties of the concepts in the KCSs of
these documents should be considered. Therefore, the following step of matching is to find the document with the
expected granularity level. According to Ref. [48], if the shortest path distance in the WordNet between the concepts in a
KCS and a KRS is smaller, and the KCS (their component concepts) has the closer abstraction degree (granularity level)
with the KRS. Note that the concepts in the KRS have different granularity levels, and we can re-organize the concepts of
the KRS in the order of granularity levels. Therefore, if the weights on granularity levels are considered for the concepts
of the KRS in the similarity calculation, the order the KCSs (documents) about the granularity levels can be found from

the similarity ranking. Consequently, Eq. (6) can be re-written as

m n
Z Wers _Wirs_i L+t Z Wies_jk;
tsim( KRS, KCS)="" =

(7

m+n

where the “wy.” is again calculated by Eq. 1, but note that the number N of the KCSs has reduced to the number of the

documents in the selected cluster. W,

krs i

is the weights of the granularity of keyword concept i. W, _is only decided by

12
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granularity level, so the concepts with same granularity level have the same weight values. As a result, the

iWh W L. in Eq. (7) can be further re-written as
i=1 -

s 0 i

m,

ny 3 m
2w it W kX wy W a X0 Wi i (®)
=m+1 - i=my_+1 - i=my+1

m m
Z] Wkrsiiwkrsii liszrsJ 'Zl Wis i i +Wkrs72
i= - i

i=

wherepy,  is the weight assigned for the granularity level 1, w, | is the weight for the granularity level , and there are

k+1 granularity levels for the KRS (£>0). From level 1 to level k+1, the granularity level becomes finer and finer. The
subscript number of the keyword concepts in level 1 is from 1 to m;. The subscript number of the keyword concepts in
level 2 is from m;+1 to m,. The subscript numbers of the keyword concepts in remaining levels are defined in the same
manner (note that the concepts in the KRS have previously been re-organized according to the order of their granularity

levels).

Based on Egs. (5), (7) and (8), the similarity value between each KCS and the KRS can be calculated, and the KCS that
has higher similarity with the KRS should be in a relative coarse granularity level (note that we put higher weight for the
coarser granularity level in Eq. (7)). Consequently, the corresponding documents can be ranked according to their
granularity levels (from coarse to fine), and the model will show the designers which document is the most relevant one.
It is worth pointing out that the remaining documents (except the most relevant document) in selected clusters can also be
easily viewed and accessed by the designers in this model. All these remaining documents are actually relevant to the
design problems, and the designers can choose to synthesize some of them with the most relevant documents (dependent
on the different requirements of the design problems), finally generate more comprehensive design scheme. This is

another advantage to cluster the knowledge documents before the matching process.

5 Case study and the design of whole knowledge retrieval system

5.1 Case study

In this section, we will simply implement the whole model proposed in the previous sections and employ some real
design problems to demonstrate the advantages of the new model. In order to compare some classic knowledge retrieval
models, we selected 100 knowledge documents from CAIP system (Ref [19]) as the retrieval source, and these
documents also have keyword labels, co-reference labels, and functional labels. Based on the attribute ontology that was
built by Protégé (as shown in Figure 9), different keyword concepts were assigned to the documents such that these
keyword concepts could represent all five perspectives in the attribute ontology. The WordNet was invoked by the text
corpus of Python to semantically extend the keyword concepts of the documents according to the algorithm shown in
Figure 6. At this moment, we manually realized the mapping of the CSAO in this case study, but in the future, this
process can be implemented by some automatic semantic processing techniques [49, 50]. Meanwhile the “#/~idf” equation
(Eq.1) was used to calculate the weights of these keyword concepts. Subsequently the KCSs of the documents were
obtained, in the form of KCS, (concept,;, wy), (x is the document number and equals to 1, 2:--100, i is the keyword

concept number and the maximal value of this number varies for different documents).

13
http://mc.manuscriptcentral.com/(site)



0
1
2
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

PRPRPOO~NOOUOPRAWDNPE

Journal name

. Dalgn km«leﬂg |

<!DOCTYEE Ontology [
CUENTITY xsd "hoep://wwi.u3.0r9/2001/RiLSchenat™ >
CUENTITY xml "heep://wiw.w3.0rg/XML/ 1938/ nanespace” >
CUENTITY rdfs *hetp://wne.u3.0rg/2000/01/rdt-schemat” >
CUENTITY 2df "huep://wiw.v3.009/1999/02/22-rd-syntax-nsk" >

>

<ontology xnlns="htep: //www.¥3.01q/2002/07/ow14"

7 X xml:base="http:/ /3 iwicweb. 1 oy
l Yon_ salas:rif="hotp: .0 org/ 200001/ 88 ochemal®
- smlne:xad="heep: W 1/%4LSche
iple

xmlng:rdf="hetp://wwi.3.0rg/1999/02/22-rde-syntax-nsi”
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1 421.001">
- - <Prefix name="xsd" IRI="http://ww.3.0rg/2001/X4LScherat" />
AL : <Prefix name="owl" IRI="htp://w.u3.0r9/2002/07/0W14"/>
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</Declaration
<Declaration>
<Class IRI="#Domain"/>

LoWlE"/>

Loul#"/>

synonym of “motor” and the concept;s,; is the synonym of “valve”

Figure 10. Snapshot of the similarity calculation between two concepts in Python through the WordNet

Figure 9. Attribute ontology built by Protégé

| & Python 2.7.11 Shell [E=NEEN )
File Edit Shell Debug Options Window Help
>>> from nltk.corpus import wordnet as wn ;l

>>> motor=wn. synset (' motor.n. 01"

>>> walve=wn. synset (" valve.n.01’)

>>> motor.path_similarity(valve)

0. 07692307692307693

>>> wn. synsets( motor’)

[Synset( motor.n. 017 ), Synset( motor.n.02’), Synset (" drive.v.02’), Synset (" centrifugal.
5.03"), Synset('motive.s.01")

>>> wm. synsets (" valve’)

[Synset (" valve.n. 01’ ), Synset (’valve.n.02’), Synset(’wvalve.n.03"), Synset(’wvalve.n.04’)
, Synset ("valve.n.057)]

>>> motor=wn. synset (' motor.n.01")

>>> walve=wn. synset (" valve.n. 02")

>>> motor.path_similarity(valve)

. 25

>>> motor=wn. synset (' motor.n.02’)
>>> valve=wn. synset (" valve.n. 02")
>>> motor.path_similarity (valve)
0.1
>>> motor=wn. synset (' motor.n.01")
> valve:vm synset (" valve.n. 03’)
> r.path_similarity(valve)
0. 16666666666666666
>>> motor=wn. synset (' motor.n.01")
>>> walve=wn. synset (' valve.n.04’)
S)) motor. path_similarity (valve)
.1
>>> motor=wn.synset (' motor.n.01")
>>> walve=wn. synset (' valve.n. 05")
>>> motor.path_similarity (valve)
0.1
>>> motor=wn. synset (' motor.n.02’)
>>> walve=wn. synset (" valve.n. 05")
>>> motor.path_similarity(valve)

0.1 ~|

Ln: 38 Col: 4
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Next, based on Egs. (2 & 3), the WordNet was invoked again by Python to calculate the length of the shortest path of

each keyword concept pair length(cx,.,cyj) and also the similarity values among the KCSs. Take the similarity between

KCS, (concept,;, concept,;,***concept;;) and KCSs (concepts;, concepts,**concepts;) for example, the concept,; is the
, Figure 10 is the snapshot of the similarity calculation
of this two concepts through the WordNet (the length of the path) in Python, and the calculated similarity value is
csim(concept,;, concept;;)=0.128. After the similarity values between all concepts from KCS; and KCS; were computed,
the similarity between KCS; and KCS; was calculated as tsim(KCS;, KCS;)=0.201. Repeated the similarity calculations

on other KCSs, the similarity values among the 100 KCSs was finally obtained, and the results (matrix) is shown in Table
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Table 1. Calculated similarity results (matrix) among 100 KCSs

©CoO~NOUTA,WNPE

KCS,;
KCSys
KCSyg
KCSg0

Similarity KCS,  KCS;  KCS, KCS;;  KCSgss  KCSgy  KCSyp
KCS,
KCS,
KCS;
KCS,

Based on the similarity results (matrix) among the KCSs, the clustering of the 100 documents was carried out in

MATLAB according to the algorithm shown in Figure 7, and the process is specified as follow.

Stepl: Initially classified the 100 documents into 100 clusters; meanwhile assigned the KCS of individual
document to the corresponding cluster, so the similarity values among these initialized clusters are same as those
in Table 1.

Step 2: According to the similarity matrix shown in Table 1 (note that this matrix is a symmetric matrix), found

out two clusters that have the highest similarity values and combined them into a new cluster.

Step 3: Combined the keyword concepts of the KCSs of the two clusters mentioned in step 2, and re-calculated the
weight of each keyword concept, consequently generated the KCS of the new cluster, meanwhile updated the
similarity matrix. Take the combination of Cluster! and Cluster? for an example to illustrate this step, the
keyword concepts of the new combined cluster include “concept;;, concept;,...concept; ., and concept;,
concept, ...concept,;,,” (i and j are the total numbers of keyword concepts in Cluster! and 2 respectively, n is the
number of common keyword concepts between Cluster! and 2). Next, based on all clusters, including the
remaining initialized clusters and new combined cluster! 2, the weight of the each keyword concept in clusterl 2
was calculate through Eq.(1) and the KCS of clusterl_2 can be created as KCS, 5., >. Finally, the new similarity
matrix about KCS,jers 2, KCS3» KCS,...KCS,yp was computed.

Step 4: Repeated Step2 and Step3, so that all clusters with similarity values over the threshold were classified into

different clusters.

The KCSs of the clusters were generated in the form of KCS,.j,.- (concept.jqe» w) and the classified keyword concepts of
the clusters (snapshot) is shown in Table 2. Not that these clusters’ KCSs will function as the index of cluster in the

following knowledge matching process.

Table 2. Classified keyword concepts of the clusters
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Cluster Number of documents Keyword concepts of cluster

Clusterl 23 Nesting, mechanical-drive, supercharger, electromechanical, etc.
Cluster2 20 Electromagnetic, periodic-effect, electricity-producing, motor, etc.
Cluster3 19 Feedback, regulating, signal-control, automation, valve, etc.
Cluster4 14 Separation, Cutting, dynamic-functioning, combined-device, etc.
Cluster5 13 Multifunction, combination, motion-producing, machine, etc.
Cluster6 9 Mechanical-wave, vibration, mediator, energy-producing, etc.
Cluster7 1 Thermogenic, prior action, leakage-protection and thermo-electricity.
Cluster8 1 Deformation, superplasticity, extrusion and compound-process.

Following the KCS extraction and clustering on the knowledge documents, we carried out the knowledge matching for a
specific design problem. The example design problem is “improvement design of a sensor faucet, with energy generation
and storage”. According to the attribute ontology (shown in Figure 9), the keywords of the design problem were
manually generated, including ‘Generator, Accumulator, Power-storage, Feedback, Electromagnetic’. But similar to the
situation above, the automatic mapping of the CSAO can be implemented by some automatic semantic processing
techniques in the future. The WordNet was invoked by the text corpus of Python to semantically extend these keywords,
and the weights of the keywords were calculated by Eq. (4). Consequently, we obtained the KRS of the design problem.
Based on the Egs. (5, 6), the similarity values between the KCSs (clusters) and the KRS were computed, and the results
are shown in Table 3. According to the ranking of the similarity values (from the highest to the lowest), we further carried
out similarity analysis on Cluster? and it was found that the knowledge thereof involves multiple perspectives (effect,
inventive principle, function, domain, etc.) and also has strong relevance with the design problem, therefore Cluster2 was
selected as the most relevant cluster. Meanwhile, the recall rate of the searching (matching) was computed in MATLAB

as Recall=0.57, and the precision rate is Precision=0.65.

Table 3. Similarity values between the KCSs (clusters) and KRS

Slmllarlty K CSclusterI K CSclusterZ K CScIuster3 K CScluster4 K CScIuster5 K CScluster6 K CScIusteﬂ K CScIuster8

KRS 0.295 0.361 0.286 0.162 0.115 0.223 0.103 0.074

In order to rank the documents in the selected Cluster2 according to the granularity levels, it is necessary to re-study the
keywords and their weights of the KRS of the design problem. Totally there are five keyword concept tuples in KRS,
“(conceptl, wyy 1), (concept2, wy 1), (concept3, wy 3), (conceptd, wi. 4), (conceptd, wy 5)”. It was found that these
keywords in KRS are belong to two granularity levels, “conceptl (Generator)” and “concept 2 (Accumulator)” are in a
same fine granularity level, and “concept3 (Power-storage)”, “concept4 (Feedback)” and “concept5 (Electromagnetic)”
are in a same coarse granularity level. Therefore, we introduced a higher granularity weight to concept!/ &2 and a lower
granularity weight to concept3, 4 &5. After manually adjusting granularity weights several times (similar to the trial and
error principle), the new similarity values between KRS and KCSs (the KCSs of the documents in Cluster2) were
calculated by Egs. (7, 8), and we finally rank the documents in Cluster? according to the similarity values. The
calculation and ranking results for each weighting adjustment are shown in Table 4. Note that there are total 20

documents in Cluster2, but we still kept the document number as the original document number in 100-document set.

Table 4. Similarity values between KRS and KCSs (documents in Cluster2) for different granularity weights

Similarity KCS; KCS, KCS; KCS,y KCSs; KCS;;  KCS7;4 KCS;9  KCSy;  KCSyg
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KRSuusmens | 0341 0215 0337 0.163 0315 we 0194 0236 0310 0221  0.167

Ranking1 Docs;  Docy;  Docyy Doc; Doc; Docz;  Docs;  Docggs  Docyg  Docyg

KRSugusmenz | 0326 0229 0349 0.182  0.301 we 0170 0285 0291 0239  0.153

Ranking2 Docs;  Docy; Doc; Docy; Doc; Docy;;  Docs;  Docjg  Docgg  Docyg

P OO~NOUILAWNPE

o

KRS,jusmens | 0297 0241 0392 0234 0265 .. 0162 0359 0279 0255 0.148

Ranking3 Doc;  Doczs Docs; Docy;  Docs; Docsy Docyy Docy;  Docgg  Docss

el
N
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The most similar  Documents’
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Whrs_1 Wirs 2 Whrs_3 Wirs 4 Whrs_5 befx.j: ;,i:.i,? g;:::,li'
Adjustment1 0.26 0.26 0.16 0.16 0.16 No No
Adjustment2 0.32 0.32 0.12 0.12 0.12 No No
Adjustment3 0.395 0.395 0.07 0.07 0.07 Yes No
Adjustmentd4 0.485 0.485 0.01 0.01 0.01 Yes Yes

Figure 11. Analysis on the ranking of the documents in Cluster2 according to the granularity levels

The further analysed results on the ranking of the documents in Cluster2 are shown in Figure 11. It was found that, with
the No.4 weight adjustment, Document7 is the document with the highest similarity value and the keyword concepts in
Document7 have the finest granularity level, more importantly, the ranking order of all 20 documents in Cluster? were
perfectly in line with the order from the finest granularity level to the coarsest granularity level. Therefore, we reckoned
that this weight adjusting has reached the final ranking target. Document7 was selected as the most relevant document.
The knowledge description of Document7 is “an instance of using existing components/conditions to generate electricity
and store power: a type of energy-recovering equipment”. The design problem is not very complicated and it is a
practical/improvement oriented issue. Compared to other documents in Cluster2, the detail knowledge in Document7
belongs to the fine granularity level and can provide more insights for a practical design. The knowledge in other course
granularity levels, such as the principle knowledge and domain knowledge cannot support the solving of the example
problem efficiently. However, as mentioned above other remaining documents in Cluster2 are relevant to this design
problem, so the designer can directly view these documents in this model and also easily refer to ideas of the documents

during the problem solving process.

Based on the knowledge described in Document7, the design procedures for a new sensor faucet with energy generation
and storage are shown in Figure 12. The sensor of the old faucet is powered by normal batteries, and this causes the issue
of inconvenience (frequent change of dry battery/cell) and pollution. Therefore, based on these resource constraints, the
improvable elements are from two aspects, including electricity generation and power storage. The referential elements
(as shown in Figure 12) from Document7 can be briefly summarized as “integrating the electric motor and accumulator
to transfer the gravitational potential energy, which was from normal operation, into electricity power, and also store the

power”. Based on the inspiration from the referential elements, the improvement design scheme was generated: adding a
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hydraulic generator into the control system of the faucet, replacing the dry cell by a storage battery, so the energy from
the running water (when the faucet operates) can drive the hydraulic generator to generate electricity power, meanwhile

the power is stored in the storage battery to power the sensor for a long time.

Document7: a type of energy-recovering
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Figure 12. Improvement design scheme for a new sensor faucet with energy generation and storage

Furthermore, in order to evaluate the advantage of the new model, we introduced 10 design problems and repeated the
knowledge retrieval process above. On the other hand, three existing knowledge retrieval methods, as mentioned in
Introduction Section, were applied to these 10 design problems as well. These existing methods include the
Keyword-based method, the Co-reference based method, and the Function ontology based method. The calculated
recall-precision curves of three classic methods were considered as the references of that from new model. The
comparison of the final results is shown in Figure 13. It can be found that the results from the classic method, i.e.
Keyword based method, is the worst in the comparison, and the Co-reference based method (TRIZ & Function based)
shows better performance and higher accuracy than the Function ontology based method in some retrieval conditions, but
not always. More importantly, in the comparison with other three existing methods, the new designed method achieved

the best performance in all conditions.
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Figure 13. Recall-precision comparison between the new retrieval models and three classic methods

5.2 Design of whole knowledge retrieval system

Some of the procedures in the above case study were manually implemented according to the algorithms designed in
Section 2, 3 and 4. For instance, 100 knowledge documents were manually inputted from the knowledge database, and
the keywords concepts of the knowledge documents and the design problems were manually mapped from the attribute
ontology. There is a great potential to implement these procedures by some advanced big-data storage/processing
techniques, automated techniques and artificial intelligent techniques in the future. Therefore, after considering the
integration of the new model with the systems developed in our former works [19, 32, 51], in this section we designed

the comprehensive knowledge retrieval system (as shown in Figure 14), which will become the guide of our future work.
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= =

| User interface
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interface interface interface
Local Patent Www
- = | JSP/Servlet | knowledge  knowledge  information|
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Figure 14. Diagram of whole knowledge retrieval system

This whole knowledge retrieval system includes three modules, i.e. semantic module, knowledge-matching module and

knowledge importing module.

Semantic model mainly involves using Protégé to build an attribute ontology (as shown in Figure 9) and mapping the
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keywords of both knowledge document and design problem to the concepts in attribute ontology (namely CSAO). As
mentioned in Section 5.1, in the future the mapping of the CSAO can be implemented by some automatic semantic
processing techniques [49, 50], and attribute ontology and the all mapped keyword concepts can be permenantly stored

by SQL. As mentioend in Section 3.1, the storage format of the ontology is OWL.

Knowledge matching module involves the generation of the KRS of design problems, the similarity calculation between
KRS and KCSsgjuseer, the selection of most relevant cluster, and the ranking of the documents in the selected cluster
according to the granularity level. As described in Section 5.1, the semantical extension of design problem’s keywords
were carried out by the WordNet and Python, the weight calculation of the keywords, the similarity calculation and the
ranking of the documents was coded in MATLAB as well. Likewise, in the future, the automatic mapping of the CSAO
about the semantically extending of design problems’ keywords can also be implemented by some automatic semantic
processing techniques, and the weight adjustment about granularity levels in the document ranking process can be

implemented by some artificial intelligent techniques, such as Neural Networks.

Knowledge importing module is actually a comprehensive knowledge database, which is the foundation of the KCS’
generation and clustering. This knowledge includes local knowledge, patent knowledge, and the knowledge from general
scientific/technical websites. The local knowledge was manually imported from books, articles, technical documents etc..

The Web Spider (Web Crawler) was used to crawl into patent websites and general websites to scrape relevant

knowledge. Our group has already made some research on the web crawler and artificial patent knowledge checking [52].

Figure 15 is the snapshot of the Web Spider developed for a patent website, and Figure 16 shows the interface for the
artificial patent knowledge checking. As mentioned in section 2, the knowledge importing in this module is a hidden

input, the real input of the system is the problem descriptions input by the designers (in the matching modules).

[1) BaiTengPatentSpider,java 52

e T S T W B
continue;

}
patent.setTitle(BaiTengPatentParser.getInstance().parseTitle(content));
patent.setAddress(BaiTengPatentParser.getInstance().parseAddress(content));
patent.setApplier(BaiTengPatentParser.getInstance().parseApplier(content));
patent.setApplyDate(BaiTengPatentParser.getInstance().parseApplyDate(content));
patent.setInventer(BaiTengPatentParser.getInstance().parseInventer(content));
patent.setMainClassNum(BaiTengPatentParser.getInstance().parseMainClasshum(content));
patent.setContent(BaiTengPatentParser.getInstance().parseContent(content));
patent.setTime(BaiTengPatentParser.getInstance().parseTime());
patent.setUr1(BaiTengPatentParser.getInstance().parseUrl(patent.getApplyNum()));
patent.setFirstClass(EMPatentClassifier.getInstance().getFirstClassCategory(patent.getContent()));
patent.setFirstClassConfidence(EMPatentClassifier.getInstance().getFirstClassProbability(patent.getContent()));
ClassifyResult second = NBModel.getInstance().classifyInstance(patent.getFirstClass(), patent.getContent());

patent. setSecondClass(second.getClasshame());
patent. setSecondClassConfidence(second.getConfidence());
patents.add(patent);

} else {

System.out.println("sxmsses");

return patents;

}

public int getStartPageNum() {
int startPageNum = @;
PatentState ps = Configuration.getConfiguration();
startPagelum = Integer.parseInt(ps.getStartPage());
return startPageNum;

Figure 15. Web Spider for the patent website ‘www. 51patent.com’
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16 Figure 16. Patent knowledge checking interface
17
18 . . . .
19 Finally, all these knowledge documents were edited and stored in standard forms, meanwhile the JSP (Java Server
20 Page)/Servlet will be used to post-process and browse the knowledge document in the future. Figure 17 shows a
21 document presented in the form of template and sample. All knowledge was saved into the database by SQL, and
gg currently there are 4750 knowledge documents, but we are trying to create much more documents in the future.
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34 N e T e B e i
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35
36 Knowledge source : Knowledge labels: [TRIZ principle] Mediator, _(Funclion] [Be_havior_ﬂow] Regulating-
37 Entertext ... displacement, [Effect] Buoyancy-effect, [Domain] Electromagnetic.
38 %ﬂﬁ'%e%gj:(%u:% fﬁg@@\v’w.soo it.com/Patent/200320124098 !
39 = T
ig Figure 17. Template and sample of design knowledge
42
43 .
44 7. Conclusion
45 . . . . . . . .
46 Since the solving process of the design problems in the conceptual design stage involves multiple-perspective knowledge,
47 and these different perspectives can also be further extended into concepts with different abstract levels. Therefore, we
uilt a new multi-perspective and multi-granularity model in this paper to efficiently retrieve the knowledge such as the
gg selected knowledge document has the highest relevance and suitable granularity about the design problems. The critical
51 point of the model is the knowledge based ontology, and the ontology includes two aspects, one is conceptualization and
52 the other is the correlation among the concepts. The conceptualization also consists of two aspects, abstract description
53 (attributes and concepts) and abstract level (granularity). In this model, the keyword concepts of any knowledge
54 . .
55 document can be mapped from the concepts of the ontology. Moreover, based on the correlation of the concepts in the
56 ontology, the documents are classified into different clusters, so the combined keyword concepts of the clusters become
57 the index of knowledge matching process. After the best cluster is selected in the knowledge matching process, the model
58
59
60
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can arrange the order of the documents in the selected cluster according to their granularity levels. Finally, the model

provides the designer the best knowledge document. In the last section, the case study demonstrated that the knowledge

document retrieved by the model could provide the best idea for designers in the design problem solving. Moreover,

through the comparison of the retrieval results, it verified that that new model had better performance than other existing

retrieval methods. Additionally, we also designed the overall knowledge retrieval system, which can be the guide of the

future works.
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