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In this paper, a knowledge service method that supports the intelligent design of products is investigated. +e proposed method
provides the solutions to computational problems and reasoning and decision-making problems in the field of intelligent design.
+e requirement analysis of a knowledge-based intelligent design system integrates design knowledge into case-based reasoning
activities through scheme analysis, scheme evaluation, and scheme adjustment, thus achieving knowledge-based intelligent
reasoning and decision-making. During the similarity matching, a new hybrid similarity measurement method is proposed to
calculate the similarity of crisp and fuzzy sets. +is method integrates the fuzzy set similarity theory based on the traditional
similarity measurement method. A method of attribute level classification is proposed to assign weight coefficients. +e attributes
are divided into the primary matching and auxiliary matching levels according to the decisiveness of case matching, and the set of
weight coefficients is continuously and dynamically updated through case-based reasoning learning. +en, the weighted global
similarity measure is used to obtain the set of similar cases from the case database. Finally, a design example of a computer
numerical control tool holder product is studied to present the practicability and effectiveness of the proposed method.

1. Introduction

Currently, the increasingly competitive market environment
has been forcing enterprises to strengthen their product
development and their ability to respond quickly to market
demands. +e intelligent design methods can simulta-
neously meet the needs of rapid and automated product
development, respond to the current needs of market di-
versification and customization, avoid many repetitions,
shorten the research and development cycle, and enhance
the competitiveness of products [1]. +erefore, they have
been highly valued by researchers and enterprises. Product
design is a knowledge-driven innovative process that in-
cludes analysis, synthesis, and decision-making, while the
intelligent design of products represents a result of the
application of intelligent engineering and decision-making
automation technology in the design field. +e main goal of
intelligent design is to solve two types of design problems:
computational problems and reasoning and decision-mak-
ing problems.

+e computer numerical control (CNC) tool holder is
the core functional component of CNCmachine tools with a
wide variety of variable working conditions, diverse con-
figuration requirements, and small market demand for a
single product. However, its intelligent design is a knowl-
edge-intensive and complex process.+e structural design of
the CNC tool holder products is a process of inheriting and
reusing the design knowledge. Commonly, the typical design
schemes that had been successfully developed and design
knowledge and experience have been used in the design
process. In the traditional design process of the CNC tool
holder products, the design has to be performed for various
performance indicators, and the design scheme of a CNC
tool holder cannot be completed without many tests and
verifications. +e entire design process not only is time-
consuming, but also greatly relies on a designer’s experience
and expertise. Intelligent product design plays an important
role in product design because it can achieve the inheritance,
can reuse the product design process knowledge, and can
reduce unnecessary repetitive design activities [2].
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+e basis for achieving an intelligent product design is a
structured description and processing of design knowledge,
which are necessary to realize the function of computer
reasoning. To address the lack of semantic understanding of
the existing injection mold intelligent design systems based
on case-based reasoning (CBR), Guo et al. [3] introduced the
ontology technology into the description of cases to achieve
their semantic retrieval, which improved the system’s rec-
ognition of the designer’s design intent in the conceptual
design phase. Zhang et al. [4] proposed a knowledge push
technology based on applicable probabilistic matching and
multidimensional context driving and constructed a training
sample set, which includes knowledge description vectors,
case feature vectors, and Boolean mapping matrixes, to
describe the matching degree between knowledge and
content. Khosravani and Nasiri [5] proposed case-based
reasoning and applied it to the injection molding process.
+e injection molding CBR system was used for process
design, process parameters design, fault diagnosis, and
enhanced quality control. Wei et al. [6] proposed an in-
telligent design method for automobile interior structure
based on rule-based reasoning. +e method was designed as
a three-layer architecture, including the interaction, rea-
soning, execution, and knowledge base layers.+e intelligent
design of the interior decoration structure of a car can be
achieved through rule-based reasoning. +e existing re-
search has improved knowledge-based intelligent design to a
certain extent, but it still lacks a method that can provide a
solution to the entire process of intelligent product design,
which affects a comprehensive solution to the computational
problems and reasoning and decision-making problems of
intelligent design systems.

Many similarity calculation investigations and research
on multiattribute decision-making can be found in the
literature, as shown in Table 1.

In summary, to improve the retrieval efficiency in similar
cases further, the above-mentioned studies have made im-
provements in similarity calculation, feature weight coeffi-
cient allocation, and case library optimization. For instance,
the similarity calculation has been improved by methods
such as hesitant fuzzy hybrid vector and weighted hetero-
geneous value distance measurement, genetic algorithm,
particle swarm algorithm, and multistandard decision-
making; the iterative weight update was used in the calcu-
lation of feature weight coefficients, thus avoiding excessive
reliance on subjective judgments and making the retrieval
more efficient. Although these methods have improved the
retrieval efficiency and accuracy, there is still space for
further improvement in the intelligent design of CNC tool
holder products.+e conceptual design of a CNC tool holder
includes five attribute value formats, but there has been no
unified calculation formula for the fuzzy attribute sets yet. In
addition, a long time is needed for the existing retrieval
schemes to find an optimal solution. Furthermore, the co-
efficients of the attribute weight set should be continuously
and dynamically updated with the update of the case
database.

To overcome the aforementioned challenges, a novel
knowledge service method that supports the intelligent

design of products is proposed in this paper. Based on the
design knowledge of the previous product design standards
and expert experience and combined with the case-based
reasoning and rule-based reasoning mechanisms, the pro-
posed method can effectively solve both computational
problems and reasoning decision-making problems in in-
telligent product design. +e contributions of this paper can
be summarized as follows.

+rough a detailed analysis of the existing research re-
sults of the comparison of the similarity measurement
methods, the shortcomings of the existing methods for case
retrieval of CNC tool holders are identified. Most of the
existing methods for hybrid similarity measurement con-
sider two, three, or four attribute values formats. Further-
more, based on the CNC tool holder product instances, the
product attributes can be divided into five formats: Crisp
Symbols (CS), Crisp Numbers (CN), Fuzzy Numbers (FN),
Fuzzy Linguistic variables (FL), and Fuzzy Intervals (FI).+e
proposed method comprehensively considers multiple for-
mats of attribute values involved in the process of case
retrieval. +ese formats basically cover all types of attribute
values in practical CBR applications. A similarity calculation
equation is developed for fuzzy attribute sets. A novel hybrid
similarity calculation method is proposed to consider the
similarity between the crisp and fuzzy sets comprehensively.

In the design of mechanical products, such as CNC tool
holder products, the design resource library is a fundamental
factor. In the conceptual design, the effects of various
performance attributes of the CNC tool holder products on
the case retrieval are considered. +is is based on factors
such as the design standards, experience rules, and pro-
fessional domain knowledge in the design resource library. A
method of the attribute level classification to assign weight
coefficients is proposed, and attributes are divided into
primary and auxiliary matching levels according to the
decisiveness of instance matching. +en, the tool holder
model, tool holder configuration, and power source are
taken as a primary matching level. As long as one of the three
attributes does not match, the final similarity will be zero,
which can reduce the time to find an optimal solution.
Furthermore, in most of the existing studies, the weight
coefficient will not change once it is determined. In this
paper, the weight coefficient can be continuously and dy-
namically updated through case-based reasoning learning.
Finally, through a design case of a CNC tool holder product,
the method’s ability to solve the reasoning and decision-
making design problems is verified.

+e rest of this paper is structured as follows. In Section
2, the general idea of knowledge service supporting the
intelligent design of products is proposed. In Section 3, a
new hybrid similarity measurement method with five at-
tribute value formats in scheme reasoning is proposed; also,
a similarity calculation equation is derived for fuzzy attribute
sets, and a method for attribute level classification is pro-
posed to assign weight coefficients. In Section 4, an auto-
matic calculation of computational problems in the
intelligent design process is verified through a design case of
a CNC tool holder product.+e conclusions are presented in
Section 5.
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2. General Idea of Knowledge Service
Supporting the IntelligentDesignofProducts

2.1. Requirement Analysis of Intelligent Product Design.
An intelligent design is a modern design method that
combines knowledge-based engineering (KBE) and com-
puter-aided design theory. +is method aims to enable the
design system to use the abundant knowledge, such as expert
experience, design manuals, standards, and industry norms,
to reason, judge, make decisions, and achieve customization,
automation, and intelligence of product design by simu-
lating the cognitive and the behavioral characteristics of
designers in the design activities [23–25].

+e product design process is essentially an iterative
decision-making process that includes user requirement
assessment, design process decision-making, technical
problem decision-making, and evaluative decision-making.
+e completion of these tasks requires using computer-
aided design tools, as well as a large amount of knowledge for
reasoning, judgment, and decision-making [26]. +e
product design process requires the development of the
intelligent design to a higher level of automation to support
large-scale multidisciplinary and multidomain knowledge
integration. +e purpose of supporting intelligent product
design is to replace the decision-making and reasoning
processes of experts and designers with the KBE and arti-
ficial intelligence technologies. Moreover, its purpose is to
intelligently achieve product design and knowledge reuse by

constructing a design process-oriented knowledge envi-
ronment, thus reducing the cycle iteration time and re-
petitive work in the product design process [27, 28].

+e knowledge service supporting the intelligent design
of products is a human-computer interaction design activity
that integrates multidomain knowledge and employs
computer-aided design tools [29, 30]. To clarify the func-
tional goals of the knowledge-based intelligent design sys-
tem, it is necessary to analyze the demand for intelligence in
the actual product design process according to the char-
acteristics of product design. +e functional goals are as
follows:

(1) Support integrated management of distributed and
heterogeneous knowledge. +e product design
knowledge has the characteristics of distribution,
intensiveness, and heterogeneity. Most of the current
product data management systems provide partial
document data classification and storage and gen-
erally have only the keyword-based retrieval func-
tion. +is is less effective for knowledge integration
and service and is not conducive to the reuse of
knowledge by designers. +erefore, the intelligent
design system first needs to realize the integrated
management of distributed and heterogeneous
knowledge.

(2) Support the design tool integration and process
encapsulation. +e competition of design tasks

Table 1: Related research literature.

Related research literature Method advantages and disadvantages
Zhang and Yu [7] proposed two distance measures of intuitionistic
and interval-valued fuzzy sets. Sharaf-El-Deen et al. [8] proposed a
new hybrid case-based reasoning approach for medical diagnosis
systems. Qian et al. [9] proposed an improved requirements-driven
self-adaptation approach that combines goal reasoning and case-
based reasoning. Gu et al. [10] proposed a CBR system based on the
weighted heterogeneous value distance metric. Tan et al. [11]
described the hesitant fuzzy Hamacher aggregation operators for
multicriteria decision-making. Song et al. [12] proposed a general
type of similarity measure for an intuitionistic fuzzy set with two
parameters. Mahmood et al. [13] proposed the notion of complex
hesitant fuzzy hybrid vector similarity measures. Feng and Khan
et al. [14, 15] proposed a case library optimization method to
improve detection efficiency.

+e existing research on similarity calculation investigations has
improved the accuracy of case retrieval and has made the retrieval
process more reasonable. +e proposed methods have the following
advantages: (1) they enhance the ability of a CBR system to process
nonlinear data; (2) they overcome the problem of difficulty in
obtaining decision-making knowledge in cases of discontinuous
information; (3) they can handle continuous and discrete attributes

simultaneously.

However, some of the methods have certain limitations, which are as
follows: (1) the classification of attribute types is not detailed enough;
(2) the research on the similarity calculation of fuzzy attribute sets is

not deep enough.

Feng et al. [16] combined the genetic algorithm and the particle
swarm optimization algorithm in the calculation of attribute feature
weights. Xiong et al. [17] have concluded that the normalization
factor directly determines the influence of the corresponding
attributes on the filtering result. Ahmadvand and Pishvaee [18]
proposed a credibility-based fuzzy common weights data
envelopment analysis approach. Li et al. [19] developed an
integrated cumulative prospect theory based on the hybrid-
information multicriteria decision-making approach. Lin et al. [20]
reported that the traditional TODIM method could be extended to
handle the HFLTSs based on the novel comparison function and
distance measure. Chen et al. [21] proposed a two-stage logic scoring
of the preference-ELECTRE III-based approach. Sun et al. [22]
proposed an iterative weight update method based on the optimistic
coefficient.

+e existing research on multiattribute decision-making not only
can improve the matching accuracy but can also avoid excessive
reliance on decision-makers to set the weight value subjectively. +e
proposed methods have the following advantages: (1) they consider
the psychological behavior of decision-makers; (2) the reasoning
logic pattern in the human cognition process and the compensation
among attributes are taken into account; (3) multiple methods are
included to deal with multiattribute decision-making problems.

However, some of these methods have certain limitations: (1) it takes
a long time to find an optimal solution; (2) the coefficients of the
attribute weight set are not continuously and dynamically updated.
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usually requires the collaborative use of multiple
types of design tools. For instance, during the design
of CNC tool holders, the Unigraphics (UG) software
has been typically used for three-dimensional
modeling, while MATLAB, ANSYS, and other
software have been used for design activities such as
calculation and simulation. +is is a process of it-
erations and continuous corrections. It requires the
intelligent design system to integrate different design
tools and reuse the design process to support an
iterative solution to the computational problems.

(3) Support intelligent reasoning and decision-making.
+e intelligence of the intelligent product design is
reflected in the ability of reasoning and decision-
making similar to human thinking during the design
process. It requires computers to achieve automatic
processing and auxiliary/automatic decision support
for multidomain and multitype design knowledge.

2.2. Knowledge Service Method for Intelligent Product Design.
According to the requirements of the intelligent design
process, the content of knowledge service supporting the
intelligent design of products can be divided into the fol-
lowing three parts: the integration and management of
distributed and heterogeneous knowledge, the integration of
design tools and encapsulation process, and the reasoning of
design knowledge and auxiliary decision-making. +e in-
tegration andmanagement of distributed and heterogeneous
knowledge mainly provide the service-oriented knowledge
reuse for the intelligent reasoning of design knowledge and
auxiliary decision-making to solve the reasoning decision-
making problems. Based on these two parts, the integration
of design tools and encapsulation process solves the com-
putational problems based on the knowledge-based para-
metric drive and regularization constraints. +ese three
parts are independent and interrelated and jointly provide a
solution to the computational problems and reasoning and
decision-making problems in intelligent product design.+e
characteristics of intelligent design are analyzed, and a
knowledge-based intelligent design system is constructed
according to the relationship between the design process and
design knowledge. +e overview of the intelligent product
design knowledge service system is shown in Figure 1.

3. Key Technologies of Knowledge-Based
Intelligent Product Design System

3.1. Description of Product Design Problems of CNC Tool
Holders. A CNC tool holder is a key component of a CNC
machine tool. After investigating the research and devel-
opment of a CNC tool holder, the design contents of the
CNC tool holder can be categorized as structural design,
precision design of the indexing mechanism, strength de-
sign, and calibration of the transmission mechanism, as
shown in Figure 2. A large amount of design knowledge,
including design manuals, standard specifications, empirical
rules, and successful cases, is required in the design process
of CNC tool holders to accommodate different types of CNC

machine tools and to achieve good running accuracy,
indexing accuracy, and part strength.

+e conceptual design attributes of a CNC tool holder
are extracted based on the index parameters of user per-
formance requirements. Conceptual design cases of the CNC
tool holder are expressed according to the attributes of the
tool holder model, structural characteristics, accuracy
characteristics, power indicators, and power sources, as
shown in Table 2. +e structural characteristics include the
geometrical and structural characteristics of the CNC tool
holder. +e accuracy characteristics represent the accuracy
evaluation index of the user requirements of the CNC tool
holder. +e performance characteristics mainly include the
dynamic performance indicators of a servo tool holder.
+ese attributes can be divided into five data types: Crisp
Symbols (CS), Crisp Numbers (CN), Fuzzy Numbers (FN),
Fuzzy Linguistic variables (FL), and Fuzzy Intervals (FI).
+ese types include crisp and fuzzy sets [31]. +e parameters
of these attributes are used to retrieve similar design cases in
the case library that are then used as design prototypes.
+ese design prototypes are adjusted and modified to meet
the user’s requirements in the detailed design phase.

3.2. Scheme Reasoning and Auxiliary Decision-Making.
+e CBR technology is a form of artificial intelligence used
for the development of simple machine imitation to deep
machine thinking. However, the existing CBR research has
certain shortcomings in the scheme evaluation and pa-
rameter modification. +erefore, in this study, the related
knowledge involved in the design activities is integrated into
the reasoning engine by constructing a knowledge envi-
ronment that can play an auxiliary decision-making role
[32, 33]. As shown in Figure 3, the scheme reasoning and
decision-making process can be divided into scheme anal-
ysis, scheme evaluation, and scheme adjustment. +e main
design activities include the reasoning of design cases and
the auxiliary decision-making of design knowledge.

A set of design cases similar to the target solution can be
obtained by the reasoning engine through case retrieval. +e
existing CBR-based intelligent design methods select the
case with the highest degree of similarity as a target solution
[34–36]. However, during the actual design process, similar
matched cases will play only a partial role in a new design. In
other words, the feature attributes of an object used for case
matching cannot completely determine the reusability of a
particular case, and the evaluation of a solution depends on
various evaluation indexes, such as failure rate, structural
simplicity, maintainability, safety, and economic cost.
+erefore, the system proposed in this paper adopts a
scheme evaluation method that combines the gray corre-
lation analysis and the entropy method to quantify the re-
lationship between the evaluation index and scheme. Finally,
a more scientific and reasonable similar optimal case is
selected as a target scheme. After obtaining a similar optimal
scheme, the system verifies the target scheme through the
mapping relationship between the design requirements
index and design parameters. For parameters that do not
meet the design requirements, further modification is
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required to obtain the final design scheme, which is then
saved to the database for purposes of sharing and reuse.

3.3. Case Similarity Matching Algorithm. Case retrieval is a
process of quickly matching similar cases in a case database

according to the user requirements. +e key technology is to
establish an efficient case retrieval mechanism. +e index
attributes of the performance requirement of the CNC tool
holder product are classified in Table 1. According to the
new design problem requirements, a designer describes and
classifies product attributes first and then matches similar

knowledge environment supporting intelligent
design

design resource
library

design standards

empirical rules

patent documents

Professional
domain knowledge

calculation model

case librarydesign knowledge
data management

semantic
modeling

case
representation

classified
organization

structured
representation

case matching

retrieval matching

auxiliary decision-
making

intelligent
calculation

Design process

design problem
description

scheme reasoning
decision

scheme
optimization

Figure 1: +e overview of the intelligent product design knowledge service system.
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structural design
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Transmission
mechanism module
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module

Precision
design

Strength
design
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Figure 2: Design content diagram of the CNC tool holders.

Table 2: Product performance requirements of the CNC tool holders.

No. Attribute Index Data type
1 Model Tool holder model CS
2

Structure

Center height (mm) CN
3 Stations’ count (N) CN
4 Net weight (without cutter head) FL
5 Tool holder configuration (front/rear) CS
6

Accuracy
Turn 30° and lock (S) FN

7 Turn 180° and lock (S) FN
8 Repeat positioning accuracy (mm) FI
9

Performance

Maximum unbalanced moment (Nm) CN
10 Maximum tangential moment (kNm) CN
11 Maximum axial torque (kNm) CN
12 Maximum load (kg) CN
13 Power source Hydraulic motor/servo motor CS
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cases through similarity metrics. Most of the similarity
measurement methods proposed in the CBR field consider
the matching of crisp set attributes, while in-depth research
on the similarity matching of fuzzy set attributes has been
inadequate [37, 38]. In the case of similarity measurement,
the fuzzy set similarity theory can naturally simulate the
actual situation [39]. +erefore, a hybrid similarity mea-
surement method that synthesizes both crisp and fuzzy sets
of the CNC tool holder products is proposed in this study to
ensure the efficiency of the CBR system retrieval mechanism.

Typically, the CBR system uses the Euclidean or
Hamming distance as a similarity metric of the crisp set,
which can be expressed as

sim xi, yi(  � 1 − dist xi, yi( , (1)

where xi and yi denote the ith attribute value of the two
cases, while sim(xi, yi) and dist(xi, yi) are the similarity
value and the distance between the ith attribute in the two
cases, respectively. For the CN attribute value,
dist(xi, yi) � |xi − yi|/(maxi − mini), where maxi and mini

are the upper and lower limits of the ith attribute value,
respectively. For the CS attribute value, when xi � yi, then
dist(xi, yi) � 0 ; otherwise, dist(xi, yi) � 1.

+e similarity measure of the crisp set is no longer
applicable to the fuzzy set. +erefore, in this study, the
relative area method is used to calculate the similarity be-
tween two fuzzy sets as follows:

sim xi, yi(  �
S xi ∩yi( 

S xi ∩yi( 

�
S xi ∩yi( 

S xi(  + S yi(  − S xi ∩yi( 
,

(2)

where S represents the area of the corresponding mem-
bership function; xi and yi represent the ith attribute
values of the two cases in the similarity metric; xi ∩yi and
xi ∪yi represent the intersection and the union of the two
fuzzy attribute domains, respectively. Four types of in-
tersections of two fuzzy attribute domains are shown in
Figure 4.

In Figure 4(d), S(xi ∩yi) remains unchanged since the
two attribute sets are inclusive. According to equation (2),
the change in the center distance between the two fuzzy
attribute domains does not affect their similarity. However,
this does not conform to the similarity calculation of the
fuzzy attribute type FL. Based on the above analysis, the
fuzzy attribute domain similarity measurement methods
developed for these four types are as follows:

cxi � (α + α)/2, cyi � (β + β)/2 //calculate the mid-
point cxi and cyi of the fuzzy set; α(β) and α(β) denote
the upper and the lower limits of the fuzzy attribute
domain, respectively.
If cxi > cyi, then exchange xi and yi, endif.
a � 0.1 α, b � 0.1α, c � 0.1 β, d � 0.1β.
x∗i � (b β+ cα)/(c + b), y∗i � 1 − (x∗i − α)/b //calculate
the intersection (x∗i , y∗i ).
If yi
∗ ≤ 0, then S(xi ∩yi)←0, sim(xi, yi)←0 //belongs

to type (a).
Else S(xi)←(2α + b − 2 α+ a)/2), S(yi)←(2β + d −

2 β+ c)/2 //calculate S(xi) and S(yi).
If 0<y∗i < 1, then S(xi ∩yi)←(α + b − β+ c)y∗i /2
//belongs to type (b).

Else//belongs to type (c) or (d).

Start

performance index
parameter input

case-based
reasoning enginereasoning

engine
data
base rule-based

reasoning engine

scheme analysis

obtain similar design
case set

obtain the optimal
similar scheme

scheme evaluation

grey relational
degree calculation

index assignment based
on entropy method

grey relational
analysis

evaluation index
formulation

verify the scheme
parameters

meet the design
requirements

modify the scheme
parameters

scheme adjustment

obtain the final design
scheme

save the design
scheme

output the design
scheme

end

Figure 3: Scheme reasoning and decision-making process.
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If α + b< β + d and α − a< β − c, then S(xi ∩yi)←(2α +

b − 2 β + c)/2 //belongs to type (c).
Else S(xi ∩yi)←min(S(xi), S(yi)) //belongs to type

(d).
endif.

endif.
sim(xi, yi)← SS(xi ∩yi)/(S(xi) + S

(yi) − S(xi ∩yi)).
endif.

3.4. Global Similarity Measurement. +e attribute types of
CNC tool holder products include crisp and fuzzy sets.+us,
a hybrid similarity metric should be employed to calculate
the similarity between the attributes [40, 41]. Another im-
portant aspect of improving the performance of similarity
measurement is to assign reasonable attribute weight co-
efficients according to the relative importance of attributes
[31, 42]. +e attributes can be classified into two levels
according to the analysis of the product structure, accuracy,
and performance indicators, as well as the importance and
decisiveness of the product attribute for case matching. +e
first level is for primary matching and the second level is for
auxiliary matching.

No weights are assigned for attributes belonging to the
primary matching level, and the similarity measurement
equation is expressed as follows:

sim1(X, Y) � simCS xi, yj  × simCN xj, yj 

× simFNI xk, yk(  × simFL xl, yl( .
(3)

For the auxiliary matching level, the weighted average
operator is used to aggregate the similarity measures be-
tween case attributes to obtain the level similarity. +e
weight coefficients are assigned by binary comparison
evaluation and normalization of the weight set performed by
multiple experts. Moreover, the weight set is stored in the
system as a reference. +e weight set is not static, and during

the similarity measurement retrieval, the CBR system can
continuously modify the weight set through learning to
make it closer to the actual situation of the product design
[43]. +e similarity measurement equation for the auxiliary
matching level is as follows:

sim2(X, Y) � 
i

wisimCS xi, yi( 

+ 
j

wjsimCN xj, yj  + 
k

wksimFNI xk, yk( 

+ 
l

wlsimFL xl, yl( .

(4)

In equations (3) and (4), X and Y represent two in-
stances; simCS(xi, yi), simCN(xj, yj), and simFL(xl, yl) are
the similarity values of the attribute categories CS, CN, and
FL, respectively; simFNI(xk, yk) is the similarity value be-
tween the FN and FI attributes; wi, wj, and wl are the weight
coefficients of the attribute categories CS, CN, and FL in the
matching level, respectively; wk is the weight coefficient of
the FN and FI attributes, and  wi +  wj +  wk +  wl � 1
; parameters i, j, and l are the numbers of attributes of the CS,
CN, and FL categories of the two matching levels, respec-
tively; k is the total number of attributes of FN and FI
categories.

For the similarity measurement of attribute types FN and
FI, it is necessary to consider the influence of the center
distance of the two fuzzy attribute domains on the similarity
measurement. +e calculation equation is expressed as

simFNI xk, yk(  � εk1sim1FNI xk, yk(  + εk2sim2FNI xk, yk( ,

(5)

where simFNI(xk, yk) is the similarity measurement equation
of attribute types FN and FI; εk1 and εk2 are the coefficients of
sim1FNI(xk, yk) and sim2FNI(xk, yk), respectively, which are
set by experts, stored in the retrieval system, and dynami-
cally updated with the inclusion of new cases into the case

a cxi cyi

xi yi

b dcα βα β

(a)

Cxi Cyi

xi yi

(b)

Cxi Cyi

xi yi

(c)

Cxi Cyi

xi yi

(d)

Figure 4: +e intersection types between two fuzzy attribute domains xi and yi. (a) Type (a), (b) type (b), (c) type (c), and (d) type (d).
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database; sim1FNI(xk, yk) is obtained from the fuzzy set
similarity by equation (2); sim2FNI(xk, yk) represents the
influence of the distance between the centers of two fuzzy
sets on the similarity and it is calculated by
sim2FNI(xk, yk) � 1 − dist(cxk − cyk) � 1 − |cxk − cyk|/maxk.

Based on the hybrid similarity measurement method and
the classification of matching weight coefficients, the global
similarity of design case feature attribute matching in case
retrieval can be expressed as follows:

sim(X, Y) � sim1(X, Y) × sim2(X, Y). (6)

4. Verification through Application Examples

4.1. Intelligent Design System Structure. +e architecture of
the knowledge-based intelligent design can be divided into
three layers: the interface layer, the function layer, and the
resource layer, as shown in Figure 5.+e interface layer has a
friendly human-computer interaction interface that enables
users to communicate with the system during operation and
guides users to complete the design process of CNC tool
holder products. +e functional layer includes intelligent
reasoning and decision-making of the scheme, design
toolset, knowledge management, and reuse. +is can help in
effectively integrating the knowledge module with other
modules and driving the product design by knowledge. +e
resource layer is mainly composed of the professional do-
main knowledge base, rule experience knowledge base,
calculation model knowledge base, and case scheme
knowledge base.

4.2. Application Examples. Before scheme reasoning in the
intelligent design system, the designers are first required to
set the matching level and weighting coefficients for each
performance index of the CNC tool holder product
according to expert opinions. Weight matching levels and
the assigned weighting coefficients of the corresponding
performance index are shown in Table 3. +e system au-
tomatically executes the casematching function according to
the similarity calculation method corresponding to different

performance index attribute types. +en, the system obtains
a set of similar cases.

sim(X, Y)≥T. (7)

Taking the product design of the CNC tool holder as an
example, its product attribute types include crisp and fuzzy
sets. +us, the global similarity measurement method is
applied to the design of the CNC tool holder product based
on case-based reasoning. Suppose that
X(X � (x1, x2, . . . , x13)) andY(Y � (y1, y2, ..., y13)) are the
new design case and the case in the case library of the CNC
tool holder design, respectively, where xi and yi correspond
to the attributes of X and Y, respectively, as shown in Table 2.
In terms of weight coefficient assignment, no weight coef-
ficient is assigned for the primary matching level. +e weight
coefficient of each attribute is given by the weight set in the
system for the auxiliary matching level. +e attribute data
types, matching levels, weight coefficients, attribute values,
and global similarity measurements of each attribute for new
and old cases are given in Table 3.

According to Table 3, the global similarity value between
the new design case and a case in the case library is 0.632. In
equation (7), T represents the similarity threshold of the
retrieved cases. All similar sets of cases whose similarity with
the new design case is greater than the given threshold can be
retrieved in the case library. +e designers configure the
weight of each evaluation index of the CNC tool holder
design scheme determined by experts in the professional
field, such as failure rate, structural simplicity, maintain-
ability, safety, and economic cost. +e system automatically
calculates the gray correlation degree of each similar scheme
according to the weight of each index. +en, it sorts and
obtains the design scheme with the largest gray correlation
degree as an optimal similarity case. +e intelligent design
system automatically verifies the specific design scheme
corresponding to the similar optimal case, checks whether
each parameter in the scheme meets the requirements, and
automatically modifies the scheme parameters based on the
relevant knowledge from the rule experience knowledge base
to obtain the final design scheme and saves it to the database.

human-computer interaction interface

scheme intelligent reasoning
and decision-making

design tool set and knowledge
management and reuse

design tool
integration

computing template
encapsulation

scheme analysis

scheme adjustmentscheme evaluation

scheme retrieval
function

layer

resource
layer

professional domain
knowledge base

rule experience
knowledge base

calculation model
knowledge base

case scheme
knowledge base

design knowledge
management

knowledge and
experience reuse

Interface
layer

Figure 5: Technical system structure of the intelligent product design.
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5. Conclusions

+is paper proposes a knowledge service method that
supports the intelligent design of products from the aspect of
demands for intelligent design in the actual product design
process. +e proposed method can effectively solve the
calculation problems and reasoning and decision-making
problems of the intelligent product design activities, pro-
viding support to the whole intelligent design process by
using design knowledge. A global similarity measurement
method is proposed for the scheme reasoning. Compared
with the existing methods for hybrid similarity measure-
ment, the proposed method has distinct characteristics,
which are given in the following:

(1) +e proposed hybrid similarity measurement
method includes five formats of attribute values: CS,
CN, FN, FL, and FI. In this method, the attribute
similarity for each format of the attribute value is
calculated.

(2) +e proposed hybrid similarity measurement
method integrates the fuzzy set similarity theory and
traditional similarity measurement method. In ad-
dition, the derived similarity measurement equation
for fuzzy attribute sets can solve the problems of
complex and inaccurate fuzzy attribute retrieval in
the traditional similarity measurement.

(3) +e attribute level classification method proposed to
assign weight coefficients is based on the analysis of
product structure and performance indicators. +e
attributes are classified into primary matching and
auxiliary matching levels according to the impor-
tance and decisiveness of product attribute type to
case matching, which can reduce the time to find an

optimal solution.+e set of weight coefficients can be
continuously and dynamically updated through
case-based reasoning learning so that it is more in
line with the actual design situation of the product.

(4) A global similarity measurement is performed by
combining the hybrid similarity measurement and
the level-based assignment of weight coefficients,
which can improve solving the core problem of case
retrieval in the CBR reasoning system. +rough the
design of CNC tool holder products, the effectiveness
of the intelligent design system is verified. +is paper
presents an application of the hybrid similarity
measure method in the field of mechanical product
design, which is different from the previous work.

+e future research work could include the following
aspects:

(1) +e intelligent service of design knowledge could be
further improved regarding the design process.
Problems such as design knowledge-assisted deci-
sion-making through knowledge reasoning could be
solved. In addition, a dynamic relationship between
design knowledge and the design process could be
achieved.

(2) +e proposed intelligent calculation method could
be embedded in the CBR system. +e object’s
characteristic attributes used for case matching
cannot completely determine the reusability of the
case, so various evaluation indicators need to be
comprehensively considered, such as failure rate,
structural simplicity, maintainability, safety, and
economic cost. In future work, a scheme evaluation
method that combines the gray correlation analysis

Table 3: Similarity measurement of the performance requirements of the CNC tool holder.

Index Data
type

Matching
level

Weight
coefficient New case X Case Y in the library Global similarity

Tool holder model CS

Primary —

SLT SLT 1
Tool holder configuration CS Front Front 1

Power source CS Servo
motor Servo motor 1

Center height (mm) CN

Auxiliary

0.12 80 125 0.084
Stations’ count (N) CN 0.12 8 12 0.080
Net weight (without cutter head) FL 0.06 Light Medium 0.003
Turn 30° and lock (S) FN 0.11 0.3 0.41 0.049
Turn 180° and lock (S) FN 0.11 0.6 0.86 0.052
Repeat positioning accuracy (mm) FI 0.12 <0.003 <0.003 0.120
Maximum unbalanced moment
(Nm) CN 0.1 30 50 0.080

Maximum tangential moment
(kNm) CN 0.1 1.51 3.6 0.079

Maximum axial torque (kNm) CN 0.1 1.62 3.40 0.082
Maximum load (kg) CN 0.06 90 230 0.003
Total — — 1 — — 0.632
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and the entropy method could be used to obtain a
similar optimal case as a target scheme.

(3) +e proposed method could also be applied to case
retrieval in a wider range of applications, such as
medical diagnosis, emergency management, and
engineering cost.
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