
[image: Image 1]

[image: Image 2]

[image: Image 3]

Precision Mechanics & Digital Fabrication

https://www.acadlore.com/journals/PMDF

Enhanced Rule Generation in Product Design Through Rough Set Theory and Ant Colony Optimization

Xianwei Wang , Tichun Wang*

College of Mechanical and Electrical Engineering, Nanjing University of Aeronautics and Astronautics, 210000

Nanjing, China

* Correspondence: Tichun Wang (wangtichun2010@nuaa.edu.cn)

Received: 12-16-2023

Revised: 03-10-2024

Accepted: 03-17-2024

Citation: X. W. Wang and T. C. Wang, “Enhanced rule generation in product design through rough set theory and Ant Colony Optimization,”  Precis. Mech. Digit. Fabr. , vol. 1, no. 1, pp. 11–23, 2024. https://doi.org/10.56578/pmd

f010102. 

2024 by the author(s). Published by Acadlore Publishing Services Limited, Hong Kong. This article is available for free download and can be reused and cited, provided that the original published version is credited, under the CC BY 4.0 license. 

Abstract: Limitations inherent in conventional rule generation methodologies, particularly concerning knowledge redundancy and efficiency in product design, are addressed through the adoption of a rough set-based approach in this study. An enhancement to the Ant Colony Optimization (ACO) algorithm’s information gain ratio is introduced by integrating a redundancy detection mechanism, which notably accelerates the convergence process. Furthermore, the application of a classification consistency algorithm effectively minimizes the number of attributes, facilitating the extraction of potential associative rules. Comparative validation performed on a public dataset demonstrates that the proposed attribute reduction approach surpasses existing methods in terms of attribute count reduction, reduction rate, and execution time. When applied to an automotive design case study, the approach yields rules with 100%

coverage and accuracy, characterized by a reduced average number of attributes per rule. These findings underscore the superiority of the rough set-based methodology in generating product design rules, providing a robust framework that enhances both the precision and applicability of the design process. 
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In today’s competitive market environment, the success of product design is directly related to a company’s competitiveness [1]. However, the problems faced in the product design process are increasingly complex, and designers often face challenges such as information overload [2], knowledge fragmentation [3], and decision-making uncertainty [4]. Designers need to make efficient and precise decisions amidst this complexity [5] to meet market demands and maintain competitiveness. In this context, rule generation methods have emerged, allowing designers to discover hidden patterns and associations from design data [6], generate clear design rules, and provide a more comprehensive and scientific basis for decision-making, enabling better handling of complex challenges in the product design process. 

Currently, the mainstream rule generation methods include association rule mining [7], neural networks [8], and rough sets [9]. Association rule mining algorithm is the most commonly used rule mining method, often used to discover associations in datasets, with the basic idea of analyzing the associations between item sets in the dataset to find frequent item sets and generate association rules. Wang et al. [10] analyzed the attractiveness factors of product shape features and user satisfaction, using a fuzzy weighted association rule mining method to extract frequent fuzzy weighted association rules from a large historical design database. Zhang et al. [11] proposed a multi-dimensional and multi-objective discrete firefly algorithm, extracting association rules from a large historical design database related to prototype design. Lin et al. [12] used the FP-growth association rule algorithm to mine patterns from the data of the magnetic tile production process, assisting technicians in selecting appropriate process parameters, thus optimizing the production process and improving product quality. Cao [13] from Shandong University applied the Apriori algorithm to operation-level data, mining the association between machining benchmark selection principles, machining methods, and technical requirements, using the discovery of process decision-making rules for shaft-type parts as an example to illustrate the main process of association rule mining. The rule generation method using neural networks generates rules by analyzing aspects such as connection weights, activation function thresholds, and hidden
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layer feature learning [14]. Fung et al. [15] used a neural network model to study the relationship between perceived value and product form design elements, using genetic algorithms to extract rules to understand the decision-making process within the neural network, helping product designers better understand key design elements. Shen et al. [16]

proposed a method combining local clustering neural networks with the Rulex algorithm, extracting rules from the configuration of product service systems to more effectively design for individual customer needs. Liu et al. [17]

proposed an image styling design method based on triangular fuzzy and BP neural networks to solve the problem of poor adaptability between the target product styling and user’s fuzzy perceptual imagery, validating the method’s effectiveness in quantitative analysis of fuzzy imagery, promoting the transformation of design concepts. The core idea of using rough sets to generate rules is to find rules with practical meaning by appropriately rough partitioning attributes while maintaining classification accuracy, achieving effective description and analysis of datasets. Qin [18]

from Hefei University of Technology proposed a rough set-based method for acquiring green design knowledge of products. Using Skowron’s difference matrix method for attribute reduction and extracting green design rules through the classification consistency algorithm, ultimately forming a set of green design rules. Wen [19] from Tianjin University, addressing the diversified knowledge needs in cloud design environments, used rough sets as a method for knowledge discovery, extracting design rules from data streams in cloud design environments, improving the reuse efficiency of product design knowledge resources. Kobayashi and Niwa [20] applied rough set theory to process customers’ subjective quality perceptions, achieving more customer group-specific car exterior designs through customer grouping and rule extraction. However, these rule generation methods have limitations, such as knowledge redundancy, low efficiency, and poor interpretability, affecting the overall performance of the system. Therefore, there is an urgent need for an innovative rule generation method to improve efficiency and decision-making accuracy. 

In response to the deficiencies observed in previous studies, this paper proposes a rough set-based method for generating product design rules. This method improves the attribute reduction of the ACO to enhance search iteration efficiency and reduce redundant attributes, and generates rules based on the classification consistency algorithm. 

Validation analysis on a public dataset shows that the attribute reduction method proposed in this paper has certain advantages compared to control methods, and its superiority is further validated in an automotive design example. 

2 Basic Concepts of Rough Sets

Definition 1 (Rough Description of Product Design Decision System): The product design decision system can be represented as a quadruple S = {U, A, V, f }. Where U = {u1, u2, u3, . . . , un} is a non-empty finite set, representing the collection of product design samples, each element representing a record of design knowledge used in executing a design task; A is a set of attributes, divided into condition attributes C and decision attributes D, A = C ∪ D, C ∩ D = ∅; V is a set of attribute values, V = ∪Va, where Va represents the range of values for attribute a ∈ A; f : U × A → V is an information function, for ∀a ∈ A, ∀x ∈ U, f (x, a) ∈ Va, defining the mapping relationship between each design knowledge record’s design knowledge and design target attributes and their values in U . 

Definition 2 (Indiscernibility Relation of Condition Attributes C and Decision Attributes D): Let A be the set of product design attributes, define an indiscernibility relation based on attribute A, denoted as IN D(A), as shown in Eq. (1):

U/A = IN D(A) = (x, y) | (x, y) ∈ U 2, ∀a∈R(f (x, a) = f (y, a) (1)

Based on the partitioning of the product design sample set by condition attributes C and decision attributes D, they are called the condition class and decision class, respectively, denoted as: U/Rc = {[x]c; x ∈ Rc}

(2)

U/RD = {[x]D; x ∈ RD}

(3)

Eqs. (2) and (3) are referred to as the indiscernibility relations determined by C and D. 

Definition 3 (Conditional Entropy and Mutual Information): For the information system, define the conditional entropy of condition attributes C with respect to decision attributes D, denoted as H(D|C), as shown in Eq. (4): n
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For information system S = {U, A, V, f }, define the mutual information between condition attributes C and decision attributes D, used to measure the degree of correlation between condition and decision attributes. The 12
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greater the mutual information, the greater the degree of correlation, denoted as I(C; D), as shown in Eq. (5): I(C; D) = H(D) − H(D | C)

(5)

Definition 4 (Positive Region): For information system S = {U, A, V, f }, 

∀P, Q ⊆ A; the equivalence

relations constructed from P and Q are denoted as IN D(P ) and IN D(Q), respectively; then the positive region of Q with respect to P , commonly denoted simply as P OSp(Q), is shown in Eq. (6): POSP (Q) =

∪

IN D(P ) − (X)

(6)

x∈U/Q

The positive region of Q with respect to P consists of all the objects in U that can be accurately classified into the equivalence classes of Q based on the information from the classification U/P . It indicates the set of objects that can be correctly classified when the antecedent is P . 

3 Rule Generation Based on Rough Sets

3.1 Improved ACO for Attribute Reduction

Firstly, the problem of attribute reduction is transformed into a path optimization problem in the ant colony algorithm, as shown in Figure 1. The nodes represent product design knowledge attributes, and the edges between nodes represent the path for ants to choose the next knowledge attribute. The goal of path optimization is to find a minimal subset of design knowledge attributes that best describes the target attributes of the design. 

Figure 1. Schematic diagram of problem transformation to path optimization in ant colony algorithm Pheromones are released by ants as they travel, and they gradually evaporate over time. Therefore, the paths that are frequently traveled by ants have a relatively higher concentration of pheromones. When choosing paths, ants tend to prefer paths with higher pheromone concentrations. Once all ants have completed their search, an iteration is achieved. In the next iteration round, the pheromone concentration is calculated according to Eq. (7): τij(t + 1) = (1 − ρ)τij(t) + ∆τij(t)

(7)

where, τij(t) represents the pheromone concentration between attribute nodes i and j; ρ represents the pheromone evaporation level, 0 ≤ ρ ≤ 1; ∆τij(t) represents the total pheromone left by ants on the path from attribute nodes i to j during each iteration, as shown in Eq. (8). 

(P

q

The attribute node i to j has been visited. 

∆τ

|R(t)|

ij (t) =

(8)

0

others

where, q is a given constant, and |R(t)| is the number of attributes in the minimal attribute subset during the t-th iteration. 

Using information gain as heuristic information tends to favor attributes with a larger number of values, whereas the information gain ratio as heuristic information prefers attributes with fewer values. This paper proposes an improved information gain ratio as heuristic information, as shown in Eq. (9): I(B ∪ {a}; D) − I(B; D)

ηij(t) =

(9)

H(D | {a})
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In S = {U, A, V, f }, for ∀B ⊆ C, 

∀a ∈ C − B. Eqs. (3)-(9) serve as heuristic information and provides a comprehensive consideration, covering not only the mutual information increment when a specific attribute a is added to the attribute subset B, but also the information entropy of the selected attribute a itself. 

When ants choose the next node, they consider both the pheromone concentration and heuristic information, calculating the probability of selecting each node, as shown in Eq. (10). 

τ α(t)ηβ (t)

ij

ij

P k (t) =

j ∈

ij

allowed k

(10)

P

τ α(t)ηβ (t)

l∈ allowed k

il

il

where, P k (t) represents the probability of moving from attribute node i to node j for the k-th ant; τ

ij

ij (t) represents

the pheromone concentration between attribute nodes i and j; ηij(t) represents the heuristic information; α and β are parameters that control the relative importance of pheromone and heuristic information; allowedk represents the set of condition attributes not yet selected by the k-th ant. 

The search termination conditions are as follows: the search stops when any of the following conditions are met, completing an iteration. 

(1) I(C; D) = I (RK ; D), where RK is the local solution constructed by the k-th ant, i.e., the reduction set; (2) When the number of attributes in the reduction set exceeds the number of attributes in the current best solution. 

In (1), when the mutual information of the reduction set found by the k-th ant is equal to the mutual information of all condition attributes with the decision attribute, it is considered that the k-th ant has successfully constructed a local solution. If the number of attributes in the local solution is less than in the current optimal solution, then the local solution becomes the global optimal solution. (2) indicates that when the number of attributes in the reduction set found by the k-th ant exceeds the number of attributes in the current global optimal solution, it implies that a better solution set cannot be obtained, hence the search stops. 

To address the slow convergence and susceptibility to local optima in the ACO’s optimization process, this paper introduces a redundancy detection mechanism. 

During each ant’s search for the reduction set, redundancy checks are performed for each selected attribute. The specific steps are as follows:

(1) Based on Eq. (10), select the attribute with the highest selection probability, denoted as bk (bk ∈ C − Rk). 

(2) Determine whether the mutual information with the decision attribute remains the same before and after adding bk to the current reduction set Rk. If I (Rk ∪ {bk} ; D) = I (Rk; D), attribute bk is considered redundant; otherwise, bk can be added to the reduction set. 

After ants reach a local solution, redundancy checks are also needed to accelerate convergence. Each attribute in the local solution is sequentially removed, and if the mutual information with the decision attribute remains the same before and after its removal, the removed attribute is considered redundant; otherwise, it is necessary and cannot be removed. 

Overall, the process of attribute reduction based on the improved ACO is illustrated in Figure 2. 

The specific implementation steps for attribute reduction based on the improved ACO are as follows: Step 1. Parameter Initialization. Set the reduction set Rmin = ∅, the number of attributes in the reduction set Lmin = 0, the number of algorithm iterations t = 0, and the ant index k = 0. Also define the maximum number of iterations T and the number of ants Ant, as well as the initial values for pheromone concentration τij(t) and pheromone evaporation rate ρ. 

Step 2. Increase the algorithm iteration counter t = t + 1. 

Step 3. Increase the ant index by one, i.e., k = k + 1. 

Step 4. Randomly select an initial attribute ak ∈ C, thus the reduction set found by the k-th ant is Rk = {ak}, and the number of attributes in the reduction set is Lk = 1. 

Step 5. Path Selection. Calculate the transition probability rule using pheromone concentration τij(t) and heuristic information ηij(t) to choose the next attribute node. Ultimately, select the attribute node with the highest probability b



k = arg max pk

, b

ij

k ∈ {C − Rk } as the next node in the path. 

Step 6. Redundancy Detection. Calculate whether the mutual information with the decision attribute remains the same before and after adding attribute bk to the current reduction set Rk. If I (Rk ∪ {bk} ; D) = I (Rk; D), it indicates that attribute bk is redundant, then proceed to Step 8 ; otherwise, attribute bk can be added to the reduction set, proceed to Step 7. 

Step 7. Add attribute bk to the reduction set Rk = Rk ∪ {ak}, and update the number of attributes in the reduction set Lk + +. 

Step 8. Determine if the search stopping conditions are met. If I(C; D) = I (RK ; D) or LK > Lmin, stop the search and proceed to Step 9; otherwise, continue to search for the next attribute, proceed to Step 5. 

Step 9. Determine if all ants have completed their search. If k < Ant, return to Step 3; otherwise, proceed to Step 10. 
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Step 10. Optimal Solution Redundancy Detection. Sequentially remove each attribute in the solution; if the mutual information with the decision attribute remains the same before and after the removal of an attribute, it can be determined to be a redundant attribute; otherwise, it is a necessary attribute and cannot be removed. 

Step 11. Update the reduction set Rmin = Rk, the number of attributes in the reduction set Lmin = |Rk|, and update the pheromone concentration τij(t). 

Step 12. Determine if the maximum number of iterations has been reached. If t < T , return to Step 2; otherwise, the algorithm process ends. 

Figure 2. Process of attribute reduction based on the improved ACO
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3.2 Rule Generation Based on Classification Consistency

After using the improved ACO for attribute reduction, redundant condition attributes are removed. At this point, rules can be extracted based on the set of condition attributes C and the decision attribute D, but the rules generated tend to be overly specific and numerous. Therefore, it is necessary to select a subset of attributes as the antecedents of the rules. This paper employs a rule generation algorithm based on classification consistency, which starts from an empty set and incrementally adds condition attributes, aiming to extract potential rules with as few attributes as possible. This method starts simply and refines rules through iterative steps to effectively reveal patterns and associations in the data. The rule generation process is illustrated in Figure 3. 

Figure 3. Rule generation based on classification consistency The specific implementation steps for rule generation based on classification consistency are as follows: Step 1. Parameter initialization, where G is the set of product design objects not yet covered by existing rules; SelectAttr is the set of attributes selected as possible rule antecedents, initially empty; unSelectAttr is the set of product design condition attributes yet to be selected. 

Step 2. Sequentially select attribute xi from unSelectAttr, calculate the indiscernibility relation between the set of condition attributes {SelectAttr, xi} and the decision attribute D. 
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Step 3. Sequentially select condition attribute xi from unSelectAttr, calculate P OS(SelectAttru∪xi)(d), the positive domain of decision attribute of the decision attribute D, and count card(P OS(SelectAttru∪xi)(d)), the number of product design objects in the positive domain. 

Step 4. Determine if multiple attributes cause card(P OS(SelectAttru∪xi)(d)) to simultaneously reach its maximum. If so, proceed to Step 6; otherwise, proceed to Step 5. 

Step 5. 

Select the attribute xi that makes card(P OS(SelectAttru∪xi)(d)) reach its maximum, add it to SelectAttru, and remove the attribute xi from unSelectAttr. After completing this, proceed to Step 7. 

Step 6. Calculate conditional entropy H(d | a), select the attribute a that minimizes the conditional entropy, simultaneously add the attribute a to SelectAttr, and remove the attribute a from unSelectAttr. 

Step 7. Use the attributes in SelectAttr as condition attributes to extract rules from the corresponding P OSSelectAttr(d) and add them to the rule set. 

Step 8. Delete the corresponding objects P OSSelectAttr(d) from SelectAttr, that is, G = G−P OSSelectAttr(d). 

Step 9. Determine if all product design objects are covered by rules, i.e., whether G is empty. If not empty, proceed to Step 2; otherwise, the rule generation is complete. 

4 Experimental Validation and Analysis

4.1 Validation of Attribute Reduction Algorithm on Public Datasets To validate the effectiveness and reliability of the improved ACO for attribute reduction proposed in this paper, comparative experiments were conducted using the ACORS from reference [21], ACOAR from reference [22], RACO

from reference [23], and IEACO from reference [24]. 

The evaluation of attribute reduction effectiveness was based on three indicators: the number of attributes after reduction, attribute reduction rate, and runtime. The attribute reduction rate is expressed as shown in Eq. (11):

|C| − |R|

rate =

× 100%

(11)

|C|

where, |C| represents the number of attributes before reduction, and |R| is the number of attributes after reduction. 

For comparative experiments, six datasets were selected from the UCI database. The experimental environment is as follows: AMD RyzenTM 7 5800H processor at 3.20 GHz, 16GB RAM, using PyCharm64 on Windows 10 as the experimental platform, and Python as the programming language. Specific information about the six datasets is shown in Table 1. 

Table 1. Specific information about datasets

No. 

UCI Dataset

Number of Attributes

Number of Samples

1

Zoo

16

101

2

Soybean

35

114

3

Lung-cancer

56

32

4

Lymphography

18

148

5

Audiology

70

200

6

Mushroom

22

8124

To ensure comparability of the experiments, the initial parameter values of the above five algorithms were set consistently. Table 2 shows the initial values of the ACO parameters. 

Each of the five algorithms was executed 20 times, and the average of the results was taken as the attribute reduction outcome. 

After executing the five algorithms, the number of attributes as shown in Table 3. 

Table 2. Initial values of ACO parameters

Parameter Parameter

No. 

Meaning of the Parameter

Name

Value

1

α

1.2

Parameter controlling the relative importance of pheromone and heuristic information 2

β

0.5

Parameter controlling the relative importance of pheromone and heuristic information 3

τij(t)

1

Initial pheromone concentration

4

ρ

0.2

Pheromone evaporation rate

5

Ant

1.5n

Number of ants, where n is the number of attributes in the dataset 6

T

200

Maximum number of iterations
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Table 3. Number of attributes after reduction

Dataset No. 

The Proposed Algorithm

ACORS

ACOAR

RACO

IEACO

1

5.2

8.9

8.1

8.0

5.8

2

5.1

12.2

10.0

9.8

7.3

3

4.3

8.8

9.0

8.1

8.1

4

11.0

12.2

12.0

12.0

12.0

5

13.2

18.9

20.1

19.2

17.7

6

4.0

5.8

4.9

5.1

5.2

As can be seen from Table 3, the algorithm proposed in this paper shows superiority in terms of attribute reduction. 

The number of attributes after reduction is relatively fewer, presenting a more compact attribute subset compared to the ACORS, ACOAR, RACO, and IEACO algorithms. 

After executing the five algorithms, the attribute reduction rates are shown in Figure 4. 

Figure 4. Attribute reduction rate after algorithm execution As illustrated in Figure 4, the algorithm proposed in this paper achieves relatively higher attribute reduction rates across all datasets. In contrast, the other four algorithms exhibit lower attribute reduction rates on some datasets, indicating that their selection of dataset attributes is overly conservative, resulting in relatively higher dimensions. 

After the execution of the five algorithms, the runtime for each dataset is shown in Table 4. 

Table 4. Dataset runtime

Dataset No. 

The Proposed Algorithm

ACORS

ACOAR

RACO

IEACO

1

1.28

3.34

2.21

2.42

1.89

2

31.52

43.18

37.84

39.77

36.38

3

1.05

3.09

2.16

2.30

1.82

4

5.36

10.37

8.33

8.93

7.55

5

100.14

176.76

147.97

148.05

143.26

6

164.83

318.53

287.25

276.91

234.08

As indicated by Table 4, the proposed algorithm exhibits a significant advantage in runtime efficiency across all datasets. Compared to the ACORS, ACOAR, RACO, and IEACO algorithms, the proposed algorithm has a relatively shorter runtime on the six datasets, demonstrating its superiority. 

4.2 Application Example

As breakthroughs in new-generation information technologies continue, the automotive industry is rapidly moving towards intelligent development. Automobiles have become an important pillar for building a powerful automobile 18

nation and driving industrial transformation and upgrading in China. Therefore, generating rules for automotive design based on rough sets is of great significance. 

4.2.1 Automotive design rule generation based on rough sets

Data is collected from various sources including technical experts, patents, and journal articles. The decision table is constructed using attributes such as type of knowledge, source of knowledge, domain of knowledge, basic design information, form of knowledge, technical principle knowledge, and instance knowledge as condition attributes, with the design objective serving as the decision attribute, as shown in Table 5. 

Table 5. Automotive design decision table

Universe of

Condition Attributes C

Design

Discourse

Basic Design

Form of

Technical

Example

Goal d

Knowledge

Knowledge Knowledge

U

Information Knowledge

Principle

Knowledge

Type x1

Source x2

Domain x3

x4

x5

Knowledge x6

x7

Material

Lightweight

Lightweight

Quality

Structural

Example

Reduce

n1

Selection

Experiment

Design

Rule

Requirements

Design

Name

Weight

Handbook

Principles

Finite

Lightweight

Material

Quality

Structural

Example

Reduce

n2

Element

Experiment

Design

Optimization

Requirements

Design

Name

Weight

Analysis

Principles

Material

Lightweight

Lightweight

Quality

Structural

Example

Reduce

n3

Selection

Simulation

Design

Rule

Requirements

Design

Name

Weight

Handbook

Principles

Material

Lightweight

Lightweight

Quality

Structural

Example

Reduce

n4

Selection

Experiment

Design

Rule

Requirements

Design

Name

Weight

Handbook

Principles

Strength

Industry

Lightweight

Strength

Structural

Example

Increase

n5

Optimization

Technical

Experiment

Design

Requirements

Design

Name

Strength

Rule

Standard

Principles

Strength

Material

Strength

Structural

Strength Design Example

Increase

n6

Optimization

Selection

Experiment

Requirements

Design

Principles

Name

Strength

Rule

Handbook

Industry

Strength

Strength

Structural

Strength Design Example

Increase

n7

Technical

Experiment

Analysis

Requirements

Design

Principles

Name

Strength

Standard

Disassembly

Structural

Disassembly

Shorten

Time

Disassembly

Structural

Example

n8

Design

Experiment

Design

Disassembly

Optimization

Requirements

Design

Name

Standard

Principles

Time

Rule

Disassembly

User-

Disassembly

Shorten

Time

Disassembly

Structural

Example

n9

Oriented

Simulation

Design

Disassembly

Optimization

Requirements

Design

Name

Design

Principles

Time

Rule

User-

Disassembly

Shorten

Disassembly

Disassembly

Structural

Example

n10

Oriented

Experiment

Design

Disassembly

Time Analysis

Requirements

Design

Name

Design

Principles

Time

Material

Disassembly

Material

Working

Structural

Example Improve Wear

n11

Selection

Experiment

Design

Optimization

Environment

Design

Name

Resistance

Handbook

Principles

Wear

Engineering

Material

Usage

Structural

Resistance

Example Improve Wear

n12

Design

Experiment

Optimization

Requirements

Design

Design

Name

Resistance

Handbook

Principles

Wear

Wear

Finite

Usage

Structural

Resistance

Example Improve Wear

n13

Resistance

Element

Experiment

Requirements

Design

Design

Name

Resistance

Analysis

Analysis

Principles

Vibration

Structural

Material

Working

Structural

Reduction

Example

n14

Design

Experiment

Reduce Noise

Optimization

Environment

Design

Design

Name

Standard

Principles
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Universe of

Condition Attributes C

Design

Discourse

Basic Design

Form of

Technical

Example

Goal d

Knowledge

Knowledge Knowledge

U

Information Knowledge

Principle

Knowledge

Type x1

Source x2

Domain x3

x4

x5

Knowledge x6

x7

Finite

Disassembly

Noise

Working

Structural

Example

n15

Element

Simulation

Design

Reduce Noise

Reduction Rule

Environment

Design

Name

Analysis

Principles

Structural

Disassembly

Noise

Working

Structural

Example

n16

Design

Experiment

Design

Reduce Noise

Reduction Rule

Environment

Design

Name

Standard

Principles

Energy

Material

Energy

Improve

Energy Saving

Structural

Efficiency

Example

n17

Selection

Efficiency

Simulation

Energy

Design

Design

Design

Name

Handbook Requirements

Efficiency

Principles

Energy

Energy

Material

Energy

Improve

Efficiency

Structural

Efficiency

Example

n18

Selection

Efficiency

Simulation

Energy

Improvement

Design

Design

Name

Handbook Requirements

Efficiency

Rule

Principles

Energy

Energy

Material

Energy

Improve

Efficiency

Structural

Efficiency

Example

n19

Selection

Efficiency

Simulation

Energy

Improvement

Design

Design

Name

Handbook Requirements

Efficiency

Rule

Principles

Industry

Strength

Reliability

Structural

Strength Design Example

Improve

n20

Technical

Experiment

Analysis

Requirements

Design

Principles

Name

Reliability

Standard

Strength

Industry

Reliability

Structural

Strength Design Example

Improve

n21

Optimization

Technical

Simulation

Requirements

Design

Principles

Name

Reliability

Rule

Standard

Strength

Finite

Reliability

Structural

Strength Design Example

Improve

n22

Optimization

Element

Graphics

Requirements

Design

Principles

Name

Reliability

Rule

Analysis

Ecological

User-

Improve

Friendliness

Environmental

Structural

Green Design

Example

n23

Oriented

Experiment

Ecological
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After establishing the automotive design decision table, to validate the effectiveness of the rough set-based rule generation method proposed in this paper within automotive design, a comparative analysis of the rules generated by the method proposed in reference [25] and the method proposed in this paper was conducted. 

Rule generation effectiveness is assessed using three indicators: rule coverage rate, rule accuracy rate, and the average number of attributes per rule. The rule coverage rate is shown in Eq. (12): Number of Records Satisfying Rule Antecedents

Cov(r) =

(12)

Total Number of Records

The rule accuracy rate is shown in Eq. (13):

Number of Records Satisfying Both Rule Antecedents and Consequents Acc(r) =

(13)

Number of Records Satisfying Antecedents

The average number of attributes per rule is shown in Eq. (14): Total Number of Attributes

 Average Number of Attributes per Rule =

(14)

Total Number of Rules
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(1) Method proposed in reference [25]

After attribute reduction, the method proposed in reference [25] successfully eliminated redundant attributes

{x4, x5, x7}. The set of automotive design rules generated is shown in Table 6. 

As shown in Table 6, there are a total of 11 rules in the set of automotive design rules, with a total of 20 attributes in the rule set. 

(2) Method proposed in this paper

In the automotive design decision information system S = U, A, V, f , the universe of discourse U =

{n1, n2, . . . , n25}, condition attribute set C = {x1, x2, . . . , x7}, and decision attribute d are given. Table 7

displays the initial values of the parameters for the improved ACO proposed in this paper. 

Table 6. Rules for automotive design generated by the method proposed in reference [25]

No. 

Rule Antecedents

Rule Consequents

1

Quality Requirements

Reduce Weight

2

Strength Requirements

Increase Strength

3

Disassembly Requirements

Shorten Disassembly Time

4

Usage Requirements

Improve Wear

5

Material Optimization, Material Selection Handbook, Working

Resistance

Environment, Disassembly Design Principles

6

Energy Efficiency Requirements

Improve Energy Efficiency

7

Reliability Requirements

Improve Reliability

8

Environmental Requirements

Improve Ecological

9

Ecological Friendliness Design, Working Environment, Energy Efficiency Friendliness

Design Principles

10

Noise Reduction Rule, Working Environment

Reduce Noise

11

Material Optimization, Structural Design Standards, Working Environment, Vibration Reduction Design Principles

Table 7. Initial values of parameters for the improved ACO proposed in this paper No. Parameter Name Parameter Value

Meaning of the Parameter

1

Rmin

∅

Set for storing reduction results

2

Lmin

0

Number of attributes in the reduction set

3

t

0

Initial number of iterations of the algorithm

4

k

0

Initial ant index

5

τij(t)

1

Initial pheromone concentration

6

ρ

0.2

Pheromone evaporation rate

7

α

1.2

Parameter controlling the relative importance of pheromone and

heuristic information

8

β

0.5

Parameter controlling the relative importance of pheromone and

heuristic information

9

T

200

Maximum number of iterations

10

Ant

11

Number of ants

After attribute reduction using the improved ACO, redundant attributes {x2, x4, x5, x7} and duplicate universe of discourse entries {n3, n4, n9, n19, n22, n24} were removed. The universe of discourse for the automotive design decision information system is updated to {n1, n2, n5, n6, n7, n8, n10, n11, n12, n13, n14, n15, n17, n18, n20, n21, n23}

and {n25}, the condition attribute set is C = {x1, x3, x6}, and the decision attribute is D. Subsequently, rules are generated based on classification consistency, covering all objects within the universe of discourse. The set of automotive design rules is shown in Table 8. 

As shown in Table 8, there are a total of 11 rules in the set of automotive design rules, with a total of 17 attributes in the rule set. 

In summary, the algorithm proposed in this paper removed 4 redundant attributes {x2, x4, x5, x7}, generated 11

rules, and the rule set contains 17 attributes, with both the rule coverage rate and rule accuracy rate reaching 100%, and the average number of attributes per rule being 1.55. In comparison, the method proposed in reference [25]

removed 3 redundant attributes {x4, x5, x7}, generated 11 rules, and the rule set contains 20 attributes, with the rule coverage rate and rule accuracy rate also at 100%, but the average number of attributes per rule is higher, at 1.82. 

21

Therefore, the algorithm proposed in this paper has certain advantages over the method proposed in reference [25], 

as it demonstrates more efficient redundancy identification and removal capabilities, thereby generating more concise rules. 

Table 8. Set of automotive design rules generated by the proposed method No. 

Rule Antecedents

Rule Consequents

Quality Requirements

Reduce Weight

2

Strength Requirements

Increase Strength

3

Disassembly Requirements

Shorten Disassembly Time

4

Usage Requirements

Improve Wear Resistance

5

Material Optimization, Working Environment, Disassembly Design

Improve Wear Resistance

Principles

6

Energy Efficiency Requirements

Improve Energy Efficiency

7

Reliability Requirements

Improve Reliability

8

Environmental Requirements

9

Ecological Friendliness Design, Working Environment

Improve Ecological

Friendliness

10

Material Optimization, Working Environment, Vibration Reduction Design Principles

11

Noise Reduction Rule, Working Environment

Reduce Noise

5 Conclusions

This paper proposed a rough set-based rule generation method and validated the proposed attribute reduction method using public datasets, as well as tested the performance of the rule generation method in an automotive design example. The results show that the proposed attribute reduction method outperforms the other four methods in three evaluation metrics: the number of attributes after reduction, attribute reduction rate, and runtime. The rule generation method is assessed using three evaluation metrics—rule coverage rate, rule accuracy rate, and the average number of attributes per rule, showing more efficient redundancy identification and removal capabilities, thereby generating more concise rules. Considering that the ACO may not perform well with complex attribute relationships, future work could consider incorporating other heuristic algorithms or deep learning technologies to enhance the effect of attribute reduction and generate even more concise rules. 
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Abstract: Limitations inherent in conventional rule generation methodologies, particularly concerning knowledge
redundancy and efficiency in product design, are addressed through the adoption of a rough set-based approach in this
study. An enhancement to the Ant Colony Optimization (ACO) algorithm’s information gain ratio is introduced by
integrating a redundancy detection mechanism, which notably accelerates the convergence process. Furthermore, the
application of a classification consistency algorithm effectively minimizes the number of attributes, facilitating the
extraction of potential associative rules. Comparative validation performed on a public dataset demonstrates that the
proposed attribute reduction approach surpasses existing methods in terms of attribute count reduction, reduction
rate, and execution time. When applied to an automotive design case study, the approach yields rules with 100%
coverage and accuracy, characterized by a reduced average number of attributes per rule. These findings underscore
the superiority of the rough set-based methodology in generating product design rules, providing a robust framework
that enhances both the precision and applicability of the design process.

Keywords: Rough sets; Rule generation; Product design; Ant Colony Optimization (ACO); Attribute reduction
1 Introduction

In today’s competitive market environment, the success of product design is directly related to a company’s
competitiveness [1]. However, the problems faced in the product design process are increasingly complex, and
designers often face challenges such as information overload [2], knowledge fragmentation [3], and decision-making
uncertainty [4]. Designers need to make efficient and precise decisions amidst this complexity [5] to meet market
demands and maintain competitiveness. In this context, rule generation methods have emerged, allowing designers
to discover hidden patterns and associations from design data [6]. generate clear design rules, and provide a more
comprehensive and scientific basis for decision-making, enabling better handling of complex challenges in the product
design process.

Currently, the mainstream rule generation methods include association rule mining [7], neural networks [8], and
rough sets [9]. Association rule mining algorithm is the most commonly used rule mining method, often used to
discover associations in datasets, with the basic idea of analyzing the associations between item sets in the dataset to
find frequent item sets and generate association rules. Wang et al. [10] analyzed the attractiveness factors of product
shape features and user satisfaction, using a fuzzy weighted association rule mining method to extract frequent fuzzy
weighted association rules from a large historical design database. Zhang et al. [11] proposed a multi-dimensional
and multi-objective discrete firefly algorithm, extracting association rules from a large historical design database
related to prototype design. Lin et al. [12] used the FP-growth association rule algorithm to mine patterns from the
data of the magnetic tile production process, assisting technicians in selecting appropriate process parameters, thus
optimizing the production process and improving product quality. Cao [13] from Shandong University applied the
Apriori algorithm to operation-level data, mining the association between machining benchmark selection principles,
machining methods, and technical requirements, using the discovery of process decision-making rules for shaft-type
parts as an example to illustrate the main process of association rule mining. The rule generation method using neural
networks generates rules by analyzing aspects such as connection weights, activation function thresholds, and hidden
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