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Abstract

Knowledge discovery constitutes a vital component in building intelligent CAPP systems,
and the effective discovery of process knowledge has become a prominent research focus
within intelligent manufacturing. Process decision knowledge is a type of knowledge that
reflects the relations between process data items, represented in the form of production rules.
However, PDK discovery faces low accuracy challenges from complex high-dimensional
manufacturing data and implicit experience-dependent process decisions. This paper pro-
posed a PDK mining framework that combines knowledge constraint and the water wave
optimization algorithm. This approach formulated prior knowledge mathematically using
an association discriminant matrix and embedded this representation into the knowledge
mining model, thus equipping the algorithmic framework with the ability to discover PDK
accurately. The WWO is utilized to search within the sample space for combinations of
process data items that constitute valid knowledge. In contrast to traditional association
rule mining algorithms that lack accuracy and template-based methods that are inherently
rigid, the proposed approach provides a robust solution by achieving over 90% correctness
in PDK mining. It also serves as a demonstration and offers insights for mining similar
rule-based knowledge in other fields.

Keywords: machining process planning; knowledge discovery; knowledge constraint;
association rule mining; water wave optimization

1. Introduction
1.1. Background

Computer-Aided Process Planning (CAPP) systems are expert systems that facilitate
the process planning of products or components through technologies such as numerical
computation, logical judgment, and reasoning [1]. They effectively assist process planners
in completing process planning while ensuring product quality. In recent years, traditional
CAPP systems (e.g., variant and generative types) have been evolving towards intelligent
CAPP systems driven and enabled by artificial intelligence (AI) technologies [2–4]. By
integrating technologies such as machine learning, fuzzy analysis and modern optimiza-
tion algorithms, intelligent CAPP systems possess capabilities for adaptive knowledge
acquisition, intelligent knowledge delivery and reasoning, as illustrated in Figure 1. Cur-
rently, practical and mature intelligent CAPP systems are still scarce in the manufacturing
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field, and related technologies remain largely in the stage of theoretical exploration and
validation [3–5]. In intelligent CAPP systems, the knowledge discovery module serves
as a critical component. It is responsible for the continuous and automatic discovery and
extraction of process knowledge from the production environment, as well as the timely
updating of the process knowledge base [6]. Nevertheless, due to factors such as the het-
erogeneity of data sources, and the broad scope of knowledge content, the implementation
of the knowledge discovery module faces numerous technical challenges, significantly
constraining its efficiency and accuracy [7]. Knowledge discovery remains one of the major
technical bottlenecks in constructing intelligent CAPP systems [8]. Therefore, in-depth
research on process knowledge discovery is of great significance for the realization and
development of intelligent CAPP systems.

Figure 1. The architecture of intelligent CAPP.

Process decision knowledge (PDK) is a commonly used type of process knowledge.
It reflects relations among process information data items and is typically represented in
the form of production rules [9]. This category of knowledge is highly reusable and can
assist process planners in making decisions such as tooling selection, process parameter
selection, and machining method selection, thereby facilitating the process planning [10].
Process planning documents are the carriers of process routes and operational methods
for products or components. They are central to production planning, organization, and
control, and are crucial for ensuring product quality [11]. In manufacturing activities,
countless process planning documents are accumulated, which are then used to assist
process planning for new parts. These documents carry data related to component parts,
machining methods, equipment, cutters and other process details. Within these data, rich
PDK applied in process planning is contained [12]. PDK discovery from process planning
document data is an effective approach for manufacturing enterprises to automatically
acquire and accumulate knowledge resources, and it has become one of the research
hotspots in knowledge discovery within the field of intelligent manufacturing.

In order to address the issue of low-accuracy knowledge discovery associated with
traditional association rule mining, this paper proposes a PDK mining method that inte-
grates knowledge constraint with the water wave optimization (WWO) algorithm for the
purpose of achieving effective process knowledge discovery in intelligent CAPP systems.
The method incorporates prior knowledge from the process domain by establishing a
matrix that describes the pairwise semantic relations among process data items. Based on
this matrix, a fitness function is designed to identify whether a rule-based combination
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of data items can constitute correct PDK. Leveraging the distribution characteristics of
PDK within the discrete process data spaces, water wave operators and a corresponding
algorithm for combinatorial search are established. With the propagation of water waves
driving the algorithm, PDK is searched and extracted from the sample space. During this
process, combinations of data items whose fitness values exceed a predefined threshold are
retained as the final results of PDK mining.

1.2. Related Work
1.2.1. Association Discrimination in Association Rule Mining for Knowledge Discovery

The PDK mining falls within the domain of rule-based knowledge discovery [13].
Knowledge discovery based on association rule mining is the process of extracting mean-
ingful or application-oriented rules from structured data (e.g., two-dimensional tables) or
unstructured data (e.g., text, images). This is a combinatorial search problem over discrete
data items [14,15]. Common association rule mining methods include recursive search,
heuristic search, and instance-based learning [16]. The mining models of these methods
primarily consist of two key elements: (1) association discrimination metrics, and (2) search
strategies for rule-form data item combinations. Association discrimination metrics are
parameters that measure the correctness of knowledge. They are used to determine whether
a rule-form data item combination can be served as valid knowledge, and directly influence
the quality of mining results.

Support and confidence are typical association discrimination metrics that reflect the
statistical level of rules in data samples. Rules with high statistical levels are defined as
strong association rules [16]. Classical association rule mining algorithms, such as Apriori,
FP-Growth, and Eclat [17–19], utilize support and confidence as the basis for strong rule
mining. Kamsu-Foguem et al. [20] developed a rule mining method based on the metrics
of support and confidence. It analyzed data from machine tool maintenance processes to
mine rule-form decision knowledge for guiding inspectors in equipment fault diagnosis.
However, the study did not specify the number or proportion of correct knowledge in the
mining results, and the impact of the two metrics on the quality of knowledge mining
were not further analyzed. Garcia et al. [21] argued that domain knowledge possesses
inherent logic and features for a particular discipline. They maintain that relying solely
on support and confidence to judge whether data items constitute domain knowledge can
retain statistically significant but irrelevant items, resulting in a large number of invalid
domain knowledge. Therefore, association discrimination metrics based on engineers’ de-
mand information were established, and a user demand-oriented rule mining method was
proposed to reduce the generation of invalid rules. In this approach, Knowledge Cohesion
(KC), the association metric, was used to assess rule validity from two perspectives: design
purpose and user demands. On petroleum processing data, the method outperformed the
Apriori benchmark, demonstrating that explicit demand integration in the association met-
ric can yield more valid rules. Chemchem et al. [22] proposed a rule mining method based
on cluster analysis to mine the decision rules of the transportation domain. By analyzing
the characteristics of decision rules in this domain, a computational model based on word
vectors to quantify the similarity between pairs of rule contents was constructed. Driven
by an improved hybrid K-means and K-NN clustering algorithm, the method started with
commonly used decision rules in business and recursively derived more useful rules in the
decision rule space through backward reasoning. Simulation experiments validated the
mined rules, demonstrating their effectiveness in addressing decision-making problems
such as route planning, transport mode selection, and vehicle scheduling.

In conclusion, association discrimination metrics based on statistical levels are inade-
quate for determining whether different data items can constitute the content of domain
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knowledge in rule form, and they fail to ensure the correctness of the mined knowledge.
Therefore, for PDK mining, it is essential to fully incorporate the characteristics of the
mining target when constructing association discrimination metrics.

1.2.2. Combinatorial Search Strategy for Rule-Based Knowledge Mining

Combinatorial search strategies for rule-form data item combinations refer to the
methods for generating such combinations during mining, used to explore individuals
in discrete data spaces that meet the threshold conditions of association discrimination
metrics. These strategies reflect the mechanisms for expanding the state space or problem
space by the mining algorithm [23]. The design of search strategies should align with the
features of the problem model, as they directly impact the operational efficiency of the
mining algorithm and the amount of knowledge in the mining results. He et al. [24] pointed
out that traditional association rule mining algorithms suffer from low efficiency and high
memory usage when applied to large-scale rule mining. In the proposed method, the search
process can be guided toward the mining target by incorporating certain constraints of the
problem into the control information of search paths. Studies on heuristic-based rule mining
have demonstrated that incorporating heuristic search strategies alleviates the burden in
computing association discrimination, and this can effectively decrease algorithm runtime
and improve mining efficiency. Chen L et al. [25] proposed a rule mining method based
on reinforcement learning, which leverages the adaptive characteristics of reinforcement
learning to construct search strategies for rules through interactive trial and error with data
samples. This strategy recursively generates rules that meet threshold conditions in the
sample space. However, when the data sample size is large, the state space of reinforcement
learning expands. This may increase the difficulty of learning rule search strategies and
affects the performance of the mining algorithm.

Currently, rule-based knowledge mining has achieved certain research results in the
manufacturing field, primarily focused on fault diagnosis and production scheduling [26–28],
but rarely in process planning. Schuh et al. [29] proposed a PDK mining method based on
decision trees (DT-PDKM). This method employs information gain to construct a decision
tree from historical process planning data. This information tree encapsulates rule-form PDK
in an intuitive, easily understandable and interpretable manner. In this method, association
discrimination metric was established based on the information gain for rules. A process
planning feature that exhibits higher information gain is assigned greater weight in the
decision-making process, and corresponding data instances are thus preferentially selected
as components of decision rules [30]. The method computes information gain based on
the entropy of features (the proportion of each feature instance in the data sample), which
essentially belongs to probabilistic analysis for knowledge discovery. Consequently, during
the mining process, irrelevant features may be retained as nodes in the decision tree, leading to
inaccurate process rules and affecting the correct application of the decision tree in subsequent
process planning. Moreover, decision tree-based mining algorithms partition data samples
in detail according to each feature, leading to a risk of overfitting in the knowledge mining
model. A key limitation is the poor generalization ability of decision tree-based models. This
is particularly evident when mining process data from different products, which severely
hinders its broad applicability [31]. Additionally, the method employed a greedy algorithm to
search for feature instances. This search strategy considers only the feature with the optimal
gain value at the time of adding tree nodes and ignores potential feature combination effects.
As a result, the algorithm tends to converge to local optima during combinatorial search, and
the resulting decision tree structure fails to fully exploit other potentially relevant features in
the sample space. This thus limits its utility in process planning. In the context of PDK, a wide
range of aspects are encompassed, including materials, heat treatment, cutting parameters,
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cutters, machine tools, and fixtures. These elements are interconnected and influence each
other, possessing inherent structure and logic [32].

Water wave optimization (WWO) is a novel nature-inspired heuristic algorithm based
on shallow water wave theory, primarily designed to solve optimization problems in
continuous numerical spaces [33,34]. Recent studies have confirmed that WWO effectively
addresses discrete optimization problems, outperforming general heuristics like GA and
PSO in applications such as workshop scheduling [35] and path planning [36]. This strength
of WWO is largely attributed to WWO’s distinctive search mechanisms, including wave
propagation and refraction. These mechanisms facilitate comprehensive exploration of
the search space while mitigating the risk of local optima entrapment, enabling WWO to
be well-adapted for complex discrete combinatorial searches. Consequently, it presents a
promising new approach for PDK mining.

In conclusion, discrimination metrics and search strategies are both the key to effec-
tively achieve knowledge discovery. Therefore, this paper proposes a novel knowledge
mining framework designed for PDK mining, comprising an association discrimination
model and a rule search strategy.

1.2.3. Knowledge Constraint to Inform Domain Knowledge Discovery

A common limitation of generic data-driven models is their failure to leverage accu-
mulated prior information or domain knowledge, leading to a lack of domain’s operational
“common sense”. In knowledge discovery, the lack of domain knowledge can cause mod-
els to yield unreasonable outcomes. To address this issue, the approaches integrating
domain knowledge to guide the knowledge discovery were put forward, which are also
known as knowledge-driven paradigms. It transforms prior knowledge into structured
representations (e.g., vectors, matrices, equations) and integrates them into the learning
framework [37]. This is achieved by converting high-dimensional, discrete knowledge into
a low-dimensional vector space, which in turn offers a computable representation that
constrains and informs the algorithm, enabling efficient domain knowledge discovery [38].

Currently, knowledge-driven techniques have been widely adopted in neural network-
based knowledge discovery. Depending on how the knowledge drives the knowledge
discovery process, these approaches are commonly grouped into soft constraints and
hard constraints. Physics-Informed Neural Networks (PINNs) represent a typical form
of knowledge-driven modeling under soft constraints [39]. A defining feature of PINNs
is the composite loss function, where the prediction error is augmented with a physics-
constrained regularization term derived from governing equations, in contrast to conven-
tional neural networks [40]. This explicitly embeds domain knowledge as prior information
into the learning process. During the learning process, PINNs simultaneously optimize
both data error and physical consistency error, ensuring that the network outputs not
only fit the training data but also adhere to physical laws in an average sense. This im-
proves model accuracy and reliability, and better supports expert decision-making [41].
By integrating physics, PINNs retains high predictive accuracy with sparse data, and can
effectively reveal the underlying physical mechanisms or novel patterns in the data sample.

However, due to the limitations of penalty-based methods, the inclusion of regulariza-
tion terms into the loss function does not ensure that the model’s predictions strictly satisfy
physical constraints at every sample data point [42]. To further improve the generalization
of the model, Mohan et al. [43] proposed a hard-constrained embedding approach using
convolutional neural networks (CNNs) in 2020. In this method, a physics-embedded de-
coder was developed as the core mechanism. It enables the network to predict unlabeled
intermediate variables and maps them to the final physically consistent output through
CNN kernels that encode differential operators. Similarly, Chen et al. [44] developed a
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deep learning model based on hard-constrained knowledge embedding. In the approach,
domain knowledge (e.g., governing equations) is discretized into projection matrices, and
a physics-consistent value space for predictions is constructed. This allows unlabeled coor-
dinate data and domain knowledge to jointly inform model learning. Experimental results
indicate that the proposed physics-informed HCP model outperforms fully connected
networks and soft-constrained models in terms of learning efficiency, predictive accuracy
and robustness to observation noise.

Collectively, these studies demonstrate that integrating domain knowledge into ma-
chine learning models improves both robustness and prediction accuracy. Over the decades,
a substantial degree of a priori knowledge has been accumulated in the domain of process
planning. However, such knowledge remains underutilized for PDK mining. Therefore,
integrating such prior information to construct a priori knowledge-informed machine
learning models can effectively enable the discovery of PDK and support the development
of intelligent CAPP systems.

2. PDK Mining Problem and Method Framework
2.1. Process Decision Knowledge Mining Problem
2.1.1. Fundamental Concepts

Semantics refers to the specific meaning or interpretation assigned to data within a
domain. Knowledge incorporates the semantic information of data. Semantic relations
within data reflect the intrinsic connections in domain knowledge. To define the semantic
elements involved in the PDK mining problem, the concept of process features is given.
A process feature is an attribute used to describe and distinguish different process plans.
It comprises a set of instances that share the same functional behavior. For example,
machining method is one process feature, and its instance set includes rough turning,
semi-finish turning, finish turning and so on. A process plan can be described by multiple
process features, and each process feature is instantiated by multiple values. Common
process features and their instance values in process planning are listed in Table 1. Process
features embody the semantics of process data items, while process data items are instance
values of process features.

Table 1. Common process features and their instances.

Process Property Instances

Manufacturing Feature Through Holes, Grooves, Planar Surfaces, End Faces, etc.

Machining Method Rough Turning, Semi-Finish Turning, Finish Turning,
Rough Boring, Finish Boring, etc.

Machine Tool Equipment C336-1, C368L, C385L, C512A, etc.

Measuring Tool Internal Micrometers, Cylindrical Plug Gauges, Vernier
Calipers, etc.

Fixture Self-Centering Chucks, Mandrels, Centers, etc.
. . .. . . . . .. . .

PDK represents the summarization and refinement of practical production experience
by process planners. It is composed of process data items, their semantics, and the relations
among these data items, typically represented in the form of production rules. It can be
defined as follows:

i f
{

yxi : xi . . . yxo : xo . . . yxp : xp

}
then

{
yxj : xj . . . yxm : xm . . . yxn : xn

}
, i, o, p, j, m, n ∈ N+ (1)
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where i f
{

yxi : xi . . . yxo : xo . . . yxp : xp

}
and then

{
yxj : xj . . . yxm : xm . . . yxn : xn

}
represent

the condition part (rule antecedents) and the result part (rule consequents) of PDK, respec-
tively. Both are composed of multiple indivisible, distinct data units with independent
semantics. In Equation (1), xi denotes a process data item within the condition part, and yxi

is the semantic label of xi, describing the specific meaning of this data item in the domain
of process planning. For example, a piece of PDK—“YT15 carbide cutter can be used for
rough turning of 45-steel component parts”—can be expressed according to Equation (1)
as follows: If {Machining Method: Rough Turning, Material: 45 Steel} Then {Tool Type:
Carbide Tool, Tool Grade: YT15}.

In traditional association rule mining, the focus is on probability-based association
rules that capture dependencies among data items. Specifically, these rules express the
likelihood of antecedents occurring when their consequents are present. However, such
probabilistic associations do not sufficiently indicate whether an underlying relation exists
among the data items, and further validation through practical application for rules is
required. As time and space change, the statistical significance of such rules is subject to
variation, and correspondingly the associative relations among data items may also shift.

Different from the association rules in these studies, as a kind of rule-based knowledge,
PDK has been validated through extensive practical application. It embodies intrinsic
semantic logic and reflects inherent relations among data items. Such relations are pre-
existing and do not change with variations in the objective environment. If the semantics
of multiple data items are not related, these data items cannot constitute a correct piece of
PDK, which cannot be applied in process planning. For example, in the context of PDK
for machining method selection, the selection of machining method is primarily related
to machining features, economic accuracy, workpiece material, and surface roughness.
Therefore, PDK for machining method selection is mainly composed of process data items
from these process features.

2.1.2. The Model of the Process Decision Mining Problem

A process plan is the product of a planning process guided by PDK, subsequently
recorded in process planning documents. A process plan consists of multiple operations,
and each operation comprises several steps. The data samples for PDK mining include
data from multiple process planning documents and can be defined as follows:

D = {p1, p2 . . . pi . . . pn} , n ∈ N+ (2)

where D denotes the data sample, and pn denotes the data from the n-th process document,
which can be defined as follows:

pi =
{

o1, o2 . . . oj . . . om
}

, m ∈ N+ (3)

where oj denotes the data of the j-th operation and can be defined as follows:

oj = {s1, s2 . . . sh . . . sk} , k ∈ N+ (4)

where sh denotes the data of the h-th step.
In this paper, only table data (textual and numerical process data) in process plan-

ning documents is considered, excluding graphical representations such as 2D operation
drawings. The information model of process plan is illustrated in Figure 2. The objective of
PDK mining is to extract a series of logically related process data items from data samples,
organize them into ordered combinations, and form PDK as defined in Equation (1). The
problem model is presented in Figure 3. In this paper, key metrics to evaluate the method
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include the quantity of correct rules extracted, the accuracy rate of the results, and the
speed of knowledge accumulation during the mining process. This study aims to develop
an automated method for PDK discovery, with the purpose of improving both the accuracy
and the quantity of correct knowledge extracted, and thereby accelerating knowledge
accumulation. This provides CAPP systems with the key capability to directly capture
correct PDK from historical process planning documents.

Data Sample

-Part Category

-Part Involved

-Number of Process 
Documents Involved

Machining Operation

-Operation Number

-Operation Name

-Machine Tool

-Fixture

-Process Drawing

-Operation Step 

Operation Step

-Step Number

-Operation Step Name

-Operation Step Text

-Measuring Tool

-Cutter

-Cut Depth

-Feed Rate

-Cutting Speed 

-Spindle Speed

Process Plan

-Part Name

-Operation 

-Part Type

[1:n]

[1:n]

[1:n]

 

Figure 2. Information Model of Process Plan.

Figure 3. Illustration of the Problem Modeling.

2.2. The Framework of the Proposed Approach

In this paper, PDK mining framework comprises two main components: data sample
construction and knowledge mining, as illustrated in Figure 4. The data sample construction
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involves technologies such as OCR and named entity recognition (NER) to transform
diverse process planning document data into structured data samples in tabular format for
subsequent knowledge mining. The knowledge mining primarily includes prior knowledge
constraint and the modeling of a mining algorithm based on the WWO, aiming to discover
rule-based knowledge from data sample.

 

Figure 4. Framework of the method.

(1) Data sample construction

Knowledge mining focuses on process planning document data stored in databases.
As the primary carriers of process data, process planning documents are commonly stored
in various formats within manufacturing enterprise databases, including electronic files and
data stored in two-dimensional table. This diversity in data formats presents challenges
for data processing in PDK mining. To address data heterogeneity, conversion into a
structured format is required, which improves data readability and usability, thereby
facilitating subsequent analysis using the mining algorithm. The process for structuring
raw documents is illustrated in Figure 4.

Process planning documents consist of multiple operation cards, which record detailed
information about each operation in tabular form, as illustrated in Figure 5. To facilitate
computer processing, Optical Character Recognition (OCR) technology is employed to
identify and extract information from these operation cards into a database. The data pro-
cessed by OCR still contains unstructured process information, including natural language
descriptions of process steps. To address this, named entity recognition (NER) technology
is applied to perform word segmentation and entity type labeling on the natural language
text. Following this step, a structured data sample is fully constructed. This structured data
is stored in two-dimensional data tables and serves as the data sample for PDK mining, as
is illustrated in Figure 6.

Through the structuring process, process planning document data can be transformed
into samples composed of data items and their corresponding labels, which are stored in
two-dimensional tables. The fully structured data samples can be further represented as a
transaction database, defined as follows:

T = {t1, t2, . . . ., tm}, m ∈ N+ (5)
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where t denotes a transaction in the data sample stored in the two-dimensional table. Each
transaction corresponds to a record that contains the data content of a process step along
with its associated operation. Each record consists of fundamental data units—process
data items—where each data item has been entity-labeled and assigned domain-specific
semantic meaning, as illustrated in Figure 5.

 
Figure 5. Process Data Sample Construction.

Figure 6. Illustration of Process Planning Documents Data Structuring.

(2) Knowledge mining

In knowledge mining, the prior knowledge of process planners is formalized as a
matrix. According to the characteristics of PDK, a fitness function for data association
discrimination is defined based on this matrix. Following this, a PDK mining model is
developed based on WWO, including the design of propagation, refraction, and breaking
operators, the encoding scheme for the algorithm population, and the termination criteria,
as depicted in Figure 4. The knowledge mining algorithm is illustrated in Figure 7.
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Have the iteration termination 
conditions been met?

Output individuals whose fitness 
values are greater than or equal 
to the minimum fitness value.

End

Have all water waves 
completed propagation?

Generate the initial population randomly 
according to the coding rules.

An unselected water wave from previous 
iterations is selected for propagation.

Perform the breaking wave operation 
on the current optimal individual.

Perform refraction by crossing the current 
water wave with the optimal individual.

Update the wavelengths of all water waves and 
record individuals that meet the threshold 

conditions throughout the process.

Is the water wave height 0？

Y

Y

N

N

N

Y

Reduce the height of the water wave by 1' *( ) ( )F X F X>

N

Y'( ) ( )F X F X>

Y

N

Start

Decode individuals in the set 
sequentially, and express them as 

process decision knowledge 
based on production rules.

 

Figure 7. Algorithm flow of PDK mining.

3. The Design and Implementation of Knowledge Constraint with WWO
for PDK Mining

The data sample defined by Equation (5) consists of process data items and their
corresponding semantics. This study aims to discover semantically related data items and
further construct PDK from data samples. Knowledge constraint models the semantic
relations among knowledge elements, providing informative representations for subse-
quent knowledge discovery. In this paper, to fully leverage the semantic information in the
data sample, the prior knowledge of process planners is embedded into the knowledge
mining algorithm. It should be noted that prior knowledge refers to existing knowledge
available before tackling a task or problem, which can be utilized to support or accelerate
the learning and reasoning processes of algorithms.

3.1. Knowledge Constraint-Based Association Discrimination Model

In the context of PDK, semantic association captures the interconnections or relations
among process data items at the semantic level [21]. It is a critical factor to consider for
PDK mining. In this paper, information describing the semantic relations between process
data items is used as prior knowledge for building a function to determine whether the
rule-form combinations represent valid PDK. To effectively embed prior process knowledge
into WWO, it is necessary to quantify the semantic associations among process data items
and establish a mathematical model of the knowledge.

3.1.1. Representation of Prior Knowledge

The semantic association between pairwise process data items is defined as follows:
during process planning, if the process element to which data item x1 belongs serves as
one of the rule antecedents for determining the instance value of the process element to
which data item x2 belongs, a semantic association is considered to exist between data item
x1 and data item x2. This relation can be defined as follows:

yx1 → yx2 , x1, x2 ∈ T (6)
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where yx1 and yx2 denote the semantic labels of process data items x1 and x2, respectively,
and T denotes the process data sample. When a semantic association exists, x1 must belong
to the rule antecedents of PDK, while x2 belongs to the rule consequents. For example,
when process planners select machining methods, machining features serve as one of the
determining factors. Therefore, “machining method” and “machining feature” are correlated
according to Equation (6). In this case, data related to “machining method” belong to the
consequents of the machining method selection rule, while data related to “machining
feature” belong to the rule antecedents.

Based on Equation (6), the semantic association degree between pairwise process data
items is defined as follows:

SRx1x2 =

1 , yx1 → yx2

0 , otherwise
(7)

where SRx1x2 denotes the degree of semantic association between process data items x1 and
x2. During process planning, if a semantic association exists between process data items x1

and x2, their semantic association degree is defined as 1; otherwise, it is defined as 0. Under
certain conditions, the semantic association degree between process data items of the same
type is set as 0.

Based on Equation (6), the prior knowledge to be embedded can be represented as a
semantic association matrix. The construction steps are as follows:

Step 1: Enumerate the semantic labels contained in the prior knowledge.
Step 2: Initialize a matrix where the rows and columns are respectively headed by these
semantic labels.
Step 3: Commencing from the first row, traverse each element sequentially from left to
right. If the semantic corresponding to the element’s row is associated with the semantic
corresponding to its column according to Equation (6), assign the element a value of 1;
otherwise, assign it 0.
Step 4: Repeat this process until all elements of the matrix have been traversed.

Through the above construction process, the prior knowledge to embed is represented
as a semantic association matrix as follows:

M =



R11 R12 · · · R1,n−1 R1n
...

. . .
...

...
...

...
...

. . . Rij
...

...
...

...
. . .

...
Rn1 Rn2 · · · · · · Rnn


n×n

(8)

where M represents the semantic association matrix to represent the prior knowledge, n
denotes the number of semantic labels involved in the prior knowledge, and Rij denotes the
association degree between the semantic corresponding to the i-th row and the semantic
corresponding to the j-th column. For example, given prior knowledge describing the
associative relations among “part material”, “machining feature”, “machining method” and
“cutter grade”, it can be constructed into semantic association matrix based on Equation (8),
as illustrated in Figure 8.
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Figure 8. Matrix-based representation of prior knowledge.

3.1.2. Construction of Fitness Function

Based on the semantic association matrix, a fitness function is designed to evaluate
the likelihood that a rule-form combination of process data items serves as valid PDK.
According to the characteristics of PDK, the following properties can be derived:

1⃝ PDK resides within process instances. In the transaction database defined by
Equation (5), for a set of data items to constitute valid PDK, the frequency of their
joint occurrence in process instances must be non-zero.

2⃝ For each data item in the rule consequents, there must exist at least one semantically
associated data item within the rule antecedents.

3⃝ For a combination of process data items, the likelihood of it constituting valid PDK in-
creases with the number of semantically associated data items within the rule consequents.

Based on the above properties, the fitness function F is developed. According to
Property 1⃝, support metric is adopted for determining whether a data item combination
can serve as PDK. An indicator s is introduced, which is the support value of the data
item combination:

s = Sup(Rule) (9)

where Rule denotes a rule-form combination of process data items, and Sup(Rule) denotes
the support value of Rule in the data sample defined by Equation (5). When the support
value of Rule is zero, Rule cannot be retained as PDK, and its fitness value F is zero.

According to Property 2⃝, an indicator r is introduced, which is a 0–1 variable designed
for the association discrimination of Rule. If a data item in the consequent of Rule lacks a
semantic association with any other items within Rule, r is defined as 0. In this case, the
fitness value F of Rule is 0.

According to Property 3⃝, only when both s and r are not zero, the fitness function for
the rule-form combination is calculated as follows:

F(Rule) = Min(ln A,
1

ln A
)

Num(yxi→yxj )

∑
0

1

A× C + Num(yxm → yxn)
(10)

where Rule denotes a rule-form combination of process data items; A denotes the number
of data items in the rule antecedents; C denotes the number of data items in the rule
consequents; xi and xj denote data items in Rule; xm and xn denote data items in the

consequent of Rule; Num
(

yxi → yxj

)
denotes the number of semantic association relations

in Rule; and Num(yxm → yxn) denotes the number of semantic association relations in the
consequent of Rule, both determined based on the semantic association matrix.

In summary, provided a rule-form data item combination Rule, the calculation process
of its fitness value is as follows:

Step 1: Calculate the value of r for Rule based on the semantic association matrix.
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Step 2: If r= 0, assign F(Rule) = r, and proceed to Step 4. Otherwise, calculate the value of s
for Rule on the data sample.
Step 3: If s = 0, set F(Rule) = s. Otherwise, calculate F(Rule) according to Equation (10).
Step 4: The value of F(Rule) is obtained, and the calculation ends. The workflow is
illustrated in Figure 9.

End

Given a rule, calculate its r-
value on the association matrix.

F(Rule)=0

Y

N

N

Y

0?r=

Start

Compute the s-value of a 
rule on the data sample.

0?s=

Calculate F(Rule) according to 
Eq.10

 

Figure 9. Flow process of fitness calculation for individuals of Rule.

In conclusion, the development of the fitness function was primarily motivated by
two considerations as follows:

• Alignment with machining process planning requirements: The fitness function was
designed to directly measure the adaptability and validity of PDK in machining
processes. It reflects the domain logic consistency of PDK. This ensures that the PDK
mining process remains tightly aligned with the research objectives, enabling the
discovery of more accurate PDK to support subsequent machining process planning.

• Guidance for discrete search: The fitness function is specifically designed to score
candidate rules based on two key aspects: data-driven support (frequency) and
knowledge-constraint semantic validity. This dual-objective scoring provides a smooth
and informative fitness landscape, which effectively guides the algorithm to explore
neighborhoods containing high-quality PDK while avoiding regions dominated by
invalid rules.

3.2. Design of Operators and Realization of the Knowledge Mining Approach

Considering the characteristics of the PDK mining problem, an encoding scheme for
discrete data, algorithmic operators, and a workflow for PDK mining were developed in
this paper. To facilitate the definition and description of the algorithm model, the symbols
used in this section are listed in Table 2.

(1) Coding Scheme

The individuals processed by WWO are rule-form combinations of process data items.
According to the PDK model, the engineering constraint is that an instance of a specific
process element can appear only once in an individual during algorithm execution. A real-
number encoding scheme is adopted. The steps of encoding individuals during population
initialization are as follows:
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Step 1: Scan the process data sample T = {t1,t2,t3. . .. . .,tn} to establish the set of semantic
labels Y = {y1,y2. . ..ym}.
Step 2: Establish an empty set S. Sequentially add elements from set T with semantic labels
y1,y2. . ..ym. to S, and renumber the elements in S in the order of addition. Eventually,
S = {s1,s2,. . .sn} is obtained.
Step 3: Randomly generate k one-dimensional vectors of length l (l ≤ n) from set S. In
this vector, the first element denotes the index value that partitions the rule antecedents
from the consequents, while each remaining element denotes the index (within set T) of a
corresponding process data item. For example, the vector P = {4,2,4,5,3,6,7,8} represents the
rule “If {s2,s4,s5,s3} Then {s6,s7,s8}”, as shown in Figure 10.
Step 4: To satisfy the engineering constraint, a data elimination operation is performed on
each individual: the population is processed to eliminate semantic duplicates within each
individual by randomly retaining one instance per unique semantic label.

Table 2. Notation and basic symbols.

Symbols Notation

P Rule Encoding
x Process Data Items in a Rule
X Original Water Wave Individual
X′ Updated Water Wave Individual
X* Optimal Water Wave Individual from the Previous Generation Population
Y Set of Semantic Labels Included in the Data Sample
λ Original Wavelength of the Water Wave
λ′ Updated Wavelength of the Water Wave

λmax Maximum Wavelength of the Water Wave
i,j Index
k Number of Individuals in the Initial Population
ε A Minimal Positive Number
e Step Size for Neighborhood Search

round() Rounding Function
Length() Function that Returns the Bit Length of an Encoded Individual

N Number of Iterations
minF Threshold—Minimum Fitness Value

FN-1_max Global Optimum at Iteration N-1
FN_max Global Optimum at Iteration N

4 2 4 5 3 6 7 8

0 1 2 3 4 5 6 7Index:
 Rule Antecedent

Decoding

2 4 5 3 6 7 8{ , , , } { , , }If s s s s Then s s s

The partition index separating the rule 
antecedent from the consequent.

 Rule Consequent

Figure 10. Illustration of training dataset for TransD.

Based on this encoding scheme, the process data sample T is further mapped into a
rule space. This space consists of multiple rule-form combinations and serves as the search
space for the algorithm. The objective of the algorithm is to search for individuals with
higher fitness values from this rule space and extract them as the results of PDK mining.
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(2) Propagation Operator

In this paper, the propagation process of water waves over a seabed is simulated
by performing neighborhood searches on encoded individuals. A key parameter of the
propagation operator, the neighborhood step size e, is directly determined by the water
wavelength λ. This step size critically controls the search scope of the propagation operator.
In the method, a constraint is that neighborhood search step size e must be an integer, i.e.,
e = round(λ). Let the wavelength of each rule individual be defined as

λ = αλmax
( f (x)− f (x)min+ε)/( f (x)max− f (x)min+ε) (11)

where λ max = ∑k
l length(P)/3. If an individual’s fitness is the minimum in the current

generation, set its wavelength λ to a small positive constant ε(ε = 0.00001) to avoid division
by zero. After each iteration, update the wavelength λ for each individual in the population;
α is the attenuation coefficient of the water wave wavelength.

In this paper, neighborhood search aims to identify rules that are semantically similar
to a given rule. Semantically similar rules are characterized by similarities in the semantic
labels of their data items. Neighborhood-search-based propagation involves two types of
operations as follows:

1⃝ Neighborhood search within the same semantic scope: This operation modifies a
specific data item while ensuring that the semantic labels remain unchanged in the
rule individual.

2⃝ Cross-semantic neighborhood search: This operation adds a new data item to the rule
individual, whose semantic label differs from those of the existing data items.

Neighborhood search within the same semantic scope. A code position A is selected
randomly in individual X, where the digit at this position is i, corresponding to data item si.
The semantic label of this data item is yi. In set S, the set of instance values with semantic
label yi is Syi = {si−c, si−c+1, si−c+2, . . . si . . . , si+b−1, si+b,}. Based on the step size e, starting
from si, sequentially traverse e elements in the positive direction to obtain process data item
sj. During this process, if the end of set Syi is reached, the traversal wraps around to the
first element of the set and continues in positive order until e elements have been traversed.
Replace si with sj, as illustrated in Figure 11.

Figure 11. Illustration of the neighborhood search within the same semantic scope.

Cross-semantic neighborhood search. Let the set of semantic labels included in the
data sample be Y, and the set of semantic labels contained in X be YX(YX ⊆ Y). A code
position B is selected randomly in individual X, where the semantic label corresponding to
this position is yi. Through the set operation Y−YX + {yi}, set Y′ is obtained. In Y′, label
yj is obtained by traversing e elements based on the step size e forward from yi. An instance
value with label yj is randomly selected and inserted into code position B, as presented in
Figure 12.
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Figure 12. Illustration of the cross-semantic neighborhood search.

The complete propagation operation is as follows: A neighborhood search is per-
formed within the same semantic scope on water wave X to obtain a new water wave
individual X′. If F(X′) > F(X), replace the original water wave with the new one. If
F(X′) ≤ F(X), a cross-semantic neighborhood search is performed on the water wave to
obtain another new water wave X′′. If F(X′′) > F(X), replace the original water wave X with
X′′. Otherwise, retain the original water wave X.

(3) Refraction Operator

The refraction operation is performed on an individual when its water wave height is
0. It is achieved by performing a crossover operation between the current water wave indi-
vidual and the best individual in the current generation. Following this, the characteristics
of high-quality individuals can be inherited. In this paper, a two-point crossover method
was used for the refraction operation. Provided that two individuals F1 and F2 are crossed,
a crossover point C11 is randomly selected in the antecedents of F1, and another crossover
point C12 is randomly selected in the consequents of F1. Subsequently, crossover points
C21 and C22 are randomly selected in the antecedents and consequents of F2, respectively,
and the antecedents and consequents of F1 and F2 are divided into two segments, each by
C21 and C22. A new individual S1 is generated by recombining rules F1 and F2: the first
part of F1’s antecedents are concatenated with the second part of F2’s antecedents, and the
first part of F1’s consequents are concatenated with the second part of F2’s consequents.
Similarly, the remaining segments are spliced to generate another new individual S2. The
same operation is performed on F2. The crossover process is illustrated in Figure 13.
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Figure 13. Illustration of the crossover-induced refraction. Color legend: Light green squares
represent data items originally belonging to regular individual F1, while light red squares represent
data items originally belonging to regular individual F2.

After the crossover operation, the new individuals S1 and S2 may contain process data
items with duplicate semantics. To ensure that the new individuals satisfy the constraint,
a data elimination operation must be performed. Assume that in S1, the duplicated data
items involve semantic labels y1 and y2, where the instance values of y1 in S1 are a11 and
a12, and the instance values of y2 in S1 are a21 and a22. According to the constraint that only
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one instance value per semantic label is retained, the data elimination for S1 can yield four
possible individual candidates (as shown in Figure 14). The individual with the highest
fitness value among these individual candidates is retained as the final result of the data
elimination for S1.

5 a11 a12

0 1 2 3

a21

4 5

a22

6 7 8

S1
2y1y 2y

Data 
Exclusion

4 a11

0 1 2 3

a21

4 5 6

2y1y

4 a11

0 1 2 3 4 5

a22

6

2y1y

4 a12

0 1 2 3

a21

4 5 6

2y1y

4 a12

0 1 2 3 4 5

a22

6

2y1y

1yLabel

Index:

Label

Label

Label

Label

Index:

Index:

Index:

Index:

Candidate Set of Data Exclusion Results

Figure 14. Illustration of the data exclusion for rule individual.

Following refraction, the wave height of the new water wave individual is reset to the
maximum wave height hmax, and its wavelength λ is updated according to Equation (12).

λ′ = λ
F(X′)
F(X)

(12)

(4) Breaking Wave Operator

Following propagation operation, a breaking operation is performed when a water
wave individual reaches a position superior to the current optimal water wave individual.
This aims to conduct a local search around this individual to find a better candidate within
its neighborhood and propagate the water wave to a more favorable position.

In the breaking operation, m code positions are randomly selected and modified to
generate a new individual for mutation in a semantically consistent manner. If the fitness
values of all new water wave individuals are lower than that of the original water wave,
the original individual is retained; otherwise, the new individual is preserved for the next
generation. The modification of code positions by the breaking operator is consistent with
the neighborhood search operation in propagation operations.

(5) Termination Condition

During the initialization of the WWO algorithm for PDK mining, a minimum fitness
value minF must be set. A rule-form combination (water wave individual) is retained as
valid PDK only if its fitness value is greater than or equal to minF. This screening is applied
in each iteration. The iteration terminates when the fitness value of the optimal individual
stabilizes after the N-th iteration, as defined in Equation (13), or when the algorithm reaches
the predefined maximum number of iterations Nmax.

|FN_max − FN−1_max| ≤ 0.1 (13)

(6) Algorithm Flow

By constructing the water wave operators, each water wave individual is characterized
by three attributes: wavelength λ, wave height h, and position x in the sample space. The
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process of mining PDK is achieved through dynamic changes in these three attribute values.
The workflow is as follows:

Step 1: Initialization of WWO algorithm. An empty set R is established to store encoded
individuals that meet the threshold condition.
Step 2: An initial population is randomly generated according to the encoding scheme, and
the wavelength of each individual is recorded in the population.
Step 3: Propagation operation is performed on the population: a water wave x is randomly
selected from the initial population for propagation to obtain a new water wave x′. Then,
F(x′) is compared with F(x).
Step 4: If F(x′) ≤ F(x), the wave height h of water wave x is decreased by 1. If the wave
height h of x equals to zero, a refraction operation is performed: x undergoes crossover
with the optimal individual; otherwise, skip to Step 6.
Step 5: If F(x′) > F(x), F(x′) is compared with F(x*). If F(x′) > F(x*), a breaking operation is
performed on the current optimal individual.
Step 6: Upon completion of propagation by all water waves, the wavelengths of all
water waves are updated according to Equation (12); otherwise, return to Step 3. Water
wave individuals that meet the threshold condition are recorded and added to set R
during propagation.
Step 7: When the algorithm meets the termination condition, the water wave individuals
in set R are decoded.
Step 8: The decoded rules are represented as PDK based on Equation (1). The algorithm
ends. The pseudocode of workflow is presented in Table 3.

Table 3. Pseudocode of algorithm for mining knowledge.

Checkpoint Pseudocode

1
Initial parameters: The population size M, the maximum wavelength
λmax, the maximum wave height hmax, the attenuation coefficient α, and
the minimum fitness minF.

2 Initial an empty set R, and population D = {x1, x2, x3. . .. . .xm} based on
encoding scheme.

3 Evaluate all the individuals in D, and keep the individuals of rule
meeting the threshold condition in set R.

4 Knowledge(x):
5 Calculate F(x) based on Equation (10).
6 If F(x) ≥ minF, keep x in R.
7 While termination condition is not met:
8 Perform propagation on x, then x′ is generated.
9 Knowledge(x) and Knowledge(x′)
10 IF F(x) ≤ F (x*):
11 IF F (x) ≤ F (x′):
12 h← h − 1
13 IF h = 0:
14 Perform refraction on x*
15 Knowledge(x*)
16 ELSE:
17 Perform breaker on x′

18 Knowledge(x′)
19 If all the elements in D have been operated by propagation,
20 Update λ based on Equation (12)
21 End While
22 Return set R
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3.3. Quantitative Performance Measures

The effectiveness of the algorithm is evaluated from three aspects: the number of
correct rules, the accuracy rate, and the speed of knowledge accumulation during the
mining process. The definitions of the three evaluation metrics are defined as follows:

Metric 1: Number of Correct Rules—Ktotal (pcs).

This metric measures the quantity of correct PDK discovered by the algorithm. An
effective knowledge mining method should be capable of discovering a substantial amount
of usable PDK. This directly supports accurate process planning and reduces the risk of
erroneous process decisions for stable process quality. The Ktotal is defined as the number
of correct rules in the mining results.

Metric 2: Accuracy Rate in Mining Results—Acc (%).

This metric refers to the proportion of correct PDK in the mining results. It is a key
indicator for assessing the quality of PDK mining. Higher accuracy indicates more reliable
and usable rules and reflects stronger performance of the algorithm. This reliability in turn
minimizes the need for subsequent manual intervention to filter and rectify erroneous rules.
The accuracy rate Acc is defined as follows:

Acc =
Ktotal
Ntotal

× 100% (14)

where Ntotal denotes the total number of rule-form combinations in the mining results.

Metric 3: Knowledge Mining Speed—(Vk pcs/s).

This metric quantifies the rate at which correct rules are discovered and extracted per
unit of time during the mining process. It serves as an indicator of the knowledge mining
module’s core capability, determining how fast an intelligent CAPP system can accumulate
process knowledge in the production environment. The PDK mining speed Vk is defined
as follows:

Vk =
Ktotal
Ttotal

(15)

where Ttotal denotes the total runtime of the knowledge mining algorithm.
The three aforementioned metrics can be obtained by performing knowledge mining

on process data samples.

4. Case Study
The proposed method is validated using machining process data from housing, plate,

shaft and gear parts as case studies. The process planning documents required for the
experiments were sourced from a general parts manufacturing plant as shown in Figure 15.
A total of 52 machining process planning documents for four types of parts were collected
and organized. Using OCR technology and natural language processing methods, these
electronic process planning documents were processed and converted into machining
process data samples according to Equation (5), which are stored in two-dimensional tables,
as illustrated in Figure 5. The experimental data are organized into four categories:

• Shaft parts (527 records): Gear shafts, tappets, pin shafts, centrifugal shafts.
• Gear parts (513 records): Internal gear rings, planetary gears, couplings.
• Housing parts (535 records): Valve bodies, turbine housings, transmission cases.
• Plate parts (568 records): Positioning plates, spacer plates, plate molds.
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Figure 15. Instance of machining process planning documents.

These process data were utilized for five analytical objectives: (1) illustrating the
effectiveness of data pre-processing by the NER model; (2) validating the correctness of the
proposed approach; (2) optimizing the parameters of the PDK mining method; (3) bench-
marking the performance of the novel association model against existing alternatives;
(4) evaluating the comparative efficacy of the WWO search strategy compared to other
heuristic algorithms; and (5) demonstrating its superiority over existing mining approaches.

4.1. Illustration of Data Pre-Processing

The quality of data pre-processing is crucial to subsequent PDK mining. In this paper,
a CRF-BiLSTM (Conditional Random Field-Bidirectional Long Short-Term Memory) model
is used for NER (named entity recognition) tasks, which performs word segmentation and
semantic annotation on machining process texts described in natural language. Due to
space limitations in this paper, the training process and parameter optimization of the
CRF-BiLSTM model are not detailed. The optimized model parameters are presented as
follows: the number of hidden units in the BiLSTM layer is set to 256, and the learning rate
is 0.003. The accuracy, recall, and F1-score of the model on the datasets of four parts are
provided in Table 4.

Table 4. Evaluation metrics for NER task on four types of part datasets.

Part Type Accuracy Recall F1-Score

Shaft part 0.902 0.939 0.921
Gear part 0.901 0.932 0.913

Housing part 0.907 0.926 0.910
Plate part 0.915 0.928 0.919

As illustrated in Table 4, the employed CRF-BiLSTM model achieves outstanding
results, with all three evaluation metrics exceeding 0.9. This robust performance in NER
tasks ensures reliable pre-processing of text data, facilitating the construction of high-quality
structured data samples essential for accurate PDK mining.
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4.2. Validation of Method Correctness

Prior to conducting knowledge mining by the proposed method, the parameter settings
were as follows: initial wave height h0 = 6, initial wavelength λ0 = 14, initial population
size of 15, maximum iteration number of 100, and minimum fitness minF = 0.4.

In this paper, the correctness of PDK was assessed through a manual review. In this
process, experienced process planners or experts evaluated each piece of PDK, selecting
usable knowledge from the PDK candidates obtained using the algorithm. Following
manual screening, the validated PDK is archived in the process knowledge base for sub-
sequent process planning. Partial mining results are presented in Table 5. Taking the rule
“IF {Planetary Gear, Rough Turning, 40Cr, Cylindrical Surface} THEN {YT5, C620-1}” as an
example, this rule-form knowledge enables process planners to select appropriate tools and
machining methods when planning the machining process for planetary gears. Specifically,
for a planetary gear made of a 40Cr material, rough turning of the cylindrical surface can
be performed using carbide tool YT5 on a C620-1 horizontal lathe.

Table 5. Partial mining results of the algorithm.

ID Rule Antecedent Rule Consequent Correctness

1 {45 Steel, IT13, Ra12.5} {Rough Turning}
√

2 {20CrMnTi, End Face, Ra6.3, IT9} {Semi-Finish Turning, YT30 Cutter}
√

3 {Internal Gear Ring, End Face,
Rough Turning} {Self-Centering Chuck}

√

4 {Pin Shaft, 45 Steel, End Face,
Rough Turning} {YT5 Cutter}

√

5 {Planetary Gear, Rough Turning,
40Cr, Cylindrical Surface} {YT5 Cutter, Machine Tool C620-1}

√

6 {Tappet, Finish Turning, AL6061-T6} {<Parameter Set_12>,
CDW010 Cutter}

√

7 {Plate Hole, IT8, TC4, Curved Face,
YG820 Cutter }

{<Parameter Set_7>,Machine Tool
i5M8.5,Finish Turning }

√

8 {Housing part, 304L, Curved
Surface, Ra0.4} {<Parameter Set_3>}

√

Note: <Parameter Set_3>, <Parameter Set_7> and <Parameter Set_12> are process parameter sets. For example,
<Parameter Set_12> consists of cutting speed (v) = 60 m/min, feed rate (f) = 0.2 mm/r, and depth of cut (ap) = 2 mm.

The relation curves for maximum fitness FN_max values and metric Ktotal with respect
to iterations are presented in Figure 16. As illustrated in Figure 16a, with increasing itera-
tions, the fitness value of the optimal individual monotonically increases and eventually
converges toward a stable maximum. This demonstrates that the proposed method can
effectively search for near-optimal rule-form knowledge. As illustrated in Figure 16b, the
relation between the number of PDK obtained by the algorithm and the iterations reveals
the following trends: before a certain iteration, the fitness value of the globally optimal
individual searched by the algorithm was lower than the predefined minF, resulting in
a Ktotal value of zero. The appearance of individuals that meets the minimum fitness
threshold directs the neighborhood search toward promising regions in the sample space,
enabling the sequential discovery of further qualified individuals. This leads to a gradual
rise in the total count of discovered PDK as the algorithm iterates. At this stage, due to
the high diversity within the population and significant differences among individuals,
the algorithm generated diverse candidate rules through water wave operators, resulting
in a rapid increase in Ktotal value. Owing to the stochastic search of WWO, the algorithm
cannot evaluate all individuals in the sample space. Progressively, the unexplored search
space gradually contracts, and the amount of remaining undiscovered PDK decreases,
reducing the new PDK discovered per iteration. This results in a slow increase in the Ktotal
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metric, which eventually stabilizes. These results demonstrate that the proposed method
can effectively achieve PDK mining, verifying the correctness of the algorithm.

  
(a) (b) 

Figure 16. Curves of algorithm performance indicators: (a) best individual fitness value; (b) number
of extracted process knowledge.

Furthermore, a PDK mining module has been developed based on the proposed
method to facilitate automated knowledge accumulation. As presented in Figure 17a, this
module supports the construction and management of structured process data samples.
Figure 17b illustrates the function of PDK mining and the processing of knowledge mining
results. In this system, the refinement processing for mining results is performed in a
human-in-the-loop manner, where process planners manually verify each candidate rule,
filter out erroneous ones, and store the correct rules into a process knowledge base, as
presented in Figure 17b.

 
(a) 

 

 
(b) 

Figure 17. Development of the PDK mining module: (a) machining data sample construction interface;
(b) PDK mining interface.
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4.3. Analysis Based on Different Algorithm Parameters

The minimum fitness value minF, wavelength attenuation coefficient α, maximum
wavelength λmax, and maximum wave height hmax are the key parameters of the proposed
method. Proper configuration of these parameters directly influences the algorithm perfor-
mance. In this paper, a parameter sweep approach was conducted to optimize minF, while
grid search was employed for the combinatorial optimization of α, λmax, and hmax.

The fitness function and the minimum fitness value minF are core components of
the association discrimination model. They determine whether a rule-form data item
combination can be retained as PDK in the process of knowledge mining. The minF value
critically determines both the amount (Ktotal) and the proportion (Acc) of correct rules in
the mining result. Line charts depicting Ktotal and Acc of the algorithm under different
thresholds (minimum fitness minF) on various part data samples are provided in Figure 18.
As presented in Figure 18a, when minF ranges between 0.1 and 0.4, a larger number of
individuals in the sample space meet the threshold condition. Consequently, the algorithm
discovers a greater quantity of rule individuals and is more likely to mine more correct PDK.
However, due to the high Ntotal value in the mining results, the Acc value of the algorithm
is relatively low at this stage, as presented in Figure 18b. As the minF value gradually
increases, the number of individuals satisfying the threshold condition in the sample space
decreases, leading to a reduction in the total number of rule individuals discovered by the
algorithm. Correspondingly, the Acc value gradually increases. As minF increases to 0.4~0.7,
it begins to surpass the fitness values of certain correct PDK. These correct PDK that do not
meet the threshold condition are excluded by the algorithm, leading to a decline in the Ktotal.
However, because the fitness values of the retained rule individuals are no lower than those
of the excluded correct PDK, each retained rule is more likely to be correct. This results
in a higher proportion of correct PDK in mining results, and a continued upward trend
in the Acc value. When minF rises to 0.7~0.9, all rule individuals in the mining results are
correct PDK, and consequently, the Acc reaches 100%. Since fewer individuals in the sample
space meet the threshold condition, the Ktotal value remains relatively low. In conclusion, to
balance both Ktotal and Acc of the algorithm, it is appropriate to set minF within the range of
0.3~0.5. When minF is set to around 0.4, the Acc stabilizes at approximately 90%, and the
Ktotal value reaches 70~80.

  
(a) (b) 

Figure 18. Evaluation metrics under varying thresholds: (a) variation in Ktotal; (b) variation in Acc.

The wavelength attenuation coefficient α, maximum wavelength λmax, and maximum
wave height hmax collectively determine the propagation of water waves, such as wave
speed, propagation range, frequency, and amplitude. These parameters are key factors that
collectively influence the performance of WWO. For WWO, the algorithm may overlook
dense clusters of promising rules in the sample space based on a global search strategy,
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reducing the amount of correct PDK in the mining results. Conversely, when the algorithm
performs mainly based on a local search strategy, it can precisely discover individuals
meeting the threshold condition within a limited scope but tends to be trapped in local
optimum. This leads to insufficient diversity of PDK in the mining results.

Therefore, to balance the exploration capabilities of the algorithm in both global and
local spaces, the three parameters must be appropriately configured. In this paper, grid
search was employed to optimize the parameters, and the Ktotal values of the algorithm
under different parameter combinations are presented in Figure 19. Four values of λmax

were selected: P/5, P/4, P/3, and P/2. The attenuation coefficient α was tested in the
range of 0.1~0.6, and the maximum wave height hmax was varied within the range of 4~12.
As is illustrated in Figure 19b, the optimal configuration is that α = 0.2, λmax = P/3, and
hmax = 7. Under this configuration, the algorithm achieves the highest Ktotal value of 81,
demonstrating its ability to discover a substantial amount of PDK in the sample space.

  
(a) (b) 

 
(c) (d) 

  
(e) (f) 

Figure 19. Values of Ktotal across different algorithm parameter combinations. (a) Ktotal as a function
of hmax,λmax (α = 0.1); (b) Ktotal as a function of hmax,λmax (α = 0.2); (c) Ktotal as a function of hmax,λmax

(α = 0.3); (d) Ktotal as a function of hmax,λmax (α = 0.4); (e) Ktotal as a function of hmax,λmax (α = 0.5);
(f) Ktotal as a function of hmax,λmax (α = 0.6).
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4.4. Ablation Study of Association Discrimination Models Under a Fixed Search Strategy

The association discrimination model constitutes a critical component of the pro-
posed approach, as it directly influences the Acc and Ktotal values of the algorithm. Sup-
port/Confidence [14], Statistical Correlation (SC) [16], and Lift [19] are commonly used
association discrimination metrics in association rule mining problems. They are estab-
lished based on the probability levels of data item combinations in the sample. In this
paper, comparative experiments were conducted in line with the principle of the control
variable method.

An ablation study is presented in this section to evaluate the effectiveness and supe-
riority of the proposed association discrimination model. The analysis is performed by
comparing different association models under a fixed search strategy, thereby isolating
the contribution of the association model itself. Based on the search strategy of WWO,
PDK mining was performed on the machining process data samples of gear parts us-
ing the following association discrimination models: the proposed knowledge-constraint
model, Support/Confidence, Statistical Correlation (SC), and Lift. The thresholds for these
algorithms were set to 0.4, 0.2, 0.2, and 0.25, respectively. The results are provided in
Table 6.

Table 6. Ktotal and Acc under different association discrimination metrics.

Group
The Proposed

Knowledge-embedded Metric Support/Confidence [14] Statistical Correlation [16] Lift [19]

Ktotal (pcs) Acc (%) Ktotal (pcs) Acc (%) Ktotal (pcs) Acc (%) Ktotal (pcs) Acc (%)

1 71 88.75% 26 19.26% 31 21.38% 25 24.27%
2 75 91.46% 22 18.64% 29 20.71% 19 17.43%
3 81 91.01% 25 20.33% 27 24.11% 23 20.72%
4 79 91.86% 19 18.81% 31 25.83% 22 21.57%
5 77 89.53% 29 23.57% 20 22.22% 28 28.57%
6 82 92.13% 25 22.52% 26 22.03% 31 27.43%
7 78 91.76% 23 21.70% 27 19.85% 18 18.18%
8 79 88.76% 27 21.09% 25 23.81% 27 26.21%
9 83 89.25% 26 24.53% 30 27.27% 33 30.28%

10 80 90.91% 22 23.66% 28 25.93% 32 29.63%

Avg 78.5 90.54% 24.4 21.41% 27.4 23.31% 25.8 24.43%

As presented in Table 5, employing the same search strategy of WWO, the proposed
knowledge-constraint association metric outperforms conventional probability-based met-
rics in PDK discovery, serving as the key factor that enables WWO to achieve an Acc value
of approximately 90%.

4.5. Ablation Study of Search Strategies Under a Fixed Association Model

As a key component of the proposed approach, the search strategy directly impacts the
Ktotal and Kv metrics of the algorithm. An effective search strategy ensures that the mining
algorithm can discover more PDK within a limited time. In this section, an ablation study is
conducted to demonstrate the effectiveness and superiority of the proposed WWO strategy
by comparing different search strategies under the same association discrimination model.

(1) Comparative analysis on different heuristic search strategies

The WWO-based strategy was compared with four heuristic algorithms through sys-
tematic analysis. Particle Swarm Optimization (PSO), Genetic Algorithm (GA), and Bee
Colony Optimization (BSO) are all heuristic algorithms that have been widely applied to
combinatorial search problems due to their unique mechanisms. A controlled comparative
study was conducted. Four search strategies—WWO, PSO, GA and BSO—were separately
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applied to PDK mining on the datasets of four-type parts. The common parameters for
the four heuristic algorithms were set as follows: initial population size = 15, maximum
number of iterations = 60, and minimum fitness value minF =0.4. Meanwhile, the remain-
ing parameters of PSO, GA, and BSO have been optimized. A detailed account of the
optimization is omitted for conciseness, and the optimized parameters are listed in Table 7.

Table 7. Parameter settings.

Algorithm Parameter Name Parameter Symbol Value

PSO Velocity Inertia Weight w 0.6
PSO Acceleration Coefficient c1 2
PSO Acceleration Coefficient c2 2
GA Crossover Probability p1 0.8
GA Mutation Probability p2 0.06
BSO Inertia Weight w 0.5
BSO Individual Learning Factor c1 1.5
BSO Social Learning Factor c2 2.0

To reduce performance variance arising from algorithmic components and ensure
fairness in the comparative experiments, the four algorithms were implemented within a
unified framework where population initialization, individual encoding, constraint-based
filtering, and termination proposed in this paper are adopted. The convergence curves of
the Ktotal values for the four heuristic algorithms are provided in Figure 20, and the Ktotal

and Kv metrics values from ten PDK mining experiments are presented in Table 8.

(a) (b) 

 
(c) (d) 

Figure 20. Convergence curves of Ktotal for four heuristic algorithms: (a) curves on gear part process
data; (b) curves on shaft part process data; (c) curves on housing part process data; (d) curves on
plate part process data.
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Table 8. Comparison of different heuristic algorithm search strategies.

Group
WWO PSO GA BSO

Ktotal (pcs) Kv (pcs/s) Ktotal (pcs) Kv (pcs/s) Ktotal (pcs) Kv (pcs/s) Ktotal (pcs) Kv (pcs/s)

1 75 3.18 42 2.93 45 2.33 75 2.65
2 76 3.11 39 2.53 48 2.58 82 2.77
3 82 3.25 46 3.13 41 2.02 72 2.53
4 78 3.07 37 2.37 48 2.24 79 2.61
5 80 3.14 41 2.83 44 2.08 76 2.79
6 79 3.25 43 2.85 53 2.75 75 2.47
7 84 3.28 38 2.55 46 2.13 81 2.66
8 82 3.32 37 2.61 55 2.91 71 2.47
9 73 3.09 42 2.69 61 2.95 76 2.73

10 75 3.10 39 2.64 56 2.63 81 2.90

Avg 78.4 3.179 40.4 2.713 49.7 2.462 76.8 2.658

The experimental results demonstrated that under the same association discrimination
metric, the algorithms based on the four search strategies—WWO, PSO, GA and BSO—can
all achieve effective PDK mining. Due to the non-deterministic and stochastic search
mechanisms of heuristic algorithms, the mining results are not repeatable with each run of
the algorithm. Therefore, the mean values of the Ktotal and Kv metrics in ten experiments
are used to evaluate the performance of the four algorithms in this case study.

As is presented in Table 7 and Figure 20, the observations can be drawn as follows:

• The algorithm based on the PSO search strategy achieved a mean Ktotal value of 40.4,
which is lower than the other three algorithms. However, it required the shortest run
time for PDK mining, resulting in a high Kv value, second only to WWO.

• The algorithm based on the GA search strategy had a mean Ktotal value higher only
than that of PSO, and its mean Kv value was the lowest at 2.462.

• The algorithm based on the BSO search strategy achieved a mean Ktotal value of 76.8,
which is close to that of WWO, but it exhibited the slowest convergence speed and
required the longest run time for PDK mining. Its mean Kv value was lower than those
of PSO and WWO.

• The proposed method achieved the highest mean values for both Ktotal and Kv, at 78.4
and 3.179, respectively.

The results can be attributed to the characteristics of the PDK mining problem and the
search mechanisms of the four algorithms. PDK mining aims to search for rule individuals
that satisfy the minimum fitness condition within the rule space. The distribution of
PDK in this space exhibits the following characteristics: high-quality individuals (whose
fitness values are high) are concentrated around other high-fitness rules, while low-fitness
rules are predominantly clustered within regions of invalid rules. This characteristic is
commonly referred to as the “smoothness” of fitness landscapes in discrete spaces. It
implies that once a high-fitness rule is discovered, its immediate vicinity compassing
semantically similar and potentially optimal rule variants merits intensive exploitation.
Consequently, effective search algorithms tailored for such spaces must incorporate robust
local exploitation mechanisms.

• PSO: Local Exploitation with Premature Convergence Risk

PSO possesses sufficient local search capability, as search direction is guided by per-
sonal best and global best positions, exhibiting a strong tendency toward high-quality
individuals. This allows the algorithm to thoroughly explore the neighborhoods of excel-
lent individuals. However, driven by the attraction of locally optimal individuals, PSO is
prone to becoming trapped in local optima, hindering its ability to conduct comprehensive
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global search. As a result, the PSO-based mining algorithm achieves a relatively low Ktotal,
though its fast convergence leads to a high Kv.

• GA: Global Exploration with Inadequate Local Refinement

While the selection, crossover, and mutation operators of GA promote global search
and maintain population diversity, its performance in discrete rule mining is constrained
by an inadequate local search capability. Specifically, standard GA mutation operates
stochastically with a fixed probability. In discrete representations, a single random mutation
can significantly alter the semantic structure of a rule. This causes the algorithm to exit
the local neighborhood prematurely. Although this promotes global exploration, it lacks
the fine-grained local exploitation capability essential for refining PDK. Additionally, the
crossover operator combines building blocks from two parent individuals, which tends to
disrupt coherent rule structures in discrete spaces. Briefly, GA lacks an effective mechanism
for detailed neighborhood search around high-fitness individuals, resulting in the oversight
of promising candidates in the immediate vicinity of high-quality rules. Consequently,
despite its exploratory strength, GA achieves a low Ktotal.

• BSO: Balanced Search with High Computational Overhead

The search mechanism of BSO exhibits both strong local and global search capabil-
ities, which results in a high Ktotal. However, the information transfer within the colony
operator for local search involves extensive data exchange and computation. Moreover, the
switching between global and local search states incurs additional computational overhead,
prolonging the knowledge mining process and resulting in a lower Kv.

• WWO: Controlled Local Exploitation and Complementary Global Search

In contrast, WWO employs a breaking operator to search for good individuals within
the neighborhoods of high-fitness individuals. This operator performs controlled local
exploitation, enabling thorough exploration in regions rich with PDK. Meanwhile, the
refraction operator performs crossover on low-fitness individuals, allowing the algorithm
to escape current local regions and reduce search efforts in areas densely populated with
invalid rules. This division of labor—breaking for local exploitation around promising
individuals and refraction for controlled global exploration—aligns with the distribution
of valid rules in discrete spaces. Furthermore, compared to BSO, WWO does not involve
complex local search processes, resulting in lower computational resource consumption.

In conclusion, this comprehensive search strategy allows WWO to achieve higher Ktotal

and Kv values. The comparative results demonstrate that the search strategy of WWO is
more suitable for PDK mining problems compared to GA, PSO, and BSO, as its operator
design explicitly accounts for the neighborhood concentration property of high-quality
rules in discrete spaces.

(2) Comparative analysis between the WWO-based strategy and Apriori

Apriori is a traditional association rule mining algorithm that generates all possible
candidate rule sets based on data enumeration. In this section, the search strategy of this
algorithm is compared with the proposed WWO-based search strategy under the fixed
association discrimination model in terms of Ktotal and Kv. The mining results of the two
approaches on four categories of the part machining process data are presented in Table 9.

The results indicate that Apriori-based search strategy is capable of mining more
process rules compared to the WWO-based approach. However, this comes at the cost of
significantly lower mining efficiency, as reflected by its lower Kv. A complexity analysis is
subsequently performed to explain this observation as follows:

• Complexity Analysis of Apriori Algorithm

https://doi.org/10.3390/app16062806

https://doi.org/10.3390/app16062806


Appl. Sci. 2026, 16, 2806 30 of 35

The Apriori algorithm is based on a level-wise enumeration approach. Its time com-
plexity is primarily determined by three factors: the number of transactions in the dataset
N, the number of candidate item sets M, and the average transaction width w. A brute-force
enumeration of all possible item sets results in a time complexity of O(N ×M× w), where
M = 2k for k different items. This causes exponential growth as the number of items
increases. This explains its relatively low Kv despite its ability to achieve higher Ktotal.

• Complexity Analysis of WWO-Based Search Strategy

In contrast, the WWO-based search strategy adopts a population-based random heuris-
tic search approach that does not require exhaustive candidate enumeration. Its time
complexity is determined by three factors: population size P, maximum number of iter-
ations N and operator execution. The propagation operator, which generates new rules
by perturbing existing waves, has a time complexity of O(P× d) per iteration, where d is
the number of process data items. The refraction operator, activated exclusively when rule
individuals stagnate, adds O(Pr × d) overhead where Pr(Pr ≪ P) denotes the number of
waves to which the refraction operator is applied. The breaking operator, which performs
local search around high-fitness rules, has a complexity of O(Pb × d× L) where Pb is the
number of high-quality rules and L is the local search depth. Therefore, the overall time
complexity of the WWO-based approach is O(T × P× d× L), which is linearly dependent
on the population size, iteration, and PDK dimension. Unlike Apriori, it does not suffer
from exponential growth as the number of items increases. This linear scalability explains
its superior mining efficiency, as evidenced by the higher Kv in the experimental results.

The above complexity analysis aligns with the theoretical explanation that while
Apriori may discover more PDK due to its exhaustive nature, the WWO-based approach
achieves a better balance between rule quantity and mining efficiency, making it more
suitable for large-scale PDK mining tasks.

Table 9. Ktotal and Kv of WWO and Apriori on the dataset of four parts.

Part Type
WWO-Based Strategy Apriori-Based Strategy

Ktotal (pcs) Kv (pcs/s) Ktotal (pcs) Kv (pcs/s)

Shaft part 79 3.30 87 1.02
Gear part 77 3.19 85 0.94

Housing part 76 3.15 89 0.89
Plate part 81 3.25 91 1.22

4.6. Comparison with Baseline Methods

DT-PDKM (Decision-Tree-Based Process Decision Knowledge Mining) is a PDK min-
ing method proposed for intelligent CAPP systems [29]. It employs decision trees to
perform process knowledge mining. Widely recognized and regarded as a stable, standard
approach in the process planning domain, it can serve as a reliable reference benchmark for
evaluating the performance of new methods, and it is adopted in this paper to validate the
advantages of the proposed approach through comparative analysis.

A comparative analysis was conducted between the proposed method and DT-PDKM.
Comparative experiments were performed to assess ktotal, Acc and Vk of the two algorithms.
As presented in Figure 21, the ktotal of DT-PDKM falls within the range of 41~52, its Acc

within the range of 43~54, and its Vk within the range of 2.2~2.5. All three metrics are lower
than those achieved by the proposed method. This demonstrates that the proposed method
can more rapidly discover a greater amount of correct PDK compared to DT-PDKM.
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(a) 

 
(b) 

 
(c) 

Figure 21. Computational results of two methods on process data from four parts. (a) bar chart
comparing Ktotal values; (b) bar chart comparing Acc values; (c) bar chart comparing Vk values [29].

Furthermore, in the study [29], the input of knowledge discovery module based on DT-
PDKM is a two-dimensional process decision table, which limits its processing capability
to fully structured data stored in process databases. In contrast, the proposed method inte-
grates OCR, named entity recognition (NER), and text correction in the data pre-processing
stage. This enables it to handle unstructured data carried in process planning documents,
demonstrating strong data adaptability. Consequently, the proposed method is more
suitable for PDK mining in environments with multi-source heterogeneous data, thereby
effectively supporting rule-based knowledge discovery for intelligent CAPP systems.
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5. Discussion
5.1. Contributions

Artificial intelligence has become a transformative force in the evolution of CAPP
systems. At present, knowledge discovery is one of the key enabling technologies for
building intelligent CAPP systems. In this context, a novel approach was proposed to
address the discovery of rule-based decision knowledge from process planning document
data in this paper. The main contributions are summarized as follows:

(1) An innovative knowledge mining framework for rule-based domain knowledge was
proposed. A knowledge mining framework for PDK mining was proposed in this
paper, consisting of an association discrimination model and a search strategy. The as-
sociation discrimination model is a classification model composed of a fitness function
and a threshold condition, which determines whether combinations of process data
items can serve as usable decision knowledge. Building on this, a search strategy was
developed based on WWO, which efficiently searches for PDK in the sample space. In
addition, a process knowledge discovery module for PDK mining was developed in
the CAPP system, verifying the correctness and executability of the proposed method.

(2) A knowledge constraint approach for rule-based knowledge mining was introduced.
In this paper, a method for integrating process prior knowledge was proposed to
address the low accuracy of domain rule-based knowledge by data-driven models. By
constructing a matrix that describes the semantic relations between pairs of process
data items, the prior knowledge of process planner is mathematically represented. A
fitness function was designed based on this matrix to identify the rule-form data item
combinations serving as PDK, thereby achieving the integration of prior knowledge
into the algorithm model. The experimental results demonstrated that the association
discrimination model with prior knowledge integrated can enable the algorithm to
effectively discover PDK, achieving an accuracy rate of approximately 90%. Further-
more, this knowledge constraint approach provides methodological guidance for
effective rule-based knowledge mining in other domains.

(3) The adaptability of the search strategy based on the WWO for PDK mining was
verified. Using the association discrimination metric proposed in this paper, different
search strategies were employed for comparative analysis. The experimental results
demonstrate that the search strategy based on the WWO balances local and global
rule search, rapidly discovering correct PDK from the sample space. In terms of
performance evaluation, this search strategy enabled the algorithm to achieve Ktotal

and Kv values of 78.4 and 3.179, respectively, outperforming PSO, GA and BSO
algorithms. This confirms the adaptability of WWO for the PDK mining problem.

5.2. Limitations and Future Work

In the domain of process planning, the semantic labels involved are relatively limited
in scope and number, rendering the manual construction of the semantic association
matrix a manageable task. However, in more complex domains where such a matrix
becomes difficult to maintain, the proposed method exhibits certain limitations. Under
such circumstances, it is not necessary to include all semantic labels in the matrix. Instead,
a partial semantic association matrix can be established, which focuses only on the most
critical or user-specified entity categories. For the remaining data and labels, where explicit
semantic associations are unavailable, a data-driven method can be employed to discover
implicit relations by statistical analysis. This integrated approach constitutes a hybrid
data–knowledge-driven framework for rule-based knowledge discovery, enhancing both
scalability and applicability across domains. Nevertheless, when transferring the proposed
method to a new domain, the semantic association matrix must be reconstructed based
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on domain-specific expert knowledge. This reliance on manual reconfiguration limits the
transferability and generalizability of the method and restricts its adaptive capacity when
applied to diverse and dynamic application scenarios.

Future work could explore automated learning mechanisms for semantic association
across multiple domains to improve the generalization and reduce manual effort in cross-
domain applications. In parallel, investigation is needed to optimize the trade-off between
manual domain expertise and automated data-driven approaches, ensuring an effective
balance between knowledge constraint and scalability. Furthermore, with the evolution
of advanced manufacturing technologies, new knowledge continuously emerges and
gradually replaces existing or legacy knowledge. Driven by iterative updates in machining
processes, and the continuous introduction of new materials or equipment, the knowledge
stored in process knowledge bases face challenges of timeliness decay and obsolescence.
Therefore, another future work could focus on developing adaptive updating mechanisms
for process knowledge bases to achieve autonomous evolution of process knowledge. This
mechanism, operating in synergy with the knowledge discovery module, will collectively
establish a technical foundation for the realization of intelligent CAPP systems.
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