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Abstract

Reliability assessment of ship equipment is often constrained by insufficient or unavail-
able failure data, particularly for highly reliable components with extremely low failure
frequencies. To support the use of reference information from similar equipment in subse-
quent reliability analysis, this study proposes a domain-guided multi-type feature-fusion
framework for ship equipment clustering. The proposed framework addresses the het-
erogeneous nature of ship equipment records by integrating textual, categorical, and
numerical attributes into a unified representation. Specifically, equipment names and
specification/model information are represented using character-level TF-IDF features; cat-
egorical attributes are encoded through One-Hot representation, and numerical attributes
are processed using logarithmic transformation and standardization. Six engineering at-
tributes, including equipment name, specification/model information, technical category,
measurement unit, number of installations per platform, and reference unit price, are
incorporated into the fused feature space. In addition, a domain-knowledge-driven feature-
group weighting mechanism is introduced to emphasize attributes that directly reflect
functional and technical similarities, especially equipment names and specification/model
information. K-Means clustering is then performed in the weighted fused feature space,
and the number of clusters is determined by jointly considering the Silhouette Coefficient,
Calinski–Harabasz index, Davies–Bouldin index, and cluster-size distribution. Experiments
on 1345 practical ship equipment samples show that K = 36 provides a reasonable balance
among clustering structure, candidate-set availability, engineering consistency, and stability
under random initialization. Compared with the equal-weight scheme, Attribute-Weighted
K-Means, K-Prototypes, and Gower-based hierarchical clustering, the proposed framework
achieves higher equipment-name and specification/model similarities while maintaining
meaningful technical-category consistency. These results indicate that the proposed frame-
work can effectively identify latent functional and technical similarity relationships among
ship equipment and provide candidate reference sets for reliability assessment under sparse
failure data conditions.
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1. Introduction
The reliability of ship equipment is directly associated with the success rate of maritime

mission execution. However, because timely support is difficult to secure at sea and both
space and funding are constrained, ship equipment, particularly critical components, is
subject to more stringent reliability requirements. Failures in high-reliability components
occur infrequently or may not occur at all, and failure data may remain unavailable
even after multiple maritime missions, posing a serious “no available data” challenge
to traditional statistics-based reliability assessment methods. Ship equipment comprises a
wide range of components, some of which may exhibit structural and functional similarities,
and their reliability characteristics often follow similar patterns. This creates the possibility
of inferring the reliability information of a target component from data derived from similar
components. However, identifying which components can be regarded as similar has
become an urgent issue requiring resolution.

Cluster analysis, as a key technique in unsupervised learning, has been widely applied
across numerous domains. Traditional clustering methods are largely restricted to process-
ing either numerical or non-numerical data [1]. However, real-world datasets frequently
exhibit mixed characteristics [2]. Clustering mixed-type data has become one of the funda-
mental problems in big data environments, and its central challenge lies in simultaneously
accommodating the distance information of numerical attributes and the discrete semantics
of categorical attributes within a unified framework. A commonly adopted approach is
feature transformation, in which categorical attributes are uniformly mapped to numerical
values and then processed using conventional numerical clustering algorithms. For exam-
ple, categorical features may be encoded through One-Hot encoding, target encoding, or
frequency encoding, and then concatenated with standardized numerical features, after
which methods such as K-Means or spectral clustering are applied [3]. To reduce the infor-
mation loss associated with simple encoding schemes, another line of research has focused
on designing dedicated similarity or distance measures for mixed attributes. The similarity
coefficient proposed by Gower is one of the earliest general-purpose similarity measures for
mixed-attribute data. It defines local similarities separately for numerical, categorical, and
ordinal attributes and then computes an overall distance through weighted summation [4].
Compared with feature transformation and pure distance design, specialized clustering
algorithms for mixed-type data have developed most rapidly over the past decade. The
K-Prototypes algorithm proposed by Huang is widely regarded as one of the benchmark
methods for handling data containing both numerical and categorical attributes. It estab-
lishes an objective function by linearly combining the Euclidean distance for numerical
attributes with a simple dissimilarity measure for categorical attributes, such as 0/1 match-
ing, thereby enabling direct partitional clustering of mixed-type data [5]. On this basis, Yu
et al. proposed an improved K-Prototypes algorithm based on distributed centroids and a
novel dissimilarity measure. This method accounts for differences in attribute importance
by designing separate dissimilarity metrics for numerical and categorical attributes, thereby
improving clustering accuracy for mixed-attribute data [6]. Mainstream research on mixed-
type data clustering, both in domestic and international contexts, has largely assumed
that mixed attributes consist only of numerical and categorical types, with method design,
distance construction, and prototype representation predominantly focused on these two
attribute types [7,8]. For unstructured attributes such as text, existing studies usually model
textual content independently and then directly concatenate the resulting continuous vec-
tors with numerical features for unified numerical clustering [9,10]. In text clustering,
the measurement of text similarity requires careful consideration. Based on the under-
lying principles of different approaches, Wei et al. classified text similarity computation
methods into five categories: string-based, word-vector-based, pre-trained-model-based,
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deep-learning-based, and other methods. They provided a concise introduction to each
category and also compiled and analyzed commonly used datasets and evaluation criteria
for text similarity computation [11]. To date, research specifically addressing the joint
clustering of numerical, categorical, and textual attributes remains limited.

The evaluation of clustering results plays an important role in cluster analysis [12], and
determining the optimal number of clusters and assessing clustering quality are key aspects
of clustering validity evaluation. In the absence of external labels, researchers primarily
rely on internal validity indices. Common internal indices based on the geometric structure
of dataset samples include the Davies–Bouldin (DB) index [13,14], the Xie–Beni index [15],
the Silhouette Coefficient (SC) [16], and the between-within proportion index [17]. In recent
years, the reliability of traditional clustering validity indices for high-dimensional and
noisy datasets has been extensively analyzed, and corresponding improvement methods
have been proposed [18]. Among these indices, the SC evaluates clustering compactness
and separation by calculating the difference in similarity between each sample and its
own cluster and other clusters [19]. The Calinski–Harabasz (CH) index, also known as the
variance ratio criterion, is calculated as the ratio of inter-cluster dispersion to intra-cluster
dispersion, with a higher value generally indicating better clustering performance [14].
The DB index is calculated based on the distances between cluster centers and the internal
dispersion of each cluster, with a lower value indicating better inter-cluster separation [19].

Accordingly, the objective of this study is not to claim that ship equipment records
contain highly separable natural clusters, but to construct a transparent and reproducible
similarity-grouping framework for heterogeneous engineering data. The contributions
are threefold: (i) a unified feature-representation framework is designed for numerical,
categorical, and textual attributes of ship equipment; (ii) domain knowledge is incorporated
through equipment-name weighting to emphasize functional similarity; (iii) multiple
internal validity indices and baseline methods are used to assess the relative improvement
of the proposed representation.

2. Related Work
2.1. Mixed-Data Clustering Methods

Mixed-data clustering aims to group observations described by heterogeneous at-
tributes, typically including numerical, categorical, ordinal, and sometimes textual vari-
ables. Unlike purely numerical clustering, mixed-data clustering must define similarity
while respecting the statistical scale and semantic meaning of each attribute type. Recent
studies have emphasized that directly converting all variables into a single numerical space
may be computationally convenient but can also distort attribute semantics, especially
when nominal categories are treated as ordered quantities [1,2,20]. Therefore, existing
studies can be broadly divided into feature-transformation-based methods, distance-metric-
based methods, dedicated mixed-data clustering algorithms, and representation-learning-
based approaches.

2.1.1. Feature-Transformation-Based Methods

Feature-transformation-based methods first convert non-numerical attributes into
numerical representations and then apply conventional numerical clustering algorithms.
One-Hot encoding, frequency encoding, target encoding, and embedding-based represen-
tations are common examples. This strategy has the advantage of algorithmic simplicity
and compatibility with efficient methods such as K-Means. However, the quality of the
resulting clusters depends heavily on whether the transformed feature space preserves the
original attribute semantics. In particular, label encoding may introduce artificial ordinal
relationships among nominal categories under Euclidean distance, whereas One-Hot en-
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coding better preserves categorical independence [1,2,21]. Recent work on categorical and
mixed-type clustering also shows that categorical variables require dedicated similarity
treatment because they do not possess natural order or numerical intervals [22]. In the
present study, One-Hot encoding is therefore selected for categorical variables to avoid
artificial ordinality while retaining the scalability of a unified feature-space representation.

2.1.2. Distance-Metric-Based Methods

A second research line constructs mixed-type distances by defining local similarity
functions for different attribute types and then aggregating them. The Gower coefficient is
a classical and widely used approach because it separately handles numerical, categorical,
binary, and ordinal attributes before combining them into an overall similarity [4]. More
recent studies have extended this idea through weighted Gower distances and adaptive
metric-learning strategies. For example, weighted Gower-distance clustering has been
shown to improve mixed-type segmentation by accounting for variable importance [2],
while generalized multi-aspect and kernel-based metric-learning methods attempt to learn
more flexible heterogeneous distances [10]. These methods have strong theoretical appeal
because they explicitly respect attribute heterogeneity. Nevertheless, many distance-matrix-
based approaches require storage and computation, which can become inefficient as the
number of equipment records increases. Moreover, a precomputed distance matrix is not
directly optimized by the standard K-Means objective. For this reason, the present study
discusses Gower-distance-based clustering as an important baseline and future direction
but adopts a unified feature-space strategy for the main implementation.

2.1.3. Dedicated Algorithms for Mixed Numerical and Categorical Data

Dedicated mixed-data clustering algorithms, especially K-Prototypes, have been
widely used for datasets containing numerical and categorical variables. K-Prototypes
combines the squared Euclidean distance for numerical attributes with simple matching
dissimilarity for categorical attributes and introduces a trade-off parameter to balance the
two components [5]. Recent studies further show that K-Prototypes remains attractive
because of its interpretability and scalability, although its performance can be affected
by initialization strategies, variable weighting, and the treatment of ordinal or missing
variables [23,24]. However, the standard K-Prototypes framework does not directly model
high-dimensional text representations such as TF-IDF vectors, nor does it explicitly distin-
guish between structured technical identifiers and semantic equipment names. Therefore,
when textual fields are important, additional representation steps are still necessary. This
limitation motivates the proposed framework, which first constructs numerical, categor-
ical, structured-text, and TF-IDF representations and then integrates them in a unified
weighted space.

2.1.4. Spectral, Density-Based, and Deep Clustering Alternatives

Other clustering paradigms have also been adapted to complex or mixed-type data.
Spectral clustering has been extended to mixed-type data by replacing Euclidean similarity
with heterogeneous dissimilarity measures and kernel functions [6,11]. Such methods can
capture non-linear structures, but they often require careful similarity-matrix construction,
kernel selection, and parameter tuning. Density-based methods such as DBSCAN can
identify irregularly shaped clusters and noise points, but they are sensitive to neighborhood
parameters and may suffer from distance concentration in high-dimensional sparse spaces.
Deep clustering can learn low-dimensional representations before clustering, but it usually
requires large corpora, substantial computing resources, and sufficient training data. These
requirements are not fully consistent with the present ship-equipment scenario, where the
sample size is moderate, domain text is specialized, and interpretability is essential for
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reliability assessment. Consequently, this study prioritizes a transparent feature-fusion
framework over more complex black-box representation learning.

2.2. Heterogeneous Feature Fusion and Text Representation

Heterogeneous feature fusion seeks to combine different data modalities into a rep-
resentation that preserves complementary information. In industrial records, numerical
values may describe cost or usage intensity; categorical variables may reflect supply and
technical classes, and text fields may contain functional names, models, and specification
descriptors. A simple concatenation of these features is easy to implement but may under-
represent sparse or semantically important text features. Therefore, weighting mechanisms
or domain-guided feature emphases are often needed to balance feature contributions [10].
In this study, the equipment name is assigned additional weight because it often directly
conveys functional and technical similarity among ship equipment items.

For text representation, TF-IDF remains a widely used statistical method because
it is computationally efficient, interpretable, and effective for small- or medium-sized
domain corpora [25]. Word embeddings and Transformer-based models, such as BERT and
Sentence-BERT, can provide richer semantic representations, but they require sufficient
domain corpora and can be less transparent in engineering applications [26,27]. For ship
equipment records, where terminology is specialized and sample size is limited, TF-IDF
combined with structured information extraction offers a pragmatic balance between
interpretability and discriminative ability. The proposed method therefore uses textual
representations of equipment names and specification/model information, together with
categorical and numerical engineering attributes.

2.3. Cluster Validity Evaluation and Interpretation

Cluster validity evaluation is essential in unsupervised learning because external
labels are usually unavailable. Classical internal indices include the Silhouette Coefficient,
Calinski–Harabasz Index, Davies–Bouldin Index, and Xie–Beni Index. Recent reviews
emphasize that these indices should not be interpreted mechanically; rather, they reflect
different aspects of compactness, separation, density, or geometric structure and may be-
have differently in high-dimensional, noisy, or overlapping datasets [28,29]. This issue is
particularly relevant to ship equipment data, because functional similarity may vary contin-
uously across equipment types and cluster boundaries may be inherently ambiguous [30].
Therefore, this study uses SC, CH, and DB jointly, and interprets them as relative evidence
for selecting a reasonable similarity grouping rather than as proof that the data contain
highly separated natural clusters.

The above literature shows that mixed-data clustering has been extensively studied for
numerical-categorical data, and that many sophisticated distance measures and dedicated
algorithms have been proposed. However, three limitations remain relevant to the ship-
equipment reliability context. First, many existing methods focus mainly on numerical and
categorical attributes and provide limited treatment of short technical text fields. Second,
distance-metric-based methods may be computationally expensive or less directly com-
patible with efficient centroid-based clustering. Third, highly accurate cluster separation
is not always realistic in engineering datasets where equipment functions, specifications,
and usage patterns form overlapping continua. The present study addresses these issues
by constructing a domain-guided multi-type feature-fusion framework that combines nu-
merical, categorical, structured-text, and TF-IDF features; emphasizes equipment-name
information through weighting; and interprets clustering results as engineering similarity
groups that can support subsequent reliability assessment under sparse failure data.
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3. Data Characteristics Analysis of Ship Equipment
The effectiveness of clustering largely depends on whether the selected attributes

can adequately represent the intrinsic characteristics of the target objects. For ship equip-
ment clustering, the selected attributes should satisfy two fundamental requirements:
(1) they should provide sufficient information to characterize equipment properties and
similarity relationships; (2) they should be practically available from existing equipment
management records.

Based on these considerations, six attributes are selected for clustering analysis in
this study. Among them, equipment name and specification/model information jointly
define the identity and technical characteristics of ship equipment and serve as essential
indicators for evaluating functional and structural similarities. The number of installations
per platform and reference unit price are numerical attributes that describe equipment
configuration scale and economic value, respectively. In addition, technical category and
measurement unit are categorical attributes that further characterize equipment consump-
tion patterns from the perspectives of professional domain classification, measurement
methods, and partial physical characteristics.

These six attributes collectively describe the similarity structure among ship equipment
from multiple dimensions, including functional characteristics, technical specifications,
configuration requirements, economic properties, and management information. By inte-
grating these heterogeneous attributes, a more comprehensive representation of equipment
similarity can be established, providing the foundation for subsequent multi-type feature
fusion and clustering analysis. The detailed definitions and data types of the selected
attributes are presented in Table 1.

Table 1. Shipboard equipment clustering attributes and preprocessing methods.

Attribute Engineering Interpretation Type

Equipment name Represents equipment function, application purpose,
and component category Text

Specification/model information Represents model series, technical parameters, and
compatibility relationships Text

Technical category Indicates the professional domain in which the
equipment belongs Categorical

Measurement unit Represents measurement method and certain physical
characteristics Categorical

Number of installations per platform Reflects equipment configuration scale Numeric

Reference unit price Reflects equipment economic value Numeric

4. Clustering Method Based on Multi-Type Feature Fusion
After performing feature analysis on the basic data of ship equipment, the ship equip-

ment information undergoes several steps, including multi-type feature fusion, clustering
algorithm selection and cluster number determination, and clustering result evaluation.
The workflow of the clustering algorithm is shown in Figure 1.

4.1. Multi-Type Feature Fusion Method

For ship equipment data with multiple attributes, a multi-type feature fusion method
is adopted. Numerical features are standardized, whereas categorical features are pro-
cessed through One-Hot encoding. For critical textual features, a dual strategy combining
structured information extraction and TF-IDF vectorization is applied, after which the
processed features are integrated through weighted fusion.
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Figure 1. Flowchart of the proposed method.

4.1.1. Numerical Feature Processing

The number of installations per platform and the reference unit price are both non-
negative numerical attributes. To reduce the scale differences caused by large numerical
values, logarithmic transformation is first applied to the original numerical data. Let the
original value of the i − th sample for a numerical attribute be xi, which is defined as:

yi = ln(1 + xi). (1)

The addition of 1 in the transformation ensures that the logarithmic operation remains
defined when xi = 0. After logarithmic transformation, the mean and standard deviation
of the corresponding attribute over all samples are calculated as:

µ =
1
n

n

∑
i=1

yi, (2)

σ =

[
1
n

n

∑
i=1

(yi − µ)2

]1/2

. (3)

When the condition is satisfied, the standardized feature is defined as:

zi =
yi − µ

σ
. (4)

The above transformation is independently applied to the number of installations per
platform and the reference unit price, resulting in:

z(a)i =
ln
(

1 + x(a)i

)
− µa

σa
, z(r)i =

ln
(

1 + x(r)i

)
− µr

σr
(5)

where µ and σ represent the mean and standard deviation of the two numerical attributes
after logarithmic transformation, respectively. After preprocessing, both numerical features
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are introduced into the fused feature space as dimensionless scalars. The logarithmic
transformation is employed to adjust the variable distribution and reduce the influence of
extreme values, whereas standardization is used to eliminate differences in measurement
units and scales. The relative importance of these two attributes in the final similarity
representation is controlled through feature weighting.

4.1.2. Categorical Feature Processing

Both the technical category and measurement unit are nominal categorical variables
without inherent numerical ordering. To avoid introducing artificial ordinal relationships
among categories through integer encoding, One-Hot encoding is adopted to construct
categorical feature vectors.

Assume that a categorical attribute contains m possible values:

A = {a1, a2, . . . , am}. (6)

If the attribute value of the i − th sample is ar, its One-Hot representation is expressed as:

oi = (oi1, oi2, . . . , oim)
T, (7)

where

oij =

1, j = r,

0, j ̸= r.
(8)

According to the above definition, if two samples i and j belong to the same category,
then their corresponding One-Hot vectors are identical; if their categories are different, the
non-zero positions of the two vectors are different. Therefore,

∥ oi − oj ∥2
2= 2 I

(
ci ̸= cj

)
, (9)

where I(·) denotes the indicator function. Following this procedure, the technical category
feature vector o(p)

i ∈ Rdp and measurement unit feature vector o(u)
i ∈ Rdu are obtained

separately, where dp and du represent the actual numbers of categories for the technical
category and measurement unit attributes, respectively.

4.1.3. Text Feature Processing

The equipment name and specification/model information are short-text attributes
that contain model identifiers, alphabetic combinations, and domain-specific technical
terms. In this study, character-level n-grams are adopted as the basic textual units, and
independent corpora are constructed for equipment names and specification/model infor-
mation, respectively. Let the corpus corresponding to a specific textual field be:

D = {d1, d2, . . . , dn}. (10)

Continuous character fragments with lengths of 2, 3, and 4 are extracted from each
text field to construct the candidate character-level n-gram vocabulary. In the actual imple-
mentation, only character fragments appearing in at least two samples are retained. The
maximum feature dimensions for equipment names and specification/model information
are limited to 800 and 600, respectively.
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Let the vector obtained from the TF-IDF representation of the i-th text sample be vi.
The non-zero vectors are normalized, whereas zero vectors remain unchanged.

ti =


vi

∥vi∥2
, ∥ vi ∥2> 0,

0, ∥ vi ∥2= 0.
(11)

For two non-zero TF-IDF vectors, after normalization, the following relationship
is obtained:

∥ ti − tj ∥2
2= 2

[
1 − cos

(
vi, vj

)]
. (12)

Therefore, under the condition of non-zero textual representations, the squared Eu-
clidean distance in the normalized TF-IDF space has a deterministic correspondence with
cosine dissimilarity. Independent vocabularies are constructed for equipment names and
specification/model information, respectively, resulting in:

t(n)i ∈ Rdn , t(s)i ∈ Rds , dn ≤ 800, ds ≤ 600. (13)

4.1.4. Feature-Weighted Fusion

After the above preprocessing procedures, the i-th sample is represented by six feature
components:

t(n)i , t(s)i , o(p)
i , o(u)

i , z(a)
i , z(r)i . (14)

Let the weights assigned to the six types of features be:

w =
(
wn, ws, wp, wu, wa, wr

)
, wq > 0, ∑

q
wq = 1. (15)

The baseline weight configuration adopted in this study is:(
wn, ws, wp, wu, wa, wr

)
= (0.40, 0.25, 0.15, 0.05, 0.05, 0.10), (16)

These weights correspond respectively to equipment name, specification/model in-
formation, technical category, measurement unit, number of installations per platform,
and reference unit price. The weight configuration is predefined according to domain
knowledge, and its sensitivity and practical effects are further examined through weight
perturbation experiments and equal-weight comparison experiments.

The K-Means algorithm uses squared Euclidean distance as the basic distance mea-
sure in its objective function. If a feature vector is directly multiplied by a weigh wq,
the contribution of this feature to the squared distance becomes w2

q. To ensure that the
predefined weights appear as first-order coefficients in the squared Euclidean distance,
a square-root scaling transformation is applied to each feature vector. For normalized
textual features and One-Hot categorical features, their natural squared distances contain
a coefficient of 2. Therefore, the corresponding feature vectors are multiplied by

√
wq/2.

Two standardized scalar numerical features are multiplied by √wq. The final fused feature
vector is defined as:

zi =

[√
wn

2
t(n)i ;

√
ws

2
t(s)i ;

√
wp

2
o(p)

i ;
√

wu

2
o(u)

i ;
√

waz(a)
i ;

√
wrz(r)i

]
. (17)

The dimension of the fused feature vector is:

d = dn + ds + dp + du + 2. (18)
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To clarify the distance interpretation of the proposed scaling strategy, the textual
feature difference is defined as:

δt(i, j) =
1
2
∥ ti − tj ∥2

2 . (19)

When both TF-IDF vectors are non-zero, δt(i, j) = 1 − cos
(
vi, vj

)
; when zero vectors

exist, the corresponding distance can still be directly calculated using the normalized
Euclidean distance. Combining the distance relationship of categorical features under One-
Hot encoding, the squared Euclidean distance between any two ship equipment samples
in the final fused feature space can be expressed as:

∥ zi − zj ∥2
2 = wnδn(i, j) + wsδs(i, j)

+wpI
(

c(p)
i ̸= c(p)

j

)
+ wuI

(
c(u)i ̸= c(u)j

)
+wa

(
z(a)

i − z(a)
j

)2
+ wr

(
z(r)i − z(r)j

)2
,

(20)

where δn and δs represent the normalized textual feature differences in equipment names
and specification/model information, respectively.Through this process, textual, categorical,
and numerical attributes are transformed into a unified weighted feature representation
that can be measured using squared Euclidean distance. Furthermore, each predefined
weight directly corresponds to the contribution of the associated feature type to the final
similarity calculation.

4.2. Clustering Algorithm and Optimal Cluster Number Determination
4.2.1. Clustering Algorithm Selection

Let the fused feature set of all ship equipment samples be defined as:

Z = {z1, z2, . . . , zn}. (21)

For a given cluster number K, the fused feature set Z is partitioned into K non-
empty subsets C = {C1, . . . , CK}. The optimization objective of K-Means is formulated as
minimizing the within-cluster sum of squared errors:

min
C

K

∑
k=1

∑
zi∈Ck

∥zi − µk ∥2
2, (22)

where
µk =

1
|Ck| ∑

zi∈Ck

zi (23)

denotes the centroid of the k-th cluster. Considering that the performance of K-Means
is sensitive to the initialization of cluster centroids, multiple random initializations are
performed during the optimization process. Among the obtained clustering solutions, the
one achieving the minimum objective function value is retained as the final clustering result.

4.2.2. Determination of the Optimal Number of Clusters

The determination of the cluster number K is a critical step in the proposed framework.
It not only influences the intra-cluster compactness and inter-cluster separation within
the fused feature space but also directly determines the size of the candidate reference
set available for subsequent similarity-based reliability assessment. Therefore, the cluster
number is not determined solely according to the optimum value of an individual internal
validity index. Instead, a comprehensive evaluation strategy integrating clustering validity
metrics and cluster-size characteristics is adopted.
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Let the candidate cluster-number set be defined as K = {K1, K2, . . . , KM}. For each
K ∈ K, K-Means clustering is performed under the same fused feature representation
and algorithmic configuration. The Silhouette Coefficient (SC), Calinski–Harabasz (CH)
index, and Davies–Bouldin (DB) index are subsequently calculated to evaluate clustering
performance from different perspectives. Meanwhile, the size of the k-th cluster is denoted:

n(K)
k =

∣∣∣C(K)
k

∣∣∣. (24)

Furthermore, the minimum cluster size, maximum cluster size, and median cluster
size are considered, which are defined as:

n(K)
min = min

1≤k≤K
n(K)

k , n(K)
max = max

1≤k≤K
n(K)

k . (25)

For a predefined reference size threshold m, the number of small-size clusters is
defined as:

N(K)
<m =

K

∑
k=1

I
(

n(K)
k < m

)
. (26)

The values m = 5 and m = 10 are used to describe the degree of clustering fragmenta-
tion under different K values; these two values are solely intended to assist in observing
changes in the cluster size structure. They are not employed as rigid criteria for determining
clustering validity.

An excessively small value of K may result in clusters containing a large number
of heterogeneous equipment items, thereby increasing engineering discrepancies within
the candidate reference sets. Conversely, an excessively large value of K may generate
numerous small-size clusters, reducing the availability of sufficient reference equipment for
target items. Therefore, the final cluster number is determined by jointly considering the
variation trends of SC, CH, and DB, together with the minimum, median, and maximum
cluster sizes and the number of small-size clusters.

4.3. Evaluation and Analysis of Clustering Results

Since no predefined ground-truth labels are available in this study, the clustering
results are evaluated from three complementary perspectives: internal validity, engineering
consistency, and stability under random initialization.

1. Internal Validity Evaluation

The internal validity of the clustering results is evaluated using the Silhouette Coef-
ficient (SC), Calinski–Harabasz (CH) index, and Davies–Bouldin (DB) index. In general,
higher values of SC and CH indicate better intra-cluster compactness and inter-cluster
separation, whereas lower values of DB correspond to more compact and well-separated
clustering structures.

The three indices characterize the geometric properties of the fused feature space from
different perspectives. Therefore, SC, CH, and DB are jointly considered in this study to
analyze the variation trends of clustering performance, rather than treating any single
index as a sufficient criterion for determining clustering validity.

2. Engineering Consistency Evaluation

Internal validity indices primarily reflect the geometric distance structure within
the fused feature space and cannot independently determine whether equipment items
within the same cluster exhibit meaningful engineering consistency. Therefore, additional
engineering-oriented evaluation metrics are introduced, including the intra-cluster cosine
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similarity of equipment names, the intra-cluster cosine similarity of specification/model
information, technical-category purity, and measurement-unit purity.

For a specific textual feature, let the normalized TF-IDF vector be ti. The cosine
similarity between any two non-zero textual vectors is defined as:

cos(i, j) =
tT
i tj

∥ ti ∥2∥ tj ∥2
. (27)

For normalized non-zero vectors, we have cos(i, j) = tT
i tj. The text-based engineering

consistency metric is then defined as the average cosine similarity over all unordered
sample pairs within the same cluster:

Stext =

∑K
k=1 ∑ i<j

zi ,zj∈Ck

cos(i, j)

∑K
k=1 (

nk
2 )

. (28)

This metric is calculated separately in the TF-IDF spaces of equipment names and spec-
ification/model information, yielding the name cosine similarity and specification/model
cosine similarity, respectively.

For categorical attributes, let the category value of the i-th sample be ci. The number
of samples belonging to the most frequent category within the k-th cluster is defined as:

mk = max
a ∑

zi∈Ck

I(ci = a). (29)

The overall purity is calculated as:

Purity =
1
n

K

∑
k=1

mk. (30)

A higher purity value indicates stronger concentration of categorical attributes within
clusters. However, technical category and measurement unit play different engineering
roles in describing equipment similarity. In particular, measurement units mainly reflect
metrological and management characteristics rather than functional similarity. Therefore,
categorical purity is used only to characterize the engineering attribute distribution of the
clustering results. The clustering process itself is evaluated and selected primarily based
on the distance structure of the fused feature space and clustering validity indices, rather
than optimizing categorical purity as an independent objective.

3. Clustering Stability Evaluation

Since K-Means relies on the initialization of cluster centroids, different random initial-
izations may lead to different locally optimal partitions. To evaluate clustering robustness,
repeated clustering experiments are conducted while keeping the feature representation
and the number of clusters unchanged. The Adjusted Rand Index (ARI) and Normalized
Mutual Information (NMI) are employed to quantify the consistency among different
clustering partitions.

Let the two clustering results be represented as U = {U1, . . . , UR} and V = {V1, . . . , VS}.
The contingency table elements and marginal sample counts are defined as:

nrs = |Ur ∩ Vs|, ar =
S

∑
s=1

nrs, bs =
R

∑
r=1

nrs. (31)
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Let:

A =
R

∑
r=1

S

∑
s=1

(
nrs

2

)
, B =

R

∑
r=1

(
ar

2

)
, C =

S

∑
s=1

(
bs

2

)
, T =

(
n
2

)
, (32)

Then, the ARI is defined as:

ARI =
A − BC/T

1/2(B + C)− BC/T
. (33)

When two clustering partitions are completely identical, ARI equals 1; an ARI value
close to 0 indicates that the agreement between two partitions approaches the expected
level of random assignment. Furthermore, let prs = nrs/n, pr = ar/n and qs = bs/n; the
mutual information between two clustering partitions is defined as:

I(U ,V) =
R

∑
r=1

S

∑
s=1

prsln
prs

prqs
, (34)

where only terms satisfying the corresponding non-zero conditions are considered in the
summation. The entropy values of the two partitions are defined as:

H(U ) = −
R

∑
r=1

prlnpr, H(V) = −
S

∑
s=1

qslnqs. (35)

Using arithmetic-mean normalization, NMI is defined as:

NMI =
2I(U ,V)

H(U ) + H(V) . (36)

A larger NMI value indicates that the two clustering partitions share more common
information structures. Compared with NMI, ARI is more sensitive to whether individual
sample pairs maintain the same cluster assignments. Therefore, the joint use of ARI
and NMI provides a more comprehensive characterization of clustering stability under
different initializations.

In addition to ARI and NMI, the mean values, standard deviations, and coefficients
of variation in SC, CH, and DB are also calculated across repeated experiments. For any
positive evaluation metric Q, its coefficient of variation is defined as:

CV(Q) =
sQ

Q
× 100%, (37)

where Q and sQ denote the sample mean and sample standard deviation of metric Q ob-
tained from repeated experiments, respectively. Accordingly, internal validity, engineering
consistency, and stability under random initialization jointly constitute the evaluation
framework for the clustering results.

5. Case Study
5.1. Experimental Settings

The experimental dataset consists of 1345 valid ship equipment samples. All selected
attributes were complete for the final 1345 samples, and no missing-value or duplicate
removal was required. The equipment name and specification/model information are rep-
resented using character-level TF-IDF features, with the character n-gram range set to 2–4,
the minimum document frequency set to 2, and the maximum feature dimensions limited
to 800 and 600, respectively. The technical category and measurement unit attributes are
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encoded using One-Hot representation, whereas the number of installations per platform
and reference unit price are logarithmically transformed and subsequently standardized.
The six feature components, namely equipment name, specification/model information,
technical category, measurement unit, number of installations per platform, and reference
unit price, are assigned weights of 0.40, 0.25, 0.15, 0.05, 0.05, and 0.10, respectively, to
construct the weighted fused feature space.

The K-Means algorithm is employed for clustering. To reduce the influence of random
initialization, the random seed is fixed at 42. In total, 20 initializations are performed for
each clustering run, and the maximum number of iterations is set to 500. The candidate
range of cluster numbers is defined as K = 10,12,· · · ,100, and the final cluster number is
determined by jointly considering the SC, CH, and DB indices together with cluster-size
distribution characteristics.

The clustering results are evaluated by considering both internal validity and engi-
neering consistency. Specifically, SC, CH, and DB indices are used to assess the clustering
structure within the fused feature space, while intra-cluster cosine similarity of equipment
names and specification/model information, technical-category purity and measurement-
unit purity are employed to evaluate the engineering consistency of equipment items
within the same cluster.

5.2. Sensitivity Analysis of Feature Weights

To investigate the influence of predefined feature weights on clustering performance,
relative perturbation experiments are conducted based on the baseline weight configuration:
(0.40,0.25,0.15,0.05,0.05,0.10). For each feature component under investigation, its corre-
sponding weight is multiplied by a perturbation coefficient c ∈ {0.50,0.75,1.00,1.25,1.50}.
After perturbation, all feature weights are renormalized to ensure that their sum remains
equal to 1. The cluster number is fixed at K = 36, while all other K-Means parameters remain
unchanged. The variations in clustering validity indices under different feature-weight
perturbations are presented in Table 2.

Table 2. Changes in clustering indices under relative-weight perturbations of individual features.

Perturbed Feature SC Range
Maximum

Relative Change
in SC (%)

CH Range
Maximum

Relative Change
in CH (%)

DB Range
Maximum

Relative Change
in DB (%)

Equipment Name 0.1649~0.1900 8.33 32.3387~42.4237 17.86 2.1569~2.2390 3.80
Specification/Model

Information 0.1695~0.1855 5.76 32.4254~40.3181 12.01 1.9142~2.2906 11.25

Technical Category 0.1727~0.1835 3.96 34.3409~36.8666 4.60 1.9460~2.2046 9.78
Measurement Unit 0.1742~0.1841 3.16 34.7192~35.9957 3.55 2.1569~2.2454 4.10

Number of
Installations per

Platform
0.1764~0.1900 5.63 33.4970~37.5760 6.94 2.1397~2.2726 5.36

Reference Unit
Price 0.1707~0.1890 5.11 30.6608~40.5565 14.82 1.8942~2.2066 12.18

The results presented in Table 2 indicate that different feature-weight variations have
distinct effects on SC, CH, and DB. Among all feature components, changes in the weights
of equipment name and specification/model information exert a relatively stronger influ-
ence on clustering structures, whereas perturbations of auxiliary categorical features, such
as technical category and measurement unit, have comparatively limited effects. Although
certain weight adjustments may improve individual validity indices—for example, reduc-
ing the weights of specification/model information or reference unit price may decrease
the DB value—they may simultaneously result in imbalanced cluster-size distributions.
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Therefore, determining feature weights solely based on a single internal validity index may
not produce a clustering structure suitable for subsequent similarity-based information
transfer among equipment items.

A comprehensive analysis reveals that no single weight configuration simultaneously
optimizes SC, CH, and DB. Therefore, the baseline weight configuration adopted in this
study should not be interpreted as a globally optimal solution in terms of internal validity
indices. Instead, it represents a domain-knowledge-driven weighting scheme determined
according to the relative engineering importance of different equipment attributes.

5.3. Determination of the Number of Clusters

The cluster number K directly determines the granularity of equipment grouping and
the size of the candidate reference set for similar equipment. A relatively small K may result
in excessive numbers of equipment items within each cluster, thereby increasing internal
engineering heterogeneity. Conversely, an excessively large K may generate numerous
small-size clusters and reduce the availability of sufficient reference equipment. Therefore,
the final cluster number is determined by jointly considering clustering validity indices
and cluster-size characteristics. A search is conducted within the range of K = 10~100, and
representative results are summarized in Table 3.

Table 3. Internal validity indices and cluster sizes under different numbers of clusters.

K SC CH DB Minimum
Cluster Size

Median
Cluster Size

Maximum
Cluster Size

Number of Clus-
ters < 5 Samples

Number of Clus-
ters < 10 Samples

10 0.079221 69.419174 2.811651 34 126.5 292 0 0
20 0.113148 46.860392 2.562038 14 53.0 170 0 0
30 0.151644 38.048495 2.322321 9 30.5 166 0 2
34 0.174688 37.247257 2.185793 7 31.5 150 0 1
36 0.179861 35.995673 2.156935 9 31.5 117 0 1
38 0.184378 34.946641 2.243590 8 28.0 115 0 1
42 0.194056 33.386295 2.144390 6 24.5 114 0 1
46 0.220381 32.484584 1.989814 4 22.5 107 1 3
60 0.239235 29.079498 1.806580 3 14.5 145 1 15
80 0.286044 26.529038 1.784084 2 13.0 62 2 25
100 0.331505 25.269601 1.573549 2 10.0 78 7 48

The results in Table 3 show that as K increases, SC generally exhibits an increasing
trend; DB gradually decreases, whereas CH shows an overall decreasing tendency. These
three indices therefore do not provide a consistent optimal cluster number. Although
larger values of K can improve intra-cluster compactness, they also reduce cluster sizes
and increase the number of small-size clusters. When K = 36, the SC value is 0.179861; the
DB value is 2.156935; the maximum cluster size is 117, and the median cluster size is 31.5.
This configuration achieves a favorable balance between clustering validity and the size of
the candidate reference set. Although further increasing K may continue to improve SC
and DB, it also substantially increases the number of small-size clusters, which may lead to
insufficient reference equipment for subsequent analyses. Considering that the objective
of clustering in this study is to construct similarity-based equipment candidate sets for
subsequent reliability information fusion rather than to generate excessively fine-grained
classifications, K = 36 is selected as the final cluster number. This selection represents a
compromise between clustering quality and candidate-set availability.

5.4. Analysis of Clustering Results

After determining the cluster number as K = 36, the proposed feature-fusion scheme
and K-Means configuration are applied to cluster the 1345 ship equipment samples. The
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clustering results are further analyzed from three perspectives: cluster-size distribution,
engineering consistency, and clustering stability.

5.4.1. Cluster-Size Distribution

The final clustering result contains 36 equipment clusters. The minimum cluster size is
9, the median cluster size is 31.5, and the maximum cluster size is 117. No cluster contains
fewer than five samples, and only one cluster contains fewer than ten samples. Overall,
the cluster-size distribution remains well balanced, without generating a large number of
fragmented small clusters or excessively large clusters.

As illustrated in Figure 2, most equipment clusters contain sufficient samples to
support further selection of similar reference equipment within the same cluster. Compared
with larger cluster numbers, K = 36 avoids excessive fragmentation; compared with smaller
cluster numbers, it effectively controls the cluster size and improves the engineering
applicability of the candidate reference sets.

Figure 2. Sample-size distribution of clusters at K = 36.

5.4.2. Representative Cluster Profiles

To further illustrate the engineering interpretability of the clustering results, represen-
tative cluster profiles are analyzed. While clustering validity indices provide quantitative
evaluations, they cannot directly reveal the practical meanings of individual clusters. There-
fore, eight representative clusters are selected from the final clustering result (K = 36) for
detailed analysis.

As shown in Table 4, the obtained clusters exhibit clear functional and structural
similarities. For example, the first cluster mainly contains digital-to-analog conversion-
related boards, including digital-to-analog conversion polarity switch boards and control
logic boards, with corresponding specification/model terms such as DA-PW and DA-LC.
Both professional-category purity and measurement-unit purity reach 1.0, indicating strong
engineering consistency within this cluster. Similarly, the power module cluster groups
different voltage conversion modules with similar functional characteristics, demonstrating
that the proposed method can identify equipment similarity beyond exact name matching.

Some clusters contain equipment with different names but related technical roles. For
example, computer-board-related equipment with different naming expressions is grouped
together due to their similar functional characteristics and specification patterns. This
indicates that the combination of character-level text representation and domain-guided
feature weighting can capture latent engineering relationships among equipment items.

Overall, the representative cluster profiles demonstrate that the proposed framework
can generate meaningful equipment groups based on functional and technical similarity
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rather than simple attribute matching, providing interpretable candidate sets for subsequent
reliability analysis.

Table 4. Representative profiles of selected ship equipment clusters.

Cluster Size Representative Equipment
Names

Representative
Specification/Model Terms

Technical-
Category Purity

Measurement-
Unit Purity

13

Digital-to-analog conversion
polarity switch board (6);

digital-to-analog conversion
control logic board (3);

digital-to-analog conversion
logic board (3); polarity

switch board (1)

DA-PW (6); DA-LC (5);
DA-LC (1); DA-PW (1) 1.000 1.000

28

Digital conversion board 1
(15); digital-to-analog

conversion board 1 (6); buffer
board-1 (2); digital

synchronizer conversion
board-2 (1);

digital-synchronizer
conversion board-2 (1)

SM1 (21); RTU-BUF-1 (2);
RTU-DS-2 (2); HEA901 (1);

PM-ADC5/12-7 (1)
0.643 0.893

40

5 V/15 V power module (23);
15 V power module (6);

5 V/12 V power module (5);
±15 V power module (2);

5 V/15 V DC power module
(2)

ZDM3 (21); PS-15 (5);
ZDM2 (5); ZDM29 (3);

PS-P15 (2)
1.000 1.000

39

Serial interface board (30);
computer serial interface

board (7); 429 interface board
(1); 1.9 serial interface board

(1)

SC-SR-5 (13); CJK7 (6); CJK1
(5); CP-SI (4); CMP-SIF (4) 1.000 1.000

48

Computer motherboard (18);
computer processor board

(15); computer central
processor board (3); computer
processing board (2); central

processor board-1 (2)

JZB12 (10); JZB11 (8);
CMP-CPU (5); JZB5 (3);

ITP-CPU (3)
0.896 1.000

25
Heading data processing

board (23); heading
processing board (2)

HXC1 (14); HXC2 (10);
CP-DPCH-1 (1) 1.000 1.000

25

CAN interface board (16);
timing control switching
board (7); 1.13 dual CAN

interface board (1); CAN bus
interface board (1)

JK3 (8); SXK1 (5); JK1 (5);
CMP-CAN (3); SXK3 (2) 1.000 1.000

34

Temperature control
detection board (8); system

timing board (8); system
power control board (7);

operation control and display
panel (6); system detection

board (4)

ST-TC (8); ST-TS (8); ST-SC
(7); ST-OC (6); ST-DT (4) 0.588 1.000
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5.4.3. Engineering Consistency Analysis

To evaluate whether the obtained clusters possess meaningful engineering interpreta-
tions, four engineering consistency metrics are calculated: intra-cluster cosine similarity
of equipment names, intra-cluster cosine similarity of specification/model information,
technical-category purity, and measurement-unit purity. Meanwhile, 100 random grouping
experiments with identical cluster-size distributions are conducted as a baseline comparison.
The results are presented in Table 5.

Table 5. Engineering-consistency comparison between the proposed clustering result and random
grouping.

Grouping Strategy Equipment Name
Cosine Similarity

Specification/Model
Cosine Similarity

Technical-Category
Purity

Measurement-Unit
Purity

Random grouping 0.023208 0.022718 0.581554 0.647100
Proposed clustering 0.193760 0.154359 0.870632 0.801487

The results in Table 5 demonstrate that the proposed clustering approach consistently
outperforms random grouping across all four engineering consistency metrics. Specifically,
the equipment-name cosine similarity increases from 0.023208 to 0.193760, while the speci-
fication/model cosine similarity increases from 0.022718 to 0.154359. These improvements
indicate that the fused feature space is capable of effectively grouping equipment items
with similar functional characteristics, structural information, and model-related attributes.
Furthermore, the technical-category purity increases from 0.581554 to 0.870632, and the
measurement-unit purity improves from 0.647100 to 0.801487, indicating that the resulting
clusters exhibit strong consistency in engineering attributes.

Overall, the 36 equipment clusters obtained by the proposed method are not formed
randomly. Instead, they demonstrate clear engineering similarity in critical attributes,
including equipment names, specification/model information, and technical categories.
Therefore, these clusters can serve as meaningful candidate reference sets for subsequent
reliability information fusion.

5.4.4. Clustering Stability Analysis

Considering the sensitivity of K-Means to centroid initialization, repeated clustering
experiments are conducted using 30 different random seeds while maintaining K = 36, the
feature representation, and all other algorithmic parameters unchanged. The clustering
stability is evaluated from two aspects: the variability of internal validity indices and the
consistency of cluster assignments. The results are summarized in Table 6.

Table 6. Stability results of 30 repeated clustering runs at K = 36.

Evaluation Metric Mean Standard Deviation Minimum Maximum Coefficient of
Variation (%)

SC 0.180083 0.005458 0.171172 0.189018 3.031
CH 35.520807 0.340675 34.908789 36.215801 0.959
DB 2.120594 0.068253 1.965578 2.242227 3.219

ARI (relative to seed = 42 partitions) 0.502783 0.044023 0.425387 0.635839 —
NMI (relative to seed = 42 partitions) 0.785802 0.018138 0.755712 0.828540 —

Pairwise ARI 0.521421 0.051077 0.385326 0.676630 —
Pairwise NMI 0.797079 0.019674 0.744659 0.861424 —

Across the 30 repeated experiments, the coefficients of variation for SC, CH, and
DB are 3.031%, 0.959%, and 3.219%, respectively, indicating limited fluctuations in the
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internal clustering structure. Compared with the reference random seed, both ARI and
NMI maintain relatively high values. In particular, the mean NMI value reaches 0.785802,
demonstrating that the global information structure of clustering partitions remains highly
consistent under different initializations.

5.5. Analysis of Feature-Weighting Mechanism

The feature-weight sensitivity analysis indicates that different feature weights in-
fluence the distance structure of the fused feature space. To further verify whether the
domain-knowledge-driven feature-weighting mechanism improves clustering performance,
an equal-weight comparison experiment is conducted. Except for feature weighting, all
preprocessing procedures, the cluster number, and K-Means parameters are kept identi-
cal. The weighted scheme adopts (0.40,0.25,0.15,0.05,0.05,0.10) whereas the equal-weight
scheme assigns identical weights to all six attribute types.

5.5.1. Comparison of Internal Validity

The internal validity comparison between the two weighting schemes is presented in
Table 7.

Table 7. Internal validity comparison of weighted and equal-weight schemes.

Clustering Scheme SC CH DB

Weighted scheme 0.179861 35.995673 2.156935
Equal-weight scheme 0.125394 31.491564 2.661584

As shown in Table 7, the weighted scheme achieves SC and CH values of 0.179861
and 35.995673, respectively, both exceeding those obtained by the equal-weight scheme
(0.125394 and 31.491564). Meanwhile, the DB value decreases from 2.661584 to 2.156935.
These results indicate that introducing feature weights improves both intra-cluster com-
pactness and inter-cluster separation within the fused feature space. However, internal
validity indices depend on the underlying feature representation and distance definition.
Therefore, they only characterize structural differences among clustering schemes in the
fused space and should be complemented with engineering consistency analysis when
assessing practical applicability.

5.5.2. Comparison of Engineering Consistency

The engineering consistency of the two weighting schemes is further compared, and
the results are summarized in Table 8.

Table 8. Engineering-consistency and cluster-size comparison of weighted and equal-weight schemes.

Scheme
Name
Cosine

Similarity

Specification/
Model Cosine

Similarity

Technical-
Category

Purity

Measurement-
Unit Purity

Minimum
Cluster

Size

Median
Cluster

Size

Name
Cosine

Similarity

Specification/
Model Cosine

Similarity

Technical-
Category

Purity

Weighted
scheme 0.193760 0.154359 0.870632 0.801487 9 31.5 117 0 1

Equal-weight
scheme 0.148335 0.129822 0.859480 0.905576 9 29.5 104 0 1

The results in Table 8 show that the weighted scheme outperforms the equal-weight
scheme in equipment-name cosine similarity, specification/model cosine similarity, and
technical-category purity. Specifically, the equipment-name cosine similarity increases
from 0.148335 to 0.193760, while the specification/model cosine similarity increases from
0.129822 to 0.154359. These improvements demonstrate that increasing the contribution of
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textual attributes within the fused feature space enhances the aggregation of equipment
items with similar functional and structural characteristics. Although the equal-weight
scheme achieves slightly higher measurement-unit purity, measurement units mainly repre-
sent management and metrological characteristics rather than direct functional or structural
similarity. Therefore, measurement-unit purity is not considered the primary optimization
objective for identifying similar equipment. The two schemes exhibit comparable cluster-
size distributions, and neither generates significant fragmented clusters. This indicates
that the weighted scheme improves engineering consistency without sacrificing cluster
size structure.

Overall, the combined analysis of internal validity and engineering consistency demon-
strates that the feature-weighting mechanism effectively enhances the contribution of crit-
ical attributes, such as equipment names and specification/model information, thereby
improving the suitability of the obtained clusters for constructing candidate sets of simi-
lar equipment.

5.6. Comparative Experimental Analysis

To further validate the effectiveness of the proposed method for heterogeneous ship
equipment data, four representative clustering approaches for mixed-type or weighted
feature clustering are selected as comparison methods, including One-Hot + K-Means,
Attribute-Weighted K-Means (AW-KMeans), K-Prototypes, and Gower + hierarchical clus-
tering. All five methods are evaluated using the same dataset containing 1345 ship equip-
ment samples and the same six engineering attributes. The number of clusters is fixed
at K = 36 for all methods. Among the benchmark methods, One-Hot + K-Means trans-
forms categorical and textual attributes into numerical representations before applying
conventional K-Means clustering, where all feature dimensions are assigned equal impor-
tance. AW-KMeans introduces attribute weights into the K-Means objective function and
automatically learns feature importance from the data distribution, representing a typical
data-driven feature weighting strategy. K-Prototypes simultaneously handles numerical
and categorical attributes by combining numerical distances with categorical dissimilari-
ties, whereas Gower + hierarchical clustering performs hierarchical clustering based on
mixed-type attribute distances. The proposed method constructs a unified fused feature
space by integrating character-level TF-IDF representations, One-Hot-encoded categori-
cal attributes, standardized numerical features, and domain-knowledge-driven feature
weights, followed by K-Means clustering. To ensure engineering-level comparability, all
methods are further evaluated using the same engineering consistency metrics, including
equipment-name cosine similarity, specification/model cosine similarity, technical-category
purity, and measurement-unit purity.

As shown in Table 9, the proposed method achieves the highest similarity val-
ues in both equipment-name and specification/model information among all compar-
ison methods. Specifically, the equipment-name cosine similarity reaches 0.193760, ex-
ceeding those obtained by One-Hot + K-Means (0.114064), AW-KMeans (0.146825), K-
Prototypes (0.100896), and Gower + hierarchical clustering (0.046349). Similarly, the specifi-
cation/model cosine similarity reaches 0.154359, demonstrating that the proposed frame-
work provides superior capability in capturing textual similarity relationships among
ship equipment.

Compared with One-Hot + K-Means, AW-KMeans improves both textual similarity
and categorical consistency by automatically learning feature importance from data distri-
bution. The equipment-name cosine similarity and specification/model cosine similarity
of AW-KMeans reach 0.146825 and 0.126743, respectively, which are higher than those of
the equal-weight K-Means method. This indicates that adaptive feature weighting can
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effectively reduce the influence of less informative attributes. However, the proposed
method still achieves higher textual consistency than AW-KMeans, suggesting that auto-
matically learned weights based only on statistical characteristics cannot fully capture the
engineering semantics embedded in ship equipment descriptions.

Table 9. Engineering-consistency comparison of different clustering methods.

Method Equipment-Name
Cosine Similarity

Specification/Model
Cosine Similarity

Technical-Category
Purity

Measurement-Unit
Purity

One-Hot + K-Means 0.114064 0.108339 0.854275 0.907063
AW-KMeans 0.146825 0.126743 0.891204 0.932617
K-Prototypes 0.100896 0.088911 0.837175 0.882528

Gower + hierarchical 0.046349 0.039971 0.987361 0.995539
Proposed method 0.193760 0.154359 0.870632 0.801487

Gower + hierarchical clustering achieves the highest technical-category purity
(0.987361) and measurement-unit purity (0.995539), indicating its strong capability in
preserving categorical attribute consistency. However, its relatively low equipment-name
cosine similarity (0.046349) and specification/model cosine similarity (0.039971) suggest
that the resulting clusters are more strongly influenced by categorical similarity rather than
textual and functional similarities. Therefore, although Gower-based clustering maintains
high consistency in management-related attributes, it is less effective in identifying latent
functional relationships among equipment items.

The proposed method achieves a technical-category purity of 0.870632, which is higher
than One-Hot + K-Means (0.854275) and K-Prototypes (0.837175), while maintaining the
highest textual consistency among all methods. Although its measurement-unit purity
(0.801487) is lower than some comparison methods, measurement units mainly represent
management and metrological characteristics rather than intrinsic equipment functional-
ity. Therefore, the lower measurement-unit purity does not compromise the objective of
constructing engineering-similar equipment groups for subsequent reliability assessment.

Overall, the proposed method effectively integrates textual, categorical, and numerical
attributes while introducing domain-knowledge-driven feature weighting. This strategy
enhances the contribution of critical attributes, particularly equipment names and specifica-
tion/model information.

6. Conclusions
Reliability assessment of ship equipment is often constrained by the scarcity or ab-

sence of failure data, particularly for highly reliable equipment with extremely low failure
frequencies. To address this challenge, this study proposes a multi-type feature fusion
clustering framework for heterogeneous ship equipment data. By constructing similarity-
based equipment groups, the proposed method provides a data foundation for subsequent
reliability assessment using historical information from similar equipment. The proposed
framework integrates numerical, categorical, and textual attributes through a unified
feature representation strategy. Specifically, different data types are processed using ap-
propriate representation methods, and a domain-knowledge-driven feature-weighting
mechanism is introduced to enhance the contribution of critical attributes during cluster-
ing. The resulting fused feature space simultaneously captures functional characteristics,
technical properties, and configuration information of ship equipment, thereby improving
the identification of similar equipment items.

The main contributions and conclusions of this study are summarized as follows:
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(1) To address the coexistence of multiple attribute types in ship equipment data, a
unified feature representation method integrating numerical, categorical, and textual
information is developed. By applying type-specific preprocessing strategies and
feature-weighted fusion, the proposed representation effectively captures functional,
technical, and configuration characteristics of the equipment and improves similarity
identification performance.

(2) To overcome the difficulty of determining the cluster number using a single evaluation
criterion, a multi-index cluster number determination strategy is proposed. By jointly
considering internal validity indices, including SC, CH, and DB, together with cluster-
size characteristics, the proposed strategy reduces the bias caused by individual
evaluation metrics and achieves a balance between clustering quality and candidate
reference-set availability.

(3) A complete ship equipment clustering framework is established, including data pre-
processing, multi-type feature fusion, clustering implementation, and result evaluation.
Experimental validation using real ship equipment data demonstrates that the ob-
tained equipment clusters exhibit strong interpretability in terms of name similarity,
specification/model similarity, and engineering attribute consistency. Therefore, the
proposed framework can generate engineering-meaningful candidate sets of simi-
lar equipment.

The proposed research provides practical support for engineering applications. For
highly reliable ship equipment with limited or unavailable failure data, existing reliability
information from similar equipment can be incorporated through approaches such as
Bayesian estimation and empirical Bayes methods, thereby alleviating the challenges
associated with reliability parameter estimation under small-sample conditions.

Future research will focus on three directions. First, more advanced and interpretable
text representation methods will be explored to improve the characterization of professional
terminology and technical semantics in ship equipment data. Second, expert knowledge
and semi-supervised constraint mechanisms will be incorporated to further enhance the
engineering validity of similarity-based equipment grouping. Third, the clustering results
will be further integrated with reliability assessment models to quantitatively evaluate the
practical contribution of similarity grouping to reliability analysis.
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