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ABSTRACT

Although deep learning methods have demonstrated remarkable efficacy in the diagnostic analysis of planetary
gearboxes, their practical application in industrial settings is considerably restrained by several inherent
limitations. Among these critical challenges are the pronounced dependency on the quality of initial labeling,
the constraints associated with loss function strategies employed in contrastive learning, the complexities in-
volved in elucidating intra-cluster and inter-cluster dynamics, as well as the ongoing difficulties in recognizing
unknown faults. In response to these challenges, this study introduces a novel methodology termed Step-
wise Contrastive Representation Learning, which is specifically designed to address the issue of unidentified
fault classes through the utilization of a constrained set of known fault categories. Furthermore, this research
develops a comprehensive analytical framework that scrutinizes the relationships between intra-cluster and
inter-cluster dynamics in both over-clustered and standard-clustered contexts, thereby facilitating enhanced
optimization of model performance. In addition, a multi-step loss function strategy is proposed, encompassing
stages from pre-training to advanced training phases, which significantly improves the model’s adaptability to
effectively capture the intricate characteristics of new or unrecognized instances. Ultimately, this framework
aims to strengthen the development of a specialized classification network that enhances the accuracy and
reliability of gear fault diagnosis, thereby yielding substantial improvements in generalization capabilities

within dynamic industrial case studies.

1. Introduction

Planetary gearboxes are critical components utilized in a wide
range of industrial applications, including wind turbines, gas turbines,
electric motors, and hybrid vehicles [1-3]. The continuous operation
under high-speed conditions, coupled with varying load scenarios, sub-
jects these systems to significant mechanical stress. As a consequence,
planetary gearboxes are particularly prone to a variety of damaging
phenomena, such as broken or missing teeth, root cracks, and surface
wear on the gear teeth. If these faults are not detected and addressed in
a timely manner, they pose serious safety risks that can result in system
failures or accidents. Therefore, the development and implementation
of advanced fault diagnosis techniques have become not only essential
but imperative. By enabling proactive maintenance interventions, these
techniques help mitigate risks and contribute to the overall longevity

and efficiency of the machinery in which planetary gearboxes are
integrated.

In recent years, data-driven fault diagnosis methods, particularly
those incorporating deep learning techniques, have witnessed remark-
able and rapid advancements [4-8]. These achievements can largely be
attributed to the exceptional ability of deep learning to autonomously
extract high-level representations from raw signals, thereby enabling
highly accurate diagnostic predictions through end-to-end models. Over
the past decade, various deep learning algorithms have gained signif-
icant traction, with notable examples including convolutional neural
networks (CNNs) [9,10], generative adversarial networks (GANs) [11],
and recurrent neural networks (RNNs) [12]. Each of these methods
demonstrates impressive capabilities in different diagnostic applica-
tions. For instance, Han et al. [13] propose a deep transfer convo-
lutional neural network (CNN) framework that improves diagnostic
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performance under conditions with limited labeled data by leverag-
ing transfer learning and employing global average pooling (GAP)
to reduce trainable parameters and mitigate the risk of overfitting.
Similarly, Li et al. [14] present a novel fault diagnosis approach that
integrates transfer learning with a dynamic model, enabling the extrac-
tion of domain-invariant features and achieving accurate fault classi-
fication for planetary gearboxes using both simulated and real-world
data. Zhang et al. [15] introduce a nearly end-to-end deep learning
method that combines Empirical Mode Decomposition (EMD) with a
one-dimensional CNN to enhance fault diagnosis accuracy for wind tur-
bine gearboxes, particularly under nonstationary operating conditions,
using vibration signals. Moreover, Raghav et al. [16] propose an ad-
vanced signal processing approach combined with a deep convolutional
neural network (DCNN) for fault diagnosis in spur gearboxes operating
at low speeds and low loads, comparing four different image-based
methods and demonstrating the superior performance of the Contin-
uous Wavelet Transmission (CWT) method. Besides, Amiri et al. [17]
propose a novel classifier that combines support vector machines, prob-
abilistic neural networks, and deep neural networks using fuzzy systems
to monitor UAV status and detect insulator faults, achieving superior
performance compared to established classifiers. Lastly, Chen et al. [18]
propose a deep convolutional generative adversarial network (DCGAN)
scheme for health condition monitoring of wind turbine generator
bearings. This innovative approach introduces a self-setting thresh-
old mechanism, allowing the automatic definition of thresholds and
overcoming the limitations of traditional threshold-setting methods,
thereby enhancing diagnostic accuracy without the need for human
intervention. These diverse methods highlight the growing potential of
deep learning-based models in advancing fault diagnosis across various
industrial applications.

In the field of semi-supervised learning applied to fault diagnosis
within gearbox transmission systems, this area has garnered signif-
icant attention from researchers. Zhou et al. [19] present a novel
fault detection and diagnosis framework specifically designed for gear
systems, which employs a deep convolutional generative adversarial
network (DCGAN) following a semi-supervised learning approach. By
integrating unlabeled data into the training process, this framework
significantly enhances diagnostic accuracy and capability, particularly
regarding previously unseen faults, all while requiring limited labeled
data. The efficacy of this approach is substantiated through system-
atic case studies conducted on experimental datasets. Similarly, Zhang
et al. [20] propose a semi-supervised fault diagnosis method for gear-
boxes that effectively combines a feature pre-extraction mechanism
utilizing wavelet transform with an improved generative adversarial
network (IGAN). Their findings demonstrate not only enhanced diag-
nostic accuracy but also increased robustness against noise in gearbox
fault datasets characterized by limited labeled samples and high levels
of environmental noise. Furthermore, Zhao et al. [21] introduce a
two-stage hybrid semi-supervised learning methodology aimed at im-
proving fault diagnosis accuracy in rotating machinery. This approach
incorporates pseudo-labeling and a novel consistency regularization
mechanism to overcome challenges associated with initial model accu-
racy and one-dimensional data augmentation. Their results indicate a
remarkable achievement of nearly 100% accuracy, even in scenarios
where labeled samples are limited. Moreover, Luo et al. [22] offer
an innovative Contrastive Vibration-Current (CVC) framework, which
enhances fault diagnosis performance in electromechanical systems by
leveraging synchronization information derived from both vibration
and current signals. Through the application of advanced preprocessing
and semi-supervised learning techniques, this framework significantly
enhances the diagnostic capabilities of single-modality models, partic-
ularly improving the performance of current models that rely solely
on single-modal signals. Fu et al. [23] introduce a semi-supervised
prototype network known as TWSCE-SSPN, which proficiently diag-
noses main bearing faults in tunnel boring machines under few-shot
learning conditions. This method employs a novel two-stream wavelet
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scattering convolutional encoder designed to enhance feature map-
ping, ultimately achieving significantly higher accuracy and robustness
compared to existing methodologies, especially in noisy environments.
Collectively, these studies underscore the potential of semi-supervised
learning approaches in enhancing fault diagnosis accuracy and robust-
ness in various mechanical systems. In short, these studies highlight
the transformative potential of semi-supervised learning techniques in
advancing fault diagnosis across various mechanical systems.

Contrastive learning has notably emerged as a vital area of study,
offering enhanced robustness and diagnostic accuracy by revealing the
intrinsic structural features of data. This is particularly valuable in
unsupervised or weakly supervised scenarios, where the availability
of labeled datasets is often limited due to the difficulty and expense
associated with their acquisition. Notably, techniques such as self-
supervised learning (SS-Learning) and semi-supervised learning have
gained widespread adoption and have achieved continuous advance-
ments across various applications. For instance, Wang et al. [24] pro-
pose a self-supervised learning (SS-Learning) framework tailored specif-
ically for machinery fault diagnosis. This framework excels in directly
learning representative features from unlabeled signals, thereby im-
proving diagnostic performance even when labeled data are scarce.
It has been demonstrated to significantly outperform traditional con-
volutional neural networks (CNNs) across a spectrum of real-world
datasets. In a similar vein, Zhu et al. [25] introduce a self-supervised
fault diagnosis approach that integrates temporal predictive and simi-
larity contrast learning (TPSCL) with a self-attention mechanism. This
method is particularly effective for health monitoring of wind turbine
gearboxes, as it adeptly extracts latent fault features from unlabeled
vibration signals. Consequently, it enhances diagnostic accuracy even
under conditions with limited labeled data and variable operating
conditions. In another significant development, Zhou et al. [19] pro-
pose a deep convolutional generative adversarial network (DCGAN)
framework for the semi-supervised fault detection and diagnosis of
gear systems. By leveraging a substantial amount of unlabeled data,
this method not only improves diagnostic accuracy but also extends
the model’s ability to identify previously unseen faults that were not
present in the training dataset. Additionally, Cheng et al. [26] introduce
a semi-supervised fault diagnosis approach utilizing a hybrid classifica-
tion network and weighted pseudo-labeling (HCN-WPL). This strategy
enhances diagnostic precision by combining autoencoder-driven fea-
ture extraction with a confidence-based pseudo-labeling mechanism,
thus optimizing model performance in scenarios with limited labeled
data. Furthermore, Liang et al. [27] propose a different semi-supervised
learning method based on reactive power signals, employing a GAF-
CNN-MTDL fault diagnosis model. By transforming reactive power data
into two-dimensional images, this method effectively highlights critical
gear fault features, thereby enabling highly accurate fault diagnosis
with minimal dependence on labeled data. As a whole, these advance-
ments vividly illustrate the substantial potential of contrastive learning
techniques. They are particularly effective in overcoming the challenges
posed by limited labeled data, significantly enhancing fault diagnosis
accuracy across a variety of complex industrial applications.

While the aforementioned deep learning methods have shown im-
pressive performance in various diagnostic tasks, they also face no-
table challenges for practical implementation in real-world industrial
applications due to certain shortcomings:

1. Dependency on Initial Labeling: Although semi-supervised learn-
ing aims to reduce the reliance on labeled data, the quality
and scope of the initial labeled dataset can significantly impact
model performance. If the initial labeling is biased or incom-
plete, the effectiveness of the semi-supervised approach may be
compromised, leading to suboptimal model outcomes.

2. Limitations of Loss Function Strategies in Contrastive Learning:
The loss function employed in contrastive representation learn-
ing typically operates on a one-step basis rather than employing
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a multi-step framework. This characteristic creates challenges
in identifying and characterizing unknown categories, as the
direct approach may hinder the model’s ability to adequately
capture and represent the intricacies associated with novel or
unrecognized category instances.

3. Challenges in Understanding Intra-cluster and Inter-cluster Dy-
namics: Understanding the relationships between intra-cluster
and inter-cluster structures is challenging in both over-clustering
and standard scenarios. This is crucial for optimizing cluster-
ing performance but requires advanced knowledge of cluster-
ing methodologies. Additionally, results can be sensitive to
the assumptions made, leading to misinterpretations or over-
generalizations that undermine the validity of conclusions.

4. Inability to Detect Unknown Faults: Despite the significant ad-
vancements made in fault detection methodologies, there re-
mains a persistent challenge in recognizing entirely new fault
types that were not represented in the training dataset. This
limitation restricts the applicability of these approaches, particu-
larly in dynamic environments characterized by rapidly evolving
conditions, where the emergence of new fault types can occur
frequently and unexpectedly.

To address the aforementioned challenges, a novel approach known
as step-wise contrastive representation learning is proposed. This in-
novative method is specifically designed to confront the pervasive
issue of unknown fault classes, effectively leveraging a limited but
accessible set of known fault classes. Within the proposed framework,
the dynamics of intra-cluster and inter-cluster relationships pertaining
to both over-clustered and standard-clustered fault classes are thor-
oughly investigated. By engaging in this comprehensive exploration,
the feature extraction capabilities at each stage of the model can
be refined, thereby significantly enhancing the model’s convergence
speed and its overall ability to generalize to new data. Furthermore,
this process ensures that the model learns in a productive direction,
ultimately leading to the development of a classification network that
is specifically trained for accurate and reliable gear fault detection.

The primary contributions of this paper can be summarized as
follows:

1. Introduction of Step-wise Contrastive Representation Learning:
This research proposes a novel approach called step-wise con-
trastive representation learning, which specifically targets the
challenge of unidentified fault classes. By utilizing a limited
yet accessible selection of known fault classes, this method
effectively addresses unknown fault detection.

2. Comprehensive Framework for Analyzing Cluster Dynamics: A
structured framework is introduced to comprehensively analyze
the dynamics of intra-cluster and inter-cluster relationships, con-
sidering both over-clustered and standard-clustered fault classi-
fications. This exploration enhances our understanding of fault
relationships and aids in optimizing model performance.

3. Designation of Multi-Step Loss Function Strategies in Contrastive
Learning: A multi-step framework for loss functions spanning
from pre-training Stage O to Stage 3 is designed. This strategy
aims to overcome the limitations of conventional direct methods
that may hinder a model’s ability to capture the complexities
of novel or unrecognized category instances. By implementing
a tiered loss function approach, we seek to enhance the model’s
adaptability and improve its performance in recognizing a wider
range of data distributions.

4. Development of a Tailored Classification Network for Fault De-
tection: By implementing this approach, the model is guided
toward more productive learning pathways, ultimately resulting
in a classification network that is specifically calibrated for
accurate and trustworthy gear fault detection.
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This paper is systematically organized into four distinct sections,
each of which plays a critical role in fostering a comprehensive un-
derstanding of the research topic at hand. In Section 2, the relevant
theoretical frameworks are revisited, thereby establishing both the
conceptual foundations and contextual backdrop for this investiga-
tion. Section 3 introduces and elaborates on the proposed step-wise
contrastive learning model, providing an in-depth examination of its
architecture and operational mechanisms. Following this, Section 4 is
dedicated to the presentation and analysis of the experimental results
obtained from evaluating the model across two case studies, which
facilitates a critical assessment of the model’s performance. Finally, in
Section 5, the principal findings of the research are succinctly summa-
rized, and the paper concludes by discussing the implications of these
results, as well as suggesting potential avenues for future research.

2. Related works

The study of Novel Class Discovery (NCD) operates under the open-
world assumption, which posits that data can be categorized into
known and unknown types. Specifically, the complete dataset D is
partitioned into a labeled dataset D, = {(x;, Y, and an unlabeled
dataset D, = {(xi)}:": I The set of classes in the labeled dataset D, is
denoted as C;, while the set of classes in the unlabeled dataset D, is
represented as C,. Importantly, it is assumed that the intersection of
these two sets of classes is non-empty, i.e., C; N C, # #, while they
remain distinct, such that C; # C,. Within this framework, the classes
corresponding to the intersection, C; = C; n C,, are classified as known
categories, whereas the classes represented by the difference C, — C;
are identified as new categories. Thus, the NCD method leverages a
limited amount of labeled data from D, and treats all remaining data
as unlabeled, thereby enabling the training of a model on D, and D,
to cluster all samples. This approach allows for the classification of the
entire dataset without requiring labels for the new class data found in
c,-C,.

Contrastive Learning, a prominent unsupervised learning technique,
fundamentally aims to enhance the distinction between dissimilar sam-
ples while simultaneously drawing similar samples closer together in
the feature space. In this context, samples that exhibit similarities to a
specified reference sample are termed positive pairs, while those that
differ are designated as negative samples. During training, contrastive
learning algorithms work to learn effective feature representations by
maximizing the similarity among positive samples and minimizing the
similarity among negative samples. A primary advantage of contrastive
learning lies in its ability to train models without the necessity of
labeled data, thus rendering it particularly useful in scenarios where
acquiring samples is straightforward, but labeling remains challenging.
This method has found applications across a spectrum of tasks in
computer vision and natural language processing, including image clas-
sification, object detection, image generation, and text representation
learning.

To establish positive and negative sample pairs, the seminal work
in contrastive learning, SimCLR [28], introduces a straightforward pro-
cedure. Specifically, SimCLR generates two augmented versions of the
same sample through random data augmentation, and these augmented
versions, denoted as x; and x;, are recognized as a positive sample pair.
During training, SimCLR randomly selects N samples to form a batch;
each original sample undergoes two random augmentations, resulting
in a total of 2N data points. Notably, SimCLR does not engage in
explicit negative sampling; for any given sample, only the augmented
counterpart from the same original image is considered a positive pair,
while the remaining 2N — 2 samples are treated as negative samples.

Consequently, the final loss function is formulated as follows:
1y
2N

L= (o k=1 + D121 @

k=1
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exp(sim(z;,z;)/7)
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where Ij;; denotes the indicator function, which yields a value of
1 only when k is not equal to i. The parameter r represents the
temperature coefficient, while z; and z; refer to the outputs, as depicted
in the figure above.

Since its introduction, the clustering approach employed by SimCLR
has yielded promising results. However, it is worth noting that its per-
formance is relatively limited when compared to recent advancements
in the field, primarily due to its separate treatment of labeled and
unlabeled data. One notable methodology, DTC [29], addresses this
limitation through the application of transfer learning. In this approach,
a base model is first learned from the labeled data and subsequently
adapted to recognize samples from new classes. Moreover, ORCA [30,
31] presents a similar problem formulation aligned with the open-world
assumptions outlined in this study. Its primary innovations involve
the integration of adaptive supervised learning, the implementation
of pairwise objectives, and the application of model regularization
techniques. Although the problem setting in IIC [32] differs somewhat
from that presented in this paper—wherein D, and D, are defined as
two disjoint categories—it is possible to adapt the latter framework by
considering D, as a subset of D, during testing. IIC primarily utilizes
symmetrical Kullback-Leibler (KL) divergence to evaluate inter-class
and intra-class similarities, optimizing a loss function based on this
metric. However, it is essential to note that the scope of inter-class
similarity control defined by IIC tends to be broad, focusing primarily
on amplifying the distinction between known and new classes with-
out specifically addressing the disparities among samples within each
individual class. Another significant advancement, OpenNCD [33], in-
novatively employs a two-layer contrastive learning framework. This
methodology strategically utilizes a greater number of prototypes than
the actual number of classes in order to perform classification and incre-
mentally clusters these prototypes throughout the training phase. Con-
sequently, both prototype-level and prototype-group level similarities
are delineated for improved performance.

In addition to these methodologies, active learning constitutes a
pivotal branch of semi-supervised learning that grapples with the chal-
lenge of a vast number of unlabeled samples while requiring labels for
only a limited number. Active learning focuses on selecting the most
informative samples for labeling, thereby minimizing the number of
labeled samples needed while preserving model performance. The core
principle of active learning is to prioritize labeling samples character-
ized by the highest uncertainty. These uncertain samples are typically
positioned near decision boundaries in the feature space, and the su-
pervision signal derived from these samples offers more informative in-
sights compared to randomly selected samples. Such samples are often
referred to as hard samples, and the concept parallels the difficulties en-
countered by humans during their own learning processes. Addressing
challenging problems often necessitates enhanced logical reasoning ca-
pabilities, thereby facilitating deeper knowledge acquisition; similarly,
this principle applies to machine learning frameworks.

3. The proposed step-wise contrastive representation learning

This section elucidates the proposed step-wise contrastive repre-
sentation learning methodology, seen in Fig. 1, which is designed to
unearth latent categories in the domain of gearbox fault diagnosis.
The model designs a step-wise two-level contrast learning approach
that operates on multiple prototypes. By leveraging a limited set of
known class faults within signal samples, this method facilitates the
identification of both known and unknown class faults in real-world
signal samples. Consequently, this approach addresses the challenging
problem of unknown class fault identification in open-world signal
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data, which has hitherto been a significant obstacle in the field of fault
diagnosis. By employing this advanced contrastive learning technique,
the model effectively learns to distinguish between various fault cate-
gories, even those not explicitly presented during the training phase.
This is achieved through the careful construction of a feature space
where similar faults cluster together, while dissimilar faults are pushed
apart. As a result, the model can generalize its learned representations
to novel fault classes, thereby significantly improving its utility in
real-world applications.

The proposed model’s overall architecture comprises an encoder
E and a prototype system, which consists of two trainable tensors,
denoted as Gy, and Gy, It is important to note that the number
of columns in each tensor corresponds to the dimensionality of the
encoder’s output. The two tensors serve distinct yet complementary
purposes: G.,..s. is employed to facilitate the grouping of samples into
broad classes, while G, is utilized for more granular classification into
smaller, more specific classes.

To elaborate further, G, .., which is responsible for coarse-grained
classification, is structured as a tensor with dimensions (n, dim). In this
context, n represents the initial number of classes defined by the model,
effectively determining the number of categories into which the data
will be assigned. The parameter dim corresponds to the dimensionality
of the feature vector produced by encoder E. Each row within G, .
can be conceptualized as a prototype, essentially serving as a represen-
tative model for the feature vector extracted from a particular class of
samples after processing through the encoder. Consequently, the final
classification process involves first extracting features via the encoder,
followed by computing the similarity between the sample’s feature
vector and each prototype. This computation yields an n-dimensional
vector, which effectively represents the similarity (or assignment prob-
ability) between the sample and each prototype. The classification
outcome is then determined by identifying the prototype with the
highest similarity score. To enhance the normalization of computa-
tional outcomes and ensure consistency in subsequent processes, this
research introduces slight modifications to the similarity (assignment
probability) computation. Nonetheless, it is important to note that
these adjustments do not alter the underlying principle, which remains
firmly based on the cosine similarity methodology. Specifically, the
assignment probability p.,,,. is computed as follows:

exp <% feature - meeT>
4

Pcoarse =

Y exp (%feature . QwarseT)

where feature denotes the feature vector extracted from the sample
by the encoder, and r represents the temperature coefficient, which
modulates the softness of the probability distribution.

For Gy, which is employed for fine-grained classification, It is
observed that it structured as a tensor with dimensions (n * k,dim).
Here, k signifies the over-clustering factor, allowing for a more nuanced
categorization of samples. It is worth noting that the operational prin-
ciples of G, closely mirror those of G- The feature vector, when
processed through G, also yields an assignment probability. The
key distinction lies in the dimensionality of the resulting probability
vector: while G, produces an n-dimensional vector, G,;,, generates
an n % k-dimensional vector, reflecting its capacity for more fine-
grained classification. The calculation of the assignment probability
DPsine follows a similar formula:

exp (%feature . Qf,-,,ET>

Y exp (%feature . Qf,v,,eT>

The learning process of the model is divided into four distinct
phases, each representing a different level of contrastive learning.
These phases are systematically designed to incrementally enhance the
model’s capacity to differentiate between various fault categories. It is
important to highlight that the first phase utilizes a purely unsuper-
vised learning approach, guided by a relatively simple loss function.

)

pfine =
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Fig. 1. The proposed architecture of step-wise contrastive representation learning.

However, the subsequent three phases adopt semi-supervised learn-
ing techniques, incorporating increasingly sophisticated optimization
strategies to refine the model’s performance.

3.1. The learning process of pre-training stage 0: Unsupervised learning

The Stage 0, which is based on Level 0 contrastive learning, focuses
on fundamental unsupervised learning. This stage essentially adopts
the contrastive learning methodology of SimCLR for model pretraining.
During this phase, only the encoder E is trained, leaving the subse-
quent prototype system untouched. The process involves generating
two augmented images from each sample to create positive pairs. These
augmented images are then fed into the encoder E to obtain two
feature vectors. All other samples within a training batch are treated
as negative samples. Following the data augmentation process, each
original sample yields two enhanced images, transforming the initial
N + M samples into a 2(N + M) dataset. It is important to note that
only the augmented images are utilized in this stage, not the original
ones.

Within this 2(N + M) dataset, each data point forms a positive
pair with another data point derived from the same source, while
simultaneously serving as a negative pair with the remaining 2(N +
M) — 2 data points. The loss function for this stage is formulated as
follows:

| N+M
L= —— 1 I}

0 AN+ M) ; (2k,2k—| + 2k—1,2k) (6)
L= exp(sim(z;, z;)/7) o
ij = .

22(N+ ) Ty exp(sim(z;, z;)/7)
ZTZ~
. i~
)= i 8
Sim(z2) = o ®

where z; and z; represent the feature vectors obtained from two aug-
mented images generated from the same sample after feature extraction
by encoder E. The parameter r denotes the temperature coefficient,
which controls the concentration level of the distribution. The function
I is an indicator function whose range is [0, 1], taking the value 1 if
and only if k # i.

3.2. The learning process of training stage 1: Semi-supervised learning

The initial stage, referred to as Stage 1 and based on Level 1, initi-
ates the training of both G, and G;,, through the implementation
of a contrastive learning scheme. This stage employs a multifaceted
loss function that encompasses several key components, each serving
a distinct purpose in the learning process. Specifically, the total loss
function at this stage is comprised of three primary elements: the
cross-entropy loss for labeled data, the similarity loss for positive pairs
of samples, and a distribution regularization term. It is worth noting
that the distribution regularization term is further subdivided into two
components: a large class distribution regularization term and a small
class distribution regularization term.

To begin with, the Cross-Entropy (CE) loss function [34] is applied
directly to the labeled data. However, it is important to recognize that
the provided true labels correspond to large class groups rather than
small class groups. Consequently, the cross-entropy loss can only be
calculated using the p,,,.. obtained after the features are processed
through G, in conjunction with the true labels. As a result, this
particular loss function is exclusively utilized for the training of G, .-
The cross-entropy loss function £, is mathematically expressed as
follows:

£CE = 2 Z Vi log (Pcoarse, )]

k l1ieD;
where y; represents the correct label of sample i, p.,, ., denotes the
standard assignment probability of sample i, and N represents the total
number of labeled samples.

Subsequently, a loss term corresponding to contrastive learning at
Level 1 is designed, which is specifically trained on G ;. In contrast to
traditional approaches that use two augmented maps generated from
a single sample as positive pairs, this research employs the nearest
neighbor samples of a given sample as positive pairs. This research
is justified by the fact that after the Stage 1 pretraining, the model’s
encoder has developed a certain level of representation ability, ensuring
a high similarity between adjacent samples. Therefore, the selection of
nearest neighbor samples as positive pairs does not impede the model’s
learning process due to excessive error information. Furthermore, the
inherent differences between nearest neighbor samples are greater than
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those between two augmented graphs of the same sample, which facil-
itates the model’s ability to learn useful features. The nearest neighbor
similarity loss function L, is defined as:

stgl _ 1
Lam =Ny ar

sim

D 10g(Sim(p fine,s Pie,) (10)
ieD

where sim represents the cosine distance between two vectors, while
Pfine, and p,fine,- denote the probability assigned to the minority class of
sample i and its corresponding sample, respectively.

Although the aforementioned loss functions provide guidance for
sample learning, they do not impose restrictions on the number of
classes into which unlabeled samples are divided. Instead, they merely
cluster similar samples into adjacent spaces, potentially leading to a
scenario where all unlabeled samples are clustered into a single class
(model collapse). This phenomenon manifests when multiple proto-
types are left idle, with few samples assigned to them. To mitigate
this issue, the optimal approach would be to use the Kullback-Leibler
(KL) [34] divergence between the sample distribution derived from the
current model and the prior distribution of the data as a loss function.

The distribution regularization term loss function L,,, is expressed as:

‘Creg = KL(pprior”mea”(pcoarse)) (11)

where p,,;,. represents the prior distribution of samples.

However, obtaining the prior distribution of samples is often chal-
lenging in practice. To address this, this research employs a uniform
distribution as a substitute for the sample’s prior distribution. While
this assumption may not be entirely accurate, empirical evidence from
our experiments suggests that it does not significantly impact the
model’s final performance, unless the dataset contains a large number
of examples for each type. For instance, the dataset utilized in this study
does not conform to a uniform distribution, yet it still yields favorable
results using this method. The large class grouping regularization term
L,.q0 and the small class grouping regularization term £,,,; are defined
as follows:

‘Creg() = KL(Q”mean(pcoarse))
L,e1 = KL(QlImean(p 1))

where Q represents the uniform distribution. These regularization
terms serve to guide the model in evenly distributing all samples across
each prototype, thereby preventing model collapse.

Finally, the comprehensive loss function for this stage is formulated
as:

(12)

1
Ly=Lop+ L8 +aL, 00+ Ly 13)

Eq. (13) encapsulates the multifaceted approach to learning in Stage
1, incorporating cross-entropy loss, similarity loss, and both large and
small class distribution regularization terms, with « and g serving as
weighting factors for the respective regularization terms.

3.3. The learning process of training stage 2: Semi-supervised learning in
small classes

The second stage of pre-training, denoted as Stage 2 and based on
Level 2, is characterized by its focus on achieving two primary objec-
tives: enhancing the aggregation within small classes and promoting
separation between small classes that belong to the same large class.
To accomplish these goals, the model’s representation capabilities are
further refined at the Level 2 stage by innovatively treating samples
within the same small class, along with other samples in that class, as
positive pairs. This approach facilitates the separation of small classes
within the same larger class, effectively removing samples that do not
belong to the class in question.

It is important to note that this stage retains the use of the cross-
entropy loss L and the distribution regularization terms L,,,, and
L,.q1, as previously employed in Eq. (13). However, to fully realize the
objectives of this stage, two novel loss functions are introduced, each
serving a distinct purpose in the learning process.
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The first of these new loss functions, termed the intra-small class
similarity loss, utilizes the assignment probability derived from the ini-
tial enhanced sample as the basis for the current model’s classification
of the sample. Specifically, p;,, is employed to calculate the probability
of assigning the sample to each minor class, with the minor class
exhibiting the highest probability being selected as the classification
result. This process effectively partitions all samples into nk subsets,
denoted as g,8,,83, - &uk)- Samples within the same subset g; are
considered to belong to the same small class. The corresponding loss
function, L ,, is mathematically expressed as follows:

nxk
stg2 1

csim - nxk Z 2 IOg(Sim(pfinel > pfinej/ )) (14)

i=1 jEg;

sim>

where j’ represents a randomly selected sample belonging to the same
small class as j.

The second novel loss function designed in this stage leverages the
concept of Kullback-Leibler (KL) divergence, which measures the infor-
mation loss when one probability distribution is used to approximate
another. However, due to the asymmetric nature of KL divergence,
this research employs a symmetric variant, known as symmetric KL
divergence (SKL). The SKL considers bidirectional information flow
between two probability distributions and is particularly well-suited
for measuring the similarity or difference between two probability
distributions. It is important to emphasize that the goal here is not
to calculate the similarity between the predicted distribution and the
true distribution, but rather to quantify the difference between the
probabilities assigned to two samples belonging to the same cluster.
The SKL is mathematically defined as:

SKL(pllg) = %(KL(plqu K L(qllp)) (15)

Building upon above, the research employs the average negative
SKL calculated between each small class within the same large class
as a loss function. This approach guides the model to differentiate
and separate each small class within the same large class. The process
begins by dividing the samples into » classes G,,G,, G, ... G, according
t0 P oarse- Subsequently, each large class G; is further subdivided into
several small classes g;;, g;. &3, --.- The average distribution probability
of the small class within each large class is calculated as follows:

Pij = % Z Pfine; (16)
JES8ij
where g;; denotes the jth small class of the ith large class, and /
represents the number of samples belonging to the jth small class of
the ith large class.
The average loss for the ith large class is then computed using the
following formula:

1
Lskri=——— 2 SKL(p |l p;y) a7

class

where p;, and p;, represent the average assignment probabilities of
any two small classes within the same large class, cl/ass denotes the
number of sub-classes in the large class, and thm signifies the number
of possible combinations.

Finally, the average symmetric KL divergence loss for all large
classes is calculated as:

n
stg2 1
Lixr = n 2 Eskri as)
i=1
Incorporating all these components, the comprehensive loss function

for this stage is formulated as:

Ly=Lop+ L7 + QLo+ Loy +7LES, 19)

It is crucial to note that the parameters a, f, and y serve as weighting
factors for their respective loss components, allowing for fine-tuning of
the model’s learning process.
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3.4. The learning process of training stage 3: Semi-supervised learning in
large classes

The third and final stage of the step-wise contrastive learning pro-
cess, denoted as Stage 3 and based on Level 3, represents the culmi-
nation of the pre-training phases. This stage is primarily focused on
two critical objectives: enhancing the aggregation within large classes
and promoting separation between these large classes. It is noteworthy
that Stage 3 shares significant similarities with Stage 2, and as such,
it continues to employ the cross-entropy loss L and the distribution

regularization terms L,,,, and £ as previously utilized in Eq. (13).

regls
However, a key distinction in this stage lies in the redefinition of the
similarity loss L;,, and the symmetric KL divergence loss L gk, which

are tailored to address the specific goals of this final pre-training phase.

To begin with, the model’s classification of samples in this stage is
based on the assignment probability derived from the first augmented
sample. Specifically, p..s iS employed to calculate the probability
of assigning each sample to each class, with the class exhibiting the
highest probability being selected as the classification result. This
process effectively partitions all samples into » distinct subsets, denoted
as G,G,,Gs, ... G,. Samples within the same subset ; are considered to
belong to the same broad class. The corresponding loss function, termed
the large intra-class similarity loss £58 g mathematically expressed as
follows:

sim >

n
3 1 .
£§:fn = _; Z Z log(‘”m(pcoarse/’pcoarsejr )) (20)
i=1 jEg;

where j’ represents a randomly selected sample belonging to the same
large class as ;.

Furthermore, a large within-class dissimilarity loss is introduced,
which is defined by calculating the symmetric KL divergence between
all pairs of large classes. This approach aims to maximize the dissim-
ilarity between different large classes, thereby enhancing the model’s
ability to distinguish between broad categories. To implement this, the
average distribution probability of each large class is first calculated as
follows:

1
pi = 7 Z pcoarsej (21)
J€S;

where G; represents all samples of the ith large class, and / denotes the
number of samples in this large class.
The corresponding loss function, termed the intra large class dissim-

stg3
SKL’

stg3 1
L3k =" 2 SKL®lp) 22)
n

ilarity loss £ is then formulated as:

where p; and p; represent any two large classes, respectively, and c?
denotes the number of possible pairwise combinations of large classes.

The comprehensive loss function for this final stage is thus defined
as:

Ly=Lop+ L0 4l + Loy +1L5S, (23)
where the parameters a, f§, and y serve as weighting factors for their
respective loss components, allowing for fine-tuning of the model’s
learning process.

Therefore, based on the discussions presented above, the corre-
sponding pseudo algorithm designed to implement the proposed step-
wise contrastive representation learning methodology is detailed in
Algorithm 1.
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Algorithm 1 Step-wise contrastive representation learning framework

Stagel: Unsupervised pre-training

Input: Gram Matrices dataset: D = {X;} ,]i |

N trans f ormation
1: Create augments for P, : D,={X,X, }i=1
. initialize
2: Initialize the parameter 6,—— f,(0)
3: while not converge do Train on P,
exp(sim(z,-,zj)/r)

i(:]""M) Tjki) exp(sim(z;,zy)/7)

4: Calculate the output: /;; = —log

. 1 N+M
: Calculate the loss £y = =5 ¥ (Fag ket + loi—12k)

5
6: Update 6, by back propagation
7: end while

8

: Output: optimized parameter 6, for P,

Stage2: Step-wise Contrastive Learning
9:forr=1to 3 do
10: Input: Gram Matrices dataset: D, = {X i Y,.}M

i=1

weights—sharing

11: Initialize the network: f,(6) : 6,

12: Calculate coarse
1
exp( - featuregw{,”e-r )
1
E cxp( T fea’“’e'gcoameT )

p

classification  probability:  p,,urse

exp( % fearure-g‘/,-,,eT)

13: Calculate fine classification probability: p,;,, = —F—— /=
P Y: Prine Zexp(%fﬂﬂm“"gfma-r)

14: if t == 1 : Calculate the loss: £, = Lep + L35 + aL g0 + PLy g1

stm
stgt

15: else: Calculate the 10ss: £, = Lop + L35 +aL g0+ PLygg1 +7LGH

sim
16: end for
Output: Make predictions for D,

4. Experiments

To validate the performance of the proposed method, SCRL, this
section presents two comprehensive case studies that specifically focus
on the diagnosis of gearbox transmission systems. In this research, com-
parative analyses are undertaken against several established diagnostic
models, including DTC, IIC, ORCA, and OpenNCD. Key evaluation
metrics—such as accuracy, Normalized Mutual Information (NMI), Ad-
justed Rand Index (ARI), t-distributed Stochastic Neighbor Embedding
(t-SNE), and confusion matrices (CM)—are utilized throughout these
case studies to facilitate a thorough and systematic comparative assess-
ment of the diagnostic methodologies. Furthermore, an ablation study
is conducted to investigate the optimal hyperparameter selections that
may enhance the robust performance of the proposed SCRL model.
By employing these comprehensive metrics, the research is able to
evaluate the effectiveness of the proposed method in relation to the
selected benchmark models.

4.1. Case study I

4.1.1. Experimental apparatus and data acquisition

The research employs the Drivetrain Prognostics Simulator (DPS),
a sophisticated apparatus developed by SpectraQuest Inc., as illus-
trated in Fig. 2. This intricate system comprises multiple interrelated
components, each playing a crucial role in facilitating its advanced
operational capabilities. Among these components are a variable speed
drive motor, a planetary gearbox system, a two-stage parallel gearbox
system, resistance-load gearboxes that are connected to a resistance-
load inducing electric load motor, and an electric control unit that
governs the entire assembly. A comprehensive overview of the physical
parameters pertaining to the planetary gearbox system is detailed in
Table 1.
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Accelerometers

Load gearboxes Load motor

Fig. 2. Illustration of the Drivetrain Prognostics Simulation (DPS).

Table 1

Physical parameters of the planetary gear set in DPS.

Parameters Sun Planet (4) Ring Carrier
Number of teeth 28 36 100 -
Module [mm] 1 1 1 -
Pressure angle [° ] 20 20 20 -

Face width [mm] 10 10 10 -
Young’s modulus [Pa] 2.1x 10" 2.1x 10! 2.1x 10! -
Poisson’s ratio 0.3 0.3 0.3 -
Mass [kg] - - 9.86 x 1072 -
Moment of inertia [kg-m?] 241 %107 1.60 x 1075 9.20%x 1073 4.99 x 10*
Base circle [mm] 13.2 16.9 47.0 -
Torsional stiffness [N/m] 0 - 1x10° 0
Torsional damping [N-s/m] 0 - 1x10° 0

The primary focus of this study is on the planetary gearbox system,
which incorporates spur gears, in conjunction with the two-stage paral-
lel gearbox system, characterized by the use of spur gears. Furthermore,
it is essential to note that the dataset utilized in Case Study I comprises
fault samples classified into four distinct categories: Chipped, Crack,
Intact, Missing, and Worn. Within this experimental framework, the
vibration signals extracted from the planetary gearbox transmission
system are carefully selected for subsequent analysis. These vibration
signals are acquired while the drive motor is operated at a rotational
frequency of 30 Hz. Throughout the course of this study, the gearbox
is maintained at a consistent operational rotational speed, whereas the
sampling frequency is established at 30,720 Hz. The data collection
procedure extends over a total sampling duration of 2.13 s, resulting
in the acquisition of 65,536 samples. This meticulous data collection
approach enables a thorough examination of the gearbox’s performance
under predefined operating conditions.

4.1.2. Data pre-processing

Data pre-processing initiates with the transformation of the raw
vibration dataset into a Gram Matrix, which is configured with a
pixel size of 32 by 32. This transformation is essential for performing
various feature enhancement techniques, including image manipula-
tion methods such as cutting and flipping, that are applied to the
data. The process begins with the utilization of the Fourier Transform
(FT), which converts each time-domain signal, captured through a
sliding window approach, into its corresponding frequency-domain
vector. Subsequently, the frequency-domain vector from each segment
sequence is subjected to a dot product operation with the frequency-
domain vectors of other sequences, thereby yielding the final Gram

Matrix. In this study, five distinct types of fault data correspond to the
generated Gram Matrices: Chipped, Crack, Intact, Missing, and Worn.

Once the Gram Matrix images containing effective features are ac-
quired through the aforementioned processing techniques, the resultant
dataset is introduced into a step-wise contrastive learning methodology.
Among the five types of data samples, three types—Chipped, Crack, and
Intact—are classified as known classes and denoted as C,;. Conversely,
the remaining two types of data, Missing and Worn, are categorized
as unknown classes and represented as C,. In this allocation, 10% of
the samples from the known class C, are designated as the labeled
dataset, referred to as D,;. The remaining 90% of the data from C,,
in addition to all samples from the unknown classes C,, collectively
form the unlabeled dataset, termed D,. Consequently, all samples are
defined within the overarching dataset D = D, + D,. Finally, the size of
the labeled sample set is denoted as N’ = len(D)), and the size of the
unlabeled sample set is expressed as M =len(D,).

4.1.3. Experimental validation and comparative analysis for diagnosing
planetary gearboxes

To rigorously assess the effectiveness and advantages of the pro-
posed Step-wise Contrastive Representation Learning (SCRL) model, a
comprehensive validation is conducted utilizing the aforementioned
dataset of planetary gearboxes. For a thorough comparative analysis,
several related state-of-the-art semi-supervised learning techniques, in-
cluding DTC [29], ORCA [30,31], IIC [32], and OpenNCD [33], are
employed as benchmarks. These models are thoughtfully selected due
to their established performance and relevance within the domain,
providing a solid foundation for meaningful comparison.

Baseline: The models such as DTC, ORCA, IIC, and OpenNCD are
utilized as baseline models. Notably, both ORCA and OpenNCD employ
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Table 2

Comparison of accuracy across baseline models.
Methods All Label Unlabel NMI ARI
DTC 67.26% 69.39% 81.89% 0.4728 0.3951
IIC 78.70% 62.88% 90.54% 0.5288 0.5813
ORCA 70.93% 88.62% 62.91% 0.6628 0.5073
OpenNCD 72.89% 76.87% 65.24% 0.4946 0.4761
SCRL(Ours) 92.13% 94.01% 86.17% 0.6703 0.7299

the same dataset partition structure as described in this study. However,
the dataset partitions for DTC and IIC treat known classes and new
classes as completely disjoint sets, focusing solely on identifying the
new classes. To adapt these two models for recognizing known classes,
samples belonging to the known classes are treated as part of the new
class, and performance metrics such as accuracy are calculated and
reported in the same manner as for the normal new classes. All models
operate using 10% labeled data from the known classes (see Table 2).

Evaluation Metrics: Various evaluation metrics are employed to
assess the accuracy of the model regarding known classes, new classes,
full class accuracy, Normalized Mutual Information (NMI) [35], and the
Adjusted Rand Index (ARI) [36]. (1) Labeled Classes Accuracy: This
metric evaluates the classification accuracy of samples that belong to
known classes (the top four classes). These samples are extracted, and
their classification accuracy is subsequently calculated. (2) Unlabeled
Classes Accuracy: This metric pertains to samples associated with
new categories (the last three categories) that do not have real labels.
Since these new categories do not provide actual labels, only clustering
results are analyzed. For this purpose, the Hungarian algorithm is uti-
lized to compute the maximum matching scheme, and accuracy is then
calculated based on this matching scheme. (3) All Classes Accuracy:
This metric evaluates the overall accuracy by using the Hungarian
algorithm to determine the maximum matching scheme according to
the clustering results of all categories of samples, and accuracy is
calculated in accordance with this matching scheme. (4) Normalized
Mutual Information (NMI): NMI measures the correlation between
two random variables, indicating the degree of information shared
between the clustering results and the true labels. The NMI value
ranges from [0,1], where a value closer to 1 denotes a higher degree
of similarity between the clustering outcome and the true class labels,
whereas a value approaching 0 indicates lower similarity. (5) Adjusted
Rand Index (ARI): ARI assesses the agreement between the clustering
results and the true class labels. The ARI value ranges from [-1,1],
with a value nearer to 1 indicating a higher level of agreement, a
value around O suggesting a random match, and a value closer to —1
reflecting inconsistency between the clustering results and the true class
labels.

Implementation Details: In the proposed method, ResNet-18 serves
as the backbone feature extractor. After completing training in stage 0,
the parameters of the first three blocks of ResNet-18 are fixed, allowing
only the last block and the mapping head to be fine-tuned during
subsequent stages (stage 1, stage 2, and stage 3). The output dimension
from ResNet-18 is 32. The over-clustering factor is set to k = 5, meaning
that the model will partition all samples into 5 x 7 = 35clusters. The
optimizer selected for this process is Adam, with the learning rate
established at 0.05. The batch size utilized during training is set to 512.
The temperature coefficient is defined as 7 = 5; the weights for £,
and L,,,, are specified as {a, f} = {10,10}; and the weight parameter
for L g is designated as y = 0.1. The total training duration consists of
400 epochs, wherein stage O runs for 300 epochs, stage 1 for 20 epochs,
stage 2 for 30 epochs, and stage 3 for 50 epochs.

Ablation Study: This analysis aims to investigate the contributions
of various components of the loss function employed in the proposed
methodology through a series of carefully designed ablation experi-
ments. Specifically, this study examines the effects of the similarity loss
L., and the Kullback-Leibler divergence loss Ly ; in both stages 2

sim>
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Table 3

Ablation study.

Methods All Label Unlabel
w/o £ 78.80% 72.52% 63.97%
w/o £% 71.72% 82.84% 77.12%
w/o L3, 79.51% 86.72% 69.85%
w/o LYY, 82.28% 86.07% 77.23%
SCRL (Ours) 92.13% 94.01% 86.17%

and 3 of the model. For the sake of clarity and precision, the terms £ ;ﬁf

and E;iZL are defined to represent the similarity loss and inter-class
dissimilarity loss, respectively, during stage 2. In a similar manner,
the losses in stage 3 are designated as £§Efn3 and BSS’fL. To comprehen-
sively assess the significance of these individual components, a series
of ablation studies are conducted, systematically removing each term
from the loss function while closely monitoring the resulting impact
on model performance. In the associated Table 3, the notation w/o
is used to indicate the exclusion of a specific term from the overall
model configuration, facilitating a clearer understanding of its role in
performance outcomes.

The results presented in Table 3 demonstrate that the various mod-
ules incorporated in this study contribute positively to the overall
functionality and performance of the model. Notably, the removal of
£ leads to a substantial degradation in performance metrics. This
finding is particularly significant, considering that stage 3 constitutes
the final phase of contrastive learning within the model, and it plays
a crucial role in facilitating the aggregation of large categories. Fur-
thermore, stage 3 establishes the foundational basis for the ultimate
classification of samples. Consequently, the inclusion of Ei;i? is essen-
tial for ensuring effective model functionality and achieving optimal
performance outcomes.

t-SNE Visualization: t-SNE (t-Distributed Stochastic Neighbor Em-
bedding) represents a sophisticated dimensionality reduction technique
that is predominantly employed for visualizing high-dimensional data,
whereby complex mathematical transformations preserve the essen-
tial topological relationships between data points. Although several
dimensionality reduction methods exist, t-SNE has gained particular
prominence because its primary objective is to faithfully map high-
dimensional data into more manageable two- or three-dimensional
representations, thereby facilitating intuitive understanding of com-
plex data distribution patterns. When a model demonstrates strong
clustering capabilities in the original high-dimensional space, the t-
SNE projection effectively reveals inherent data clusters, structural
similarities, and potential categorical relationships, which consequently
enhances the clarity and interpretability of the data’s underlying struc-
ture. Furthermore, unlike linear dimensionality reduction techniques
such as PCA, t-SNE’s ability to preserve local structure while maintain-
ing global patterns makes it especially valuable for analyzing complex,
nonlinear relationships in modern machine learning applications and
exploratory data analysis.

The t-SNE visualization results, as illustrated in Fig. 3, demonstrate
that the proposed SCRL method effectively characterizes features into
distinctly separated clusters that correspond to each fault category.
This categorization encompasses not only the known classes, such as
chipped, cracked, and intact but also extends to include unknown
classes like missing and worn. These visualization outcomes indicate
that the SCRL model excels in capturing and accurately representing the
underlying patterns embedded within the data pertaining to the known
classes. Moreover, it exhibits a remarkable adaptability for diagnosing
faults even when faced with unknown classes. The compactness of
data points within each known fault class demonstrates a strong intra-
class similarity, which further reinforces the effectiveness of the SCRL
model. Simultaneously, the clear separation observed between different
clusters underscores the model’s proficiency in differentiating among
various fault types, thereby enhancing diagnostic accuracy. In contrast,
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Fig. 3. t-SNE visualization of learned feature representation for Case I with 60% known classes (10% labeled) and 40% unknown classes on (a) DTC, (b) IIC, (c) ORCA, (d)

OpenNCD and (e) SCRL (Ours). Colors represent classes.

t-SNE visualizations derived from semi-supervised learning models,
including DTC and IIC, tend to exhibit overlapping clusters, particularly
in the presence of unknown fault classes. This overlapping phenomenon
indicates a substantial decline in the effectiveness of feature extraction
and classification performance when compared to the SCRL method.
Furthermore, in the context of the ORCA model, while certain known
classes such as chipped and intact may be identifiable through well-
distributed clusters, significant challenges arise with identifying classes
like cracked, which often overlap with unknown classes such as missing
and worn. This overlap further complicates the diagnostic process. Im-
portantly, failures from known classes, such as cracked, are frequently
misidentified as belonging to unknown classes, including missing and
worn, which highlights the model’s inherent limitations in effectively
generalizing across a diverse range of data instances. In contrast,
the t-SNE visualization associated with the SCRL method consistently
demonstrates clear separability for both known and unknown faults.
This outcome not only reinforces the method’s superior classification
capability but also its robust diagnostic capabilities, particularly in
addressing the intricate complexities involved in fault identification
and characterization.

Confusion Matrix: The confusion matrix represents a fundamental
and sophisticated visual tool that is extensively employed in machine
learning to systematically evaluate the performance of classification
models, thereby providing crucial insights into the model’s predic-
tive accuracy by meticulously illustrating the correspondence between
predicted and actual labels. While conceptually straightforward, yet
powerful in its application, the confusion matrix is conventionally rep-
resented as a square matrix wherein predicted categories are displayed
along one dimension and actual categories along the other, with bi-
nary classification tasks typically utilizing a standard two-dimensional
format that facilitates immediate interpretation. Furthermore, the con-
fusion matrix serves as a foundational framework from which multiple
essential performance metrics—such as accuracy, precision, recall, and
F1 score—can be systematically derived, thus enabling researchers and
practitioners to comprehensively assess the model’s effectiveness across
various operational contexts and use cases. Moreover, this analyti-
cal tool proves particularly valuable when dealing with imbalanced
datasets, as it explicitly reveals both the successes and failures of the
model across different classes, thereby offering insights that might
otherwise be obscured by simpler evaluation metrics.

To perform a more rigorous quantitative analysis of the diagnostic
outcomes, a Confusion Matrix (CM) is utilized. This case study presents
results that are depicted in Fig. 4. The data reveal that, when the

10

proposed SCRL method is trained with 3000 samples per category, it
achieves high accuracy in identifying all fault types. Specifically, the
method attains an accuracy of 90.5% for identifying chipped compo-
nents, while the accuracy for identifying intact components is notably
higher at 97.6%. Additionally, the SCRL method detects cracks with
an accuracy of 91.8% and identifies missing components with an
accuracy of 89.2%. Conversely, the semi-supervised learning model
known as DTC demonstrates limited effectiveness in fault identification.
It consistently misclassifies chipped and crack faults, accurately identi-
fying only the missing and worn category. Furthermore, the IIC model
shows only marginal accuracy in distinguishing known class faults
associated with gear failures. Its accuracy rates for identifying chipped,
crack, and intact faults are alarmingly low, at 67.3%, 45.3%, and
76.3%, respectively. Notably, it achieves a 85.4% accuracy for missing
components and a 99.2% accuracy for worn components. Moreover,
while other semi-supervised models such as ORCA and OpenNCD show
relatively high accuracy in recognizing known class faults, they exhibit
significant shortcomings in accurately identifying unknown class faults,
indicating a notable deficiency in their generalization capabilities. For
instance, the ORCA model misidentifies missing and worn components,
achieving limited accuracy rates of 32.0% and 0.0%, respectively.
However, it accurately identifies cracks and intact components with
over 94.8% accuracy. Similarly, the OpenNCD model performs well
in identifying crack and worn faults, with accuracy rates of 92.8%
and 97.3%, respectively. In contrast, its accuracy for other fault type,
missing components, remains alarmingly low at 37.4%. Overall, the
proposed SCRL model exhibits superior performance across all fault
categories and accurately identifies all five types of faults, resulting
in an impressive average accuracy rate. This performance emphasizes
the effectiveness of the SCRL approach in fault diagnosis, highlighting
its potential applicability in real-world scenarios where precise fault
identification is crucial for ensuring operational reliability and safety.

Comparison of Key Hyper-Parameter Tuning Performance : The
performance of the proposed model is systematically evaluated, SCRL,
by examining the effects of various hyper-parameters, specifically the
over-clustering factor k and the weight y associated with the symmetric
Kullback-Leibler (KL) divergence. The subsequent analysis details how
adjustments to these hyper-parameters influence model accuracy, with
results summarized in Table 4.

Initially, the influence of the over-clustering factor k is assessed by
setting it to several distinct values: k = 2, k = 3, k = 4, k = 5,
and k = 6. The performance outcomes associated with these various
k settings are depicted in Fig. 5(a). The findings indicate that the
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Fig. 4. The classifying performance through Confusion Matrices of learned feature representation for Case I with 60% known classes (10% labeled) and 40% unknown classes on

(a) DTC, (b) IIC, (c) ORCA, (d) OpenNCD and (e) SCRL (Ours).

Table 4

Comparison of key hyperparameter tuning performance: Over-clustering factor k and symmetric KL

divergence weight y.

Over-clustering factor

Symmetric KL divergence

k All Label Unlabel % All Label Unlabel
2 84.41% 90.04% 76.85% 0.00 81.40% 87.21% 73.62%
3 86.15% 87.49% 84.35% 0.02 74.66% 89.50% 54.75%
4 92.13% 94.01% 86.17% 0.05 84.87% 88.49% 80.02%
5 85.49% 90.00% 79.45% 0.10 92.13% 94.01% 86.17%
6 86.55% 89.20% 83.62% 0.15 83.73% 88.44% 77.42%

model’s accuracy remains relatively stable within the range of k = 2
to k 4 and reaches an optimal peak when k 4. However, as
k exceeds 5, there is a marked decline in model performance. This
deterioration can be attributed to the role of k in regulating the degree
of over-clustering. Specifically, an excessively high value of k results in
the division of samples into an excessive number of smaller clusters.
Ideally, this should not negatively impact model performance; how-
ever, practical constraints inherent to the hardware limit the dataset’s
learning process to batch operations. Notably, the internal similarity
calculations for these smaller clusters rely on the same batch of data,
while the batch size employed in this study is 512. Consequently, an
overly large number of small clusters yields too few samples within
each cluster, which ultimately restricts the information available to the
model and leads to a reduction in performance. Therefore, setting the
over-clustering factor k to approximately 4 is strongly recommended.
Furthermore, the model’s performance is investigated by varying the
parameter y, specifically, by evaluating the settings y = 0, y = 0.02,
y = 0.05, y = 0.1, and y = 0.15. As illustrated in Fig. 5(b), it becomes
evident that the accuracy of fault classification for known classes is
relatively insensitive to variations in y. However, y significantly im-
pacts the classification accuracy of unknown class faults. The symmetric
KL divergence is designed to assist in distinguishing between different
classes. When y is set too low, the training process during Stage 2 fails
to effectively segregate heterogeneous classes present within the same
larger class, which is an essential function of this stage. Neglecting
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this task effectively causes the model to leap prematurely from Stage
1 to Stage 3, resulting in decreased performance. Conversely, when y
is excessively high, it generates a substantial repulsive effect among
the smaller classes within the larger class during the training of Stage
2. This can lead to frequent fluctuations in the model’s classification
structure for samples and subsequently increase the risk of model non-
convergence. Hence, selecting an appropriate value for y is crucial for
optimizing the model’s performance. Based on the results presented
above, a value of approximately 0.1 is deemed most effective.

4.2. Case study I

To further validate the performance of the proposed method, a
second case study is conducted in this section. Similar to the first
case study, this experimental validation focuses on the diagnosis of
gearboxes. In this context, comparative analyses are performed against
several established diagnostic models, including DTC, IIC, ORCA, and
OpenNCD. Key performance indicators such as accuracy, t-distributed
stochastic neighbor embedding (t-SNE) analyses, and confusion ma-
trices (CM), which are illustrated and discussed in case study I, are
utilized in this study to facilitate a thorough comparative assessment.
By employing these metrics, the effectiveness of the proposed method
can be rigorously evaluated against the selected benchmarking models,
thereby enhancing our understanding of its diagnostic capabilities in
the context of gearbox condition monitoring.



P. Chen et al.

Overall
== Known
#~ Unknown

0.925

0.900 A

0.875

0.850

Accuracy

0.825 1

0.800

L
0.775
.
2 3 4 5 6
k
(@

Knowledge-Based Systems 309 (2025) 112863

0.95 A
0.90 /,.\_/\
-
0.85
0.80 L
P
§ 0.75 A -
3 .
S
< 0701
0.65
0.60 1 Overall
—— Known
0.55 " #— Unknown
0 0.02 0.05 0.1 0.15
Y
(b)

Fig. 5. Effect of the over-clustering factor k (a) and symmetric KL divergence weight y (b) on model accuracy.
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Fig. 6. Experimental test-rig of gear transmission system.

4.2.1. Specifications for data description and test-rig

The gearbox dataset, which has been meticulously gathered from
a gear transmission system, offers a comprehensive representation of
various operational conditions and fault types. This system, as illus-
trated in Fig. 6, includes several principal components: a tachometer,
a driven motor, a torque transducer, a two-stage parallel gearbox
system, load gearboxes, and a load motor. Notably, the placement of
the accelerometer is of particular significance, as it is mounted on
a separate disk. For a more detailed examination, this configuration
is depicted in an enlarged view in the zoomed section of Fig. 6. To
accurately capture the dynamics of the system, the dataset is sampled
at a frequency of 12.8 kHz. Furthermore, it encompasses a range of
operational conditions, with rotational speeds systematically varied
from 1600 to 2400 revolutions per minute (r/min). Besides normal
operating conditions, the dataset incorporates five common gear fault
types, as depicted in Fig. 7. These include: “miss”, which denotes a
missing tooth; “chipped”, indicating chipped tooth; “root”, referring to
a crack at the tooth root; and “eccentric”, which involves misaligned
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geometric and rotational centers. The gear meshing configuration is
portrayed in Fig. 8(a), while Fig. 8(b) provides a view of the internal
configuration of the parallel gearbox system, where the faulty gear is
clearly marked with a dotted box for easy identification. To facilitate
in-depth gear diagnostic analysis, vibration data is collected along the
x-axis of the accelerometer while the gear rotates at a constant speed
of 1600 r/min. Each category, including the healthy condition, com-
prises 768,000 data points collected over a 60-second duration. This
extensive dataset serves as a robust foundation for the development and
validation of fault diagnostic algorithms, thereby enabling researchers
to investigate a wide range of operational conditions and fault types
within controlled experimental settings.

4.2.2. Results and comparative analysis of case study II

As discussed similarly in case study I, several models, namely DTC,
ORCA, IIC, and OpenNCD, are employed as baseline models for compar-
ative analysis. Notably, ORCA and OpenNCD utilize the same dataset
partitioning structure as delineated in this study, thereby ensuring con-
sistency throughout the evaluation process. In contrast, the partitioning
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Fig. 7. (a) Miss (missing tooth), (b) Chipped (cracked teeth), (d) Root (crack at tooth root), (e) Eccentric (misaligned geometric and rotational centers).
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Fig. 8. (a) Gear meshing, (b) Internal configuration of parallel gearbox system.

Table 5

The results of comparative analysis in Case study II.
Methods All Label Unlabel NMI ARI
DTC 61.93% 77.29% 59.57% 0.5878 0.4751
IIC 73.41% 76.19% 72.35% 0.3966 0.2010
ORCA 65.82% 73.84% 66.19% 0.4901 0.4504
OpenNCD 80.89% 86.87% 65.24% 0.4946 0.4761
SCRL(Ours) 91.90% 93.60% 84.20% 0.6156 0.6164

approach for DTC and IIC considers known classes and new classes
as entirely separate, disjoint sets, which allows these models to focus
exclusively on the identification of new classes. To enable DTC and
IIC to also recognize known classes, samples from these known classes
are strategically reclassified as part of the new class category. This
adaptation facilitates a more comprehensive evaluation of the models’
capabilities across different scenarios. As a result, performance metrics,
such as accuracy, are uniformly calculated and reported for both known
and new classes, ensuring that comparisons across all models are valid
and meaningful. Furthermore, it is important to note that all models
operate using only 10% of labeled data from the known classes. This
highlights the challenge of relying on a limited dataset while striving to
achieve robust performance in diagnostic tasks, thereby demonstrating
the models’ effectiveness in leveraging sparse labeled information (see
Table 5).

The t-SNE visualization results, as depicted in Fig. 9, indicate that
the features are distinctly and well-separated into clusters correspond-
ing to each fault category when the proposed SCRL method is em-
ployed. This visualization demonstrates that the SCRL model excels in
capturing and representing the underlying patterns embedded within
the data, especially when compared with established models such as
DTC, ORCA, IIC, and OpenNCD. The compactness of the data points
within each known fault class suggests a strong intra-class similarity,
whereas the clear separation between different clusters underscores the
model’s ability to differentiate among various fault types. In contrast,
t-SNE visualizations for semi-supervised learning models like DTC and
IIC often display overlapping clusters, particularly among unknown
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fault classes. This overlap indicates a reduction in the effectiveness of
feature extraction and classification performance compared to the SCRL
method. Additionally, while models like OpenNCD may show well-
distributed clusters for known fault classes, the presence of dispersed
or overlapping points associated with unknown faults highlights their
limited capability to generalize effectively across diverse data instances.
Regarding ORCA, the features captured from known classes, such as
chipped and eccentric, tend to overlap, except for the health class,
which can be easily identified. However, unknown classes like miss and
root cannot be classified effectively. In contrast, the t-SNE visualization
associated with the SCRL method is expected to demonstrate clear
separability not only for known faults but also for unknown faults. This
result reinforces the method’s superior classification and diagnostic
capabilities, particularly in addressing the complexities involved in
fault identification and characterization.

To conduct a more rigorous quantitative analysis of diagnostic
outcomes, a Confusion Matrix (CM) is employed. In this context, the
case study presents results that are visually represented in Fig. 10.
The data indicate that when the proposed SCRL method is trained
utilizing 3000 samples per category, it achieves remarkable accuracy
in identifying various fault types. Specifically, the method achieves
an accuracy rate of 89.9% in identifying missing components. The
accuracy for identifying healthy components is even higher, reaching
99.2%. Furthermore, the SCRL method detects chipped components
with an accuracy of 82.7% and identifies eccentric components with
an accuracy of 80.8%. In contrast, the semi-supervised learning model
known as DTC demonstrates limited effectiveness in fault identifica-
tion, consistently misclassifying eccentric, healthy, missing, and root
faults. Moreover, the IIC model exhibits high accuracy in distinguishing
known class faults associated with healthy components, although its
accuracy rates for identifying chipped, eccentric, and root compo-
nents are lower, at 74.3%, 66.1%, and 63.8% respectively. Notably, it
achieves an accuracy of 90.6% for healthy components. Additionally,
while other semi-supervised models such as ORCA and OpenNCD show
relatively high accuracy in recognizing known class faults, they display
significant shortcomings in accurately identifying unknown class faults.
This indicates a notable limitation in their generalization capabilities.
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Fig. 9. t-SNE visualization of learned feature representation for Case II with 60% known classes (10% labeled) and 40% unknown classes on (a) DTG, (b) IIC, (c) ORCA, (d)

OpenNCD and (e) SCRL (Ours). Colors represent classes.
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Fig. 10. The classifying performance through Confusion Matrices of learned feature representation for Case II with 60% known classes (10% labeled) and 40% unknown classes

on (a) DTC, (b) IIC, (c) ORCA, (d) OpenNCD and (e) SCRL (Ours).

For instance, the ORCA model misidentifies miss and root components,
yielding limited accuracy rates of 37.2% and 17.0%, respectively.
However, it accurately identifies chipped and healthy components with
accuracy rates of 86.4% and 96.9%. Similarly, the OpenNCD model
performs well in identifying chipped and miss faults, achieving accu-
racy rates of 75.5% and 74.8%, respectively, whereas its accuracy for
other fault types, such as eccentric and root components, remains low
at 72.0% and 58.1%. Overall, the proposed SCRL model demonstrates
superior performance across all fault categories, accurately identifying
all five types of faults and resulting in an impressive average accuracy
rate.
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4.3. Statistical assessment of classifiers

In this section, a comprehensive statistical analysis framework is
presented that employs both the Friedman test and the subsequent
Nemenyi post hoc test [37,38] to systematically evaluate the statis-
tical significance of observed performance variations across multiple
algorithms with respect to accuracy, Normalized Mutual Information
(NMI), and Adjusted Rand Index (ARI) metrics (Table 6). The analytical
procedure begins with the implementation of the Friedman test, which
methodically evaluates and ranks each algorithm’s performance across
individual datasets, thereby establishing a hierarchical performance
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Table 6
Ordinal rankings of superior outcomes achieved by five methods in
comparative evaluation.

Methods Metric Dataset Mean rank
Case I Case II
ACC 5 5 5.0
DTC NMI 5 2 3.5
ARI 5 3 4.0
ACC 2 3 2.5
1IC NMI 3 5 4.0
ARI 2 5 3.5
ACC 4 4 4.0
ORCA NMI 2 4 3.0
ARI 3 4 3.5
ACC 3 2 2.5
OpenNCD NMI 4 3 3.5
ARI 4 2 3.0
ACC 1 1 1.0
SCRL(Ours) NMI 1 1 1.0
ARI 1 1 1.0

structure. Subsequently, the Nemenyi test is deployed to conduct pair-
wise comparisons of the algorithms’ mean ranks, utilizing calculations
predicated on the ;(12; distribution with k—1 degrees of freedom, where k
denotes the total number of algorithms under examination. To establish
precise statistical distinctions among the algorithmic approaches, a
rigorous post hoc analysis becomes imperative for identifying specific
algorithm pairs that contribute to these significant variations. In this
analytical context, the Nemenyi test serves as a robust statistical tool for
revealing substantive performance differentials, particularly when the
mean rank disparities between algorithm pairs exceed predetermined
critical thresholds. This research systematically calculates mean ranks
for each algorithm within the comparative framework, encompassing
k =5 distinct algorithms evaluated across n = 2 datasets. The Friedman
test yields ;(% values of 7.6, 4.4, and 4.4 for accuracy, NMI, and ARI
metrics, respectively. Given the experimental parameters of 4(k — 1)
degrees of freedom, an established significance level a level of 0.05, and
a critical threshold value of 6.388 for the Friedman test (specifically
k = 5 and n = 2), it can be concluded that statistically significant
differences exist in accuracy measurements (7.6 > 6.388), while NMI
and ARI metrics do not exhibit statistically significant variations (4.4 <
6.388). This rejection of the null hypothesis for accuracy measurements
provides a strong statistical foundation for conducting subsequent post
hoc analyses.

The Nemenyi test is implemented to conduct comprehensive pair-
wise comparisons among all classifier combinations. Within the pa-
rameters of our experimental design, where kK = 5 and « = 0.1,
the critical difference threshold CD, is calculated as 3.8880, with a
corresponding g, value of 2.459. Through this detailed statistical anal-
ysis, it is demonstrated that the accuracy performance of the proposed
methodological approach exhibits statistically significant differences
when compared to existing approaches including DTC, IIC, ORCA,
and OpenNCD. The complete statistical comparison framework and its
results are visually represented in Fig. 11, which illustrates the relative
performance rankings and significant differences identified through the
Nemenyi test analysis.

5. Conclusion and future work

This research offers a novel solution to the limitations faced by
deep learning methods in diagnosing planetary gearboxes within in-
dustrial settings. By tackling issues such as dependency on initial
labeling, limitations in loss function strategies, and the challenge of
detecting unknown faults, the introduction of Step-wise Contrastive
Representation Learning marks a step forward. The development of
a comprehensive framework analyzing intra-cluster and inter-cluster
dynamics, combined with a multi-step loss function strategy, enhances
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Fig. 11. Accuracy rankings and statistical comparisons: Mean ranks from Friedman test
and Nemenyi Post-hoc analysis results.

model adaptability and performance. These innovations not only im-
prove the accuracy and reliability of gear fault diagnosis but also pro-
vide substantial gains in generalization capabilities. This study thereby
demonstrates potential for significant advancements in the deploy-
ment of resilient and effective diagnostic systems in complex industrial
environments.

While the Step-wise Contrastive Representation Learning approach
has demonstrated considerable promise in addressing fundamental lim-
itations inherent to deep learning methodologies, it is important to
note that the experimental validation conducted in this research pre-
dominantly focuses on steady-state operational conditions. Although
these initial results are encouraging, the complex and dynamic na-
ture of industrial environments necessitates a more comprehensive
evaluation framework. Therefore, future work should systematically
examine the framework’s robustness and generalizability under more
challenging scenarios, including but not limited to: variable load con-
ditions, continuously fluctuating speed profiles that better represent
actual operational patterns, and diverse environmental factors such as
temperature gradients and mechanical vibrations that are omnipresent
in industrial settings. By expanding the scope of validation to en-
compass these multifaceted operational conditions, researchers can
not only better assess the model’s practical applicability but also es-
tablish its reliability across a broader field of industrial applications
and environmental contexts, thus bridging the gap between theoretical
advancement and practical implementation.
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