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Highlights: 

 A novel MuCD framework is developed by extending MCD for improved target-domain representation. 
 A CPSL mechanism is developed to improve the boundary discrimination of fault classes in the 

target domain. 
 A CPSL-MuCD transfer fault diagnosis model is proposed by integrating CPSL into the  

MuCD framework. 

Abstract: The maximum classifier discrepancy domain adaptation (DA) method based on a dual-classifier 
structure has achieved some success in fault diagnosis of cross-working condition, yet its reliance on the 
dual-classifier structure may fail to effectively represent the data characteristics of the target domain 
and may suffers from insufficient classification boundary discrimination. To address this, this paper 
extends the aforementioned structure to multiple classifiers and proposes a multi-classifier discrepancy 
(MuCD)-driven DA approach, which enhances the representation of target domain data characteristics, 
through exploiting the discrepancies among multiple classifier pairs. Additionally, given the 
uncertainty of multi-classifier outputs, the harmonic mean is calculated and a screening threshold is 
set. Combined with the self-supervised learning losses for target domain, a confidence pseudo-label 
strategy-guided self-supervised learning (CPSL) mechanism is designed, to guide and enhance 
discriminative learning among different fault classes in target domain, thereby improving the model’s 
diagnosis performance. Furthermore, by specifically integrating CPSL into the MuCD framework, a 
cross-working condition fault diagnosis method based on multi-classifier discrepancy-driven learning 
enhanced by confidence pseudo-label self-supervision (CPSL-MuCD) is proposed. Finally, comparative 
experiments and ablation studies on bearing fault, gear fault, and bearing-gear compound fault datasets 
verify the effectiveness and generalizability of the proposed CPSL-MuCD. 
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1. Introduction 

The health status of rotating components such as rolling bearings and gears is critical to the safe and 
reliable operation of rotating machinery. However, as vulnerable components, they frequently operate 
under complex and variable working conditions in mechanical systems [1,2]. Accordingly, it is essential 
to conduct research on condition monitoring and fault diagnosis for key rotating components, so as to 
ensure the safe and reliable operation of mechanical systems as well as economic benefits [3]. Against 
the current backdrop of big data and the Industrial Internet of Things (IIoT), data-driven deep intelligent 
fault diagnosis methods, which can automatically extract fault features and realize end-to-end diagnosis 
by training deep learning models solely based on monitoring data without relying on prior expert 
knowledge [4,5], have received extensive research and application [6,7]. 

However, deep intelligent diagnosis models are constrained by the inherent paradigm of deep 
learning, and can only perform satisfactorily under two core assumptions: the training (source domain) 
and testing (target domain) data follow the same distribution, and labeled data are available during model 
training [8,9]. In practical industrial scenarios, mechanical equipment is frequently affected by varying 
working conditions, and manual annotation of monitoring data is notoriously difficult, rendering the 
aforementioned assumptions largely unfeasible. Consequently, the diagnosis models suffer from limited 
generalization and fail to achieve reliable cross-working condition fault diagnosis [10]. 

Domain adaptation (DA), as a branch of transfer learning, provides a promising solution to the 
aforementioned cross-working condition fault diagnosis problem [11,12]. Existing DA approaches can 
be broadly categorized into two paradigms: minimizing cross-domain feature distribution discrepancy 
via metric functions, and generating domain-invariant features through adversarial learning [13]. 
Explicit-metric-based DA methods compute and reduce cross-domain distribution discrepancy by 
means of kernel functions or statistical metrics, thereby guiding the model to learn domain-invariant 
representations [14]. Typical representatives include multi-kernel maximum mean discrepancy  
(MK-MMD) and local maximum mean discrepancy (LMMD). For instance, Lu et al. [15] proposed a 
semi-supervised contrastive domain adaptation network (SSCDAN), which promotes LMMD learning of 
cross-domain features through intra-domain semi-supervised contrastive learning, thus improving the 
alignment of cross-domain feature distributions. Lu et al. [16] designed a hierarchical shared multi-kernel 
correlation and centroid feature discrepancy network (HSMK-CCFD), which combines MK-MMD 
and multi-kernel correlation alignment (MK-CORAL) to construct a joint distribution alignment 
mechanism, and further develops an adaptive loss weighting strategy based on kernel quality evaluation. 
Adversarial-training-based DA methods, by contrast, drive the feature extractor to produce indistinguishable 
features, that is, domain-invariant features, through a zero-sum game between the feature extractor and the 
domain discriminator [17]. Representative methods include the domain-adversarial neural network (DANN) 
and the conditional domain-adversarial network (CDAN). For example, Wen et al. [18] proposed a 
clustering graph convolutional network with multiple adversarial learning (c-GCN-MAL), which 
enhances clustering and transfer capabilities through data-adversarial and domain-adversarial learning for 
cross-domain bearing fault diagnosis. Chen et al. [19] developed a dual-adversarial-guided unsupervised 
multi-domain adaptation network (DAG-MDAN) that can more effectively integrate fault diagnosis 
knowledge from multiple source domains. 
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Among these, beyond the conventional adversarial training between a domain discriminator and a 
feature extractor, Saito et al. [20] proposed a dual-classifier adversarial paradigm called maximum 
classifier discrepancy (MCD). This paradigm replaces the domain discriminator with task-specific 
classifiers to conduct adversarial training with the feature extractor. Compared with conventional 
paradigms, MCD accounts for the relationship between the decision boundary and target samples, 
making it more consistent with target-domain characteristics when aligning feature distributions and 
implementing DA. Nevertheless, when MCD is practically applied to cross-working condition diagnosis 
of rotating machinery component, it still exhibits certain limitations in learning the boundaries between 
different fault classes. During the process of shrinking the decision boundaries, ambiguous boundary 
discrimination may occur, as shown in Figure 1a. Accordingly, Jiang et al. [21] developed a dual-classifier 
domain adaptation diagnosis model based on self-supervised learning (SLDDA), which alleviates the output 
ambiguity of classifiers via classification certainty metric and constructs target-data-clustering-based 
self-supervised learning to enhance discrimination among different fault classes. Jin et al. [22] proposed a 
dual-classifier adversarial learning network for cross-domain fault diagnosis, which integrates conditional 
entropy and local Lipschitz terms into the loss function to push decision boundaries away from data-dense 
regions, thus strengthening the discriminability of different fault classes. 
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Figure 1. Motivation for the proposed method: (a) Limitations of MCD adversarial framework; 
(b) Multi-classifier discrepancy (MuCD)-driven and CPSL-enhanced. 

This paper constructs a confidence pseudo-labeling strategy to guide self-supervised learning of the 
target domain, enabling targeted learning of the discrimination on target domain to improve the 
discrimination and shrinking of boundaries between different fault classes. While focusing on improving 
the discrimination of boundaries between different fault classes through self-supervised learning of the 
target domain, this paper further considers that MCD relies only on discrepancy learning between a 
single pair of classifiers, making its results susceptible to the decision bias of that classifier pair and thus 
posing a potential risk of insufficient representation of target-domain data characteristics. This risk may 
also affect the model’s discrimination of classification boundaries, as shown in Figure 1a. Therefore, the 
dual-classifier adversarial paradigm of MCD is extended to discrepancy learning among multiple 
classifiers. By constructing multiple sets of decision boundaries formed by different classifiers, the 
uncertainty of target-domain samples can be characterized from multiple discriminative perspectives, 
thereby driving a more sufficient representation of target-domain data characteristics and further 
improving boundary discrimination and shrinking. Consequently, by organically combining the two 
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improvements described above, the ideal decision boundary discrimination and shrinking can be 
achieved, as shown in Figure 1b. The main contributions of this paper are as follows: 

(1) To address the potential risk of insufficient representation of target-domain data characteristics, 
a MuCD-driven DA approach is designed, by extending the dual-classifier adversarial paradigm of MCD 
to multiple classifiers and exploiting discrepancy learning among them. 

(2) To alleviate the ambiguous boundary discrimination problem, a confidence pseudo-label-guided 
self-supervised learning (CPSL) mechanism is designed to guide and enhance the discrimination of 
diagnosis model for different fault classes, thereby clarifying classification boundaries and improving 
diagnosis performance. 

(3) According to the design objectives, CPSL is specifically integrated into MuCD, and a  
cross-working condition fault diagnosis method for rotating machinery components based on  
multi-classifier discrepancy-driven learning enhanced by confidence pseudo-label self-supervision  
(CPSL-MuCD) is proposed. 

(4) The cross-working condition fault diagnosis performance of the proposed CPSL-MuCD is 
comprehensively validated on the Paderborn University (PU) bearing fault dataset, PT500mini gear fault 
dataset, and wind turbine gearbox (WTG) bearing–gear compound fault dataset. 

The remainder of this paper is organized as follows. Section 2 describes the principle of the 
proposed CPSL-MuCD and its specific implementation for cross-working condition fault diagnosis. 
Section 3 presents comprehensive experimental validations and analyses. Section 4 concludes this work 
and provides an outlook on future research directions. 

2. Methodology 

2.1. Problem definition 

In cross-domain fault diagnosis scenarios, the available labeled data are defined as the source domain 
𝒟𝒟𝑆𝑆 = ��𝑥𝑥𝑆𝑆𝑖𝑖 ,𝑦𝑦𝑆𝑆𝑖𝑖��𝑖𝑖=1

𝑛𝑛𝑆𝑆  containing 𝑛𝑛𝑆𝑆 samples and labels (𝑥𝑥𝑆𝑆,𝑦𝑦𝑆𝑆). The available unlabeled data are defined 
as the target domain 𝒟𝒟𝑇𝑇 = ��𝑥𝑥𝑇𝑇

𝑗𝑗 , ��𝑗𝑗=1
𝑛𝑛𝑇𝑇  containing 𝑛𝑛𝑇𝑇 samples (𝑥𝑥𝑇𝑇, ). Affected by cross-working condition, 

distribution discrepancy exist between different domains, i.e., 𝑋𝑋𝑆𝑆 ≠ 𝑋𝑋𝑇𝑇 and 𝒫𝒫𝑆𝑆(𝑋𝑋𝑆𝑆) ≠ 𝒫𝒫𝑇𝑇(𝑋𝑋𝑇𝑇). The 
purpose of constructing cross-working condition diagnosis model is to learn domain-invariant feature 
satisfying 𝒫𝒫𝑆𝑆(𝑌𝑌𝑆𝑆|𝑋𝑋𝑆𝑆) ≈ 𝒫𝒫𝑇𝑇(𝑌𝑌𝑇𝑇|𝑋𝑋𝑇𝑇) from source and target domain data, thereby realizing cross-working 
condition fault diagnosis. 

2.2. Overview 

To address the potential deficiencies of the dual-classifier structure in MCD in representing the data 
characteristics of target domain, as well as its insufficient discrimination of classification boundaries 
between different fault classes, this paper proposes a MuCD-driven DA approach enhanced by CPSL 
mechanism (CPSL-MuCD) for cross-working condition fault diagnosis. The network architecture of 
CPSL-MuCD is shown in Figure 2. The main components of CPSL-MuCD are described as follows. 

First, the backbone network consisting of five one-dimensional convolutional layers is employed to 
extract features from raw input signals, and it is shared by the source and target domains. Second, the 
MuCD-driven DA approach composed of three classifiers with identical architectures and parameters 
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is developed to learn the classification of different fault classes and domain-invariant features. Third, 
the CPSL mechanism consists of a confidence pseudo-label generation strategy and target-domain 
self-supervised learning losses. Specifically, the confidence pseudo-label generation process primarily 
involves calculation of the harmonic mean of class prediction probabilities and threshold screening. 
Furthermore, the multilayer perceptron (MLP) is used to encode the features for contrastive learning. 
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Figure 2. The network structure of the proposed CPSL-MuCD. 

2.3. Multi-classifier discrepancy approach 

Regarding the potential risk that the dual-classifier structure of MCD is susceptible to the decision bias 
of a single classifier pair, which may lead to insufficient representation of target-domain data characteristics, 
thereby affecting classification boundary discrimination and limiting the model’s diagnosis performance. 
This paper proposes a MuCD approach by increasing the number of classifiers to three. MuCD aims to 
exploit discrepancy learning among multiple classifiers to characterize the uncertainty of target-domain 
samples from multiple discriminative perspectives, thereby enhancing the representation of target-domain 
data characteristics and sufficiently learning the correlation information among different fault classes. 
In this way, the discrimination of classification boundaries is indirectly strengthened and the diagnosis 
performance of model is improved. MuCD follows the three-stage adversarial training paradigm of MCD, 
and its implementation process within a mini-batch is as follows: 

The first step involves the initial training of the model, with the objective of training the feature 
extractor and classifiers so that the initial model can classify faults and determine the decision boundary 
in source domain. During this step, the parameters of the feature extractor and classifiers are updated by 
calculating and minimizing the source-domain cross-entropy loss ℒ𝐶𝐶𝐶𝐶𝑆𝑆 . 
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ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1 = 𝑚𝑚𝑚𝑚𝑚𝑚{ℒ𝐶𝐶𝐶𝐶𝑆𝑆 } (1) 

ℒ𝐶𝐶𝐶𝐶𝑆𝑆 = � � 𝐶𝐶𝐶𝐶 �𝐺𝐺𝑦𝑦𝑐𝑐 �𝐺𝐺𝐸𝐸�𝑥𝑥𝑆𝑆𝑘𝑘�� , 𝑦𝑦𝑆𝑆𝑘𝑘�
𝐵𝐵

𝑘𝑘=1

𝐶𝐶

𝑐𝑐=1
 (2) 

where, 𝐶𝐶  represents the number of classifiers, 𝐵𝐵  is the batch size, 𝐶𝐶𝐶𝐶(⋅)  is the cross-entropy loss 
function, 𝐺𝐺𝐸𝐸(⋅) is the feature extractor, and 𝐺𝐺𝑦𝑦𝑐𝑐  is the 𝑐𝑐th classifier. 

The second step focuses on maximizing classification discrepancy. Its objective is to detect samples 
in the target domain that lie outside the decision boundary and adjust the boundary. During training in 
this step, the parameters of feature extractor are fixed, and only the classifiers are trained and their 
parameters updated. Meanwhile, the source domain cross-entropy loss is still calculated and minimized 
to ensure the classification performance. 

ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2 = 𝑚𝑚𝑚𝑚𝑚𝑚{ℒ𝐶𝐶𝐶𝐶𝑆𝑆 − ℒ𝐶𝐶𝐶𝐶𝑇𝑇 } (3) 

ℒ𝐶𝐶𝐶𝐶𝑇𝑇 =
1
𝐵𝐵�

��𝑝𝑝𝐶𝐶1𝑇𝑇
𝑘𝑘 − 𝑝𝑝𝐶𝐶2𝑇𝑇

𝑘𝑘 � + �𝑝𝑝𝐶𝐶1𝑇𝑇
𝑘𝑘 − 𝑝𝑝𝐶𝐶3𝑇𝑇

𝑘𝑘 � + �𝑝𝑝𝐶𝐶2𝑇𝑇
𝑘𝑘 − 𝑝𝑝𝐶𝐶3𝑇𝑇

𝑘𝑘 ��
𝐵𝐵

𝑘𝑘=1
 (4) 

where, 𝑝𝑝𝐶𝐶1, 𝑝𝑝𝐶𝐶2, and 𝑝𝑝𝐶𝐶3 respectively represent the predicted probabilities output by three classifiers, 
𝑝𝑝𝐶𝐶𝐶𝐶 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 �𝐺𝐺𝑦𝑦𝑐𝑐�𝐺𝐺𝐸𝐸(𝑥𝑥)��. 

The third step focuses on minimizing classification discrepancy. Its objective is to train and confuse 
the feature extractor, thereby enabling it to generate target domain features that fall within the 
corresponding decision boundaries, thus adjusting the feature distribution and achieving DA. During 
training in this step, the parameters of classifiers are fixed, and only the feature extractor is trained and 
its parameters updated. 

ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆3 = 𝑚𝑚𝑚𝑚𝑚𝑚{ℒ𝐶𝐶𝐶𝐶𝑇𝑇 } (5) 

Finally, by repeatedly performing adversarial training between Step 2 and Step 3, the cross-domain 
feature distribution is gradually adjusted, thereby achieving DA for target domain features. Based on 
prior experience and experimental validation, the number of repetitions is set to 4. 

2.4. Self-supervised learning based on confidence pseudo-label 

Although MuCD can improve the classification boundary discrimination problem to some extent 
through learning from the discrepancies among multiple classifiers, the lack of targeted learning for the 
discrimination of different fault classes in target domain still limits the final diagnosis performance. 
Therefore, this paper designs a self-supervised learning mechanism to clarify the classification 
boundaries by setting up self-supervised classification learning loss and self-supervised contrastive 
learning loss in target domain. Additionally, considering that the self-supervised medium for 
aforementioned losses originates from generated pseudo-labels, a confidence pseudo-label strategy is 
designed to enhance the effectiveness of the self-supervised learning mechanism. This forms a CPSL 
approach, enabling MuCD to further clarify classification boundaries. The specific implementation of 
CPSL is as follows: 

In a mini-batch, based on the target class prediction probabilities 𝑝𝑝𝐶𝐶1𝑇𝑇, 𝑝𝑝𝐶𝐶2𝑇𝑇, and 𝑝𝑝𝐶𝐶3𝑇𝑇 output by 
the three classifiers, the pseudo-labels 𝑦𝑦′𝑇𝑇  are constructed by calculating the harmonic mean 𝑝𝑝𝑇𝑇 , as 
shown in Equation (6). A threshold screening mechanism is then applied according to the probability 
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values to form confidence pseudo-labels 𝑦𝑦′𝑇𝑇[𝑛𝑛], i.e., 𝑦𝑦′𝑇𝑇
𝑖𝑖𝑖𝑖 𝑝𝑝𝑇𝑇[𝑛𝑛]>0.8
�⎯⎯⎯⎯⎯⎯⎯� 𝑦𝑦′𝑇𝑇[𝑛𝑛]. Specifically, compared with 

the arithmetic mean, constructing pseudo-labels via the harmonic mean suppresses extreme deviation 
values and balances the uncertainty among the outputs of three classifiers, thereby ensuring the initial 
reliability of pseudo-labels at the fusion mechanism level [23]. Subsequently, a pseudo-label filtering 
threshold is imposed to enforce a threshold constraint on the maximum predicted probability after 
harmonic averaging, which further filters out low-confidence samples. This elevates the quality of target 
domain pseudo-labels and provides reliable supervision medium for self-supervised learning. The 
self-supervised learning losses for target domain based on confidence pseudo-labels, ℒ𝐶𝐶𝐶𝐶𝑇𝑇  and ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆−𝑆𝑆𝑆𝑆𝑆𝑆𝑇𝑇 , 
are shown in Equations (7) and (9). Additionally, to ensure clear and distinct classification boundaries 
in source domain, a supervised contrastive learning loss ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆  is introduced, as shown in Equation (10). 

𝑝𝑝𝑇𝑇 =
3 × 𝑝𝑝𝐶𝐶1𝑇𝑇 × 𝑝𝑝𝐶𝐶2𝑇𝑇 × 𝑝𝑝𝐶𝐶3𝑇𝑇

�𝑝𝑝𝐶𝐶1𝑇𝑇 + 𝑝𝑝𝐶𝐶2𝑇𝑇� + �𝑝𝑝𝐶𝐶1𝑇𝑇 + 𝑝𝑝𝐶𝐶3𝑇𝑇� + �𝑝𝑝𝐶𝐶2𝑇𝑇 + 𝑝𝑝𝐶𝐶3𝑇𝑇�
⟹ 𝑦𝑦′𝑇𝑇 (6) 

ℒ𝐶𝐶𝐶𝐶𝑇𝑇 = � � 𝐶𝐶𝐶𝐶�𝐺𝐺𝑦𝑦𝑐𝑐�𝐺𝐺𝐸𝐸(𝑋𝑋𝑇𝑇)�[𝑛𝑛],𝑦𝑦′𝑇𝑇[𝑛𝑛]�
𝑛𝑛

𝐶𝐶

𝑐𝑐=1
, 𝑖𝑖𝑖𝑖 𝑝𝑝𝑇𝑇[𝑛𝑛] > 0.8 (7) 

ℒ𝑆𝑆𝑆𝑆𝑆𝑆({(𝑧𝑧𝑘𝑘,𝑦𝑦𝑘𝑘)}𝑘𝑘𝐵𝐵) = −𝑙𝑙𝑙𝑙𝑙𝑙
∑ 𝑒𝑒𝑒𝑒𝑒𝑒 �𝑠𝑠𝑠𝑠𝑠𝑠�‖𝑧𝑧𝑘𝑘‖2,�𝑧𝑧+𝑖𝑖�

2
� ∕ 𝜏𝜏�𝑦𝑦=𝑦𝑦+

∑ 𝑒𝑒𝑒𝑒𝑒𝑒(𝑠𝑠𝑠𝑠𝑠𝑠(‖𝑧𝑧𝑘𝑘‖2, ‖𝑧𝑧−𝑗𝑗‖2) ∕ 𝜏𝜏)𝑦𝑦≠𝑦𝑦−
 (8) 

ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆−𝑆𝑆𝑆𝑆𝑆𝑆𝑇𝑇 = ℒ𝑆𝑆𝑆𝑆𝑆𝑆({(𝑍𝑍𝑇𝑇[𝑛𝑛],𝑦𝑦′𝑇𝑇[𝑛𝑛])}𝑛𝑛) (9) 

ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = ℒ𝑆𝑆𝑆𝑆𝑆𝑆 ���𝑧𝑧𝑆𝑆𝑘𝑘,𝑦𝑦𝑆𝑆𝑘𝑘��𝑘𝑘
𝐵𝐵
� (10) 

where, 𝐶𝐶 represents the number of classifiers, 𝑛𝑛 represents the index obtained by threshold screening. 𝐵𝐵 
is the batch size, 𝑘𝑘 ∈ {1,2,⋅⋅⋅ 𝐵𝐵}, 𝑘𝑘 ≠ 𝑖𝑖 ≠ 𝑗𝑗, 𝑠𝑠𝑠𝑠𝑠𝑠(⋅,⋅) denotes the similarity calculation between feature 
vectors, ‖⋅‖2 denotes the 𝐿𝐿2 norm of feature vectors, and τ is the temperature coefficient. 𝑧𝑧 represents 
the feature representation encoded by MLP, 𝑍𝑍 = {(𝑧𝑧𝑘𝑘)}𝑘𝑘=1𝐵𝐵 = 𝑀𝑀𝑀𝑀𝑀𝑀(𝐺𝐺𝐸𝐸({(𝑧𝑧𝑘𝑘)}𝑘𝑘=1𝐵𝐵 )). 𝑧𝑧+ represents the 
feature representation belonging to the same fault class as 𝑧𝑧𝑘𝑘  within a mini-batch, i.e., 𝑦𝑦 = 𝑦𝑦+ . 
Conversely, 𝑧𝑧− represents the feature representation belonging to the different fault classes than 𝑧𝑧𝑘𝑘 
within a mini-batch, i.e., 𝑦𝑦 = 𝑦𝑦−. 

2.5. The fault diagnosis model based on CPSL-MuCD 

To achieve cross-working condition fault diagnosis, a fault diagnosis model based on CPSL-MuCD has 
been constructed. When building the CPSL-MuCD model, this paper specifically embedded the losses 
of ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 , ℒ𝐶𝐶𝐶𝐶𝑇𝑇 , and ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆−𝑆𝑆𝑆𝑆𝑆𝑆𝑇𝑇  into the three-step adversarial training paradigm of MuCD, in accordance 
with their design objectives. The losses of ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆  and ℒ𝐶𝐶𝐶𝐶𝑇𝑇  are integrated into the first training step of 
MuCD to provide clear decision boundaries for subsequent feature distribution adjustments, while the 
loss of ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆−𝑆𝑆𝑆𝑆𝑆𝑆𝑇𝑇  is embedded into the third training step to ensure that the final generated target-domain 
features better align with the corresponding decision boundaries. Therefore, the optimization objectives 
for the three training steps of the CPSL-MuCD model are as follows: 
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�
ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1 = 𝑚𝑚𝑚𝑚𝑚𝑚{ℒ𝐶𝐶𝐶𝐶𝑆𝑆 + ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + ℒ𝐶𝐶𝐶𝐶𝑇𝑇 × 𝜆𝜆}
ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2 = 𝑚𝑚𝑚𝑚𝑚𝑚{ℒ𝐶𝐶𝐶𝐶𝑆𝑆 − ℒ𝐶𝐶𝐶𝐶𝑇𝑇 }
ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆3 = 𝑚𝑚𝑚𝑚𝑚𝑚�ℒ𝐶𝐶𝐶𝐶𝑇𝑇 + ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆−𝑆𝑆𝑆𝑆𝑆𝑆𝑇𝑇 × 𝜆𝜆�

 (11) 

𝜆𝜆 =
2

1 + 𝑒𝑒
−5×𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑠𝑠

− 1 (12) 

where, 𝜆𝜆 represents an exponentially increasing penalty coefficient, which is introduced to mitigate the 
adverse impact of low-quality pseudo-labels in the early training stage. When training the CPSL-MuCD 
model, the batch_size is set to 64, the Adam optimizer is used with an initial learning rate of 0.001 and 
a weight decay rate of 1e−5, the learning rate follows an exponential decay curve with a decay rate of 
0.95, and the maximum number of training iterations 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑠𝑠  is set to 200. The detailed training 
procedure of the CPSL-MuCD model is described as follows: 

(1) The source and target domain data are constructed according to different working conditions 
in the dataset, followed by data sampling. The source and target domains are then independently 
divided into training and test sets at a ratio of 4:1, and the samples in the training and test sets are 
preprocessed separately. 

(2) The network architecture and model parameters are specified, training-related hyperparameters 
are set, and the network weight parameters are initialized. 

(3) The source and target domain training data are fed into the model. The parameters of the feature 
extractor and classifiers are updated and optimized, according to ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆1 = 𝑚𝑚𝑚𝑚𝑚𝑚{ℒ𝐶𝐶𝐶𝐶𝑆𝑆 + ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + ℒ𝐶𝐶𝐶𝐶𝑇𝑇 × 𝜆𝜆} 
and the backpropagation algorithm. 

(4) The source and target domain training data are fed into the model. The classifier parameters are 
updated and optimized, according to ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆2 = 𝑚𝑚𝑚𝑚𝑚𝑚{ℒ𝐶𝐶𝐶𝐶𝑆𝑆 − ℒ𝐶𝐶𝐶𝐶𝑇𝑇 } and the backpropagation algorithm. 

(5) The target domain training data are fed into the model. The parameters of the feature extractor 
are updated and optimized, according to ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆3 = 𝑚𝑚𝑚𝑚𝑚𝑚�ℒ𝐶𝐶𝐶𝐶𝑇𝑇 + ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆−𝑆𝑆𝑆𝑆𝑆𝑆𝑇𝑇 × 𝜆𝜆� and the backpropagation 
algorithm. This step is repeated four times. 

(6) Steps (3), (4), and (5) are repeated to iteratively train the CPSL-MuCD model. Training terminates 
and the model weights are saved, when the number of iterations 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ reaches the maximum value 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑠𝑠. 

(7) The target domain test data are input into the trained CPSL-MuCD model for inference, and the 
fault diagnosis results under the target working condition are output. 

3. Experiment validation and analysis 

To verify the effectiveness and generalizability of the proposed CPSL-MuCD, cross-working condition 
fault diagnosis experiments are conducted on three datasets: the PU rolling bearing dataset [24], the 
PT500mini gearbox fault dataset [25], and the WTG compound fault dataset [15]. CPSL-MuCD is 
validated through comparative studies and ablation analysis. Specifically, both the PU and PT500mini 
datasets contain single-type faults, while the WTG dataset comprises compound faults. In addition, to 
ensure the objectivity of experimental results, each group of experiments is repeated five times to report 
the average diagnosis accuracy and corresponding standard deviation. 
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3.1. Case study1: PU dataset 

3.1.1. Dataset description 

The PU dataset is a publicly available dataset widely used in research on rolling bearing fault diagnosis. 
The experimental bearings in this dataset are 6203-type rolling bearings, exhibiting two types of bearing 
faults: artificially induced damage and natural degradation damage. The bearings with natural 
degradation damage are obtained from the accelerated degradation testing platform, as shown in 
Figure 3a. This paper uses bearing data from 13 classes of single-type faults in accelerated degradation 
tests (see reference [24] for specific fault descriptions) to conduct cross-working condition fault diagnosis 
experiments and validate the proposed method. 

Electric motor Fly wheel

Measuring shaft Load motor

Test module

(b)Adjusting nut

Housing

Spring package

Drive motor

(a)

 

Figure 3. PU dataset test bench: (a) Accelerated degradation test platform; (b) Bearing test platform. 

The data in this dataset is collected from the bearing test platform, as shown in Figure 3b. By 
replacing different faulty bearings in the test module and adjusting various working condition parameters 
(rotational speed, radial load, and torque load), bearing vibration signals under four different working 
conditions are collected. The samples are constructed using non-overlapping sliding-window sampling, 
followed by separate fast Fourier transform (FFT) and Z-score standardization for the training and test 
samples [26]. The working condition parameters and diagnosis tasks are shown in Table 1. 

Table 1. Dataset details and transfer tasks of PU. 

Working condition Speed (rpm) Load (Nm) Radial force (N) Transfer task (S–T) 
0 1500 0.7 1000 0–1, 0–2 

0–3, 1–2 
1–3, 2–3 

1 900 0.7 1000 
2 1500 0.1 1000 
3 1500 0.7 400 

3.1.2. Quantitative comparison analysis 

To validate the effectiveness and superiority of CPSL-MuCD, the DA methods DAN, DSAN, DANN, 
DCTLN, MCD [20], and SLDDA [21] are selected for comparison. Meanwhile, the model consisting of 
the backbone network and a single classifier from the proposed method is employed as the baseline 
model. All comparison methods use the same backbone network and classifier architecture. Table 2 
presents the quantitative results of overall transfer fault diagnosis performance on the PU dataset. The 
results indicate that, compared to the Baseline, the diagnosis performance of CPSL-MuCD has been 
significantly improved, with an increase of 33.96% in average accuracy. This demonstrates that the 
proposed method can effectively alleviate the distribution discrepancy between different working 
conditions and improve the cross-domain generalization. Compared with the other DA methods, 



Mechatronics Tech.  Article 

 10 

CPSL-MuCD still achieves higher diagnosis accuracy on all six transfer tasks and also exhibits better 
diagnosis stability. Furthermore, compared with MCD, which serves as the basis for improvement, and 
the second-best method SLDDA, CPSL-MuCD improves the overall average diagnostic accuracy by 
7.04% and 5.22%, respectively, and exhibits lower accuracy fluctuations on most transfer tasks. 
Although the training time of CPSL-MuCD is higher than that of MCD and SLDDA, the additional 
computational cost is still acceptable considering the performance gains in diagnosis accuracy and 
stability, which further demonstrates the effectiveness of the designed MuCD approach and CPSL 
mechanism in improving cross-working condition diagnosis performance. In addition, the superior 
diagnosis performance of MuCD over MCD validates the effectiveness of the improvements made to 
the dual-classifier structure of MCD in this paper. 

Table 2. Transfer diagnosis accuracy on PU (%). 

Method 0–1 0–2 0–3 1–2 1–3 2–3 Average Time (s) 
Baseline 38.68 ± 2.97 93.43 ± 1.29 57.61 ± 4.48 51.74 ± 1.39 34.25 ± 1.33 68.96 ± 1.08 57.44 43.5 

DAN 47.40 ± 1.76 93.94 ± 0.90 63.33 ± 1.84 54.53 ± 1.47 36.46 ± 1.69 71.07 ± 2.45 61.12 52.0 

DSAN 55.76 ± 0.50 95.57 ± 0.88 67.59 ± 2.41 59.82 ± 1.30 43.60 ± 1.31 73.83 ± 2.43 66.03 59.4 

DANN 49.62 ± 0.90 93.61 ± 0.71 63.51 ± 2.55 56.79 ± 1.22 40.00 ± 2.92 71.23 ± 1.89 62.46 53.7 

DCTLN 49.31 ± 2.37 95.08 ± 0.82 64.18 ± 3.70 56.39 ± 0.73 41.33 ± 1.25 72.53 ± 2.22 63.13 56.6 

MCD 68.82 ± 2.82 98.35 ± 0.15 91.65 ± 1.08 90.92 ± 0.73 62.45 ± 2.55 93.98 ± 0.44 84.36 112.0 

SLDDA 74.69 ± 1.24 98.69 ± 0.18 92.59 ± 0.77 91.22 ± 0.34 64.45 ± 1.29 95.46 ± 0.58 86.18 125.7 
CPSL-
MuCD 79.42 ± 0.89 99.05 ± 0.15 96.70 ± 0.26 97.06 ± 0.73 79.73 ± 0.57 96.43 ± 0.21 91.40 190.0 

MuCD 72.10 ± 1.33 98.62 ± 0.31 92.59 ± 4.53 93.10 ± 2.03 68.99 ± 4.41 95.16 ± 0.29 86.76 136.5 

To further quantify models’ diagnosis performance on target domain, this paper takes task 0–3 as 
an example and comprehensively presents the correct and incorrect classifications of different fault 
classes by various models in the form of a confusion matrix, as shown in Figure 4. As shown in the 
results presented in the figure, compared with other DA methods, CPSL-MuCD demonstrates the best 
fault diagnosis performance. Furthermore, compared with MCD, which serves as the basis for 
improvement, CPSL-MuCD achieves better performance in terms of both the number and severity of 
misclassifications. Specifically, the numbers of correctly identified samples for KA16 (2), KI16 (9), 
and KI18 (11) are increased from 44, 31, and 37 to 50, 35, and 43, respectively, indicating improved 
recognition of these fault classes. Meanwhile, compared with the second-best method SLDDA, 
CPSL-MuCD still shows better recognition performance for some easily confused fault classes. 
These results indicate that, compared to the dual-classifier structure of MCD, the multi-classifier 
discrepancy learning constructed by CPSL-MuCD can more effectively represent the data characteristics 
in target domains, while the target-domain self-supervised learning guided by confidence pseudo-label 
can effectively enhance the discrimination between different fault classes, thereby effectively improving 
the model’s cross-working condition diagnosis performance. 

To provide a more comprehensive quantification, this paper evaluates the model’s diagnosis 
performance for each fault class via the F1-score metric [15], in addition to calculating the overall 
accuracy. Figure 5 shows the F1-score for each fault class on different diagnosis tasks. As shown in the 
figure, except for a few fault classes on certain tasks, such as KI18 (11) on task 1–3, CPSL-MuCD 
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maintains relatively high F1-scores for different fault classes compared with the other methods. In 
particular, most fault classes on tasks 0–3, 1–2, and 2–3 achieve high F1-score values. Combined with 
the confusion matrix results in Figure 4, it can be further observed that CPSL-MuCD significantly 
improves the recognition capability for easily confused fault classes such as KA16 (2), KI16 (9), and 
KI18 (11), demonstrating its relatively ideal diagnosis accuracy and robust diagnosis stability. The 
comparative analysis of the above quantitative results indicates that the proposed CPSL-MuCD can 
robustly identify various fault samples under cross-working conditions, which further validates its 
diagnosis performance. 

(a) (b) (c) (d)

(e) (f) (g) (h)

KA04 KA15 KA16 KA22 KA30 KB23 KB24 KB27 KI14 KI16 KI17 KI18 KI21Type

Label 0 1 2 3 4 5 6 7 8 9 10 11 12  

Figure 4. Confusion matrix on PU (task 0–3): (a) Baseline; (b) DAN; (c) DSAN; (d) DANN; 
(e) DCTLN; (f) MCD; (g) SLDDA; (h) CPSL-MuCD. 

(a) (b) (c)

(d) (e) (f)

DAN DSAN DANN DCTLN MCD SLDDA CPSL-MuCD

 

Figure 5. F1-score on PU: (a) task 0–1; (b) task 0–2; (c) task 0–3; (d) task 1–2; (e) task 1–3; (f) task 2–3. 
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3.1.3. Visual comparison analysis 

Furthermore, to more intuitively analyze and discuss the relationship between the cross-domain feature 
distribution alignment effects of different models and their cross-working condition diagnosis performance, 
this paper employs t-distributed stochastic neighbor embedding (t-SNE) to perform dimensionality 
reduction on the extracted features and visualize their distributions, as shown in Figure 6. As illustrated 
in the figure using task 0–3 as an example, both the MCD, which serves as the basis for improvement, 
and the second-best method SLDDA, exhibit better feature distribution alignment than the other DA 
methods. However, MCD still shows dispersed feature distributions for some fault classes and relatively 
close boundaries between different classes, while SLDDA still suffers from a certain degree of inter-class 
overlap for some fault classes. In contrast, CPSL-MuCD achieves a higher degree of clustering between 
source-domain and target-domain features of the same class, more distinct separation between different 
fault classes, and a more compact overall feature distribution. CPSL-MuCD further optimizes the 
representation of target-domain data characteristics through multi-classifier discrepancy learning 
and enhances the discrimination among different fault classes through confidence pseudo-label-guided 
self-supervised learning, thereby further improving feature distribution alignment and cross-working 
condition diagnosis performance. 

(a) (b) (c) (d)

(e) (f) (g) (h)

KA04 KA15 KA16 KA22 KA30 KB23 KB24 KB27 KI14 KI16 KI17 KI18 KI21

S T

Type

Label 0 1 2 3 4 5 6 7 8 9 10 11 12

 

Figure 6. t-SNE visualization on PU (task 0–3): (a) Baseline; (b) DAN; (c) DSAN; (d) DANN; 
(e) DCTLN; (f) MCD; (g) SLDDA; (h) CPSL-MuCD. 

3.1.4. Ablation analysis 

In this section, ablation studies and analyses are conducted to investigate the rationality and effectiveness 
of the proposed CPSL-MuCD in terms of model architecture, pseudo-label screen threshold, and 
sensitivity of the self-supervised learning penalty coefficient. Table 3 summarizes the detailed settings 
of ablation experiments with different architectures, screen thresholds, and penalty coefficients, while 
Figure 7 presents the quantitative diagnosis performance of each ablated model on the PU dataset. 
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Table 3. Details of structure, threshold and penalty coefficient ablation experiments. 

Abolition items Details 

Model 
Model1 Model2 Model3 Model4 Proposed 

MuCD CPSL-MuCD 
(no CP) 

CPSL-MuCD 
(no ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆−𝑆𝑆𝑆𝑆𝑆𝑆𝑇𝑇 ) 

CPSL-MuCD 
(no ℒ𝐶𝐶𝐶𝐶𝑇𝑇 ) CPSL-MuCD 

Threshold 0.5 0.6 0.7 0.8 0.9 

Penalty 
coefficient (𝝀𝝀) 

Fixed type Linearly increase 
type (𝜆𝜆𝐿𝐿𝐿𝐿) 

Exponential increase 
type (this paper, 𝜆𝜆𝐸𝐸𝐸𝐸−𝑃𝑃) 

Exponential increase 
type (𝜆𝜆𝐸𝐸𝐸𝐸) 

 

1 
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑠𝑠

 
2

1 + 𝑒𝑒
−5×𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑠𝑠

− 1 
2

1 + 𝑒𝑒
−10×𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑠𝑠

− 1 

(b) (c)(a)

Vertical axis: Accuracy (%)Horizontal axis: (a) Model, (b) Threshold, (c) Penalty coefficient λ Mean ± 95% Confidence Interval

 

Figure 7. Quantitative results of structure, threshold and penalty coefficient ablation experiments. 

The architecture ablation results indicate that without confidence pseudo-label guided target domain 
self-supervised learning (no CP), the diagnosis model only outperforms MuCD, which verifies the 
effectiveness of the proposed self-supervised learning mechanism and confirms the enhancement role of 
the confidence pseudo-label strategy. When the confidence pseudo-label strategy is retained but 
ℒ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆−𝑆𝑆𝑆𝑆𝑆𝑆𝑇𝑇  and ℒ𝐶𝐶𝐶𝐶𝑇𝑇  are removed separately, the diagnosis performance degrades compared with the 
complete CPSL-MuCD, further validating the effectiveness of the self-supervised learning mechanism. 
Regarding the screen threshold ablation, different threshold values exert distinct influences on the model. 
An excessively low threshold may introduce erroneous pseudo-labels and mislead self-supervised 
learning, thereby degrading performance. Conversely, an overly high threshold may result in over-filtering 
of pseudo-labels and insufficient self-supervised learning. The model achieves a local optimum when the 
threshold is set to 0.8; accordingly, the filtering threshold is fixed at 0.8 in the confidence pseudo-label 
strategy. For the penalty coefficient ablation, the model with an exponentially increasing penalty 
coefficient outperforms those with fixed or linearly increase coefficients. This is attributed to the faster 
increase rate of the exponential function, which enables timely guidance of self-supervised learning. 
Nevertheless, an excessively rapid increase may insufficiently mitigate the adverse impact of low-quality 
pseudo-labels in the early training stage, as evidenced by the inferior performance of 𝜆𝜆𝐸𝐸𝐸𝐸  compared with 
the selected 𝜆𝜆𝐸𝐸𝐸𝐸−𝑃𝑃. This observation confirms the rationality of the chosen penalty coefficient 𝜆𝜆𝐸𝐸𝐸𝐸−𝑃𝑃. 
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3.2. Case study2: PT500mini dataset 

3.2.1. Dataset description 

The PT500mini test bench mainly consists of a drive motor, support bearings, a gearbox, and a magnetic 
powder brake, as shown in Figure 8. During gear fault testing, the working conditions, including 
rotational speed and torque load, are configured by adjusting the parameters of the drive motor and 
magnetic powder brake. Meanwhile, gear vibration signals are acquired by accelerometers mounted at 
the input and output sides of the gearbox. This dataset contains three typical gear fault types, namely 
tooth broken, tooth missing, and tooth wear, which are collected under four different working conditions 
at a sampling frequency of 100 kHz. Six groups of transfer diagnosis tasks are constructed according to 
different condition combinations, as shown in Table 4. Similar to Case 1, sample construction in this 
case adopts a non-overlapping sliding window sampling strategy on the input-side signals, and the 
samples in the training and test sets are separately standardized by Z-Score standardization. 

Drive motor

Converter Spur gearbox

Support bearings

Dynamic balance rotor

Magnetic powder brake

 

Figure 8. PT500mini dataset test bench. 

Table 4. Dataset details and transfer tasks of PT500mini. 

Working condition Speed (rpm) Torque load (N/m) Fault types Transfer task (S–T) 

0 3000 1 
Normal (0, NC), 

Tooth broken (1, BF), 
Tooth missing (2, MF), 

Tooth wear (3, WF) 

0–1, 0–2 
0–3, 1–2 
1–3, 2–3 

1 2800 1.5 

2 2600 2 

3 2400 2.5 

3.2.2. Comparison analysis 

To verify the generalizability of the proposed CPSL-MuCD, comparative experiments are conducted 
with the same methods and identical backbone network architecture and parameters as those in Case 1, 
followed by quantitative analysis of the results. The quantitative diagnosis performance of each method 
on the PT500mini dataset is summarized in Table 5. As can be observed, the proposed CPSL-MuCD 
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achieves the highest diagnosis accuracy on all six transfer tasks. Specifically, compared with MCD and 
the second-best method SLDDA, CPSL-MuCD improves the average diagnosis accuracy by 4.75% and 
2.86%, respectively, and also exhibits an even more pronounced advantage over the Baseline and other 
DA methods, with an average accuracy improvement of over 20%. Moreover, on the more challenging 
transfer tasks 0–2 and 0–3, CPSL-MuCD attains diagnosis accuracies of 92.50% and 92.85%, respectively, 
representing a nearly 9% improvement compared with MCD. This validates its strong feature alignment 
capability under scenarios with significant working condition discrepancies. In terms of training time, 
although CPSL-MuCD requires slightly longer computation than the compared methods, the gains in 
diagnosis accuracy and stability outweigh the increase in time cost, yielding a more favorable overall 
performance. These results further confirm the generalizability and effectiveness of CPSL-MuCD on 
different datasets. 

Table 5. Transfer diagnosis accuracy on PT500mini (%). 

Method 0–1 0–2 0–3 1–2 1–3 2–3 Average Time (s) 

Baseline 67.05 ± 1.95 57.20 ± 1.11 53.80 ± 0.70 71.40 ± 1.51 65.65 ± 1.84 91.20 ± 1.22 67.72 28.5 

DAN 70.40 ± 1.83 65.15 ± 1.37 60.60 ± 1.37 77.75 ± 0.61 73.40 ± 1.91 91.55 ± 0.51 73.14 34.3 

DSAN 71.40 ± 1.61 65.65 ± 2.49 62.70 ± 2.02 78.90 ± 2.87 74.20 ± 1.08 91.70 ± 0.70 74.09 38.8 

DANN 67.75 ± 2.25 62.80 ± 1.33 60.25 ± 4.34 77.65 ± 2.88 72.70 ± 0.62 91.35 ± 0.82 72.08 35.0 

DCTLN 69.55 ± 1.78 64.85 ± 2.40 60.60 ± 1.91 78.90 ± 2.03 74.00 ± 1.31 91.25 ± 1.76 73.19 38.5 

MCD 84.20 ± 2.20 83.60 ± 1.20 84.80 ± 1.69 94.75 ± 0.57 92.45 ± 0.83 98.30 ± 0.40 89.68 68.2 

SLDDA 85.60 ± 1.89 86.00 ± 1.93 87.65 ± 2.21 96.10 ± 0.30 95.35 ± 0.75 98.70 ± 0.29 91.57 78.0 
CPSL-
MuCD 88.15 ± 0.54 92.50 ± 0.76 92.85 ± 1.06 97.20 ± 0.19 96.40 ± 0.20 99.50 ± 0.27 94.43 111.1 

To further quantify the diagnosis performance of each model on different tasks at a fine-grained 
level, confusion matrices are employed, consistent with Case 1, to illustrate the correct and incorrect 
classification of each fault class in the target domain. Meanwhile, the F1-score metric is adopted to 
evaluate the per-class diagnosis performance of each model, as shown in Figures 9 and 10. Taking 
task 0–2 as an example, Figure 9 presents the classification results of each model for different fault 
classes. It can be observed that, compared with the Baseline and other DA methods, MCD, which serves 
as the basis for improvement, and the second-best method SLDDA significantly reduce severe 
misclassifications, while CPSL-MuCD further decreases the number of misclassified samples for 
different fault classes. Specifically, compared with MCD, the numbers of correctly identified samples 
for NC (0), BF (1), and WF (3) are increased from 84, 78, and 73 to 93, 85, and 90, respectively. 
Compared with SLDDA, the numbers of correctly identified samples for BF (1) and WF (3) are increased 
from 80 and 69 to 85 and 90, respectively. As shown by the per-class F1-score results of different tasks 
in Figure 10, CPSL-MuCD maintains a higher overall F1-score level on the transfer tasks and shows 
more pronounced performance advantages for BF (1) and WF (3). These results demonstrate that, by 
extending the dual-classifier architecture of MCD to multi-classifier discrepancy learning, CPSL-MuCD 
more sufficiently represents target domain data characteristics. Concurrently, the construction of 
confidence pseudo-label guided target domain self-supervised learning effectively enhances the 
cross-working condition diagnosis performance of model. 
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(a) (b) (c) (d)

(e) (f) (g) (h)

NC BFType
Label 0 1

MF WF
2 3  

Figure 9. Confusion matrix on PT500mini (task 0–2): (a) Baseline; (b) DAN; (c) DSAN; (d) DANN; 
(e) DCTLN; (f) MCD; (g) SLDDA; (h) CPSL-MuCD. 

(a) (b) (c)

(d) (e) (f)

DAN DSAN DANN DCTLN MCD SLDDA CPSL-MuCD

 

Figure 10. F1-score on PT500mini: (a) task 0–1; (b) task 0–2; (c) task 0–3; (d) task 1–2; (e) task 1–3; 
(f) task2–3. 

  



Mechatronics Tech.  Article 

 17 

3.3. Case study3: WTG dataset 

3.3.1. Dataset description 

The WTG dataset test bench mainly comprises a drive motor, a gearbox, transmission bearings, and an 
electromagnetic brake, as shown in Figure 11. On this test bench, working condition parameters are 
adjusted by controlling the drive motor and electromagnetic brake, while vibration signals from the 
gearbox and transmission bearings are collected via accelerometers. This dataset contains six types of 
bearing-gear compound faults tested and acquired under four different working conditions at a sampling 
frequency of 100 kHz, as detailed in Table 6. Consistent with Case 2, non-overlapping sliding-window 
sampling is adopted for sample construction in Case 3, and the samples in the training and test sets are 
separately standardized by Z-Score standardization. The configured transfer diagnosis tasks are also 
shown in Table 6. 

BGR

BGT

Drive motor Bearing

Gearbox Accelerometers Electromagnetic 
brake

 

Figure 11. WTG dataset test bench. 

Table 6. Dataset details and transfer tasks of WTG. 

Types Components 

Labels 
Bearing Gear 

IR OR BGT BGR GN 

(0, BIGT)  -  - - 
(1, BIGR)  - -  - 
(2, BIGN)   - -  

(3, BOGT) -   - - 
(4, BOGR) -  -  - 
(5, BOGN) -  - -  

Notes IR: Inner race fault, OR: Outer race 
fault 

BGT: Broken gear teeth, BGR: Broken gear root, GN: 
Gear normal 

Working 
conditions 0 1 2 3 Transfer tasks (S–T) 

Speed (r/min) 600 900 1200 1500 0–1, 0–2, 0–3, 1–2, 1–3, 2–3 

3.3.2. Comparison analysis 

The comparative experiment setup of Case 3 is consistent with that of Cases 1 and 2, aiming to further 
validate the effectiveness and generalizability of the proposed CPSL-MuCD. Table 7 presents the 
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quantitative diagnosis performance of different methods on the WTG dataset. As can be observed, the 
proposed CPSL-MuCD achieves the best diagnosis performance on all six transfer diagnosis tasks. 
Compared with the Baseline, CPSL-MuCD improves the average diagnosis accuracy by 15.83%. 
Furthermore, compared with MCD and the second-best method SLDDA, CPSL-MuCD improves the 
average diagnosis accuracy by 3.29% and 2.09%, respectively. In particular, on the more challenging 
tasks 0–2 and 0–3, CPSL-MuCD shows more pronounced performance advantages, achieving 
improvements of 7.07% and 6.01% over MCD, respectively. In terms of diagnosis stability, the standard 
deviations of CPSL-MuCD on all six tasks are controlled within 0.69%, and lower accuracy fluctuations 
are observed on most tasks. Although CPSL-MuCD incurs additional training overhead due to the 
introduction of the MuCD approach and CPSL mechanism, the improvements in diagnosis accuracy and 
stability demonstrate the reasonableness of the additional computational cost to some extent. These 
results indicate that the MuCD approach and CPSL mechanism can effectively improve the cross-working 
condition diagnostic accuracy and stability of the model, while further verifying the favorable cross-working 
condition generalizability of CPSL-MuCD. 

Table 7. Transfer diagnosis accuracy on WTG (%). 

Method 0–1 0–2 0–3 1–2 1–3 2–3 Average Time (s) 

Baseline 80.56 ± 2.20 71.68 ± 2.21 67.39 ± 0.77 87.14 ± 0.93 84.66 ± 1.20 88.41 ± 1.21 79.97 42.2 

DAN 88.13 ± 1.35 79.24 ± 1.23 77.21 ± 2.59 89.90 ± 0.86 89.36 ± 0.80 90.54 ± 0.76 85.73 48.3 

DSAN 88.16 ± 0.93 78.72 ± 1.78 73.50 ± 1.89 88.91 ± 1.37 88.83 ± 1.13 91.13 ± 0.90 84.88 58.7 

DANN 86.84 ± 0.71 78.16 ± 1.21 76.45 ± 3.41 89.77 ± 1.21 88.11 ± 0.93 91.63 ± 1.21 85.16 51.2 

DCTLN 87.63 ± 1.69 80.16 ± 0.65 78.88 ± 2.01 90.56 ± 0.77 88.54 ± 1.26 90.91 ± 1.58 86.11 53.7 

MCD 96.25 ± 0.32 87.47 ± 2.47 85.78 ± 2.84 95.10 ± 0.12 94.88 ± 0.24 95.60 ± 0.19 92.51 113.4 

SLDDA 96.68 ± 0.50 91.12 ± 1.13 88.01 ± 1.93 95.30 ± 0.47 95.36 ± 0.45 95.76 ± 0.12 93.71 126.4 
CPSL-
MuCD 97.86 ± 0.29 94.54 ± 0.35 91.79 ± 0.69 96.15 ± 0.25 97.21 ± 0.23 97.27 ± 0.25 95.80 183.1 

Figures 12 and 13 present the confusion matrices and per-class F1-score statistics, respectively, for 
further comprehensive quantification of the diagnosis performance of each model. The confusion matrix 
in Figure 12 illustrates the correct and incorrect classification of each fault class for all models on 
task 0–3. It can be observed that, compared with the Baseline and other DA methods, MCD reduces 
some misclassifications through the dual-classifier adversarial mechanism, but relatively obvious 
confusion still exists in classes such as BIGT (1), BOGT (3), and BOGR (4). The second-best method 
SLDDA further improves the recognition results of some fault classes. On this basis, the proposed 
CPSL-MuCD achieves better classification performance. Compared with MCD, which serves as the 
basis for improvement, the numbers of correctly identified samples for BIGT (1), BOGT (3), and 
BOGR (4) are increased to 89, 102, and 72, respectively, while the overall performance is also further 
improved compared with SLDDA. The F1-score results in Figure 13 further show that, except for 
BOGT (3) on task 1–2, BIGT (1) on task 1–3, and BOGT (3) on task 2–3, CPSL-MuCD achieves the 
highest F1-score for the remaining fault classes and maintains a relatively high and stable overall 
F1-score level. These results further verify the effectiveness of multi-classifier discrepancy learning and 
the confidence pseudo-label self-supervised mechanism in enhancing the discriminative capability of 
target-domain classes and improving cross-working condition fault diagnosis performance. 
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(a) (b) (c) (d)

(e) (h)

BIGT BIGR BIGNType

Label 0 1 2

BOGT BOGR BOGN

3 4 5

(f)

 

Figure 12. Confusion matrix on WTG (task 0–3): (a) Baseline; (b) DAN; (c) DSAN; (d) DANN; 
(e) DCTLN; (f) MCD; (g) SLDDA; (h) CPSL-MuCD. 

(a) (b) (c)

(d) (e) (f)

DAN DSAN DANN DCTLN MCD SLDDA CPSL-MuCD

 

Figure 13. F1-score on WTG: (a) task 0–1; (b) task 0–2; (c) task 0–3; (d) task 1–2; (e) task 1–3; 
(f) task2–3. 
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4. Conclusion 

Aiming at the limitations of diagnosis performance of cross-working condition caused by the 
inadequate classification boundary discrimination and potential insufficient representation of target 
domain data characteristics in the dual-classifier adversarial structure of MCD, this paper proposes 
a CPSL-MuCD-based DA method for rolling bearing fault diagnosis. The proposed method designs a 
MuCD approach by constructing the discrepancy learning among multiple classifiers, to enhance the 
representation of target domain data characteristics, as well as the discrimination and shrinking of 
classification boundaries. Concurrently, a CPSL mechanism is established by designing a confidence 
pseudo-label generation strategy and using it to guide the self-supervised learning in target domain. This 
mechanism aims to perform targeted learning on the discrimination of different fault classes in target 
domain, enabling MuCD to further clarify the identification of classification boundaries and thereby 
improve the model’s diagnosis performance of cross-working condition. Then, in accordance with the 
design objectives of the CPSL mechanism, it is specifically integrated into the various training steps of 
MuCD to construct the CPSL-MuCD diagnosis model. To validate the effectiveness and generalizability 
of CPSL-MuCD, a comprehensive diagnosis performance validation and analysis was conducted 
through 18 cross-working condition fault diagnosis tasks on PU bearing fault, PT500mini gear fault, and 
WTG bearing-gear compound fault datasets. Compared to MCD, CPSL-MuCD achieved improvements 
in overall accuracy of 7.04%, 4.75%, and 3.29% on the three datasets, respectively, and demonstrated 
better standard deviation performance during repeated experiments for each task. This not only validates 
the effectiveness of its improvements over MCD but also demonstrates its ability to effectively and 
generally achieve cross-working condition fault diagnosis. 

Although CPSL-MuCD has performed well in cross-working condition fault diagnosis on three 
different fault datasets of rotating machinery components, the increased model training cost cannot 
be ignored, as this will hinder its engineering applications. Therefore, future work will focus on 
optimizing MuCD for lighter models while exploring more challenging cross-working condition 
fault diagnosis scenarios. 
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