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Abstract

Recently, due to the difficulty of collecting condition data covering all mechanical fault types
in industrial scenarios, the fault diagnosis problem under incomplete data is receiving increasing
attention where no target prior information can be available. The existing open-set or universal
domain adaptation (DA) diagnosis methods typically treat private fault samples in the target as a
generalized "unknown™ fault class, neglecting their inherent structure. This oversight can lead to
confusion in latent feature space representations and difficulties in separating unknown samples.
Therefore, a universal DA method with unsupervised clustering is developed to explore the intrinsic
structure of the target samples for mechanical fault diagnosis, where multi-source information on
different working conditions is considered to transfer complementary knowledge. First, a composite
clustering metric combining single-domain and cross-domain evaluation is constructed to recognize
shared and unknown health classes on source-target domains. Second, to alleviate the intra-class
shift while enlarging the inter-class gap, a class-wise DA algorithm is suggested which operates on
the basis of maximum mean discrepancy. Finally, an entropy regularization criterion is utilized to
facilitate clustering of different health classes. The efficacy of the presented approach in the fault
diagnosis issues when monitoring data is inadequate has been verified through extensive
experiments on three rotating machinery datasets.

Keywords: Fault diagnosis, domain adaptation (DA), rotating machinery, multi-source information,
distribution difference.

1. Introduction

Prognostics health management of mechanical equipment has been widely concerned by the
academia and industry because it is an essential part of industrial production such as aerospace,
vehicle, and shipbuilding [1]. The rapid advancement of computer hardware and industrial sensors
has propelled significant progress in fault diagnosis technology. Various approaches have been
employed in this field, spanning from model-based and signal processing-based methods to data-
driven ones [2-4]. Data-driven approaches have gained widespread acceptance in fault diagnosis
due to their ability to automatically build mapping relationships between mechanical process data
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and health states using intelligent models, without the need for complex physical modeling or
specialized diagnostic expertise. [5,6].

During the early stages of the development of data driven-based fault diagnosis technology, it
was assumed that a large amount of labeled mechanical process data would be available and that
the operating conditions of the machinery would remain stable [7,8]. In this ideal fault diagnosis
scenario, a variety of machine learning algorithms such as Naive Bayes, Decision Tree, Support
vector machine and Artificial neural network are applied to equipment condition monitoring through
offline training [9,10]. The introduction of deep learning models such as Convolutional Neural
Network (CNN), Deep Auto-Encoder Network (DAN), and Deep Belief Network (DBN) has been
particularly noteworthy. Their robust hierarchical feature extraction capabilities through multiple
linear and nonlinear layers make them highly promising tools for data-driven fault diagnosis
methods [11,12]. Zhao et al. [13] presented a deep CNN-based model for fault diagnosis of the
planet bearings, which employed the synchrosqueezing transform as a signal processing algorithm.
Shi et al. [14] designed an adaptive DBN with dynamic learning rate for fault diagnosis of the
rotating bearings, in which the optimal structure of DBN was obtained through particle swarm
optimization. By constructing a new loss function with maximum correntropy, Shao et al. [15]
proposed a DAN-based interpretations learning approach for condition monitoring of electrical
locomotive bearing and gearbox. The above-mentioned fault diagnosis issue has been considered to
be satisfactorily solved at this time thanks to the availability of high-quality training data [16,17].

Regrettably, in real industrial production, the working environment and operating conditions of
mechanical equipment often vary in response to different process requirements. This implies that
the data used for training and testing are sourced from distinct distributions, a phenomenon referred
to as domain shift [18]. Traditional supervised diagnosis models would drastically deteriorate when
there is a domain shift between training data (source domain) and testing data (target domain) [19].
According to Lei et al. [20], the transfer learning theory will make it easier to conduct future research
on intelligent fault diagnosis in engineering contexts by allowing users to transfer their knowledge
from one or more tasks to related but novel ones. Current articles have extensively used domain
adaptation (DA), one of the most well-liked transfer learning approaches, to address the domain
shift issue in fault diagnosis. It tries to suppress the distributional differences of transferable features
by learning domain-invariant representations from a common feature space with various
distributions [21,22]. The DA methods based on difference metrics and adversarial training are
extensively adopted. An ensemble deep transfer network for identify rolling bearing faults was
presented by Li et al. [23], where the feature adaption layer is constructed through the maximum
mean discrepancy (MMD) of multiple different kernels. Qian et al. [24] combined MMD and
CORrelation alignment to construct a deep discriminative transfer learning model for cross-machine
status monitoring. Chen et al. [25] presented a task-specific features learning network based on
adversarial learning to handle large distribution discrepancy in cross-domain fault diagnosis. A
residual joint adaptation intelligent transfer fault diagnosis framework with joint MMD and
adversarial discriminator was constructed by Jiao et al. [26]. Moreover, because mechanical
equipment is typically not permitted to operate with faults, collecting fault data is a rare occurrence.
Consequently, some scholars have ventured to build diagnosis models using limited training data
[27]. By embedding class-imbalance strategy into the adversarial training process, Kuang et al. [28]
developed a transfer learning model with imbalanced data for cross-domain fault detection. Han et
al. [29] performed individual DA on the target and source sparse data of the same equipment
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conditions to alleviate the unclear data distribution caused by the lack of target data. Li et al. [30]
developed a meta-learning few-shot condition monitoring approach with model-agnostic. Deep
generative adversarial models are applied in [31] to create fake samples for cross-domain condition
identification.

To compensate for the limited state knowledge in a single-source dataset, some scholars transfer
diagnostic knowledge from multi-source data collected across various machine-operating scenarios
to enhance the diagnostic accuracy of target tasks. Zhu et al. [32] introduced a multi-source domain
adaptation approach for fault diagnosis of rotating machinery, which utilizes adversarial strategies
to obtain domain-invariant feature representations. Yang et al. [33] proposed a multi-source DA
fault diagnosis model, where the anchor adapters are constructed to transfer multi-source knowledge.
Chai et al. [34] employed a pre-trained stacked AE to extract multi-source features from various
operating conditions and utilized the domain discriminators to align each source with the target
domain. Wang et al. [35] proposed a cycle generative adversarial network model to generate
complete training data through multi-source mutual learning, and use based on anchor adapters to
extract multi-source domain invariant features. Li et al. [36] devised a multi-source domain
adaptation model for process fault diagnosis, incorporating feature-level and class-level techniques.
This model employs a common feature extractor and a feature selection module to learn global and
local features while mitigating negative transfer effects. Collecting labeled data for each specific
source domain can be expensive and time-consuming. Multi-source domain adaptation can reduce
the need for extensive labeled data in each domain, as it leverages information from related domains
to improve the model's performance.

'® A| Share fault modes of source domain @ Share fault modes of target domain
> Private fault mode of the source domain % Unknown fault mode 1 Unknown fault mode 2

Fig. 1. (a) Previous universal DA method; (b) Proposed universal DA approach.

Despite the fact that the research cited above have made some progress in industrial diagnosis
problem, they are always constrained by the consistent requirement of the source and target
mechanical state spaces. Since a machine may only have one or two fault modes from the beginning
of production to the operation at the end-of-life, very limited fault type data can be collected, so the
diagnostic knowledge from the source machine is usually difficult to cover the target machine [37].
Because the label space of the source and target domains is not shared, traditional DA algorithms
cannot perform effective distribution matching [38]. There have been some attempts to identify fault
modes that are unknown and not visible in the training data. Applying an instance-level weighted
mechanism to assist adversarial learning to alleviate negative transfer, Zhang et al. [39] developed
an open-set deep learning machinery defect diagnosis solution. Zhu et al. [40] adopted multiple
auxiliary classifiers to measure the similarity of each target sample, and applied domain adversarial
model to measure domain knowledge to identify unknown and known target instances. A dual
adversarial network is suggested by Zhao et al. [41] that uses an auxiliary domain discriminator to
provide similarity weights to each target sample for open-set fault diagnosis. Furthermore, since the



collected target domain data has no state labels, no prior knowledge of the label space is available,
thus a universal DA fault diagnosis challenge arises, in which private classes in both domains is
allowed own [42]. A hybrid weighted deep adversarial learning model was developed in [43] to deal
with the fault diagnosis issue of universal DA scenarios, where class-wise and instance-wise
weighting strategy was adopted for source classes and target samples, respectively. A self-
supervised DA model with neighborhood clustering technique is built by Li et al. [44] for rotating
machine fault diagnosis, in which an entropy-based feature match technology was applied to isolate
the unknown from known samples.

However, the existing literature generally concentrates on distinguishing shared state classes
while treating private samples from target domain as a whole, i.e., unknown fault class, as shown in
Fig. 1. In practice, multiple unknown fault modes may exist in the test scenario, which essentially
belong to different semantic classes. Simply treating them as a generalization class results in lower
representation compactness and blurred decision boundaries. The intrinsic structure of target
unlabeled samples is worthy of further exploration, which facilitates the distinction of common and
private state classes. Deep learning models can automatically learn fault-related features, and
unsupervised clustering algorithms are a suitable tool for exploring unknown data structures.
Motivated by these two points, with the complementary information of multi-source domain data
for different operating conditions, a universal multi-source DA (UMDA) approach is presented to
explore the intrinsic structure of the target domain for mechanical fault diagnosis in this study. The
approach employs a convolutional auto-encoder (AE) network to learn multi-source shared features,
and unsupervised clustering strategy is introduced to automatically group fault features to facilitate
the capture of the intrinsic components of the target representations. The main contributions of this
study are threefold:

(1) A universal multi-source DA deep learning framework is constructed for intelligent fault
diagnosis of rotating machinery. This method focuses on distinguishing private target samples by
exploring the essential structure of multiple unknown fault modes of the target machinery, rather
than just treating them as one.

(2) Unsupervised clustering strategy is introduced to group target features, where consistent
matching is used to search for shared condition categories in the source-target domains. Additionally,
a composite clustering metric is proposed to determine the number of unknown fault classes.

(3) A Class-Wise DA algorithm is introduced to fine-grainedly transfer diagnosis knowledge
from multiple sources to target domain, where the intra-class gap of the cross-domain is narrowed
and the inter-class shift is enlarged.

The following sections make up the remainder of this paper. The problem setup and the basic
theories are presented in Section 2. Section 3 introduces the developed universal multi-source DA
fault diagnosis approach in detail. The experimental cases and analysis results are given in Section
4. The concludes are given in Section 5 finally.

2. Preliminary
2.1. Problem setup

In the fault diagnosis setting of universal multi-source DA, it is assumed that M source

domains Dy; = {x;’,y7}/,, j=1,2,-,M with n; labeled samples sampled from P,; and

ne

one target domain D, = {x{};*, with n, unlabeled samples sampled from P, can be collected
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under different mechanical working situations, where Py; # Pg; (i # j) and Pg; # P;. Let ys)
denote health condition label set of source domain Ds;, and Y* denotes health condition label set
of target domain D;. The unified label set of all source domains is represented by Ys = U]-st,
while the shared label set of all source and target domains is represented by Y = Ysn Yt YS =
YS\Y*? represents the union of all sources private label set that is not observable in the target domain.
YE=Yt\Y represents the private label set of target domain. Noted that not only domain shift exists
but category gaps may also exist between any two domains. The commonness between U;D; and

Y|
lysuy?|

D; may be calculated as € = [45]. This study seeks to build a general intelligent diagnosis

model that can transfer the shared health state knowledge from multiple sources to the target domain
while exploring potential unknown faults.

2.2. Convolutional AE

Similar to traditional AE, convolutional AE (CAE) has a basic encoder and decoder structure
and follow an unsupervised training paradigm. The distinction is that the encoder of CAE uses
conventional convolutional and pooling layers to extract discriminative features and decrease the
dimensionality of the input, as illustrated in Fig. 2. In contrast to encoders, decoders aim to
reconstruct the target data. Deconvolution and up-sampling layers are included in the decoder part
to recover data dimensions [46]. The procedure for encoding and decoding may be formulated as,

h = fon(x « W'+ b') 1)

X = fae(h* W2+ b?) @)
where W1 and b represent the weight and bias of the encoder, respectively. W?2 and b? denote
the weight and bias of the decoder, respectively. f,,, and f;. denote the nonlinear activation
functions in the CAE, respectively. x, h and % indicate input data, the output features of the
encoder and the rebuild data, respectively.

The CAE model is optimized by reconstruction loss, and the output map of the encoder can be
considered as a typical feature of the raw data. These representative representations can be applied
to data structure analysis and downstream pattern recognition tasks [47]. To facilitate the exploration
of unlabeled target data structures in this study, CAE is employed as the mechanical condition
feature extractor. Simultaneously, both unsupervised data analysis and supervised fault
identification are performed during the training process.

Convolution Deconvolution
Pooling * * Depooling *
Encoder Decoder

Fig. 2. The network structure of convolutional auto-encoder.
2.3. Composite Clustering Metric

In the universal DA tasks, identifying the shared classes in source-target domains is a crucial
step. The previous methods generally separate the shared and private classes through measuring the



transferability of each target instance based on domain similarity or uncertainty. However, neural
networks may have high predictions for outliers, which makes quantitative indicators less
discriminative due to the overconfidence of neural networks [48]. Therefore, to avoid unreliable
measurements and exploit the latent structure of unlabeled target data, k-means unsupervised
clustering algorithm was applied to match shared fault classes in this study.

For the target essential representations learned by the feature extractor, the k-means algorithm
is performed for unsupervised clustering. For each source domain, clustering is performed based on
its true states label. The cluster center of each cluster can be expressed as the mean of the unit
embedding of the samples within that cluster.

1
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where D} represents the cth clustering set of a certain source or target domain, and v° is the
cluster center of the cth clustering features. f(x;) represents the feature vector of sample x;. The
samples number of this clustering is represented by m,.

Source domain cluster center
Target domain cluster center
Matched clusters

——  Nearest cluster center
Consistent samples

oo Inconsistent samples

(a) consistent matching (b) consistent sample selection

Fig. 3. The consistency of cluster matching.

In each pair of source-target domains, to identify shared classes, a logical approach is
considered that the cluster centers of the same status classes should be closer to each other compared
to different status classes or private classes. Consequently, two clusters with the closest cluster
centers in different domains are chosen as a shared status pair. Conversely, clusters that do not have
a matching counterpart are regarded as private status classes, as illustrated in Fig. 3(a). This
matching approach is referred to as "consistent matching" in this study.

However, as a prerequisite for unsupervised clustering, the number of target clusters needs to
be determined in advance. Although various clustering evaluation indicators have been presented
to evaluate the number of clusters, they only assess the clustering results from one aspect [49].
Therefore, considering both single-domain scenarios and cross-domain knowledge, a composite
clustering evaluation metric is proposed in this study by combining Silhouette coefficient and
Normalized Mutual Information (NMI) [50]. Silhouette coefficient (SC) is a popular statistic for
assessing the quality of clustering algorithms. It measures how similar an object is to its own cluster
compared to other clusters. In other words, it assesses the compactness and separation between
clusters in a clustering result. A higher SC value indicates an improved clustering result.

SC==%1,s()

$(0) = e (4)
T max{a(i),b(0)}

where the average distance between a sample and all other samples in the same cluster is represented
by a(i). b(i) represents the smallest average distance between a sample and all samples in a
different cluster, where the sample does not belong. s(i) denotes the silhouette coefficient of a
single sample, and the global silhouette coefficient SC is the average value of the silhouette



coefficients of all samples. More information about the metric coefficients is available in [51].

However, SC is employed to assess how well single-domain clustering approaches perform
and cannot judge the matching degree of cross-domain clustering. Therefore, a cross-domain
consistency metric NMI is introduced to assess the consensus degree of the clustering between
source and target domains. NMI evaluates the mutual information between the two clusters of a
dataset in order to determine how similar two clusters of the dataset are to one another. Through the
normalized average entropy of two clusters, NMI calculation formula is given by.

_ 24(K0)
NMI(K, €) = H(K)+H(C) (5)

I(K; C) = H(K) — H(K|C)

where K and C denote the cluster of the source and target domain, respectively. I(K;C)

indicates the mutual information between two domains. H(*) = — Zl 1 p(i)logp(i) denotes cross

entropy in shared classes, in which p(i) = W and m,; indicates the samples number of ith
m

i=1
shared class in source or target domain. H(Y|C) = Zlyllp(c) Z 1 p(klc)logp(k|c), in which
p(k|c)indicates the probability that the sample of the cth shared target class is closest to the center
of the kth shared source class.

Specifically, after all matching pairs are determined by consensus matching, the NMI between
matching pairs of source-target shared classes can be calculated. For a pair of matched source cluster

{vk} Land target cluster {vf}=< whose clustering centers {v§, v} are closest to each other, the

proportion of samples holding the cross-domain corresponding cluster label is counted. For example,
for each sample v{ in the target domain cluster, its cosine similarity with all source domain cluster
centers {v{,---,vjy} iscalculated. If v; mostsimilar to its matching source domain cluster center
v}, itis recorded as a consistent sample, as depicted in Fig. 3(b). p(k|c) can be formulated as,

p(kle) = -3 '{argma"(n i kn) k} (6)

where 1 is an indicator function to judge whether v/ is consistent with a matching cluster in
source domain, so that H(Y|C) and NMI(K, C) can be calculated.
Similarly, the proportion of consistent samples is counted for each sample v¥ in the source

cluster, and H(C|Y) and NMI(C,K) can be obtained. The mean of both NMI = %(NMI(K, C)+

NMI(C, K)) is used as a measure of the matching of the source-target clusters.

In accordance with the analysis above, SC assesses how similar each sample is to other clusters,
and NMI evaluates the consensus across clusters in the source and target domains. Combining the
two clustering indexes from different perspectives, a composite clustering metric is proposed to
comprehensively determine the number of target feature clusters,

— SC+2NMI (7)

It is worth noting that to select the optimal number of target clusters c, this paper employs a
method that the number of target clusters increases uniformly from 2 to 2|Y*| to cluster the target
features multiple times. The composite clustering metric value is recorded in each target clustering,
and the optimal number of clusters ¢ for this iteration is determined through the maximum
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composite clustering metric. Also, to increase search efficiency, the search is terminated when the
optimal cluster number ¢ value remains constant for a certain number of epochs.

2.4. Class-Wise domain adaptation

MMD, a non-parametric function, is frequently used cross-domain fault diagnosis scenario
since it can calculate the separation between any two distinct but related distributions. The MMD
formula is defined as follows,

Dsc(PP) 2 |[Eyep [p(x)] = Erop [pGO|[, ®)

where H denotes the reproducing kernel Hilbert space (RKHS), and ¢(-) indicates the feature
mapping function. x5 and x! are the instances in P, and P;, respectively. E[-] represents the
expectation function. By constructing RHKS with characteristic kernels K, the MMD between any
two different distributions can be estimated as follows,

1 2 1
Dy (P, P) = — X% Lty K(x%,x") — — ¥ Njo K%, xf) + S XL Xjo K%, ) (9)

® A Share fault modes of source domain
® A Share fault modes of target domain
Private fault mode of the source domain
*  Unknown fault mode ‘

(a) Global distribution matching (b) class-level distribution matching
Fig. 4. Schematic diagram of distribution matching.

While MMD has proven effective in DA, it is typically employed for aligning global marginal
distributions, which may lead to mismatch when private classes are present, as shown in Fig. 4(a).
According to the cluster matching relationship of the source-target domains, while considering the
intra-class and inter-class distribution differences, an MMD-based Class-Wise DA algorithm is
proposed to transfer status information at a fine-grained level, as shown in Fig. 4(b). This algorithm
can be formulated as follows:

1 @ly 1 1 YSUYE| o |rSuyt '
D¢y (P, Py) = MZLL Dy (PF, PY) BTG Lzl IZ',(:=1 ID;{(Psk,Ptk) (10)
k'#k

Note that the target clusters that match the source domain clusters are given pseudo-labels with
the source cluster labels. Furthermore, to minimize negative transfer in the early stage of the model,
only consistent samples are selected for Class-Wise DA training in this study.

3. The proposed method

In industrial scenarios, the challenge of fault diagnosis is exacerbated by the difficulty in
collecting comprehensive condition data covering all mechanical fault types. The paper proposed
UMDA to solves this fault diagnosis problem in scenarios where fault type data is missing. The
approach utilizes unsupervised learning to explore the internal structure of target features, thereby
mitigating the issue of feature overlap among multiple unknown classes. It employs composite
clustering metric to match shared state classes, accurately identifying multiple unknown fault
classes. The network architecture and methodology of UMDA are presented in detail next.



3.1. Network framework of UMDA

The developed UMDA network architecture is divided into two parts, as illustrated in Fig. 5,
the feature extractor and the health status classifier modules. It is trained using a combination of
supervised and unsupervised learning.
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Fig. 5. The overall framework of the proposed UMDA.

The feature extractor is acted by a CAE to mine the intrinsic information of the input data. To
extract identifiable features directly from the raw vibration status signal, the CAE is stacked with
one-dimensional convolutional layers. It is noting that the first convolutional layer of the encoder
uses a larger filter with a size of 32 to extract global features from a longer time series, and other
convolutional layers use small filter with a size of 3 to extract local features. The number of filters
in each layer of the encoder is 16, 32, 64, 128 and 128, respectively. Additionally, max-pooling
operations are applied in each layer. In the decoder of CAE, the deconvolution and up-sampling
layers corresponding to the encoder are applied to rebuild the raw data so that the extracted
representations retain the essential information. Through unsupervised learning of CAE, the
intrinsic spatial structure relationship of multiple source and target domain features can be
effectively explored. Simultaneously, the classifier is used to link the representation space and the
condition space to identify the mechanical health status of multiple source domains with finite state
label spaces. It comprises of two fully connected layers, and the last layer is attached with a Softmax
function to transform the status features to the fault probability distribution.

After obtaining representative features from the feature extractor, the consistent matching is
performed to match shared health classes separately in each source-target domain pair. The
unmatched states classes in the target domain are automatically treated as different unknown classes.
The composite clustering metric is utilized to comprehensively evaluate the quality of clustering in
the target domain from both single-domain and cross-domain perspectives. The objective is to
determine the optimal number of clusters for the target features. Once the optimal number of clusters
for the target features is determined, Class-Wise DA is conducted between the matched cluster pairs
in multiple source-target domains. This process facilitates the precise transfer of diagnostic



knowledge.

The specific network structure parameters are also listed in Fig.5. Furthermore, rectified linear
units are applied as activation functions in all layers, with the exception of the last layer of the
decoder, which applies sigmoid as activation function. The batch normalization is used at all
network layers to speed up model convergence.

3.2. Model optimization

In this study, the proposed UMDA uses CAE as the feature extractor, it is trained in an
unsupervised manner, so samples from multiple source and target domains are rebuilt in the training
phase. Through reconstruction learning of multi-domain samples, multi-domain representative
features with essential structures can be learned. The reconstruction loss function is determined
using the mean square error,

1 1 «nj i - ~t]2
Lae = 3 Zjta g il |x = w42 I | - %] (11)

where X ~S’ and %! represent the reconstructed data of x” and xf, respectively.

At the same time, supervised training is essential for feature extractors to learn recognizable
features. Therefore, the classifier receive multiple source domain representations output from
feature extractors for training with corresponding state labels. Generally, the loss of supervised
training is calculated by the cross entropy function.

1 1 ~
Lats = 3 Zia(— 5 22, TS 1077 = K log 7] (12)

~sj

where ¥’ indicates that the classifier outputs the predicted probability that the sample belongs to

the kth state class. The optimization on Equation 12 is comparable to aligning the distributions in
the shared label sets of any two source domains and separating the private fault classes of each
source domain.

During each training epoch, after the target features are optimally clustered according to the
consistent matching and composite clustering metric, Class-Wise DA is then performed with
consistent samples to facilitate more accurate cluster matching and diagnosis knowledge transfer.
The consistent matching cluster pairs between multiple source-target is simultaneously optimized
by the following Class-Wise DA loss,

= Z 1DCW(X5(])TIS 'Xgons) (13)

where X¢,,s and Xcons denote the consistent samples in target domain D, and source domain
Dy;, respectively. Since the distributions of shared health classes in any two source domains are
aligned in Equation 12, the distributions of all shared classes in the source-target domains are well
matched in Equation 13.

Furthermore, to further improve the discriminability of target clusters, an entropy
regularization criterion is applied to encourage low-density cluster boundaries. Specifically, this
criterion can be implemented by the following formula,

t

Lone = = 5 2% Zéea vie log zcexzi(:((i;;; fé)/r) (14)

where y/ is the one-hot vector of the corresponding cluster label of the target sample. v{ is the
feature vector of the target sample, v¢ denotes the cth class feature cluster center stored in the last




epoch. T is a temperature parameter, with an empirical value of 0.1.

The proposed UMDA training program is broken into two phases: pre-training and formal
training. UMDA is optimized through the classification loss L.;; and the reconstruction loss L,,
in the pre-training stage. The pre-training process provides initialization network parameters for
subsequent clustering matching and Class-Wise DA. In the formal training phase, Class-Wise DA
loss and entropy regularization loss are also added to the training of the network. It is possible to
define the total objective loss function of the suggested UMDA as follows:

Liotar = Lae + Leis + ALew + Vient (15)
where A and y are the trade-off parameters of the corresponding loss item. 4 is set to 0.1 for all

wX

consistent samples. y = e~ "~ is set through a ramp-up function, i and N represent current and

global iteration numbers, respectively. w is fixed at 3.

By minimizing the value of each of the aforementioned loss functions, the feature extractor
and classifier parameters of the proposed UMDA model may be simultaneously optimized. The
optimization issue can be stated as follows:

é\F = arg{rréin Lae(OF), rr(}in Les(Op, é\C) ’ n’éil’l Lew(OF), I’%in Lent(0F)}
F F F F

5 : 5 (16)
Oc = arg{nglcn Leis (917' 96)}

where 6 and 6. indicate the parameters of the feature extractor and classifier, respectively. 8y
and . are the optimal values of 6 and 6, respectively.

By applying the stochastic gradient descent algorithm, the proposed UMDA network
parameters may be simply updated concurrently in each iteration.

OLge OLgis OLcy OLent
Or < O =G5+ 50, T 450, 17 36,
F F F F (17)
Oc < 6.—7 OLais

where 7 is the learning rate of the network model, which decays with the factor of (1 + aﬁ')‘ﬁ.

a and B aresetto 10 and 0.75, respectively. It is set at 0.001 for the initial learning rate 7,.

Algorithm 1: Proposed Methodology
Input: Labeled source domains {Dsj}ﬂ-”zl; unlabeled target domain D,; Tradeoff

parameters A and y; Mini-batch size m.

1. Initialize UMDA model parameters 6 and 6.

2. for each pre-training iteration do

3. Randomly draw m samples from each source and target domain.
4.  Calculate the reconstruction and classification loss with Equation (11) and (12).
5. Update parameters of 8, and 6, with Equation (17).

6. end for

7. for each formal training iteration do

8. Randomly draw m samples from each source and target domain.
9.  Compute the total loss with Equation (15).

10. Update parameters of 8, and 6. with Equation (17).

11. end for

Output: Optimized model parameters 6, and 6.

In the last iteration of the training process, all target cluster centers [vi, v&, -+, vE] are stored



as a prototype bank. In the test scenario, only the feature extractor of UMDA is performed, and each
target sample can be assigned a label with the nearest prototype. Consequently, not only known state
classes that have appeared in multiple source domains can be identified, but also multiple unknown
fault classes in target domain can be detected. Algorithm 1 presents the training process for the
suggested UMDA.

4. Experimental study

A universal multi-source DA approach is presented in this study for the exploration of target
unknown faults. To evaluate the efficiency of the suggested method, extensive experiments are
implemented for various fault diagnosis tasks based on vibration data collected on three rotating
machinery test benches. Fig. 6 depicts overall diagnostic procedure of the suggested method.

Data preprocessing

pik oSt

7 |L J Sample 1

5 Sample 2

—< > Sample3

3

Sample :
number i Sample n

-
ff

*
‘ £
| { =) n (7
| B P
| } || Encoder
i |
‘ i - ol
} i I p
& @ I
} Training data I | 7 \
| | o
} | Decoder A
! |
|

]
|
I
I
I
|
I
I
|
I
|
1
I
!

Fig. 6. The monitoring and diagnosis process of the proposed method.
4.1. Dataset descriptions

1) KAT bearing dataset. The KAT bearing dataset is a vibration dataset of 6023 type ball
bearings publicly provided by the KAT data center in Paderborn University [52]. This test bench
mainly includes five mechanical components: drive motor, load motor, test module, torque
measurement shaft and flywheel, as shown in Fig. 7(a). A piezoelectric acceleration sensor with a
sample frequency of 64kHz is mounted on the bearing housing to collect vibration signals. 32
bearing signals in different status were collected, including 6 normal states, 12 artificial damages,
and 14 actual damages caused by accelerated life tests. By changing the torque of the load motor
and the speed of the driving motor, the experimental scenarios under four different working
conditions were simulated. To more restore the actual industrial scene, the data of one normal
bearing and 9 damaged bearings of accelerated life test were selected for experiment in this study.
The related information of the bearing status is shown in Table 1.

2) Reduction Gearbox (RG) dataset. The reduction gearbox dataset was obtained from a
mechanical bench consisting of a planetary gearbox, a fixed-shaft gearbox and an AC variable
frequency motor, and Fig. 7(b) shows the experimental setup. The data was sampled at 5120 Hz
while the motor speed was held constant at 880 rpm. The control current of the magnetic powder
brake is adjusted to 0.05 A, 0.1 A and 0.2 A in turn to apply various loads. Different fault modes
were simulated by sequentially replacing the large or small gears in the fixed-shaft gearbox, while



the planetary gearbox remained in a healthy state. The health status of the fixed-shaft gearbox is
listed in Table 2 and included single-point faults in the large gear, small gear, and compound faults
of both.

3) Rolling Mill (RM) bearing dataset. As seen in Fig. 7(c), a direction-changing gearbox, a
reduction gearbox, a drive motor and a four-high rolling mill are included in the rolling mill bench.
The experiment simulated four different mill conditions, including three different faults in upper
work roll bearing and a normal status, and three different bearing failures were introduced by
artificial damage. An accelerometer with a sample frequency of 10240 Hz was positioned close to
the upper work roll bearing to obtain condition data. The experiment was conducted at driving motor
speeds of 1800 rpm, 1200 rpm, and 600 rpm. Table 2 provides details on the health condition of the
RM datasets.
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Fig. 7. (a) KAT bearing test rig, (b) Reduction Gearbox test bench, (c) Rolling Mill test rig.
Table 1
Description of the health conditions of the KAT dataset

Dataset  Label Fault mode Location Combination  severity
0 Normal / / /
1 Plastic deform.: Indentations OR S 1
2 Fatigue: Pitting OR R 2
3 Fatigue: Pitting OR S 1
KAT 4 Fatigue: Pitting IR+OR M 2
5 Fatigue: Pitting IR+OR M 3
6 Fatigue: Pitting IR M 1
7 Fatigue: Pitting IR S 3
8 Fatigue: Pitting IR S 2
9 Fatigue: Pitting IR S 1

OR: Outer ring; IR: Inner ring; S: Single damage; R: Repetitive damage; M: Multiple damage

4.2. Compared approaches

1) Basic: First, as a baseline for comparison, the standard deep learning model is introduced,
and only conventional supervised learning techniques are employed within this framework.
2) MK-MMD [53]: The multi-kernel MMD (MK-MMD) is a common distance metric-based
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closed-set DA approach, where MMD is applied in high-level interpretations to reduce cross-domain
marginal distribution.

Table 2
Description of the health conditions of the RG and RM datasets
Dataset Label  Fault mode Fault Location Dataset Label Fault Location
0 Normal / 0 Normal
1 Pitting Large gear 1 Inner raceway
2 tooth broken Large gear RM 2 rolling element
RG 3 Pitting; wear Large gear; Small gear 3 outer raceway
tooth broken; Large gear;
wear Small gear
5 wear Small gear
Table 3
The working condition description of the source data
Dataset  Source name Operating condition Dataset  Source name Operating condition
Rotational Speed(rpm): 1500
¥ Load Torque(Nm): 0.7 G1 Control current(A): 0.05

Radial force(N): 1000
Rotational Speed(rpm): 900
X, Load Torque(Nm): 0.7 RG G, Control current(A): 0.1
Radial force(N): 1000

KAT
Rotational Speed(rpm): 1500
K3 Load Torque(Nm): 0.1 Gs Control current(A): 0.2
Radial force(N): 1000
Rotational Speed(rpm): 1500
Ky Load Torque(Nm): 0.7
Radial force(N): 400
My Rotational Speed(rpm): 600
RM M, Rotational Speed(rpm): 1200
M; Rotational Speed(rpm): 1800

3) SAN [54]: The selective adversarial network (SAN) is a partial DA approach that uses
multiple domain discriminators to select outlier source classes to avoid negative transfer.

4) OSBP [55]: Open-Set DA by Backpropagation (OSBP) is a classical approach in addressing
the open-set DA problem. It enables the generator to isolate unknown samples from known classes
by a new adversarial learning technique.

5) UAN [56] Universal Adaptation Network (UAN) is a pioneering method in tackling the
universal DA challenge, which assesses sample-level portability to identify shared label sets and
private label sets to each domain.

It should be noted that for fair comparison, all methods adopt similar network structures and
hyper-parameters to the proposed model, and source domain samples from multiple sources are
integrated for model training.

4.3. Experimental setup

In this experimental setup, the vibration signal acquired on the three test benches in each
operating state is considered as a source, as shown in Table 3. In each diagnosis task for the universal
DA diagnosis issue, one source is randomly selected as the target domain, and the remaining



multiple sources are used as source domain. 300 samples from each health status signal were
intercepted using a sliding window with a size 2048. The training set is composed of a random
sample of 70% of the data from each source, while the testing set is composed of the remaining
30%. Before being fed into the network, all samples are normalized such that they follow the

standardized normal distribution.
Table 4
Information of the diagnosis tasks on the KAT dataset

Tasks Source class Target class Commonness Problem
A, %,(0,1,3,4,5)&%,(0,2,5,6,8)&%(0,4,7,8,9) ) 1.0 Closed-set DA
A,  %,(0,1,2,45)&%,(0,356,7,8)&K;(0,47,89) %,(0,1,2,3,4,6,7,8) 4/5 Partial DA
As %,(0,1,2,4)&%,(0,5,6,7,8)&%,(0,4,5,7,8) 75 (All) 4/5 Open-set DA
A, %,(0,1,2,4)&K,(0,1,3,5)&%,(0,6,7.8) %3(0,1,2,3,4,6,7,8,9) 4/5 Universal DA
As %,(0,1,3,4,5)&%;( 0,2,4,5,8)&%,(0,3,7,8)  %,(0,1,2,3,4,6,7,9) 3/5 Universal DA
Ag %,(0,1,2,5,7)&%K5(0,2,4,7,9)&K,(0,458)  %,(0,2,3,56,7,8,9) 315 Universal DA
A, %K,(0,1,2,4,7)&%5(0,1,4,57)&%K,(0,1,4,78)  %,(0,1,3,4,6,7,9) 215 Universal DA
Ag %,(0,1,3,6,9)&%3(0,3,4,6,9)&%,(0,3,6,7,9) %(0,2,3,5,6,8,9) 2/5 Universal DA

Table 5

Information of the diagnosis tasks on the RG dataset

Tasks Source class Target class ~ Commonness Problem
B,  G1(0,124)&G,(035)  G3(All 1.0 Closed-set DA
B, G1(0,2,4)&G,(0,135)  §G3(0,2,4,5) 213 Partial DA
B;  G1(0,35)&G3(0,4,5) G,(All) 213 Open-set DA
B, G1(0,1,4)&G5(0,3,5) G,(0,2,4,5) 1/2 Universal DA
Bs G,(0,3,4)&G5(0,35)  G:(0,1,2,4,5) 1/2 Universal DA
Bg G,(0,1,4)&G3(0,4,5) G41(0,2,3,5) 1/3 Universal DA

Table 6

Information of the diagnosis tasks on the RM dataset

Tasks Source class Target class Commonness Problem
C,  Mi(0,1,3)&M,(023)  M;(All) 1.0 Closed-set DA
C, Mi(01,2)&M,(0,2,3) M5(0,1,2) 3/4 Partial DA
Cs M;(0,1)&M5(0,1,2) M, (All) 3/4 Open-set DA
Cy M;(0,1)&M5(0,3) M,(0,1,2) 1/2 Universal DA
Cs M,(0,1)&M5(0,2) M;(0,2,3) 1/2 Universal DA
Ce M,(0,1)&M5(0,2) M;(0,3) 1/4 Universal DA

Table 7
The relevant hyper-parameters of the proposed UMDA
Parameter Value Parameter Value
Pre-training epochs 10 A 0.1
Formal training epochs 20 y e—wXﬁ'

Batch size 32 n no(1 + aﬁ)—ﬁ




To comprehensively assess the capability of the developed model in various diagnosis tasks,
the closed-set, partial, open-set and universal DA diagnosis tasks are designed based on three
rotating machinery datasets, which are presented in Tables 4-6. The relevant hyper-parameters of
the proposed UMDA are shown in Table 7, and they were established by the validation work using
the KAT dataset. The stated diagnosis results were taken as the average of ten repeated trials to
decrease randomness in this investigation.

4.4. Results display and analysis

This section displays and analyzes the diagnostic results of several methods on the KAT, RG,
and RM datasets for a variety of diagnosis tasks with different degrees of commonness. The average
diagnostic accuracy, H-score, confusion matrix and feature visualization were used to demonstrate
the diagnosis performance. According to reference [57], the formula for calculating the H-score is
defined as follows,

ay-aw

H-score =2 (18)

ay+aﬁ

where ay and ayr represent the diagnostic accuracy for known shared classes and target unknown
private classes, respectively.
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Fig. 8. Diagnostic accuracy and H-score on the KAT dataset with different methods (The broken lines represents

the H-score.)

Table 8
Average diagnostic accuracy and H-score of different methods on the KAT dataset

methods Tasks Ay A, As A, Ag Ag A, Ag Average
Basic Accuracy 65.67 5542 67.76 66.87 59.03 61.00 5492 5596 60.83
MK-MMD  Accuracy 74.26 66.04 7418 7446 64.81 69.10 57.14 56.98 67.12
SAN Accuracy 7254 8317 7743 7575 66.28 7168 57.07 56.74  70.08
Accuracy 6294 60.59 83.64 7836 69.37 77.27 8032 82.69 74.40

OSBP
H-score / / 7551 7556 7132 7932 7765 8162 76.83
Accuracy 73.07 80.06 8156 8206 76.45 83.88 86.03 87.86 81.37
VAN H-score / / 7361 7948 7393 8462 8550 8815 80.88
Accuracy 73.84 8424 86.25 8547 81.36 86.53 90.95 9158 85.03
LMDA H-score / / 7732 8265 7842 8791 8951 9174 8459

4.4.1 Diagnosis results discussion

The average accuracy and H-score in various diagnosis tasks on KAT bearing dataset are
reported in Fig. 8 and the detailed are displayed in Table 8. The results demonstrate that the
presented approach exhibits superior diagnosis performance compared to other methods across



different diagnostic tasks with an average test accuracy of 85.03%. The Basic method, which solely
relies on the traditional supervised learning paradigm, exhibits low diagnostic accuracy across all
tasks due to disparities in the distribution of multi-source features. The incorporation of
distributional distance metrics has led to a slight enhancement of MK-MMD over the Basic method
in several diagnostic tasks. Nonetheless, MK-MMD is unable to handle non-closed set fault
diagnosis tasks (A2-Asg) due to the absence of a private class handling mechanism. The SAN and
OSBP methods are tailor-made to address partial set and open set DA problems, respectively. They
achieved impressive diagnostic performance in task A, and As, respectively. However, when it
comes to universal set diagnostic tasks, SAN is unable to distinguish unknown classes, and OSBP
struggles with handling private classes from the source domain. UAN is a typical approach to
address the universal DA problem and demonstrated competitive diagnostic performance in
different tasks. However, UAN may generate high-confidence predictions for target outliers under
source supervision. Additionally, it treats all private fault samples as a single "unknown" fault
category, overlooking the internal structure of private fault features. Therefore, there is a need to
further improve the diagnostic performance of UAN. The proposed UMDA method utilizes a cluster
matching strategy for identifying shared classes. This approach effectively leverages the inherent
feature structure of the target samples, leading to increased reliability in comparison to the similarity
weight measurement strategy. Compared with UAN, its average diagnosis accuracy has increased
by 3.66%, and its H-score has increased by 3.71% on the KAT dataset task. This result confirms the
effectiveness and superiority of the proposed UMDA in universal fault diagnosis tasks.
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Fig. 9. Diagnostic accuracy and H-score on the RG dataset with different methods (The broken lines represents the

H-score.)
Table 9
Average diagnostic accuracy and H-score of different methods on the RG dataset
methods Task B; B, Bs B, Bs Bg Average

Basic Accuracy 7941 60.27 6185 7044 57.00 4731 62.71
MK-MMD  Accuracy 8490 76.98 6558 74.29 59.19 49.33 68.38
SAN Accuracy 85.39 8046 63.08 73.84 59.11 48.06 68.32
Accuracy 81.85 76.04 8237 8352 7143 72.36 77.93

OSBP
H-score / / 76.54 77.69 6215 71.97 72.09
UAN Accuracy 8359 8132 81.13 87.78 77.33 85.83 82.83
H-score / / 75.89 80.15 67.16 85.55 77.19
UMDA Accuracy 85.58 83.63 8555 91.94 8288 91.67 86.88
H-score / / 80.36 85.57 82.67 9154 85.04

The results of various diagnostic tasks on the RG dataset is presented in Fig. 9, while Table 9



provides more specific information on diagnostic accuracy and H-score. Notably, UMDA exhibits
superior diagnostic ability compared to other methods and its performance is comparable to that
observed in the CWRU dataset. The proposed method demonstrates superior diagnostic accuracy in
both B and B3 tasks, even surpassing the performance of SAN and OSBP, which were specifically
designed for these tasks. Furthermore, as the number of private classes increases, the advantage of
UMDA in diagnostic performance becomes more apparent. Compared to UAN, the average
diagnostic accuracy of UMDA across multiple tasks increases by 4.05%, while the H-score shows
an improvement of 7.85%. The results of the diagnosis task for different methods on the RG dataset
are displayed in Fig. 10 and Table 10. The comparison reveals that the diagnosis performance of the
proposed UMMDA method is superior to that of several other methods across various universal
diagnosis tasks. In the diagnosis task C; and C», all methods exhibit satisfactory diagnostic accuracy.
This can be attributed to the presence of diagnostic knowledge from the source domain that can
cover the target domain. This also implies that the distribution of features across different sources
in this dataset is relatively minimal differences. The Basic, MK-MMD and SAN methods without
target private class detection mechanism perform poorly on diagnostic tasks Cs-Cs. The inability of
OSBP to handle source-domain private classes results in suboptimal diagnostic performance on
diagnostic tasks C4-Cs. The proposed UMDA achieves the average diagnostic accuracy of 93.20%
and an H-score of 89.42% on the RM dataset, surpassing the most competitive UAN by 2.75% and
5.39%, respectively. The efficacy and superiority of the proposed method has been established
through its successful application to universal DA diagnosis problems.
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Fig. 10. Diagnostic accuracy and H-score on the RM dataset with different methods (The broken lines represents

the H-score.)

Table 10
Average diagnostic accuracy and H-score of different methods on the RM dataset
methods Task (o) C, Cs (o Cs Ce Average

Basic Accuracy 96.67 90.65 72.09 63.33 64.27 4691 72.32
MK-MMD  Accuracy 99.08 9554 7477 66.56 67.18 47.79 75.15
SAN Accuracy 98.46 98.85 73.14 6511 6510 44.62 74.21
Accuracy 97.21 93.32 91.11 7722 75.09 8321 86.19

OSBP
H-score / / 90.21 77.08 7214 8195 80.35
UAN Accuracy 98.25 97.96 91.65 8232 8333 89.16 90.45
H-score / / 90.68 83.71 79.46 89.10 85.74
Accuracy 98.67 98.70 93.00 87.24 8825 93.33 93.20
UMDA
H-score / / 9232 87.08 8541 9285 89.42

4.4.2 Visualizations analysis and performance investigations
In this section, multiple visualization results from UMDA and the typical DA method MK-



MMD on diagnostic tasks As and Bs are presented. These visualizations offer deeper insights into
the diagnostic capabilities of the proposed approach.

First, the confusion matrices for the two diagnostic approaches are presented in detail in Fig.
11. It is clear that the MK-MMD struggles with identifying unknown fault modes, as illustrated in
Fig. 11(a) and Fig. 11(c), it consistently misclassifies unknown fault instances into other fault classes.
The proposed UMDA utilizes an unsupervised clustering strategy to match shared classes and
clusters private samples based on their internal structures. The effectiveness of UMDA is evident
from Fig. 11(b) and Fig. 11(d), where it successfully identifies shared target samples and clusters
private samples of unknown targets, thereby enhancing the accuracy of fault diagnosis.
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Fig. 11. Confusion matrix of the MK-MMD and the proposed approach in the task As and Bs.

Afterwards, the t-SNE technique [58] is utilized to generate a visualization of the high-level
representations acquired by the feature extractor. The corresponding feature cluster visualizations
are displayed in Fig. 12. Obviously, MK-MMD cannot detect private class features, and the negative
transfer of fault knowledge exists in this model, which diminishing the diagnostic performance of
the model. The proposed UMDA performs unsupervised clustering of target features, and uses the
shared matching strategy to effectively identify shared classes and private classes. As shown in Fig.
12(b) and Fig. 12(d), different categories of fault features can be effectively separated by UMDA.
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Fig. 12. Feature visualization in tasks As and Bs by MK-MMD and the proposed method. The green values denote
source instances. The blue and red values mean target shared-class instances and target outliers, respectively.

Furthermore, to showcase the efficacy of the proposed approach in identifying common
categories, the number of matched shared classes |Y| and the composite clustering metric W are
observed in diagnosis tasks As and Bs. As shown in Fig. 13, the number of matched shared classes
tends to be smaller at the beginning of training, and the value of the composite clustering metric is
also smaller. However, as the training progresses, the number of matched shared classes gradually
tends to the correct number of shared classes, and the value of the composite clustering metric
gradually increases. Eventually, these two metrics stabilize near the best quality.
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Fig. 13. The evolution of the number of matching shared classes |Y| and the composite clustering metric W as

training progresses.

4.4.3 Ablation Studies

In this section, each loss item of the proposed method is used individually in model training to
evaluate the effectiveness of both Class-Wise DA and entropy regularization criterion. As shown in
Fig. 14 and Table 11, in multiple universal DA fault diagnosis tasks, using both loss terms together
achieve the highest diagnosis accuracy. In contrast, employing either L., or L., in isolation
leads to suboptimal diagnostic accuracy, and applying L., alone leads to better diagnostic
performance than L., alone.



The primary goal of Class-Wise DA is to mitigate the distribution gap between shared classes
in the source-target domains, facilitating the more effective knowledge transfer from the source
domain training to the target domain. This contributes to enhancing the model's generalization
capability on the target domain. Entropy regularization introduces the concept of information
entropy, encouraging the model to provide smoother and more consistent predictions for each
sample. The effectiveness of entropy regularization is contingent upon the uncertainty in the label
distribution within the target domain. In this study, the distribution difference between domains is
the main challenge, and Class-Wise DA can significantly improve model performance when there
is a significant difference between source-target domains. The label distribution of the target domain
is relatively balanced, and the impact of entropy regularization is relatively small. Therefore,
applying L., alone has higher diagnostic accuracy than L,,;. The combined use of the two can
play their complementary roles to achieve the best diagnostic performance.
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Fig. 14. Diagnostic accuracy for different loss terms of the proposed UMDA.
Table 11 Diagnostic accuracy of different loss terms.

Task As Ay A, Ag B, Bs Bg
Lont 7561 80.69 8236 8621 83.68 7534 8538
Lew 7743 8375 8544 87.97 8654 7862 8569

Lew + Lope 8136 8653 9095 9158 91.94 8288 91.67

4.4.4 Hyper-parameter sensitivity analysis

This section separately explores the impact of the two trade-off parameters A and y used in
this study on the performance of the model. As depicted in Fig. 15, the diagnostic accuracy curves
for various A values in tasks As and Bs exhibit a convex shape, with the highest accuracy achieved
when A = 0.1. Furthermore, the accuracy reaches 79% in a relatively wide range, which showed
good model robustness. Also, the stepwise increasing y used in this study was compared with
various constant y values on diagnostic tasks As and Bs. The best diagnostic results are obtained

i
when y = e~“*n,which verifies the effectiveness of the progressively increasing design.
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Fig. 15. Effect of different parameters on model performance.
5. Conclusion

In this study, a universal multi-source DA approach based on unsupervised clustering is
developed for rotating machinery fault diagnosis when no target prior information is available. First,
the unsupervised clustering algorithm is applied to capture the intrinsic structure of the target
features. Then, a single-domain and cross-domain composite clustering metric is proposed to
identify shared and unknown health classes in the source-target domain. Second, a class-wise DA
algorithm is introduced to mitigate the intra-class shift, while simultaneously increasing the inter-
class gap. Lastly, an entropy regularization criterion is incorporated to facilitate clustering of various
health classes. The study conducted extensive experiments on three datasets from rotating
machinery benches for comparison and analysis. The experimental results indicated that this
approach can precisely identify shared target samples and efficiently detect private target samples,
and surpasses the other DA methods on various universal set fault diagnosis tasks.

While the presented method has shown promising results in universal set fault diagnosis tasks,
current study mainly focuses on diagnosing faults under various working conditions of a single
equipment. In real-world engineering applications, data may be collected from various devices of
the same type or different types. This can result in significant distribution shift among multi-source
data and increasing the difficulty of diagnosis. Therefore, it is essential to study and develop fault
diagnosis techniques for scenarios with large distribution difference among multi-source data.
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