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Abstract

To address the prevalent domain inadaptation issue in multi-source domain transfer fault diagnosis,
this study proposes a novel model integrating graph embedding technology and adaptive classifiers.
The framework combines multi-statistic multi-scale permutation entropy methods to simultaneously
optimize projection and classifier performance, thereby enhancing generalization capabilities and
diagnostic accuracy. During model construction, a weighted non-parametric maximum mean
difference approach is employed to quantify and minimize differences in edge distributions and
conditional distributions between source and target domains. Through similarity weight allocation,
norm adjustment, and row sparsity learning strategies, the model effectively reduces interference
from irrelevant samples. Additionally, by embedding category information and domain manifold
structures, the model ensures classification validity of mapped features. Using labeled source domain
data and unlabeled target domain data, the study develops a structure-aware adaptive classifier that
narrows distribution differences while preserving manifold consistency, significantly improving
diagnostic performance under variable operating conditions. Experimental results demonstrate that
this multi-source domain transfer model achieves higher accuracy than single-domain approaches.
Notably, in rotating machinery variable operating scenarios, the proposed method outperforms
existing techniques in both precision and generalization capabilities.

Keywords: multi-source domain transfer; fault diagnosis; graph embedding; adaptive classifier;
domain distribution difference

1. Introduction

As the core equipment in industrial production, rotating machinery finds extensive application
across diverse industries. Its operational state directly influences production efficiency and safety [1].
The accurate and timely diagnosis of rotating machinery faults is of great significance for minimizing
downtime and reducing accident risks [2]. Nevertheless, with the increasing complexity of
mechanical structures and the ever-changing operating conditions, traditional fault diagnosis
methods face numerous challenges in practical applications [3]. Especially under conditions of data
scarcity and domain inadaptability, the diagnostic accuracy and generalization ability of traditional
methods decline significantly [4]. In complex real-world scenarios, fault diagnosis models trained
under specific conditions often cannot be directly applied to other environments due to changes in
working conditions, operational parameters, or equipment aging. This phenomenon is referred to as
domain inadaptability [5]. For example, the characteristics of vibration signals of rotating machinery
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change significantly under different rotational speeds and load conditions, making diagnostic models
trained under single conditions ineffective [6]. To tackle this problem, transfer learning techniques
have been increasingly employed in fault diagnosis research [7]. Among them, multi-source domain
transfer fault diagnosis has become a research focus [8]. This approach aims to integrate knowledge
from multiple distinct yet related source domains to improve the fault diagnosis capabilities in the
target domain [9]. The core challenge lies in effectively merging multi-source domain information,
overcoming inter-domain distribution differences, and realizing efficient knowledge transfer [10].

In recent years, the swift advancement of Industry 4.0 and intelligent manufacturing has
imposed more stringent requirements on the accuracy and real-time performance of fault diagnosis
in rotating machinery [11-13]. Conventional fault diagnosis approaches are highly reliant on labeled
data. Nevertheless, acquiring an adequate amount of high-quality labeled data proves to be
extremely arduous when confronted with new operating conditions or equipment types [14-16]. The
multi-source domain transfer fault diagnosis approach presents a novel solution by exploiting
knowledge from multiple source domains to tackle data scarcity and domain incompatibility in target
domains [17-19]. This research puts forward a multi-source domain transfer fault diagnosis model
founded on graph embedding technology and adaptive classifiers. The model quantifies and
minimizes the distribution disparities between source and target domains via graph embedding
while maintaining the inherent manifold structure of the data, thereby enhancing its adaptability to
complex operating conditions. Moreover, adaptive classifiers are incorporated to enhance diagnostic
accuracy and generalization abilities under variable operating conditions. This model satisfies the
requirements of intelligent and automated diagnostic technologies in the Industry 4.0 era, providing
a new research perspective for fault diagnosis in complex industrial environments. Its remarkable
performance in resolving domain incompatibility issues validates the substantial potential of transfer
learning in fault diagnosis. With the continuous progress of technology and the expansion of
application fields, multi-source domain transfer fault diagnosis methods are anticipated to play an
increasingly crucial role in future industrial fault diagnosis.

The organizational framework of this study is delineated as follows. Section 2 conducts a
comprehensive review of previous research. Section 3 elaborates on the proposed multi-source
domain transfer fault diagnosis approach founded on graph embedding and adaptive classifiers.
Section 4 introduces the experimental datasets and undertakes an analysis of the results. Section 5
summarizes the study and delineates future research orientations.

2. Related Work

The advent of multi-source domain transfer fault diagnosis technology is rooted in the need to
surmount the limitations of traditional single-source domain transfer methods. Although early
single-source approaches were capable of leveraging knowledge from a single source domain to
facilitate target domain diagnostics, they were susceptible to negative transfer phenomena. This
occurred when there were substantial disparities between the source and target domains or when the
source domain contained noisy data, which severely undermined diagnostic performance. Pan et al.,
in their review on transfer learning, explicitly pointed out that industrial applications encounter
difficulties in fulfilling single-source domain assumptions because of the complex data distributions
across multiple operating conditions and equipment. Multi-source domain transfer learning
substantially mitigates the potential risks induced by single-source domain biases through the
integration of information from multiple related source domains [20]. For example, in the fault
diagnosis of wind power equipment, the data collected from different wind farm environments form
distinct source domains. Single-source domain transfer methods find it arduous to comprehensively
encompass the characteristics of various operating conditions, while multi-source domain transfer
technology capitalizes on the advantages of integrated wind farm data to improve the reliability of
fault diagnosis [21].
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In the realm of multi-source domain weight allocation mechanisms, scholars have put forward
diverse adaptive fusion strategies. Chen et al. established a specialized open-set domain adaptation
network leveraging multi-source domain data under varying operational conditions, thereby
mitigating the “domain disparity” between the source and target domains. By incorporating a weight
learning mechanism, they autonomously regulated the significance of “known classes” (fault
categories common to both the source and target domains) and “unknown classes” (fault categories
unique to the target domain) during feature distribution alignment, averting over-alignment of
known classes that could potentially overlook the recognition of unknown classes [22]. Tian et al.
proposed a dynamic similarity-guided multi-source domain adaptation network model. This model
computes the similarity between source and target domain data based on features extracted from
shared weight networks, dynamically adjusting the contribution of different source domain data to
minimize distribution discrepancies [23]. Han et al. developed a progressive multi-stage alignment
approach for multi-source domain adaptive fault diagnosis. The network integrates shared feature
extractors, multiple domain-specific feature extractors, domain discriminators, and classifiers,
adopting a multi-stage distribution adaptation strategy [24]. Li et al. presented a novel multi-source
domain adaptive bearing fault diagnosis framework founded on adversarial networks and feature
enhancement. This method diminishes feature distribution differences between the target and source
domains via domain adversarial training, transferring fault diagnosis knowledge acquired from
multiple labeled source domains to a single unlabeled target domain [25]. Other research endeavors
employ deep subspace alignment techniques to map source and target domain data into shared
subspaces, thus reducing distribution disparities [26]. In conventional methods, it is typically
postulated that fault types in the target domain are entirely encompassed within the source domain.
Nevertheless, in practical industrial applications, unknown faults are a frequent phenomenon. To
tackle this problem, Yang et al. proposed an open-set multi-source domain diagnosis strategy based
on multi-binary similarity screening. This strategy aims to filter source domain samples consistent
with the target domain distribution while integrating an unknown fault detection module. In the
application of wind turbine gearbox fault diagnosis, this method successfully achieved effective
discrimination between known and unknown faults [27]. However, when confronted with a high
proportion of unknown faults, the accuracy of this diagnostic method may display instability. To
resolve this issue, Zhu et al. proposed a multi-antagonistic learning domain adaptation model for
open-set cross-domain intelligent bearing fault diagnosis. The model acquires transferable features
and target sample weights through adversarial learning: it introduces transfer weight conditions to
adversarial networks to align joint feature-category distributions and obtain transferability indices;
it utilizes recognizable prediction information from classifier outputs to further adjust and optimize
the model; it achieves selective domain alignment through weighted adversarial learning networks
while employing domain partitioning adversarial learning to precisely identify shared health states
and unknown fault patterns [28].

Current research has made some headway in multi-source domain weight allocation and
domain alignment techniques; however, several limitations still exist. Most existing approaches rely
on static similarity calculations between source and target domains, rendering them inadequate for
dealing with dynamic operational conditions. For example, in industrial production processes,
equipment operating conditions change in real-time because of environmental factors, whereas static
similarity calculation methods are unable to promptly adjust source domain weights and alignment
strategies [29]. The conflict resolution mechanism among multi-source domains remains incomplete,
making it vulnerable to interference from low-quality source domain data. Owing to the varying data
quality across different source domains, some low-quality data may mislead diagnostic models, and
existing methods lack effective mechanisms to identify and process such conflicting information [30].
The model developed in this study tackles these issues through a joint design of graph embedding
and adaptive classifiers, with the aim of enhancing the accuracy and generalization ability of fault
diagnosis for rotating machinery.
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3. Theoretical Model of Multi-Source Domain Transfer Fault Diagnosis Based on
Graph Embedding and Adaptive Classifiers

Based on a systematic review of the core challenges and research progress in multi-source
domain transfer fault diagnosis, this section tackles the widespread problem of domain
incompatibility in the cross-domain diagnosis of rotating machinery under variable operating
conditions. We propose the Graph Embedding and Adaptive Classifier-based Multi-Source Domain
Adaptation Fault Diagnosis Model (GE-AC-MSDA). This model realizes a substantial enhancement
in cross-domain fault diagnosis performance through the synergistic design of four core modules,
namely feature extraction, distribution alignment, manifold embedding, and classifier learning. Each
module is closely integrated and complementary, accurately extracting feature representations that
combine domain invariance and category discrimination from raw fault data. Subsequently, the
adaptive classifier facilitates the precise identification of target-domain fault samples. The specific
implementation mechanism and theoretical derivation are elaborated as follows.

3.1. Feature Extraction Module

Under diverse operating conditions, vibration signals associated with rotating machinery faults
generally display non-stationary and nonlinear dynamic attributes. Traditional feature extraction
methods that rely on single-scale or single-statistic techniques encounter difficulties in
comprehensively capturing the inherent patterns of fault evolution. Consequently, these methods
often yield inadequate discriminative capabilities and limited model generalization. To tackle this
issue, our module utilizes the Multivariate Multiscale Permutation Entropy (MMPE) method for in-
depth feature extraction. This enables a comprehensive and meticulous characterization of fault
signals. The MMPE method was initially developed in our related study, which is currently under
review (Shao et al., 2025, [Transactions of FAMENA]).

3.2. Distribution Alignment Module

The primary challenge in multi-source domain transfer fault diagnosis lies in the inter-domain
distribution disparities. Owing to different operating conditions (such as rotational speed and load
variations), distinct source domains and target domains display substantial deviations in feature
distribution. This leads to a significant degradation of the performance of models trained on source
domains when applied to target domains. To tackle this issue, this module presents the Weighted
Multi-source Nonparametric Maximum Mean Discrepancy (WM-NMMD) method. This method
quantifies and minimizes the distribution differences between multi-source and target domains,
thereby enhancing the domain invariance of features.

Different from the Maximum Mean Discrepancy (MMD) method adopted in conventional
single-source domain transfer, the WM-NMMD method first introduces a source domain similarity
weight assignment mechanism to realize the differential measurement of the contribution degrees of

different source domains. Let there be K source domains D* = {X*,Y*}(k=1,2,---K) and one
target domain D, = {X,}, where: X* e R™ denotes the feature matrix of the k-th source

domain, n, denotes the number of samples in the k -th source domain, and d denotes the feature

€ denotes the label matrix of the k -th source domain, and C denotes the

dimension; Ysk e R™*
number of fault categories; X, € R"* denotes the feature matrix of the target domain, and 7,

denotes the number of samples in the target domain. The cosine similarity is used to measure the
distribution similarity between each source domain and the target domain, and the source domain
weight assignment formulas are thus derived as shown in equations. (1) and (2).

_ cos(X*, X))
k K k
Zkzlcos(XS,Xt)

)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.0206.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 February 2026 d0i:10.20944/preprints202602.0206.v1

5
(X' X,
cos(XSk,X,):—((k J X))
[T, 2
)
where @, denotes the weight coefficient of the k -th source domain (z =1); cos(:,)

represents the matrix cosine similarity function; #7(-) denotes the matrix trace operation; and |||| e

stands for the matrix Frobenius norm. The core advantage of this weight assignment mechanism lies
in the fact that a source domain with a higher distribution similarity to the target domain is assigned
a larger weight coefficient, thereby enhancing the information contribution of valid source domains.
Conversely, a lower weight coefficient is assigned to the source domains with lower similarity, which
weakens the interference of irrelevant source domains in model training and effectively avoids the
negative transfer problem caused by the "equal treatment of all source domains" in conventional
multi-source domain transfer.

On the basis of source domain weight assignment, the non-parametric MMD method is adopted
to quantify the marginal distribution discrepancy between the weighted overall multi-source

domains and the target domain. A projection matrix P € R (where d <d denotes the
dimension of projected features) is defined, and the projected feature matrices of the source domain
and the target domain are denoted as Z* = X*P and Z, = X, P, respectively. The derivation of

the marginal distribution discrepancy between the weighted multi-source domains and the target

domain is given in equation (3):
2

MMD,, (P)=|— 3 0,3 42", )——Z¢<z () )

. a)knk k=l =l n, j-1 Y
where ¢@(-) represents the mapping function of the Reproducing Kernel Hilbert Space (RKHS); H
denotes the RKHS space; Zf (i,:) is the projected feature of the i-th sample in the k -th source
domain;and Z,(j,:) stands for the projected feature of the j -th sample in the target domain. Since

it is difficult to directly calculate the distance in the RKHS space, the kernel trick is utilized to
transform equation (3) into a computable kernel matrix form as shown in equation (4):

MMD,,,,(P) = Zza’k“’ft (K )+ tr(Kn) 22

k=1 1=1 11, k=1 1.1,
where K =pZ §(Z)), K, =¢(Zt) #(Z,) and K, =d(Z") ¢(Z,) denote the inter-

source-domain, intra-target-domain and source-target-domain kernel matrices, respectively; the

a2}
27/2

4)

Gaussian kernel k(a,b) =exp(— ) isadopted as the kernel function (where 7 isthe kernel

width parameter).

Aligning the marginal distribution alone is insufficient to completely eliminate the inter-domain
discrepancy, and it is therefore necessary to further consider the conditional distribution discrepancy
at the category level. Category prior information is introduced to quantify the conditional
distribution discrepancy between each source domain and the target domain for the same fault
category. Let the source domain sample set of the A-th fault category be denoted as B (with the
number of samples being C), and the pseudo-labeled sample set of the A-th fault category in the
target domain as D (with the number of samples being E). The derivation of the conditional

distribution discrepancy is then given in equation (5):
2

MMD,,,,(P)= Z Za)k > HZ G, ))—— D HZG)| 6

a)n k=1 leZ’“ nt jeZf
Zkl k" Tk J H
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Similarly, the kernel trick is utilized to transform equation (5) into a kernel matrix form for
computation. The marginal distribution discrepancy and conditional distribution discrepancy are
weighted and fused to construct the total distribution discrepancy loss function, as shown in equation
(6):

Ly (P) = aMMD, . (P) +(1~a)MMD,,,,(P) 6)

where a €[0,1] is the weight balance coefficient for marginal and conditional distribution

edge

discrepancies, which is used to adjust their contribution ratios to the total discrepancy loss. To avoid
model overfitting and realize adaptive selection of projected feature dimensions, an L2 norm
regularization and a row sparsity learning strategy are introduced in the distribution alignment
process, and the regularization loss function is constructed as shown in equation (7):

Lo (Py= AP+ 430 [PG.), )

2
where A, and A, are regularization coefficients; |P|| , denotes the L2 norm term, which is used

to constrain the overall scale of the projection matrix parameters and avoid overfitting;
d . . . . ..
Zi:l”P(Z’:)” , represents the row-sparsity L1 norm term, which adaptively eliminates redundant

feature dimensions by penalizing the amplitude of row vectors in the projection matrix. By
integrating the distribution discrepancy loss and the regularization loss, the optimization objective
function of the distribution alignment module is constructed as shown in equation (8):

mgn Ldist (P) + Lreg (P) (8)

The gradient descent algorithm is adopted to minimize equation (8), and the optimal projection
matrix P~ is obtained via solution. The initial feature set is mapped through the optimal projection
matrix to generate the distribution-aligned domain-invariant features Z* = X*P" and Z, = X,P".

This feature set effectively reduces the distribution discrepancy between the multi-source domains
and the target domain; meanwhile, it achieves the dimensionality reduction of features through
sparsity constraints, thus providing a more optimal input feature for the subsequent manifold
embedding module.

3.3. Manifold Embedding Module

Although the distribution alignment module can effectively reduce the inter-domain
distribution discrepancy, it may damage the intrinsic manifold structure of the original data during
the projection process, leading to a decline in the class discriminability of features. To address this
issue, this module introduces the Graph Embedding (GE) technique, which organically integrates
category information and the domain manifold structure into the feature mapping process. This
ensures that the mapped features simultaneously possess domain invariance and strong
discriminability, while preserving the intrinsic manifold consistency of the data.

The core of manifold embedding is to construct a similarity graph that can reflect the intrinsic
structure and category relationship of samples. First, all labeled samples from the source domains
and unlabeled samples from the target domain are integrated to construct a unified sample set

Z=[2.7,--25,721 e RYod where N = le n, +n, is the total number of samples.

The Gaussian kernel function is adopted to calculate the similarity between any two samples Z(i,:)

and Z(j,:), as shown in equation (9):

|29 -2GH)
20'§

S(, ) =exp(~ ) ©)

where o, is the Gaussian kernel width parameter; S(i, j) denotes the similarity value between

sample [ andsample j.To highlightkey connections and suppress noise interference, a similarity
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threshold & is set to construct the adjacency matrix A€ RY Vo . if S(i, j)>& , then
A(i, j)=S(i, j); otherwise, A(i, j)=0.

Based on the constructed similarity graph, the degree matrix D € R"
diagonal matrix whose diagonal elements are D(i,i) = ij’“m[

total* Niotal

is defined as a

A(i, j), and the graph Laplacian

=1
matrix is thus denoted as L = D — A4 . The objective function of graph embedding is realized through
two core constraint terms: the locality-preserving constraint and the class-separability constraint,
with the specific derivation given as follows.
1. Locality-Preserving Constraint

This constraint ensures that adjacent samples in the manifold graph remain adjacent in the
embedded feature space, thus preserving the local manifold structure of the data. A mapping matrix

Qe R (where d <d denotes the dimension of embedded features) is defined, and the
embedded feature matrix is denoted as Y = Z(Q) . The locality-preserving constraint term is then

given in equation (10):
1 Niotat Niotat

Ly (Q) == D> AG PV G =Y ()
2

i=l =1

P =0r(Y"LY)=t(Q"Z"LZQ) (10)

2. Class-Separability Constraint
This constraint ensures that samples of different categories are mutually separated in the
embedded feature space, thus enhancing the class discriminability of features. A source domain

: 1
category center matrix C =[C,,C,,"--,C.]" € R™ (where C, = inec Y(i,:) denotes the

embedded feature center of the c-th category samples and N, is the total number of the c-th

1 Nlom[

ZY (i,;) are defined. The class-

total i=1

category samples) and a global feature center C =

separability constraint term is then given in equation (11):

. —2
L, (Q=>" N|c.-C| =n(Q"z"MzQ) (11)
In equation (11), M =diag( N, ,]\]ZVZ ,---]\]fvc )———J is the class-separability matrix,

total total total total
where J is an all-ones matrix and the outer product of a column vector with all ones and its
transpose.

By integrating the locality-preserving constraint and the class-separability constraint, the final
optimization objective of graph embedding is to maximize the ratio of the class-separability degree
to the locality-preserving degree, i.e., to minimize its inverse ratio, as shown in equation (12):

LoaQ) _ . m(Q'Z"LZQ) (12)
ML, MMz nz0)
The optimization problem shown in equation (12) can be transformed into a generalized eigenvalue
solution problem: Z'LZQ =AZ"MZQ . By solving this generalized eigenvalue equation, the
eigenvectors corresponding to the smallest d” eigenvalues are selected to form the optimal

mapping matrix Q" . The distribution-aligned features Z are mapped through the optimal

mapping matrix 0 to generate the final manifold-embedded features Y = ZQ" . These features
not only inherit domain invariance but also preserve the intrinsic manifold structure and category
discriminative information of the data, thus providing a higher-quality feature representation for the
subsequent training of the classifier.

It is worth noting that the manifold embedding module effectively compensates for the
structural damage problem that may be caused by the distribution alignment module by fusing
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category information with the manifold structure. The locality-preserving constraint ensures the
manifold consistency of features, while the class-separability constraint enhances the discriminative
ability of features. These two constraints act synergistically, making the embedded features more
suitable for the task requirements of fault diagnosis.

3.4. Classifier Learning Module

The core objective of the classifier learning module is to learn a classifier that can adaptively
match the data distribution of the target domain by using labeled data from the source domains and
unlabeled data from the target domain, thus achieving accurate classification of fault samples in the
target domain. Traditional classifiers are trained solely on labeled source domain data, making it
difficult for them to adapt to the distribution shift of the target domain and leading to limited
generalization performance. To address this issue, this module introduces the principle of Structural
Risk Minimization (SRM) to construct an adaptive classifier with structural risk, realizing the joint
optimization of empirical risk and structural risk.

The specificimplementation process is as follows: First, the manifold-embedded features Y are
taken as input to initialize a logistic regression classifier, which is preliminarily trained on labeled
source domain samples to obtain the initial classifier parameters. To fully exploit the information of
unlabeled target domain data, a semi-supervised learning strategy is introduced: the initial classifier
is used to predict the category labels of unlabeled target domain samples to construct a pseudo-label
set; a confidence screening mechanism is adopted to retain only the pseudo-labeled samples with
prediction confidence higher than a preset threshold @, and these samples are combined with
labeled source domain samples to form an extended training set, which effectively reduces the impact
of pseudo-label errors on model training.

The parameters of the adaptive classifier are defined as the weight matrix W e R and the

bias vector be R . The output of the classifier is the probability distribution of the sample
belonging to each category, which is normalized by the softmax function, as shown in equation (13):

YW, b) =softmax(YW +b) (13)
where softmax(-) is a normalization function that ensures the sum of the output probabilities is 1.

The optimization objective of the classifier consists of two parts: an empirical risk term and a
structural risk term, with the specific derivation given as follows.
3.  Empirical Risk Term

The cross-entropy loss function is adopted for calculation based on the extended training set,
which measures the deviation between the classifier's predicted results and the true labels (or high-
confidence pseudo-labels), as shown in equation (14):

1 Nygin C .
L,,(W.b)= -~ Z‘Zl V.. In f.(Y(i,2); W,b) (14)
train 1=l =
where N, isthe number of samples in the extended training set; y;, denotes the label of sample

i corresponding to the c-th category;and f, () isthe probability of the ¢ -th category output by

the classifier.
4.  Structural Risk Term

It consists of a manifold regularization term and a domain-adaptive regularization term, which
is used to constrain the classifier parameters and improve the generalization ability and target
domain adaptability of the model.

Based on the similarity graph constructed by the manifold embedding module, this term ensures
that the classifier output is consistent with the manifold structure of the data — 1i.e., adjacent samples
in the manifold graph have similar classification outputs. Using the graph Laplacian matrix L, the
manifold regularization term is given in equation (15):
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NN,

total * ! total

1 . . : 2
Lyaa ) =5 2 2 A XG5 W.0) = UG =r WY LYW (15)
i=l =1

The Kullback-Leibler (KL) divergence is adopted to measure the distribution discrepancy
between source and target domain samples in the classifier output space, and the adaptive adaptation
of the classifier to the target domain is achieved by minimizing this discrepancy. The domain-
adaptive regularization term is given in equation (16):
7 - ]:vc
D=2 fi n==

c=1 f;,c

1

K ng
—ZZ f(YX(@i,:);W,b) is the mean value of the classification output

K
n =1 i=l
et Uk k=1 i

Ladapt (W’ b) = KL(j; (16)

where fs =

- 1 &
probabilities of source domain samples; f, = — Z f(X,(i,:);W,b) denotes the mean value of the

t i=1
classification output probabilities of target domain samples; and KL(”) is the KL divergence,

which is used to measure the degree of discrepancy between two probability distributions.
By integrating the empirical risk term and the structural risk term, the final optimization
objective function of the adaptive classifier is given in equation (17):

I}/’Vll? Lemp (W’ b) + ﬂll’manifold(W) + ﬂZLadapt (W’ b) (17)

where [, and f, are the weight coefficients of the structural risk term. The stochastic gradient
descent (SGD) algorithm is adopted to minimize the above objective function, and the classifier
parameters W and b are updated to obtain the final adaptive classifier. This classifier can fully
exploit the structural information in the unlabeled target domain data while utilizing the labeled
information of the source domain, achieving the simultaneous optimization of distribution
discrepancy reduction and manifold structure consistency preservation, and ultimately improving
the fault diagnosis performance under variable operating conditions.

4. Fault Diagnosis Process Based on GE-AC-MSDA
The overall framework of the GE-AC-MSDA model is shown in Figure 1.

Re-optimization of Re-optimization of
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Threshold Initial Pseudo-
High-Confidence ‘n] “_ ?E':“_ﬂ
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Updating Domain
h L

Figure 1. Overall framework of the GE-AC-MSDA model.

The specific steps of the fault diagnosis method based on GE-AC-MSDA are as follows:
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Step 1: Collect the multi-source domain fault vibration signals (with known fault category labels)
and the target domain fault vibration signals (without category labels) of rotating machinery under
different operating conditions, ensure that the signals cover all fault types to be diagnosed and the
signals under normal operating conditions, define the transfer task for cross-domain diagnosis of the
multi-source domain, and construct the multi-source domain dataset and the target domain dataset.

Step 2: MMPE is extracted as the fault feature from the vibration signals of the multi-source
domain and the target domain, respectively, to obtain the high-dimensional sensitive initial feature
sets of the multi-source domain and the target domain.

Step 3: All parameters of the GE-AC-MSDA model are initialized, including the maximum
number of iterations T, distribution weight balance coefficient «, regularization coefficients A,
and A,, structural risk weight coefficients f, and f,, and other related parameters.

Step 4: The WM-NMMD method is adopted to achieve distribution alignment between the

multi-source domain and the target domain, and an optimal projection matrix P " is constructed.
The initial feature sets are mapped through the optimal projection matrix, yielding the domain-

invariant features Zsk of the multi-source domain and the domain-invariant features Z, of the

target domain.
Step 5: Graph embedding technology is employed to fuse category information with the
manifold structure, thereby constructing a unified sample set Z and an optimal mapping matrix

Q" . The unified sample set Z is mapped viamatrix Q" yielding the manifold-embedded features

of the multi-source domain and the target domain.

Step 6: A logistic regression classifier is constructed on the basis of the initialized weight matrix
W and bias vector b, and is preliminarily trained by using the manifold-embedded features and
their corresponding labels of the multi-source domain. The initial classifier is applied to predict the
categories of the manifold-embedded features of the target domain, and the high-confidence pseudo-
labeled samples are screened according to the set confidence threshold 8.

Step 7: The high-confidence pseudo-labels are utilized to optimize the distribution alignment
module and manifold embedding module in a reverse manner: the pseudo-labels are integrated into
the calculation of the conditional distribution for distribution alignment to re-optimize the projection
matrix; the pseudo-labels are incorporated into the construction of the category separation matrix for
manifold embedding to re-optimize the mapping matrix. The initial features and domain-invariant
features are mapped in sequence through the optimized matrices, yielding the optimal manifold-
embedded features Y that simultaneously possess domain invariance, manifold compactness and
category discriminability.

Step 8: The optimal manifold-embedded features of the multi-source domain are fused with the
high-confidence pseudo-labeled samples of the target domain to construct an expanded training set.
A comprehensive optimization objective containing empirical risk, manifold regularization risk and
domain adaptation regularization risk is defined, and the SGD algorithm is adopted to iteratively
update the weight matrix W and bias vector W of the classifier until the iteration termination
condition is satisfied, thus obtaining the final adaptive classifier.

Step 9: The optimal manifold-embedded features of the target domain are input into the well-
trained classifier, which outputs the category probability distribution of each sample. The category
with the maximum probability is taken as the fault diagnosis result of the target domain samples.

5. Experimental Verification and Analysis
5.1. Description of the Experimental Dataset

The experimental data employed in this study consist of rolling bearing and gear datasets
collected from the petrochemical unit simulation test rig of the Guangdong Provincial Key
Laboratory of Intelligent Safety for Petrochemical Equipment. This research verifies the effectiveness
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and superiority of the proposed multi-source domain transfer diagnosis method, and conducts an in-
depth analysis and discussion on the experimental results.

As shown in Figure 2, the petrochemical unit simulation test rig is composed of a five-stage
centrifugal fan with a power of 11 kW, a gearbox, a torque sensor, a variable-frequency motor, a
standard flat plate, as well as a series of components including faulty shafts, gears and bearings. This
simulation test rig can simulate the single and composite fault modes of the multi-stage centrifugal
fan unit by replacing different types of faulty gears, bearings, transmission shafts and other parts.

(a) Integral unit (b) Various faulty components

Figure 2. Petrochemical Unit Simulation Test Rig.

In this study, the vibration dataset of the petrochemical unit simulation test rig is selected as the
experimental sample, which covers eight distinct mechanical states: normal state (NS), left bearing
outer race wear (LOW), left bearing inner race wear (LIR), left bearing ball loss (LBL), large gear tooth
loss (LGT), left bearing outer race wear-large gear tooth loss (LOW-LGT), left bearing inner race wear-
large gear tooth loss (LIR-LGT), and left bearing ball loss-large gear tooth loss (LBL-LGT). These
states correspond to four different operating conditions with rotational speeds of 600 r/min, 900 r/min,
1200 r/min and 1500 r/min, respectively. For each state, the dataset contains 200 samples, with each
sample composed of 2000 sampling points. The detailed characteristic description of the dataset is
presented in Table 1.

Table 1. Detailed information of the measured dataset.

Rotational speed Operating states Sample size
i o er 00
1200 r/min LOW'LGT’LL(I;I;'LGT’ LBL- 1600 (200*8)
1500 r/min 1600 (200*8)

Within the transfer learning framework, the sample sets under two or three of these operating
conditions are designated as the multi-source domain data in this study, while those under the
remaining operating conditions serve as the target domain data. Based on this setup, a total of 16
transfer tasks are constructed, each involving knowledge transfer between the multi-source domain
and the target domain. The specific configurations and parameters of the transfer tasks are detailed

in Table 2.
Table 1. Detailed descriptions of sixteen transfer tasks based on the measured dataset.
Transfer task  Source domain1 Source domain2 Source domain3 Target domain Fault category
T1 600 r/m¥n 900 r/m%n 1200 r/min 1500 r/m%n NS, LOW, LIR,
T2 600 r/min 900 r/min / 1500 r/min LBL. LGT. LOW
T3 600 r/min 1200 r/min / 1500 r/min ’ ’

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.0206.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 February 2026

d0i:10.20944/preprints202602.0206.v1

12

T4 900 r/min 1200 r/min / 1500 r/min LGT, LIR-LGT,
T5 600 r/min 900 r/min 1500 r/min 1200 r/min LBL-LGT
T6 600 r/min 900 r/min / 1200 r/min

T7 600 r/min 1500 r/min / 1200 r/min

T8 900 r/min 1500 r/min / 1200 r/min

T9 600 r/min 1200 r/min 1500 r/min 900 r/min

T10 600 r/min 1200 r/min / 900 r/min

T11 600 r/min 1500 r/min / 900 r/min

T12 1200 r/min 1500 r/min / 900 r/min

T13 900 r/min 1200 r/min 1500 r/min 600 r/min

T14 900 r/min 1200 r/min / 600 r/min

T15 900 r/min 1500 r/min / 600 r/min

T16 1200 r/min 1500 r/min / 600 r/min

5.2. Experimental Results and Analysis

The parameters of the GE-AC-MSDA model are set as follows in the experiments: (1) Feature
extraction module: According to the characteristics of mechanical vibration signals, the scale factor
7 of MMPE is set in the range of 1-10, with the time delay 7, setto1and the embedding dimension

m set to 3; (2) Distribution alignment module: the weight balance coefficient & for marginal and
conditional distributions is set to 0.6, the regularization coefficients 4, =0.01 and A4, =0.005,
and the Gaussian kernel width y = 0.1; (3) Manifold embedding module: the Gaussian kernel width
0, =1, the similarity threshold & = 0.5, and the feature dimension after embedding d "=32;(4)

Classifier learning module: the structural risk weight coefficients £, =0.01 and S, =0.05, the
confidence threshold @ = 0.9, the number of iterations 7 = 200, and the learning rate 77 =0.001 .

To verify the superiority of the GE-AC-MSDA model, a comparative analysis is conducted with
several state-of-the-art transfer learning models, including DANNJ[31], MDAN[32], MADN]33], and
ADACLI[34]. For the single-source domain transfer learning models among the compared methods,
all labeled samples from the source domains are integrated into a single source domain for transfer
learning with the target domain. To reduce random errors and verify the robustness of the proposed
method, all experiments are repeated 20 times, and the mean and standard deviation of the diagnostic
accuracy across the 20 repetitions are adopted as the evaluation metrics.

The experimental results are presented in Table 3 and Figure 3. In comparison with other models,
the GE-AC-MSDA model achieves the highest diagnostic accuracy across all 16 transfer tasks, with
an average diagnostic accuracy of 97.18%. For the three-source domain transfer tasks (T1, T5, T9, T13),
the mean accuracy reaches 98.34% (T1: 98.15%, T5: 98.83%, T9: 99.02%, T13: 97.93%), which represents
an improvement of 4.16% over ADACL (a model designed for multi-source domains, with a three-
source domain mean accuracy of 94.18%) and 4.73% over MDAN (with a three-source domain mean
accuracy of 93.61%). For the two-source domain transfer tasks (the remaining 12 tasks), the mean
accuracy attains 96.79%, showing an increase of 2.90% compared with ADACL (with a two-source
domain mean accuracy of 93.89%). In contrast, the performance improvement of traditional multi-
source domain models (MDAN, MADN) in the three-source domain scenario is less than 1%. Notably,
ADACL even exhibits lower accuracy in some three-source domain transfer tasks (e.g., T9) than in
two-source domain transfer tasks. In contrast, the graph-embedded feature extraction mechanism of
GE-AC-MSDA can dynamically aggregate the topological correlations of three-source domain
features and avoid feature redundancy in the two-source domain scenario, thus achieving optimal
performance across transfer tasks with different numbers of source domains. The overall standard
deviation of GE-AC-MSDA is only 1.81%. For the three-source domain transfer tasks, the mean
standard deviation is merely 1.36% (T1: 1.75%, T5: 0.96%, T9: 1.08%, T13: 1.62%), which is a reduction
of 66.1% compared with ADACL (with a three-source domain mean standard deviation of 4.01%)
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and 74.6% compared with DANN (with a three-source domain mean standard deviation of 5.36%).
For the two-source domain transfer tasks, the mean standard deviation is 1.95%, decreasing by 51.0%
relative to ADACL (with a two-source domain mean standard deviation of 3.98%) and 66.8% relative
to DANN (with a two-source domain mean standard deviation of 5.87%). Its dynamically adaptive
classifier can adjust the decision boundary according to the number of source domains and rotational
speed differences, effectively eliminating the interactive interference of multi-source features in the
three-source domain scenario.

Table 2. Diagnostic accuracy of different transfer learning models for multi-source domain fault diagnosis (%).

Transfer task

Transfer learning models

Proposed model

DANN MDAN MADN ADACL GE-AC-MSDA

T1 91.63+6.25 93.38+5.42 94.35+4.97 94.02+4.24 98.15+1.75
T2 89.25+6.10 91.27+5.18 91.75+4.89 92.10+3.89 95.84+2.92
T3 90.25+7.26 92.68+6.34 93.66+5.84 93.45+4.92 96.28+2.73
T4 92.81+5.81 94.32+5.09 94.71+4.65 95.12+3.84 97.06+1.96
T5 92.44+4.87 93.76+4.32 93.65+3.89 94.31+3.98 98.83+0.96
T6 91.81+5.37 93.19+4.81 93.56+4.60 93.87+3.93 97.23+1.56
T7 91.94+4.67 93.17+4.03 93.35+4.06 93.69+2.98 97.16+1.68
T8 93.69+5.10 94.93+4.51 94.83+3.87 95.83+3.13 98.18+1.32
T9 92.63+4.15 93.7843.76 93.72+4.23 93.52+3.85 99.02+1.08
T10 94.06+3.87 95.21+3.42 95.12+3.78 95.86+2.47 98.26+1.73
T11 92.00+6.15 93.82+5.31 94.79+4.84 94.55+4.95 97.21+1.88
T12 91.69+5.30 92.86+4.66 93.25+4.34 93.73+3.28 96.85+2.04
T13 91.06+7.10 93.47+6.03 94.46+4.92 94.25+4.05 97.93+1.62
T14 92.25+5.51 93.71+4.85 94.10+4.65 94.52+3.61 96.64+2.21
T15 89.69+5.20 91.92+4.28 92.41+4.06 92.84+2.98 95.87+1.92
T16 88.81+6.33 91.34+5.27 92.33+4.24 92.21+3.52 95.52+2.03
Average accuracy 91.34+5.78 93.34+4.95 93.68+4.53 93.97+4.01 97.18+1.81

Diagnostic accuracy (%)

100

95 -

90 -~

851

80

75

70

EEDANN EEMDAN EEMADN [l ADACL [ ]GE-AC-MSDA

TI T2 T3 T4

T5 Té6 T7

T8

T9 TI0 TI1

Ti2

T3 T4 TI15

Tle Avg

Figure 1. Comparison of diagnostic accuracy and standard deviation of each model under different transfer

tasks.
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For transfer tasks combining three-source domains with large rotational speed differences (T1,
T13), the GE-AC-MSDA model achieves a diagnostic accuracy of 97.93% and above, representing a
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adaptive model. This result stems from the graph-embedded cross-domain topological modeling
mechanism adopted by GE-AC-MSDA, which can break through the limitations of Euclidean space
feature mapping and model the fault features under different rotational speed conditions of the three-
source domains into a topological graph structure. By capturing the intrinsic correlations between
each source domain and the target domain through weighted edges based on cross-domain feature
similarity, it effectively aggregates the complementary features of the three-source domains and
significantly alleviates the cross-domain feature shift problem caused by large rotational speed
differences. For transfer tasks combining three-source domains with small rotational speed
differences (T5, T9), the GE-AC-MSDA model achieves a high diagnostic accuracy of 98.83% to
99.02%, with an improvement range of 4.52% to 5.50% compared with ADACL. In this case, the
graph-embedding mechanism can automatically simplify the topological structure and eliminate
redundant information according to the characteristic of highly overlapping feature distributions
under small rotational speed differences, which avoids the computational redundancy caused by
excessive feature fusion in traditional multi-source domain models and makes the model
performance approach the theoretical upper limit of fault diagnosis tasks. For transfer tasks
combining two-source domains with varying rotational speed differences (the remaining tasks except
T1, T5, T9, T13), the GE-AC-MSDA model maintains a diagnostic accuracy of 95.52% and above, with
an improvement range of 2.31% to 3.05% compared with ADACL. This benefit from the dynamically
adaptive classifier integrated into the model, which can real-time perceive the degree of rotational
speed difference between the two-source domains and the target domain, dynamically adjust the
calibration intensity and range of the decision boundary, thus accurately matching the adaptation
requirements of the feature distributions of the two-source domains to the target domain and solving
the problem of disconnection between the decision boundary and the actual feature distribution
under the static calibration mode of traditional classifiers.

To further demonstrate the diagnostic accuracy of GE-AC-MSDA for each fault category, Figure
4 presents the diagnostic confusion matrices of GE-AC-MSDA across all 16 transfer tasks. The fault
categories in the figure are defined as follows: 0: normal state (NS); 1: left bearing outer race wear
(LOW); 2: left bearing inner race wear (LIR); 3: left bearing ball loss (LBL); 4: large gear tooth loss
(LGT); 5: left bearing outer race wear-large gear tooth loss (LOW-LGT); 6: left bearing inner race wear-
large gear tooth loss (LIR-LGT); 7: left bearing ball loss-large gear tooth loss (LBL-LGT). As can be
seen from the figure, GE-AC-MSDA exhibits excellent reliability and robustness in cross-domain
mechanical fault diagnosis tasks: the recognition accuracy of normal samples reaches 100% in 14 out
of the 16 transfer tasks except T2 and T16. Even for T2 and T16, the misclassification rates of normal
samples are only 0.20% and 0.10%, respectively, and all misclassified samples are attributed to the
composite fault category of left bearing inner race wear combined with large gear tooth loss, which
has the highest feature coupling degree. From the perspective of fault types, the average recognition
accuracy of the model for single faults ranges from 96.45% to 99.75%, which is significantly higher
than that for composite faults (83.05% to 98.55%). This accuracy stratification stems from the feature
coupling effect of composite faults: the saliency of single fault sub-features contained in the vibration
signals of composite faults is higher than that of coupling features, resulting in 70% of
misclassifications being the misassignment of composite faults to single faults. Among them, the
high-frequency misclassifications are "composite fault of LBL-LGT — single fault of LBL" and
"composite fault of LIR-LGT — single fault of LIR", with the former exceeding a 5% misclassification
rate in T2, T15 and T16. A further comparison of the misclassification distributions between high-
and low-accuracy tasks reveals that errors in low-accuracy tasks (T2, T16) are concentrated in
composite fault categories, while those in high-accuracy tasks (T5, T9) are more uniformly distributed.
This difference indicates that the data distribution discrepancy between the source and target
domains is the dominant factor affecting transfer performance, rather than limitations of the model
architecture. The model performance can be further improved in future work through strategies such
as composite fault coupling feature enhancement, domain adversarial training and sample balancing.
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Figure 2. Confusion matrices of the GE-AC-MSDA model for 16 transfer tasks.

5.3. Parameter Sensitivity Analysis

To investigate the impact of parameter variations on the cross-domain diagnostic performance
of the GE-AC-MSDA model, four key parameters of the model were analyzed for the specific
experimental scenario of bearing and gear fault diagnosis, considering the distribution characteristics
of rotating machinery fault data and the requirements of fault pattern recognition. These parameters
include the weight balance coefficient for marginal and conditional distributions ¢« , Gaussian kernel
width for distribution alignment ¥, feature dimension after manifold embedding d”, and pseudo-

label confidence threshold 6. The corresponding results are presented in Figure 5.
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Figure 3. Diagnostic accuracy of the GE-AC-MSDA model under different parameter combinations.

The  experimental  results demonstrate  that the  parameter = combination
a=0.6,y=0.1,d"=32,0=0.9 yields the optimal diagnostic performance in this experiment.
This result indicates that the weight balance coefficient for marginal and conditional distributions
a = 0.6 enables rational weight allocation across distinct feature spaces, while the Gaussian kernel
width for distribution alignment » = 0.1 adapts to the local structure of the data distribution. The
combination of these two parameters maximizes the balance between distribution alignment and
feature preservation. The feature dimension after manifold embedding d” =32 retains sufficient
discriminative information, and the pseudo-label confidence threshold € =0.9 effectively filters
out low-confidence pseudo-labels; the combination of these two parameters exhibits strong fault
tolerance to parameter fluctuations. The value of & exerts a significant impact on performance: the
model accuracy drops to 85.5% when «a = 0.8, while the performance is consistently high when o
is close to 0.6. This is because an excessively large « leads to an overbias toward a single feature
space, resulting in an imbalance between distribution alignment and feature representation. The
performance of y =0.1 is significantly superior to that of y=0.05 and y=0.3, which
illustrates that an excessively small ¥ causes over-localization of distribution alignment, whereas
an excessively large value blurs the differences among samples, and 7 =0.1 represents a rational
scale adapted to the data distribution. The performance of d” =32 is significantly better than that
of d"=25, and the performance of € =0.9 is superior to that of @ =0.8. This reveals that the
sufficiency of the embedding dimension and the high-confidence screening of pseudo-labels are
necessary conditions for improving diagnostic performance.

5.4. Ablation Experiments

To systematically verify the necessity and contribution of each core component of the GE-AC-
MSDA model, this study conducts a quantitative analysis of the impacts of different ablation
operations on the performance and robustness of multi-source domain fault diagnosis based on 20
independent repeated experiments. The parameters adopted by each model in the ablation
experiments are consistent with those of the original model. The average diagnostic accuracy and
standard deviation of the original model and its various ablation models on the experimental dataset
are presented in Table 4 and Figure 6.

Table 3. Diagnostic accuracy and standard deviation of the original model and various ablation models.

Ablation model Average diagnostic

Concrete operation

number accuracy (%)
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0 Original model 97.18+1.81
Utilize the MPE feature set 84.62+2.14
With average weight allocation, conditional distribution alignment
2 85.92+4.52
removed
Local Preservation and class separation constraints removed 91.37+3.69
Classifier structural risk optimization removed 94.53+2.26
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Figure 4. Comparison of diagnostic performance between the original model and various ablation models.

For the ablation model where the original MMPE features are replaced with MPE features [35],
the average diagnostic accuracy drops to 84.62% with a relative decrease of 12.56%, and the
experimental standard deviation rises to 2.14% with a relative increase of 18.2%. This result clearly
demonstrates that MMPE can more accurately characterize the nonlinear and non-stationary
dynamic characteristics of vibration signals from rotating machinery faults, and its fault pattern
discrimination capability is significantly superior to that of traditional MPE. As the key feature
foundation for the model to achieve high-performance diagnosis, the differences at the feature level
directly limit the optimization upper limit of subsequent modules.

For the ablation model with average weight allocation and conditional distribution alignment
removed, the average diagnostic accuracy decreases to 85.92% with a relative decrease of 11.26%, and
the experimental standard deviation rises sharply to 4.52% with a relative increase of 149.7% —this
represents the most significant degradation in stability among all ablation models. This phenomenon
strongly verifies the synergistic mechanism of adaptive weight allocation-conditional distribution
alignment: the former dynamically assigns domain weights based on the distribution similarity
between source and target domains, which can effectively avoid redundant noise introduced by
source domains with low matching degrees; the latter resolves the domain adaptation dilemma of
"marginal distribution alignment but category feature confusion" by reducing category-level
conditional distribution differences. The absence of both simultaneously impairs the domain
invariance and category discriminability of features, ultimately leading to the dual degradation of
model performance and robustness.

For the ablation model with local preservation and class separation constraints removed, its
average diagnostic accuracy falls to 91.37% with a relative decrease of 5.81%, and the experimental
standard deviation increases to 3.69% with a relative increase of 103.9%. Specifically, the local
preservation constraint ensures the local agglomeration of homogeneous fault features by
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minimizing the feature distance of neighboring samples, while the class separation constraint
enhances the global discrimination of fault patterns by maximizing the feature distance of
heterogeneous samples. The absence of both causes the feature manifold structure to become loose,
significantly increasing the sensitivity of the classifier's decision boundary to fluctuations in sample
distribution. However, since the sample correlation modeling capability of the basic graph
embedding is retained, the degree of performance degradation is weaker than that of the ablation
models for the feature or domain adaptation modules.

For the ablation model with classifier structural risk optimization removed, the average
diagnostic accuracy only decreases to 94.53% with a relative decrease of 2.65%, and the experimental
standard deviation rises to 2.26% with a relative increase of 24.9%. This result indicates that the
structural risk regularization of the classifier is an auxiliary optimization component, whose core
functions are to suppress overfitting and fine-tune the decision boundary. However, it is not the core
support for model performance and has a relatively limited impact on the overall diagnostic effect.

6. Conclusions

Aiming at the prevalent domain distribution mismatch problem in multi-source domain transfer
fault diagnosis tasks, this study proposes a multi-source domain transfer fault diagnosis method
based on graph embedding and an adaptive classifier, which provides an efficient and robust
technical solution for the fault diagnosis of rotating machinery under complex working conditions.
This method designs a weighted multi-source domain distribution alignment strategy, which realizes
the dynamic allocation of source domain weights based on cosine similarity. By jointly minimizing
the differences between marginal and conditional distributions, the distribution shift between multi-
source and target domains is mitigated. Meanwhile, the L2 norm regularization and row sparsity
learning mechanism are introduced to effectively suppress the negative impacts of irrelevant sample
interference and redundant features, thus improving the accuracy and efficiency of distribution
alignment. A collaborative optimization framework of graph embedding and an adaptive classifier
is constructed: the graph embedding module deeply fuses category prior information with the
sample manifold structure, endowing features with both domain invariance and category
discriminability; the adaptive classifier, based on the structural risk minimization criterion, makes
full use of labeled data from source domains and high-confidence pseudo-labeled data from the
target domain to realize the joint optimization of empirical risk, manifold regularization risk and
domain adaptation regularization risk, which significantly enhances the model's generalization
ability on the target domain. Experimental verification results show that the proposed method
exhibits excellent diagnostic accuracy, stability and generalization ability in the fault diagnosis tasks
of rotating machinery under variable working conditions, providing a feasible technical approach for
solving the multi-source domain transfer fault diagnosis problem in industrial scenarios.

Although phased achievements have been made in the field of multi-source domain transfer
fault diagnosis in this study, there are still many directions for expansion and deepening. First,
enhance the model's detection capability for unknown faults. The existing research assumes that the
fault types in the target domain are completely included in the source domains, which is inconsistent
with the actual industrial scenarios where unknown faults exist. In the follow-up, technologies such
as open-set recognition and meta-learning can be combined to construct an integrated framework of
accurate diagnosis of known faults - effective detection of unknown faults, breaking through the
limitations of the closed-set assumption and improving the model's practicability in complex
industrial scenarios. Second, expand the diagnostic paradigm of multi-modal data fusion. This study
only uses vibration signals as the diagnostic data source; in the future, multi-modal industrial data
such as temperature, sound pressure and current can be fused, and cross-modal attention
mechanisms and feature fusion strategies can be designed to realize the complementarity and
enhancement of multi-source heterogeneous information, further improving the diagnostic accuracy
of complex composite faults. Third, promote the engineering application of theoretical achievements.
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Aiming at the fault diagnosis requirements of typical industrial equipment such as wind turbine
gearboxes and high-speed train bearings, research on model lightweighting will be carried out to
reduce computational complexity through technologies such as model compression and
quantization, and an embedded fault diagnosis system will be developed to promote the
transformation of the theoretical achievements of this study into engineering practice, providing
technical support for the intelligent operation and maintenance of industrial equipment.
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