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Abstract. In this paper, a simulation data-driven intelligent fault diagnosis algorithm based on 
attention mechanism and transfer learning is proposed to address insufficient fault data, low 
diagnostic accuracy, and inefficiency in rolling bearing monitoring under cross-condition and 
cross-location scenarios. To overcome the lack of real fault data, a dynamic vibration-response 
model is constructed through analysis of bearing and fault dynamics, generating high-fidelity fault 
signals across multiple operating conditions. Based on this, a diagnostic model is developed using 
a self-attention–assisted weighted autoencoder, where the proposed weighted autoencoder 
integrates a self-attention mechanism and a weight allocation mechanism and the former captures 
inter-feature dependencies while the latter adaptively reweighting feature contributions to enhance 
fault-discriminative representations. Therefore, the diagnostic model can assign corresponding 
weights to different importance features according to the constructed self-attention 
mechanism-assisted weighted self-encoding feature extraction model, effectively avoiding the 
problems of insufficient diagnostic accuracy and low diagnostic efficiency caused by feature 
redundancy and difficulty in distinguishing the importance of rolling bearing faults. Furthermore, 
the local maximum mean discrepancy (LMMD) method is applied to align both global and 
sub-domain distributions between simulated and measured data. By synthesizing cross-condition 
and cross-location simulated signals with real measurements, an LMMD-based intelligent transfer 
diagnosis model is built to enhance generalization and robustness against large distribution 
discrepancies. Finally, the stability and robustness of the proposed method are validated by 
analyzing the transfer learning performance and anti-noise disturbance ability across different 
operating conditions and locations. 
Keywords: simulation data-driven, self-attentive mechanism-assisted, transfer learning, 
intelligent fault diagnosis algorithms, weighted self-coding. 

1. Introduction 

As key component extensively used in rotating machinery such as gearboxes, fans, engines, 
and high-speed trains, rolling bearings play a crucial role in transmitting motion and maintaining 
safe and stable operation of equipment. They are often referred to as the “joints of industry”  
[1-7]. However, during actual operation, rolling bearings are subjected to complex and dynamic 
working environments, influenced by various external factors that induce high-intensity working 
frequencies, making them highly susceptible to failure. Studies indicate that over 30 % of faults 
in rotating machinery are attributed to bearing failures, with this figure rising to 44 % in electrical 
machines [8-12]. Such failures can result in significant economic losses and, in severe cases, even 
casualties. Clearly, bearing failures can lead to unpredictable consequences. Therefore, 
developing effective fault diagnosis techniques to assess equipment health and provide timely 
feedback is critical for preventing failures, minimizing economic losses, and ensuring operational 
safety. 

Traditional methods for bearing fault diagnosis rely on manually extracted features guided by 
expert knowledge. These approaches involve multiple steps, are error-prone, and become 
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progressively insufficient as mechanical systems increase in complexity and data volumes grow. 
As a result, conventional diagnostic techniques struggle to perform fault diagnosis efficiently and 
accurately. With the advancement of information technology, deep learning has been increasingly 
applied to fault diagnosis due to its powerful learning ability and excellent generalization 
performance. Chen et al. [13] used convolutional neural networks (CNNs) with varying kernel 
sizes to automatically extract multi-frequency signal features from raw data, and employed long 
short-term memory (LSTM) networks for fault identification. This method removes the reliance 
on specialized signal processing expertise required in traditional approaches. Wang et al. [14] 
introduced a symmetric point pattern to visually represent bearing states, optimizing both 
parameter selection and dataset construction. They subsequently applied a  
squeeze-and-excitation-based CNN to automatically extract visual features. Chen et al. [15] 
proposed a deep learning diagnosis method leveraging cyclic spectral coherence and 2D CNN 
mapping, using cyclic spectral estimation to produce 2D coherence maps that capture critical 
signal information. They integrated group normalization into the CNN to reduce internal covariate 
shifts induced by variations in data distribution, thereby enhancing fault diagnosis performance. 
Liu et al. [16] exploited the strengths of recurrent neural networks (RNNs) in handling time-series 
data, proposing an autoencoder-based RNN approach for bearing fault diagnosis. By constructing 
a denoising autoencoder with gated recurrent units (GRUs), their method predicted vibration 
values in future cycles and identified anomalies through reconstruction errors between predicted 
and actual signals. Although deep learning facilitates accurate fault identification through deep 
network architectures and eliminates the need for manual feature extraction, achieving high 
diagnostic accuracy still depends on large training datasets. In real-world industrial environments, 
however, rolling bearings operate under diverse and dynamic conditions, where some scenarios 
yield limited or even no fault data. This data imbalance across conditions hampers model training 
and diminishes diagnostic effectiveness. Moreover, models trained for specific scenarios often fail 
to generalize to other operating conditions, equipment, or sites, resulting in inconsistent accuracy 
and performance. These challenges raise key research questions: how to generate high-fidelity 
fault samples via simulation that faithfully represent real-world fault characteristics for model 
training, and how to design network architectures that ensure fault recognition models consistently 
perform efficiently across diverse conditions, equipment, and locations while maintaining 
robustness and strong generalization. Additionally, deep learning-based fault diagnosis frequently 
suffers from feature redundancy, making it challenging to evaluate the relative importance of 
extracted features, which limits diagnostic accuracy. Therefore, it is crucial to investigate methods 
for allocating internal weights to different fault features during training via model design, enabling 
the model to differentiate feature importance during fault identification, thereby effectively 
enhancing the accuracy and granularity of fault diagnosis. Collectively, these challenges form the 
first research motivation for this study. 

Deep learning methods often require retraining when applied to different datasets for similar 
tasks, which increases diagnostic time. In practice, models typically leverage data from diverse 
sources, including different machine types, components, and operating conditions, which may 
have significantly different distributions [2]. Transfer learning preserves the parameters and 
architecture of pre-trained models, enabling knowledge from previously learned features to aid in 
diagnosing new but related tasks without assuming that the target domain data are independently 
and identically distributed [17]. Transfer learning approaches for bearing fault diagnosis can be 
classified into three categories: sample-based, feature-based, and model-based methods [8]. 
Sample-based transfer reduces the distribution discrepancy between source and target domains by 
reweighting source domain samples. Feature-based transfer improves inter-domain similarity by 
sharing or learning common feature representations. Model-based transfer leverages the structure 
and parameters of pre-trained models to adapt to new tasks [18]. Furthermore, transfer learning 
can be applied across various contexts, such as different operating conditions of the same 
equipment, across different equipment, and from simulated to real-world environments [19]. 
Many studies have successfully applied transfer learning to bearing fault diagnosis, yielding 
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promising results. For example, Chen et al. [20] transferred knowledge from known wind turbines 
to target turbines by constructing a multi-scale CNN with multi-kernel domain adaptation, 
effectively addressing challenges from complex operating conditions and substantial signal 
distribution variations. He et al. [21] employed Maximum Mean Discrepancy (MMD) to quantify 
feature distribution differences between source and target domains across various layers of a 
pre-trained model. This approach assessed the transferability of convolutional and fully connected 
layers, mitigating CNN performance degradation caused by real-world signal distribution 
differences. Tama et al. [22] pre-trained a CNN on bearing time-frequency spectrograms and 
transferred the learned parameters to a fault diagnosis model for shearer arm transmission systems. 
By retaining the low-level network layers, they preserved generalization, enabling 
cross-equipment fault diagnosis while alleviating data scarcity, limited labels, and low diagnostic 
accuracy. Cheng et al. [23] designed a supervised autoencoder to map features from diverse 
operating conditions to a reference condition, thereby minimizing the impact of operational 
variations on fault characteristics. The transformed features were subsequently input into a CNN 
for fault diagnosis. Ma et al. [24] trained a CNN with wavelet time-frequency maps and applied 
transfer learning by freezing lower layers and fine-tuning with new operational data, effectively 
addressing motor bearing diagnostic challenges due to limited data under varying conditions. Liu 
et al. [25] developed a 1D deep CNN to map raw vibration signals to fault categories and added a 
domain adaptation regularization term to transfer knowledge from experimental to industrial 
datasets, tackling the challenge of limited industrial data availability. Che et al. [26] used 
denoising autoencoders for dimensionality reduction of bearing signals and applied multi-kernel 
MMD to align source and target domain features, effectively managing large volumes of unlabeled 
real-world samples for cross-condition fault identification. Tong et al. [27] refined pseudo-test 
labels through MMD and domain-invariant clustering in a shared feature space, reducing marginal 
and conditional distribution discrepancies between training and test data, and applied a 
nearest-neighbor classifier for feature-based transfer learning under varying conditions. Yang et 
al. [28] tackled data scarcity in real machines (BRM) by transferring knowledge from laboratory 
machines (BLM), employing CNNs to extract transferable features and multi-layer domain 
adaptation regularization to reduce distribution discrepancies, thereby enabling reliable fault 
identification from lab to real-world environments. Liao et al. [29] addressed challenges in 
acquiring real-world data through cross-measurement-point data collection, developing 
wavelet-based convolution kernels to extract time-frequency features and energy pooling layers 
for feature representation. Multiple kernel MMD variants were employed for adaptive domain 
alignment, facilitating accurate bearing fault diagnosis. Collectively, these studies provide a 
foundation for efficient and accurate fault diagnosis across various machine locations, operating 
conditions, and equipment types. Based on the above analysis, how to combine deep learning and 
transfer learning methods to solve the problems such as the difficulty of real data acquisition and 
small amount of data, uneven working condition data in the actual working environment, and at 
the same time, exploring the transfer diagnosis between multiple working conditions and different 
locations is of great significance to improve the generalization performance and robustness of fault 
diagnosis algorithms, which is the second motivation to promote the research of this paper. 

In addition to conventional deep learning and transfer learning approaches, several advanced 
intelligent diagnosis frameworks have been developed in recent years to further improve 
adaptability and interpretability. Representative examples include adaptive fused domain-cycling 
variational generative adversarial networks (DC-VGANs) [30], Theil index-based meta-learning 
networks [31], and interpretable integration fusion time-frequency prototype contrastive learning 
[32] methods. These emerging techniques focus on enhancing feature transferability and 
improving the interpretability of latent representations in complex cross-domain diagnostic tasks. 
For instance, DC-VGANs leverage adversarial learning to generate target-like samples and 
achieve adaptive feature fusion across domains, effectively addressing data distribution mismatch 
problems [30]. Theil index–based meta-learning networks enhance task-level generalization by 
optimizing model parameters across multiple learning tasks [31], while prototype contrastive 
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learning emphasizes semantic consistency and interpretability by constructing time-frequency 
prototype embeddings [32]. Although these methods have shown promising results, several 
limitations remain when applied to real industrial scenarios. Adversarial generative models such 
as DC-VGANs may suffer from unstable training processes and lack explicit physical 
interpretability in generated signals. Meta-learning networks require abundant labeled source tasks 
to perform reliable meta-updates, which is often impractical under limited or unbalanced industrial 
data conditions. Prototype contrastive learning approaches depend on sufficient and diverse 
prototype samples, making them difficult to deploy when real fault samples are scarce or 
incomplete. Furthermore, these frameworks are typically data-driven and rely on statistical 
domain alignment rather than incorporating physical priors, which may lead to reduced robustness 
when dealing with complex operating environments and cross-location variations. Therefore, it is 
of great significance to explore a diagnostic framework that not only maintains strong 
cross-domain adaptability but also preserves physical interpretability and computational stability, 
which continuous the another motivation of this paper. 

The research objective of this paper is to construct an intelligent fault diagnosis algorithm 
based on attention mechanism and transfer learning driven by simulation data, which is able to 
effectively recognize faults of rolling bearings under complex cross-operating conditions and 
cross-location conditions, and to improve the accuracy and diagnosis efficiency of fault diagnosis. 
The main contributions of this paper are summarized as follows: 

1) A vibration-response model is proposed to produce high-fidelity multi-condition fault 
signals consistent with measured data in time, frequency, time–frequency, and probability density 
domains. This provides sufficient and reliable training/testing samples, effectively addressing the 
scarcity or unavailability of real bearing fault data and ensuring complete data support for 
intelligent diagnosis. 

2) A weighted self-coding feature extraction model for rolling bearing faults assisted by a 
self-attention mechanism is proposed. The self-attention mechanism dynamically captures 
correlations among features, while the weight allocation mechanism adaptively adjusts feature 
amplitudes according to their diagnostic importance, enabling selective enhancement of 
fault-relevant features and suppression of redundancy. This alleviates the limitations of 
deep-learning-based feature extraction, which often struggles with redundancy and 
indistinguishable feature importance, thereby improving diagnostic accuracy and efficiency. 
Furthermore, the efficiency and diagnostic accuracy for the proposed diagnostic method can be 
further improved by optimizing the weighted self-coding model and combining simulation data 
and incomplete measured data. 

3) A simulation data-driven LMMD-based transfer diagnostic model that enhances both 
adaptation and robustness is proposed, addressing the weak generalization and interference 
resistance of existing models under cross-condition and cross-location scenarios. LMMD aligns 
global and sub-domain distributions between simulated (source) and measured (target) data, 
overcoming the fixed-condition limitation of traditional methods and reducing cross-domain bias. 
Furthermore, by integrating the multi-condition and cross-location simulation data and measured 
data into a hybrid training set, the adaptability and robustness of model in complex monitoring 
environments can be further improved. 

2. Dynamic simulation and fault data generation method for rolling bearings 

This section first analyzes the failure modes and mechanisms of bearings. A simulation model 
is then established based on the actual parameters of the bearing. Through a coupled simulation, 
fault signals of the rolling bearing are generated. Finally, the consistency between the simulated 
and measured signals is assessed through time-domain, frequency-domain, time-frequency 
analysis, and probability density distribution, ensuring the validity of the simulation signals. 
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2.1. Vibration characteristics analysis of rolling bearings 

The vibration modes of rolling bearings are generally classified into two types: one is the 
intrinsic vibration determined by the bearing’s material, shape, and mass, and the other is the 
vibration induced by the load applied to the bearing [33]. 

Intrinsic vibration refers to the vibrational impact occurring between the rolling elements and 
the inner and outer rings during motion. The intrinsic vibration of the rolling elements can be 
expressed as: 

𝑓௕௠ = 2 × 0.424𝑑 ඨ 𝐸2𝜌, (1)

where, 𝑑 represents the diameter of the rolling element, 𝐸 denotes the elastic modulus, and 𝜌 is 
the material density. 

The intrinsic vibration frequency of the inner and outer rings can be expressed as: 

𝑓௠ = 9.4 × 10ହ × 𝑅ଶ 𝑛ሺ𝑛ଶ − 1ሻ√𝑛ଶ + 1 ඨ𝐸𝐼𝑀 , (2)

where 𝑅 is the moment of inertia of the inner and outer rings about the axis, 𝑀 is the mass per unit 
length, 𝑛 is the vibration order, and 𝐸 is the elastic modulus. 

In addition to intrinsic vibration, when the bearing is subjected to a load, the number of rolling 
elements in the load zone varies during rotation, leading to changes in stiffness. This causes elastic 
deformation, which generates vibration. Moreover, vibrations may also arise due to manufacturing 
and assembly errors, improper installation, or poor lubrication. 

2.2. Dynamic analysis of rolling bearings 

During the operation of a rolling bearing, the outer ring is fixed to the bearing housing, while 
the inner ring drives the cage and rolling elements to rotate together. Let the theoretical rotational 
speed of the outer ring be 𝑁௢, which is set to 0 since the outer ring is fixed. The theoretical 
rotational speed of the inner ring is 𝑁௜, the rolling element’s theoretical speed is 𝑁௥, and the cage’s 
theoretical speed is 𝑁௖. 

When the outer ring is fixed and the inner ring rotates, the theoretical speed of the cage can be 
calculated using Eq. (3): 

𝑁௖ = 12 ൤𝑁௜ ൬1 − 𝑑𝐷 cos𝛼൰ + 𝑁௢ ൬1 + 𝑑𝐷 cos𝛼൰൨, (3)

where 𝐷 is the bearing pitch diameter, and 𝛼 is the contact angle. 
The theoretical rotational speed of the rolling elements can be determined from Eq. (4): 

𝑁௥ = 𝐷2𝑑 ሺ𝑁௜ − 𝑁௢ሻ ቈቆ1 − ൬𝑑𝐷൰ଶ cosଶ𝛼ቇ቉. (4)

In the operation of a rolling bearing, as the position of the rolling elements continuously 
changes, local contact deformation occurs between the rolling elements and the raceways, 
resulting in vibrations. The variation of these vibrations can be analyzed. Assuming the rolling 
elements rotate at a constant speed, the azimuth angle 𝜑௝ of the 𝑗-th rolling element at time 𝑡 is 
given by: 
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𝜑௝ = 𝜑଴ + 𝜔௖𝑡 + 2𝜋(𝑗 − 1)𝑁 ,     (𝑗 = 1,2⋯ ,𝑁), (5)

where 𝜑଴ is the initial azimuth angle of the rolling element, and 𝜔௖ is the cage angular velocity. 
During the rotation of the bearing, deformation 𝛿௝ occurs at the contact points between the 

rolling elements and the inner and outer rings, which can be expressed as: 𝛿௝ = 𝑥sin𝜑௝ + 𝑦cos𝜑௝ − 𝐻, (6)

where 𝐻 is the radial clearance of the bearing. 
In addition to deformation caused by the material properties, extra deformation arises when 

there are defects in the outer ring, inner ring, or rolling elements. 
When defects are present in the inner or outer rings of the bearing, as shown in Fig. 1, 

additional deformation occurs. For a defect in the outer ring, the extra deformation 𝛿௢ can be 
expressed as: 

𝛿௢ = ൞𝑑2 −ඨ൬𝑑2൰ଶ − ቀ𝑤2ቁଶ , 𝜙ௗ < 𝜑௝ < 𝜙ௗ + Δ𝜙ௗ ,0,  else,  (7)

where 𝑤 is the defect width, 𝜙ௗ is the angular position at which the rolling element contacts the 
defect, and Δ𝜙ௗ is the angular range of the defect. The total deformation caused by the outer ring 
fault is therefore 𝛿 = 𝛿௝ + 𝛿௢. 

 
Fig. 1. Schematic of defects in the inner and outer rings of the bearing 

When a defect occurs in the inner ring, the additional deformation 𝛿(𝑖) can be expressed as: 

𝛿௜ = ൞𝑑2 −ඨ൬𝑑2൰ଶ − ቀ𝑤2ቁଶ , 𝜔௦𝑡 + 𝜙଴ < 𝜑௝ < 𝜔௦𝑡 + 𝜙଴ + Δ𝜙ௗ ,0,  else,  (8)

where 𝜑଴ is the initial angular position of the defect. The total deformation caused by the inner 
ring fault is 𝛿 = 𝛿௝ + 𝛿௜. 

When a defect occurs in the rolling element, during one complete rotation cycle, it will contact 
both the inner and outer rings, generating additional deformation at each contact. The defect in the 
rolling element is illustrated in Fig. 2. 

Assuming that the rolling element with a defect rotates at the same speed at any position, the 
angular position of the defect 𝜑௦ can be expressed as: 
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𝜙ୱ = 𝜔ୱ𝐷2𝑑 ቆ1 − ൬𝑑𝐷 cos𝛼൰ଶቇ 𝑡 + 𝜙଴. (9)

The additional deformation 𝛿௥ caused by the defect in the rolling element can be expressed as: 

𝛿௥ =
⎩⎪⎪
⎨⎪
⎪⎧𝑑2 −ඨ൬𝑑2൰ଶ − ቀ𝑤2ቁଶ − ቌ𝐷୭2 −ඨ൬𝐷୭2 ൰ଶ − ቀ𝑤2ቁଶቍ , 0 < 𝜙௦ < 𝜙௕௢,
𝑑2 −ඨ൬𝑑2൰ଶ − ቀ𝑤2ቁଶ + ቌ𝐷௜2 −ඨ൬𝐷௜2 ൰ଶ − ቀ𝑤2ቁଶቍ , 𝜋 < 𝜙௦ < 𝜋 + 𝜙௕௜ ,0, else,

 (10)

where 𝐷௢ is the diameter of the outer ring, 𝐷௜ is the diameter of the inner ring, and 𝜙௕௜ and 𝜙௕଴ 
are the angular ranges of the defect when the rolling element contacts the inner and outer rings, 
respectively. The angular positions are given by 𝜙௕௜ = Δ𝜙ௗ𝑑/𝐷௜ and 𝜙௕௢ = Δ𝜙ௗ𝑑/𝐷௢. In this 
case, the total deformation caused by the rolling element fault is 𝛿 = 𝛿௝ + 𝛿௥. 

 
Fig. 2. Schematic of a defect in the rolling element of the bearing 

2.3. Development of rolling bearing simulation model 

The development of a rolling bearing simulation model is primarily based on the actual 
parameters of a physical bearing. Operating conditions and defect parameters are set accordingly 
to accurately reflect the real operational state of the bearing. This section covers the construction 
of both the three-dimensional (3D) model and the dynamic model, with the overall framework 
illustrated in Fig. 3. 

 
Fig. 3. Framework of the rolling bearing simulation model 
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In this study, SolidWorks software is used to develop a three-dimensional (3D) model of the 
rolling bearing. The model is constructed based on the bearing’s dimensional parameters, the fit 
relationships between components, and different defect sizes at various locations. The model is 
then imported into ADAMS simulation software, where boundary conditions-including stiffness, 
friction coefficient, material properties, contact modes, rotational speed, and load-are defined. A 
co-simulation with Simulink is conducted to analyze the rolling bearing’s behavior and generate 
simulation data. 

When defining the contact model for the bearing, it is necessary to establish contact 
interactions between the outer ring and rolling elements, rolling elements and the cage, as well as 
rolling elements and the inner ring to ensure accurate simulation results. Additionally, the contact 
mode between the inner surface of the outer ring and the rolling elements must be specified. The 
bearing system consists of 17 moving components, 2 fixed joints, 1 revolute joint, 13 planar joints, 
and 52 body-to-body contact interactions. During bearing operation, collisions occur, requiring 
the definition of contact forces between rolling elements and other components. These contact 
forces primarily consist of two components: elastic force, which arises when two objects come 
into contact and penetrate each other, and damping force, which results from velocity differences 
between components. ADAMS provides two methods for computing contact forces: the impact 
function method and the restitution coefficient method. Since the impact function method is easier 
to parameterize, it is adopted in this study [34]. 

The impact function is mathematically expressed as Eq. (11): impact = ൜max(0,𝐾(𝑥ଵ − 𝑥)௘ − step(𝑥, 𝑥ଵ − 𝑑, 𝑐୫ୟ୶,𝑥ଵ, 0) ∗ 𝑥ሶ), 𝑥 < 𝑥ଵ,0, 𝑥 > 𝑥ଵ, (11)

where 𝑥ଵ represents the reference distance between two components, 𝑥 is the actual distance, 𝑥ሶ  
denotes the relative impact velocity, 𝑒 is the deformation exponent, 𝐾 is the stiffness coefficient, 𝑑 is the reference penetration depth, and 𝑐௠௔௫ is the maximum damping coefficient when the 
penetration depth exceeds 𝑑. 

The function step, used for smoothing transitions, is defined as: 

step = ⎩⎨
⎧ℎ଴, 𝑥 < 𝑥଴,ℎ଴ + (ℎଵ − ℎ଴) (𝑥 − 𝑥଴)ଶ(𝑥ଵ − 𝑥଴)ଶ ቈ3 − 2(𝑥 − 𝑥଴)𝑥ଵ − 𝑥଴ ቉ , 𝑥଴ < 𝑥 < 𝑥ଵ,ℎଵ, 𝑥 > 𝑥ଵ.  (12)

The collision force is influenced by stiffness, deformation, relative velocity, maximum 
damping force, and the impact exponent. Additionally, relative motion generates friction forces, 
which must be appropriately defined. In setting up contact interactions, parametric variables must 
be established, including contact stiffness coefficient, force exponent, damping coefficient, 
penetration depth, Coulomb friction, static friction coefficient, dynamic friction coefficient, static 
friction transition velocity, and dynamic friction transition velocity. The contact stiffness and 
damping coefficients for rotating components are determined based on Hertz contact theory, with 
damping coefficients generally set between 0.1 % and 1 % of the contact stiffness [35]. 

In the actual installation of rolling bearings, the outer ring is fixed to the bearing housing, while 
the shaft drives the inner ring to rotate. The bearing studied in this paper is subjected to radial 
loads applied from top to bottom, with experimental loads of 300 N, 600 N, and 800 N. During 
the simulation, the load characteristics are modeled by applying a unidirectional force along the 
centerline of the inner ring’s axis. Additionally, the bearing is affected by its own gravitational 
force. To prevent sudden impacts, a gradually increasing driving force is applied, accelerating to 
the desired speed. 

The ADAMS and Simulink are coupled for the joint simulation, as shown in Fig. 4. After 
obtaining the complete rolling bearing simulation model, the ADAMS/Controls module is used 
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for integrated analysis. 
To further evaluate the consistency between the measured and simulated signals, time-domain 

statistical indicators are analyzed. This study selects waveform indicators, impulse indicators, 
margin indicators, and kurtosis indicators for assessment. Their mathematical expressions are 
presented in Table 1. 

 
Fig. 4. Rolling bearing joint simulation process 

Table 1. Time-domain statistical characterization 
Waveform indicator Pulse indicator Amplitude indicator Kurtosis indicator 𝑋ௐ = 𝑋௠௦௦|𝑋‾|  𝑋ூ = 𝑋௣௘௔௞ |𝑋‾|  𝑋௅ = 𝑋௣௘௔௞ 𝑋௥  𝑋௄ = 1𝑁∑ 𝑥௜ସே௜ୀଵ𝑋௠௦ସ  

Note: 𝑋௥௠௦ is the root mean square of the signal, |𝑋‾| is the absolute mean of the signal, 𝑋௣௘௔௞  peak is 
the peak of the signal, and 𝑋௥ is the square root amplitude of the signal 

The waveform index characterizes the shape of the bearing vibration signal, while the impulse 
index quantifies the severity of impact within the signal. The margin index serves as an indicator 
of the fault severity, and the kurtosis index reflects the impact characteristics of the signal [36, 37]. 

To evaluate the consistency between measured and simulated signals, ten random segments, 
each containing 2,048 data points, the time-domain statistical features were computed for each 
segment and averaged. The calculated statistical indices for both measured and simulated signals, 
along with their relative deviations, are presented in Table 2. 

The calculated relative deviations between the four time-domain statistical indicators of the 
simulation and measured data are small, with the maximum deviation being 6.56 % for the 
amplitude indicator of the rolling element signal. This deviation falls within a reasonable range, 
indicating that the simulated signal effectively replicates the measured signal. The causes of the 
relative deviation between the simulated and measured signals are as follows: (1) Random 
truncation of the signal introduces variability, which may increase the computational discrepancy 
between the simulated and measured signals; (2) The simulated signal represents only a subset of 
actual operating conditions, such as random sliding, cage clearance, specific clamping, and 
machining errors, all of which can influence the vibration signal measurements; (3) The measured 
signal is subject to strong noise interference, which further impacts the results. 

When defects occur in rolling bearing components, their vibration signals undergo 
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corresponding changes, which manifest in the frequency domain. Faults in different components 
correspond to distinct characteristic frequencies. 

The fault frequency of the bearing can be calculated using the fault frequency formula [38], as 
shown in Table 3. In the table, 𝑑 is the ball diameter, 𝐷 is the center diameter, 𝑍 is the number of 
balls, and 𝑓௥ is the frequency. 

Table 2. Calculated values of time-domain statistical indicators for measured  
and simulated signals and their relative deviations 

Defect 
location Type Waveform 

indicator 
Pulse 

indicator 
Amplitude 
indicator 

Kurtosis 
indicator 

Normal 
Measured 1.247 5.182 6.728 2.812 
Simulated 1.263 4.951 6.512 2.904 

Relative deviation (%) 1.28 4.46 3.21 3.27 

Inner ring 
Measured 1.548 11.742 15.861 7.118 
Simulated 1.589 11.368 15.434 7.297 

Relative Deviation (%) 2.65 3.19 2.70 2.51 

Outer ring 
Measured 1.305 9.567 11.582 3.216 
Simulated 1.273 9.128 10.874 3.051 

Relative deviation (%) 2.45 4.59 6.11 5.13 

Rolling 
element 

Measured 1.412 10.136 13.215 7.902 
Simulated 1.438 9.471 12.742 7.622 

Relative Deviation (%) 1.84 6.56 3.58 3.54 

Table 3. Bearing fault frequency equation 
Fault condition Fault pass frequency 

Rolling element fault via outer race 𝑓௢ = 𝑍2 ൬1 − 𝑑𝐷 cos𝛼൰ 𝑓௥ 

Rolling element fault via inner race 𝑓௜ = 𝑍2 ൬1 + 𝑑𝐷 cos𝛼൰ 𝑓௥ 

Rolling element fault characteristic frequency 𝑓௕ = 𝐷𝑑 ൤1 − ൬𝑑𝐷 cos𝛼൰൨ 𝑓௥ 

Based on the bearing fault frequency formulas, the calculated fault pass frequencies are 
108.05 Hz for the outer race, 151.95 Hz for the inner race, and 115.08 Hz for the rolling element 
rotational frequency. The characteristic frequency distributions of the simulated sample in the 
frequency domain exhibit slight differences when compared to the measured sample. However, 
the distributions are very similar, as shown in Fig. 5. 

By analyzing the envelope spectra of the measured and simulated signals shown in Fig. 5, it 
can be observed that the fault frequencies for the outer race in the measured and simulated signals 
are 108.35 Hz and 108.01 Hz, respectively. The fault frequencies for the inner race are 152.23 Hz 
and 151.39 Hz, and the rolling element fault frequencies are 115.01 Hz and 115.12 Hz. The 
relative deviations from the theoretical values are minimal. 

However, slight differences in amplitude and fault frequency can still be observed between the 
measured and simulated signals. These discrepancies can be attributed to the differences between 
the simulation model and the actual field test environment. The field environment is influenced 
by many factors, some of which introduce errors relative to the set values. These factors include 
random sliding, lubrication conditions, external noise, and the influence of adjacent mechanical 
systems, all of which contribute to the differences between the simulation and the measured 
signals. 

For bearing fault signals, simply analyzing the time-domain statistical features and frequency-
domain envelope spectra does not fully reveal the similarities and differences between the 
measured and simulated signals. Additionally, the size of the bearing defects can also affect the 
energy peaks. Time-frequency analysis can combine frequency and time, allowing for the 
observation of signal frequency variations over different time periods [39]. 
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a) Measured signal envelope spectrum  

of the outer ring 

 
b) Simulated signal envelope of outer ring 

 

 
c) Measured signal envelope of inner ring 

 
d) Simulated signal envelope of inner ring 

 
e) Measured signal envelope of rolling element 

 
f) Simulated signal envelope of rolling body 

Fig. 5. Measured and simulated signal envelope spectra of rolling bearings 

Wavelet transform was applied separately to both the measured and simulated data, using the 
cmor2-1 wavelet as the basis function, resulting in the time-frequency plots shown in Fig. 5. The 
distribution of vibration response energy in both the time and frequency domains can be clearly 
observed. In the measured data, excessive noise causes the energy to be more dispersed compared 
to the simulated signal, where the energy is more concentrated. The maximum energy is observed 
when the rolling element passes over the defect. The inner race and rolling element faults exhibit 
a distinct “double impact” phenomenon [41, 41]. 

In traditional neural network methods, it is assumed that the probability distributions of 
different datasets are consistent. However, in reality, due to the differences between the simulation 
model and the actual field conditions, the probability distributions of the simulated and measured 
fault-bearing signal datasets are not identical. The probability density of different signals reflects 
the likelihood of the signal falling within various amplitude ranges. By comparing the distribution 
of measured and simulated signals across different ranges, faults and anomalies can be more 
effectively identified. This study utilizes probability density comparison to analyze the 
consistency between simulated and measured signals. The probability density function is given by 
Eq. (13): 

𝑃𝑥 = lim୼௫→଴ 𝑃ሾ𝑥 < 𝑥(𝑖) < 𝑥 + Δ𝑥ሿΔ𝑥 , (13)

where 𝑥(𝑖) represents the vibration signal amplitude that falls within the interval 𝑥 and 𝑥 + Δ𝑥. 
From the probability density distribution of the bearing under different health conditions, it 
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can be observed that the simulated and measured data for the healthy bearing are highly similar. 
However, for the faulty bearings, there are noticeable differences between the simulated and 
measured data, with the simulated signal exhibiting higher probability density values. This 
discrepancy arises because, during actual operation, faulty bearings are influenced by various 
random factors, causing the probability distribution of the measured signal to be smoother, with 
lower probability density values. 

This section first analyzes the failure modes of rolling bearings and explains the causes of 
vibration. Then, a bearing simulation model is developed based on the bearing parameters, and a 
coupled simulation is performed using ADAMS and Simulink software to generate the bearing 
simulation signals. Finally, to verify the generation of high-fidelity bearing simulation signals, a 
comparative analysis of the measured and simulated signals is conducted in terms of time-domain, 
frequency-domain, time-frequency analysis, and probability density distribution. This analysis 
ensures the validity of the generated simulation signals and provides comprehensive data support 
for neural network-based fault diagnosis of rolling bearings. 

3. Simulation data-driven transfer diagnosis model 

This study employs a model-parameter-based transfer learning approach, where simulation 
data of rolling bearings under various operating conditions or defect sizes are obtained through a 
simulation model to pre-train a weighted autoencoder model. The trained model parameters are 
then transferred and applied to the target domain dataset for analysis, enabling the assessment of 
bearing health. This approach not only demonstrates the feasibility of simulation data but also 
validates the model’s generalization performance. The specific model is shown in Fig. 6. 

 
Fig. 6. Schematic of defects in the inner and outer rings of the bearing 

In the proposed weighted autoencoder, the self-attention mechanism functions as a feature 
dependency modeling module, calculating pairwise relationships among latent features to capture 
their contextual relevance. It outputs attention coefficients that indicate the relative importance of 
each feature dimension. The weight allocation mechanism, on the other hand, acts as a feature 
reweighting and aggregation module. Guided by the attention scores, it quantitatively adjusts the 
amplitude of each feature, amplifying those that contribute more significantly to fault 
identification and suppressing redundant or noise-sensitive ones. Therefore, the two mechanisms 
work in tandem: the self-attention mechanism determines which features are important by learning 



SIMULATION DATA-DRIVEN INTELLIGENT FAULT DIAGNOSIS BASED ON ATTENTION MECHANISM AND TRANSFER LEARNING.  
XIAORONG QIU, YE XU 

 JOURNAL OF VIBROENGINEERING 13 

dependencies, while the weight allocation mechanism decides how much each feature contributes 
to the final latent representation. This design ensures adaptive enhancement of fault-relevant 
information and improves the robustness and transferability of extracted features. 

To address the similarity problem between the source domain and the target domain and 
minimize their distributional distance, many researchers employ Maximum Mean Discrepancy 
(MMD) to measure the distributional discrepancy between the two domains. The primary 
advantage of MMD is its independence from class labels, as it measures the distance based solely 
on the distribution of hidden features. MMD maps the source and target domain data into a 
Reproducing Kernel Hilbert Space (RKHS), representing them as the inner product of two points 
in a high-dimensional space. The distributional distance in this space can be measured using 
Eq. (14), which quantifies the distance between the distributions 𝐷ௌ and 𝐷்: 

𝑀𝑀𝐷ଶ(𝐷ௌ,𝐷்) = ቯ 1𝑛௦෍𝑓௡ೞ
௜ୀଵ (𝑥௜) − 1𝑛௧෍𝑓௡೟

௝ୀଵ (𝑥௝)ቯு
ଶ , (14)

where in this equation, 𝑥௜ and 𝑥௝ are data samples from 𝐷ௌ and 𝐷், respectively; 𝑛௦ and 𝑛௧ denote 
the number of samples in 𝐷ௌ and 𝐷்; 𝑓(⋅) is the mapping function; and 𝐻 represents the 
Reproducing Kernel Hilbert Space. 

The key to MMD lies in the selection of the mapping function. The most commonly used 
functions include Gaussian and linear kernels. However, the exact kernel function is typically 
unknown, requiring decomposition, which can be expressed as Eq. (15): 

𝑀𝑀𝐷(𝐷௦,𝐷்) = 1𝑛௦ଶ෍෍𝑘௡ೞ
௝ୀଵ

௡ೞ
௜ୀଵ ൫𝑧௜௦, 𝑧௝௦൯ − 1𝑛௦𝑛௧෍෍𝑘௡೟

௝ୀଵ
௡ೞ
௜ୀଵ ൫𝑧௜௦, 𝑧௝௧൯ + 1𝑛௧ଶ෍෍𝑘௡೟

௝ୀଵ
௡೟
௜ୀଵ ൫𝑧௜௧ , 𝑧௝௧൯. (15)

The Gaussian kernel function enables mapping data into an infinite-dimensional space and can 
be defined as: 𝑘(𝑥ଵ, 𝑥ଶ) = exp ቀ−∥∥𝑥ଵ − 𝑥ଶ∥∥ଶ/(2𝛾ଶ)ቁ, (16)

where 𝛾 represents the bandwidth parameter. 
While MMD effectively aligns the global distributions of the source and target domains, it 

neglects the alignment of different fault types within each subdomain, which may lead to 
misclassification of marginal distribution data. To address this limitation, LMMD is introduced to 
achieve both subdomain and global alignment. LMMD assigns weights to each sample based on 
its category, reducing distributional differences through weight calculation, as shown in Eq. (17): 

𝐿𝑀𝑀𝐷(𝐷௦,𝐷்) = 1𝐶෍∥∥∥∥∥
∥ ෍ 𝜔௜௦௖௫೔ೞ∈஽ೞ 𝑓(𝑥௜௦) − ෍ 𝜔௝௧௖௫ೕೞ∈஽೅ 𝑓൫𝑥௝௧൯∥∥∥∥∥

∥
ு
ଶ௖

௖ୀଵ  
      = 1𝐶෍቎෍෍𝜔௜௦௖௡ೞ

௝ୀଵ
௡ೞ
௜ୀଵ 𝜔௝௦௖𝑘൫𝑧௜௦, 𝑧௝௦൯௖

௖ୀଵ− 2෍෍𝜔௜௦௖௡೟
௝ୀଵ

௡ೞ
௜ୀଵ 𝜔௝௦௖𝑘൫𝑧௜௦, 𝑧௝௧൯+෍෍𝜔௜௧௖௡೟

௝ୀଵ
௡೟
௜ୀଵ 𝜔௝௧௖𝑘൫𝑧௜௧ , 𝑧௝௧൯቏, 

(17)

where 𝐶 denotes the number of fault categories, and 𝜔௜௦௖ and 𝜔௝௧௖ represent the weights of the 𝑖-th 
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sample in 𝐷ௌ and the 𝑗-th sample in 𝐷் within category 𝑐. These weights can be computed using 
Eq. (18): 𝜔௜௖ = 𝑦௜௖∑ 𝑦௝௖൫௫ೕ,௬ೕ൯∈஽ , (18)

where ∑ 𝑦௝௖൫௫ೕ௬ೕ൯ୀ஽  represents the total sum of samples belonging to category 𝑐, and 𝑦௜௖ is the  𝑐-th element of the label vector 𝑦௜. 
The pretraining process of the network involves feeding source domain data into a weighted 

autoencoder network, where the training objective is to minimize the classification loss of the 
source domain using a cross-entropy loss function 𝐿௖. In the transfer learning stage, after iterative 
training, the cross-entropy loss of the source domain is minimized, and the objective shifts to 
reducing the distribution discrepancy between the two domains, which is expressed as 𝐿௅ெெ஽. The 
final training objective is formulated as a joint loss function combining cross-entropy loss and 
LMMD, as shown in Eq. (19): minሼ𝐿௖ + 𝜆𝐿௅ெெ஽ሽ, (19)

where 𝜆 is a trade-off parameter selected through extensive experiments from the set 0.01, 0.05, 
0.1, 0.5, 1,5, 10, 50, with the optimal value determined to be 0.5. 

Once the distributional difference is sufficiently reduced, the model is capable of accurately 
classifying both source and target domain data. LMMD is primarily applied in the fully connected 
layer to measure the domain differences, and network parameters are updated through 
backpropagation. The trained model then utilizes a Softmax classifier to output classification 
results: 

The detailed transfer diagnosis process is illustrated in Fig. 7. 

 
Fig. 7. Rolling bearing transfer learning fault diagnosis flowchart 

The simulation data is utilized as the source domain dataset for pretraining a weighted 
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autoencoder model. The network parameters are updated by minimizing the classification loss 
using the cross-entropy loss function, ultimately yielding a pretrained network model. 
Subsequently, the transfer loss is computed based on both the source domain and target domain 
training sets. Once the maximum number of iterations is reached, the model is saved. Finally, the 
trained model is applied to the target domain test set for rolling bearing fault diagnosis. 

4. Transfer diagnosis across different operating conditions 

In certain real-world scenarios, acquiring fault measurement data for bearings is challenging 
and costly. To address this issue, a modeling approach can be employed to generate bearing 
datasets for fault diagnosis. However, a critical challenge lies in determining whether the 
constructed model is applicable to solving such problems. Therefore, in this section, a simulation 
model is utilized to generate high-fidelity data under different operating conditions for model 
training. The trained model is then validated using real measurement data, enabling transfer 
learning across different operating conditions and verifying the feasibility of the proposed transfer 
diagnosis model. 

4.1. Description of transfer datasets across different operating conditions 

For bearing data transfer between different operating conditions, two types of variations are 
considered: one with a fixed rotational speed and varying load, and the other with a fixed load and 
varying rotational speed. In each case, 10 different types of bearing health conditions are 
established, including normal, outer ring fault, inner ring fault, and rolling element fault. Each 
fault type is further categorized based on defect sizes of 0.2 mm, 0.6 mm, and 1.0 mm. The detailed 
dataset specifications are presented in Tables 4 and 5. 

Table 4. Simulation-actual measurement of transfer task design between different rotational speeds 
Task 
ID 

Fixed 
load Transfer paths Source domain 

samples 
Target domain 

samples 
3-3  Simulation-actual measurement   
A1 

30 KG 

(500 r/min)-(800 r/min) 4000 4000 
A2 (500 r/min)-(1200 r/min) 4000 4000 
A3 (800 r/min)-(500 r/min) 4000 4000 
A4 (800 r/min)-(1200 r/min) 4000 4000 
A5 (1200 r/min)-(500 r/min) 4000 4000 
A6 (1200 r/min)-(800 r/min) 4000 4000 

Table 5. Simulation-actual measurement of transfer task design between different loads 
Task 
ID 

Fixed rotational 
speed Transfer paths Source domain 

samples 
Target domain 

samples 
3-3  Simulation-actual measurement   
B1 

1200 r/min 

(30 KG)-(60 KG) 4000 4000 
B2 (30 KG)-(80 KG) 4000 4000 
B3 (60 KG)-(30 KG) 4000 4000 
B4 (60 KG)-(80 KG) 4000 4000 
B5 (80 KG)-(30 KG) 4000 4000 
B6 (80 KG)-(60 KG) 4000 4000 

As shown in Table 4, for transfer learning across different rotational speeds, the load was fixed 
at 30 kg, while three rotational speeds were considered: 500 r/min, 800 r/min, and 1200 r/min. Six 
transfer tasks (A1-A6) were designed, with the transfer path primarily involving simulation data 
as the source domain and experimental data as the target domain. Each operating condition was 
divided into samples of 1,024 data points, with 400 samples per condition. The source domain 
dataset contained 4,000 samples, and the target domain dataset also contained 4,000 samples. The 
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datasets were split into training and testing sets in a 7:3 ratio to ensure robust model evaluation. 
As shown in Table 5, for transfer learning across different load conditions, the rotational speed 

was fixed at 1200 r/min, while three load levels were considered: 30 kg, 60 kg, and 80 kg. Six 
transfer tasks (B1-B6) were designed, with the transfer process involving transfer from simulation 
data as the source domain to experimental data as the target domain. Both the source and target 
domain datasets contained 4,000 samples each. The sample acquisition process and dataset 
partitioning followed the same methodology as described in Table 4. 

4.2. Experimental results analysis and discussion of model transfer 

In this paper, classification accuracy was adopted as the main evaluation index to measure the 
model performance under different transfer tasks. In addition to accuracy, the supplementary 
indicator – 𝐹1-score – is also introduced to comprehensively evaluate model performance. The 
metric can provide a more balanced view, particularly when class imbalance may exist in practical 
applications. The 𝐹1 score is defined as follows: 

𝐹1 = 2𝑃𝑅𝑃 + 𝑅,      𝑃 = 𝑇𝑃𝑇𝑃 + 𝐹𝑃 ,       𝑅 = 𝑇𝑃𝑇𝑃 + 𝐹𝑁, (20)

where, 𝑃, 𝑅, 𝑇𝑃, 𝐹𝑃, and 𝐹𝑁 represent the precision, recall, true positives, false positives, and 
false negatives, respectively. The 𝐹1-score, as the harmonic mean of precision and recall, reflects 
both sensitivity and specificity of the classification model. In subsequent calculations, all the  𝐹1-score metrics are calculated on a per-class basis and then averaged using the macro-average 
strategy to ensure equal weight for each fault category. The results are obtained from the same test 
sets used for accuracy evaluation. 

In subsequent experiments, we conducted thorough comparative tests against mainstream 
SAE, SDAE, and VAE models. Key parameter configurations for the comparative experiments 
are summarized in Table 6. 

Table 6. Experimental parameter settings 
Category Parameter setting 

Simulation data generation 

Rotational speeds 600, 900, 1200, 1500, 1800 r/min 
Loads 0.5, 1.0, 1.5, 2.0, 2.5 kN 

Fault types Inner ring, outer ring, rolling element 
Fault sizes 0.3 mm, 0.6 mm, 0.9 mm 

Feature extractor (Proposed) 

Encoder type Attention-assisted weighted autoencoder 
Input dimension 1024 (time-domain samples) 
Hidden layers [512, 256, 128] 

Attention heads 4 
Dropout 0.3 

Transfer adaptor (LMMD) 
Kernel type Gaussian RBF 

Number of subdomains 5 
Trade-off parameter λ 0.5 

Training setup 

Optimizer Adam 
Initial learning rate 0.001 

Batch size 128 
Epochs 100 

Early stopping patience = 10 

Noise robustness test 
SNR levels –5 dB, –10 dB, –15 dB 
Noise type Gaussian white noise 

Metric Transfer accuracy (%) 

The target domain data from different rotational speed transfer tasks were fed into the model 
for evaluation. Each experiment was run 10 times, and the average results were recorded. To assess 
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performance, the proposed model was compared with SAE, SDAE, and VAE. The results are 
illustrated in Fig. 8, while the transfer accuracy is presented in Table 7. 

From Fig. 8, it can be observed that transferring simulation data collected under different 
rotational speeds to measured data yields consistently higher diagnostic accuracy when using the 
proposed model compared with SAE, SDAE, and VAE. According to Table 7, the average 
accuracy across six transfer tasks for SAE, SDAE, VAE, and the proposed method is 87.99 %, 
90.87 %, 91.43 %, and 96.76 %, respectively, with SAE yielding the lowest transfer diagnostic 
performance. Additionally, our method obtain the highest 𝐹1-score. This indicates that the 
proposed attention-assisted weighted autoencoder effectively enhances the representation of fault-
related features and improves cross-speed transferability. The key reason lies in the encoder’s 
attention mechanism, which adaptively assigns higher weights to vibration features that contribute 
more significantly to fault discrimination while suppressing redundant or condition-specific 
information. As a result, the learned latent space becomes both more compact and more 
discriminative, ensuring that the domain discrepancy between simulated and measured data is 
reduced at the feature level. Furthermore, by jointly optimizing the reconstruction and transfer 
objectives, the encoder learns features that preserve the physical interpretability of the original 
vibration responses while remaining invariant to speed variations. This dual constraint effectively 
mitigates the negative transfer effect commonly observed in shallow autoencoders, where 
irrelevant speed-dependent features dominate the learned representation. Therefore, the superior 
performance across different speeds confirms that the attention mechanism enables selective 
knowledge transfer from simulated to real environments. 

 
Fig. 8. Comparison of transfer methods between different rotational speeds 

Table 7. Transfer accuracy of different methods between different speeds (%) 
Task ID SAE SDAE VAE Proposed 

A1 87.36±3.13 90.04±2.05 91.79±1.42 96.42±0.62 
A2 87.57±2.69 89.43±1.28 91.05±2.12 96.56±0.45 
A3 86.64±4.07 89.82±1.31 90.44±1.33 97.13±0.49 
A4 86.34±2.75 92.49±1.56 92.31±1.56 97.31±0.36 
A5 90.82±2.40 91.40±2.34 90.4±1.97 96.25±0.64 
A6 89.26±3.31 92.06±0.93 92.6±1.36 96.94±0.86 F1 0.901 0.943 0.948 0.984 

The diagnostic results for different models using test data from varying load conditions are 
presented in Fig. 9. 

As illustrated in Fig. 9, the SAE method exhibits the lowest transfer performance, whereas the 
proposed approach achieves significantly higher fault identification accuracy. The diagnostic 
accuracy and 𝐹1-score presented in Table 8 further confirms that when using different load 
conditions for transfer learning, the performance of SAE, SDAE, and VAE remains relatively low, 
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with marginal differences among these methods. In contrast, the proposed method demonstrates a 
substantial improvement in transfer diagnostic performance. The average accuracy across the six 
transfer tasks (B1-B6) reaches 96.73 %, surpassing the other three methods. 

 
Fig. 9. Comparison of transfer methods between different loads 

Table 8. Transfer accuracy of different methods between loads (%) 
Task ID SAE SDAE VAE Proposed 

B1 89.03 ± 2.67 91.22 ± 1.05 92.45 ± 0.89 97.45 ± 0.55 
B2 86.84 ± 3.25 91.71 ± 1.74 92.04 ± 1.23 96.20 ± 0.63 
B3 86.68 ± 4.10 90.26 ± 1.35 91.16 ± 2.64 96.49 ± 0.47 
B4 85.38 ± 3.51 90.13 ± 2.02 92.10 ± 1.62 97.05 ± 0.44 
B5 87.45 ± 2.42 91.03 ± 1.09 90.93 ± 0.91 96.71 ± 0.34 
B6 88.49 ± 2.65 92.64 ± 2.31 90.76 ± 2.15 96.49 ± 0.68 F1 0.894 0.937 0.944 0.979 

To further interpret these results, the following analysis discusses the underlying reasons for 
the observed performance differences. As shown in Tables 7-8, the proposed model achieves an 
average diagnostic accuracy of 96.73 %, which surpasses all compared models under different 
load transfer tasks. This improvement demonstrates that the LMMD-based alignment method 
provides a more effective strategy for mitigating distribution mismatch between domains with 
different mechanical loads. Unlike traditional global alignment metrics such as MMD or CORAL, 
LMMD decomposes the overall discrepancy into class-wise subdomain distances, ensuring that 
both global and local distributions are simultaneously aligned. This class-conditional alignment 
prevents the mixing of latent features belonging to different fault categories and thus reduces 
inter-class confusion during domain transfer. Moreover, the attention-weighted latent 
representation further enhances this process by concentrating the feature energy within 
fault-relevant subspaces. Consequently, LMMD can perform more precise alignment within those 
subspaces, leading to stable transfer performance even when the external load varies drastically. 
The smaller standard deviations reported in Table 11 also suggest that the proposed model 
achieves higher robustness and consistency compared to traditional MMD-based approaches. 

As shown in Tables 7 and 8, the proposed attention-assisted weighted autoencoder achieves 
not only the highest classification accuracy but also the highest 𝐹1-score under both cross-speed 
and cross-load transfer conditions. This indicates that the model maintains an excellent balance 
between precision and recall, thereby demonstrating strong diagnostic robustness even under 
potential class imbalance. The improvement is mainly attributed to the attention-guided feature 
weighting and LMMD-based domain alignment, which enhance the discriminative and 
transferable representations of fault features. 

To evaluate the noise robustness of the employed methods, Gaussian white noise with varying 
SNRs were added to different fault signals. The SNR is defined as follows: 



SIMULATION DATA-DRIVEN INTELLIGENT FAULT DIAGNOSIS BASED ON ATTENTION MECHANISM AND TRANSFER LEARNING.  
XIAORONG QIU, YE XU 

 JOURNAL OF VIBROENGINEERING 19 

𝑆𝑁𝑅ௗ௕ = 10 × logଵ଴ ൜𝑃ଵ𝑃ଶൠ, (21)

where 𝑃ଵ represents the power of the original signal, and 𝑃ଶ denotes the power of the noise signal. 
A higher SNR indicates lower noise interference. 

To comprehensively assess the impact of noise, Gaussian white noise with SNRs of –5 dB,  
–10 dB, and –15 dB was added to the datasets under different rotational speeds (Table 4) and 
varying loads (Table 5). For a more intuitive visualization, Fig. 10 illustrates the vibration signals 
of both simulated and measured data at a rotational speed of 1200 r/min with a defect size of 0.6 
mm, encompassing inner ring, outer ring, and rolling element faults after incorporating noise 
levels of –5 dB, –10 dB, and –15 dB. 

 
a) Inner ring simulation with 

different SNR signals 

 
b) Simulated inner ring with 

different SNR signals 

 
c) Outer ring measured with 

different SNR signals 

 
d) Outer ring simulation with 

different SNR signals 

 
e) Rolling body measured with 

different SNR signals 

 
f) Rolling body simulation  
with different SNR signals 

Fig. 10. Measurement and simulation of vibration signals with different SNR at different defect sites 

The datasets with different SNRs were subjected to transfer diagnosis according to the 
predefined transfer tasks, categorized as A1-A6 for varying rotational speeds and B1-B6 for 
different load conditions. The corresponding transfer results are presented in Fig. 11. 

In Fig. 11, subfigures 11(a), 11(c), and 11(e) illustrate the transfer diagnosis experiments under 
different rotational speeds with varying levels of SNR noise interference, while subfigures 11(b), 
11(d), and 11(f) present the transfer diagnosis experiments under different load conditions with 
added noise interference. Observing 11(a), 11(c), and 11(e) or 11(b), 11(d), and 11(f) individually 
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reveals that as the SNR decreases, the noise signal becomes more dominant, masking the critical 
fault features of the rolling bearing and leading to reduced diagnostic accuracy. Under strong noise 
conditions (SNR = –10 dB and –15 dB), the proposed model maintains superior accuracy and 
lower standard deviation compared to other baselines. This demonstrates that the attention-
weighted encoder not only enhances fault feature representation but also contributes to denoising 
through adaptive feature weighting, thereby improving robustness against environmental 
interference. 

 
a) Diagnosis accuracy comparison 
of adding –5 dB noise disturbance  

at different speeds 

 
b) Diagnosis accuracy comparison 

of adding –5 dB Noise  
interference under different loads 

 
c) Diagnosis accuracy comparison 

of adding –10 dB at  
different speeds 

 
d) Diagnosis accuracy comparison 

of adding –10 dB under  
different loads 

 
e) Diagnosis accuracy comparison 

of adding –15 dB at  
different speeds 

 
f) Diagnosis accuracy comparison 

of adding –15 dB at  
different loads 

Fig. 11. Comparison of different methods for adding noise  
with different SNRs under different operating conditions 

In practical machinery monitoring, signal contamination by environmental and electrical noise 
is inevitable, and thus robustness to low SNR scenarios is a crucial performance indicator. The 
proposed attention-assisted autoencoder contributes to noise resilience in two ways. First, the 
attention mechanism dynamically reweights latent features according to their relevance to fault 
characteristics, effectively filtering out noise components that exhibit low correlation with 
diagnostic patterns. Second, the joint reconstruction and LMMD objectives regularize the encoder 
to maintain structural consistency across domains, thereby avoiding overfitting to noise 
fluctuations. Compared with conventional denoising autoencoders that passively remove random 
noise through reconstruction loss, the attention mechanism provides an adaptive and feature-
driven filtering process. As a result, the model not only achieves higher mean accuracy but also 
exhibits smaller performance degradation as SNR decreases. This robustness under severe noise 
demonstrates the practicality of the proposed approach for real-world fault diagnosis 
environments. Overall, the comparative analysis of noise robustness between the proposed method 
and SAE, SDAE, and VAE indicates that the proposed approach achieves superior transfer 
diagnosis performance, exhibiting significantly lower fluctuations than the other three methods. 
This validates the model’s generalization capability and resilience to noise interference. Besides, 
comparative experiments demonstrate that models incorporating both the self-attention and weight 
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allocation mechanisms achieve higher diagnostic accuracy and better domain transfer 
performance than those using only one of them. The self-attention module captures feature 
correlations, while the weighting module quantitatively enhances discriminative features. This 
complementary design effectively suppresses noise and redundancy, maintaining robust 
performance even under low SNR conditions (e.g., –10 dB and –15 dB). 

To further verify the generality and stability of the proposed approach, two additional sets of 
comparative experiments were conducted. The first set focused on evaluating the effect of 
employing more advanced feature extractors under the same LMMD adaptor, while the second 
set examined the impact of alternative transfer mechanisms when combined with the proposed 
attention-weighted feature extractor. These experiments are intended to validate that the observed 
improvements are not simply attributable to the baseline selection, but rather to the fundamental 
advantages of the proposed framework. 

In this experiment, the LMMD adaptor was kept unchanged, while different feature extractors 
were employed, including SAE, SDAE, VAE, 1D-ResNet, TCN, Transformer encoder, and the 
proposed attention-weighted encoder. The results are illustrated in Fig. 12 (A1-A6), while Table 9 
reports the transfer accuracies across six rotational speed transfer tasks. It can be observed that 
incorporating more powerful feature extractors such as ResNet, TCN, and Transformer 
significantly improves the baseline performance compared with shallow autoencoders. For 
instance, the average accuracy increased from 91.43 % (VAE) to 93.82 % (ResNet), 94.53 % 
(TCN), and 95.24 % (Transformer). Nevertheless, the proposed attention-weighted encoder still 
achieved the highest overall performance, with an average accuracy of 96.76 % and the lowest 
variance across tasks. This demonstrates that the effectiveness of the proposed model does not 
rely on weaker baselines; even when compared against modern, high-capacity architectures under 
identical transfer conditions, the proposed feature reweighting mechanism continues to provide 
clear improvements in both accuracy and stability. These findings confirm that the attention 
mechanism successfully enhances the discriminative power of fault-related features and reduces 
redundancy, thereby complementing rather than duplicating the advantages of advanced backbone 
networks. 

 
Fig. 12. Comparison of transfer methods between different rotational speeds 

Table 9. Transfer accuracy of different methods between different speeds (%) 
Task ID SAE SDAE VAE 1D-ResNet TCN Transformer Proposed 

A1 87.36±3.13 90.04±2.05 91.79±1.42 93.52±1.11 94.15±0.95 95.08±0.77 96.42±0.62 
A2 87.57±2.69 89.43±1.28 91.05±2.12 93.76±1.08 94.40±0.83 95.22±0.65 96.56±0.45 
A3 86.64±4.07 89.82±1.31 90.44±1.33 93.25±1.12 94.30±0.79 95.11±0.70 97.13±0.49 
A4 86.34±2.75 92.49±1.56 92.31±1.56 94.12±0.88 94.78±0.74 95.36±0.62 97.31±0.36 
A5 90.82±2.40 91.40±2.34 90.40±1.97 94.05±0.97 94.69±0.81 95.28±0.68 96.25±0.64 
A6 89.26±3.31 92.06±0.93 92.60±1.36 94.22±0.95 94.85±0.77 95.41±0.66 96.94±0.86 
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To isolate the effect of the transfer mechanism, we fixed the feature extractor to the proposed 
attention-weighted encoder and replaced the LMMD adaptor with three representative 
alternatives: CORAL, DANN, and JAN. The results of six load transfer tasks (B1-B6) are 
illustrated in Fig. 13 and the diagnostic accuracy are summarized in Table 10. It can be observed 
that all transfer mechanisms improved diagnostic accuracy compared with training without 
adaptation, but clear performance differences emerged. CORAL achieved an average accuracy of 
93.87 %, DANN further improved to 94.85 %, and JAN reached 95.32 %. The LMMD adaptor, 
however, delivered the highest accuracy of 96.73 % with the smallest variance. These results 
confirm that although adversarial or correlation-based alignment methods are capable of reducing 
global distributional discrepancies, they are less effective in simultaneously addressing local 
sub-domain misalignments, which often arise in cross-condition and cross-location scenarios. By 
synchronously aligning both global and sub-domain distributions, LMMD better mitigates 
inter-condition bias, thereby enhancing robustness under severe distribution shifts. This validates 
the necessity of employing LMMD as the alignment module in the proposed framework. 

 
Fig. 13. Comparison of different transfer mechanisms between different loads 

Table 10. Transfer accuracy of different transfer mechanisms with the proposed feature extractor (%) 
Task ID CORAL DANN JAN Proposed 

B1 94.12±0.92 95.02±0.81 95.48±0.70 97.45±0.55 
B2 93.86±1.05 94.75±0.88 95.31±0.74 96.20±0.63 
B3 93.55±1.14 94.69±0.91 95.22±0.78 96.49±0.47 
B4 93.92±1.00 94.88±0.85 95.35±0.69 97.05±0.44 
B5 94.01±0.87 94.93±0.82 95.27±0.73 96.71±0.34 
B6 93.77±1.09 94.84±0.89 95.30±0.75 96.49±0.68 

Overall, the extended experiments with advanced feature extractors and alternative transfer 
mechanisms consistently demonstrate that the superior performance of the proposed approach 
cannot be solely attributed to baseline limitations. Instead, the improvements originate from the 
synergy between the simulation data-driven augmentation, the attention-assisted feature 
weighting, and the LMMD-based distribution alignment. These components jointly contribute to 
the robustness and generalization capability of the proposed model, enabling reliable cross-
condition and cross-location fault diagnosis even under strong noise disturbances. 

5. Transfer diagnosis using reconstructed data from different locations 

Due to significant differences in the installation environments, the vibration frequency and 
amplitude of bearing signals collected from the same device and bearing model may vary. 
Additionally, the external environmental influences can further impact the data collection process. 
In some harsh environmental conditions, it may be difficult to install sensors on the bearing, 
making it impossible to gather corresponding fault data. Therefore, it is essential to consider using 
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bearing data collected from different locations of the same device for fault diagnosis. 

5.1. Description of transfer datasets from different locations 

As shown in the bearing fault data collection experimental setup in Fig. 14, data collected from 
different locations on the bearing, including the far-end, fault-end, and near-ground positions, are 
used for diagnosis. In this study, the fault-end position is considered the location where the faulty 
bearing is installed. Simulation data is used to train the model, and test data is obtained from the 
far-end position, which is distant from the faulty bearing installation. The specific transfer tasks 
are shown in Tables 11 and 12. 

 
Fig. 14. Fault diagnosis test bench 

Table 11. Transfer diagnosis between different positions and speeds 
Task 
ID 

Fixed 
condition Transfer paths Source domain 

samples 
Target domain 

samples 

3-3  Simulation (fault end) - Real 
measurement (remote end)   

C1 

30 KG 

(500 r/min)-(500 r/min) 4000 4000 
C2 (800 r/min)-(800 r/min) 4000 4000 
C3 (1200 r/min)-(1200 r/min) 4000 4000 
C4 (1500 r/min)-(1500 r/min) 4000 4000 

Table 12. Transfer diagnosis between different positions and loads 
Task 
ID 

Fixed 
condition 

Transfer paths Source domain 
samples 

Target domain 
samples 

3-3  Simulation (fault end) - real 
measurement (remote end) 

  

D1 

1200 r/min 

(0 KG)-(0 KG) 4000 4000 
D2 (30 KG)-(30 KG) 4000 4000 
D3 (60 KG)-(60 KG) 4000 4000 
D4 (80 KG)-(80 KG) 4000 4000 

For the transfer between different locations, a fixed load of 30KG and four different speeds-
500r/min, 800r/min, 1200r/min, and 1500r/min-are selected. The transfer is conducted from the 
fault-end simulation data to the far-end measured data. The Task IDs are set as C1 to C4. Sample 
acquisition and dataset partitioning follow the same approach as in Section 4.1 for transfer 
between different operating conditions. 

In addition to setting the speed variation, four different loads – 0 KG, 30 KG, 60 KG, and 
80 KG – are used for transfer tasks, with a fixed operating condition of 1200 r/min. These tasks 
are assigned the transfer Task IDs D1 to D4. The number of samples for both the source and target 
domains is set to 4000, and the sample partitioning follows the same method as described in 
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Table 11. 

5.2. Transfer results analysis 

The transfer tasks constructed in Tables 11 and 12 are input into the built model for training 
and testing. The results are then compared with those from the SAE, SDAE, and VAE methods. 
When using fixed load conditions, with the source domain being fault-end simulation data and the 
target domain being remote-end real measurement data for transfer tasks C1 to C4, the experiment 
is run 10 times and the average result is taken. The results are shown in Fig. 15, and the average 
diagnostic accuracy is provided in Table 13. When using fixed speed conditions and Task IDs D1 
to D4 for transfer diagnosis, the results are shown in Fig. 16, and the average diagnostic accuracy 
is provided in Table 14. 

 
Fig. 15. Transfer comparison of rotational speed between different positions 

Table 13. Transfer diagnostics accuracy of different methods  
between rotational speeds at different locations (%) 

Task ID SAE SDAE VAE Proposed 
C1 84.13±3.52 89.93±1.62 91.65±1.26 96.32±0.46 
C2 86.24±2.48 92.46±1.01 92.24±0.97 96.83±0.62 
C3 84.88±2.33 91.68±0.85 91.01±1.22 96.69±0.39 
C4 86.95±2.04 93.40±0.91 93.07±0.83 96.95±0.58 

As shown in Fig. 15 and Table 13, for the migration between different positions with fixed 
load, the proposed method achieves a higher accuracy across the four corresponding speeds. The 
average accuracy reaches 96.69%, indicating that the model exhibits strong generalization ability. 
In contrast, the results using SAE, SDAE, and VAE for migration diagnosis are relatively poor, 
with SAE performing the worst and exhibiting the largest fluctuation in diagnostic accuracy. 

Using constant speed and migrating between different positions with four corresponding loads, 
migration tasks D1 to D4 were set. As shown in Fig. 16, the migration comparison for different 
loads and the corresponding average migration diagnostic accuracy in Table 14, after migration, 
the proposed method achieves an average accuracy of 96.53 %. The other three methods show 
considerable fluctuation and poor robustness. Thus, the proposed migration diagnostic model 
demonstrates a clear diagnostic advantage over the other three methods. 

Table 14. Transfer diagnostics accuracy of different methods between loads at different locations (%) 
Task ID SAE SDAE VAE Proposed 

D1 88.31±2.55 92.36±1.48 91.64±0.98 96.17±0.72 
D2 86.57±3.81 91.06±1.63 90.43±1.16 95.86±0.42 
D3 85.39±2.86 92.58±1.14 91.80±0.89 96.73±0.28 
D4 86.27±1.94 90.34±0.94 91.04±1.33 97.35±0.56 
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Following the procedure in Section 4, where simulation and real measurement data for 
different operating conditions were added with noise at different SNRs, the same process was 
performed for the migration datasets between different positions to test the model’s resistance to 
interference. The specific diagnostic results are shown in Tables 15 and 16. 

 
Fig. 16. Transfer comparison of load between different positions 

Table 15. Transfer diagnostic accuracy (%) of rotational speed between positions  
with different SNR noises added 

SNR (dB) Methods C1 C2 C3 C4 

–5 

Proposed 93.74 95.05 92.62 92.86 
SAE 79.27 81.01 83.76 80.43 

SDAE 89.23 87.45 86.07 88.40 
VAE 85.77 85.06 87.82 84.24 

–10 

Proposed 87.38 90.29 88.61 88.08 
SAE 72.45 72.36 78.63 75.20 

SDAE 83.54 86.50 84.48 85.17 
VAE 80.25 80.96 83.14 83.02 

–15 

Proposed 81.34 79.29 82.06 80.91 
SAE 54.26 63.85 62.59 62.72 

SDAE 74.33 72.13 74.58 76.04 
VAE 71.24 69.79 62.57 68.04 

Table 16. Transfer diagnostic accuracy (%) of load between positions with different SNR noises added 
SNR (dB) Methods D1 D2 D3 D4 

–5 

Proposed 94.14 92.07 93.45 94.61 
SAE 83.96 83.42 81.88 84.58 

SDAE 90.06 91.30 85.70 88.62 
VAE 89.03 88.35 83.65 86.04 

–10 

Proposed 84.35 86.50 87.92 88.04 
SAE 74.26 70.33 70.57 72.86 

SDAE 83.07 80.55 83.70 82.81 
VAE 81.30 82.06 84.03 79.58 

–15 

Proposed 76.20 79.35 80.31 79.03 
SAE 62.04 66.44 61.07 59.85 

SDAE 72.69 70.52 68.82 67.49 
VAE 71.08 73.56 72.63 70.71 

For the noise resistance test on migration between different positions, Gaussian white noise 
with SNRs of –5 dB, –10 dB, and –15 dB was added to the simulation and real measurement data 
for each condition in tasks C1 to C4 and D1 to D4. The noisy datasets were then used for migration 
diagnostics in the model, and the results are shown in Tables 15 and 16. The proposed method 
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demonstrates high diagnostic accuracy. Although the diagnostic accuracy decreases with the 
increase in noise intensity, the drop is less pronounced compared to the other three methods, with 
smaller fluctuations and better robustness. This indicates that the model has better noise resistance 
compared to the other methods. 

5.3. Summary and discussion 

The comprehensive experiments conducted across various transfer scenarios – including 
changes in speed, load, and sensor location – collectively validate the generalization capability of 
the proposed approach. The results consistently demonstrate that the combination of 
simulation-driven data augmentation, attention-assisted feature encoding, and LMMD-based 
transfer learning provides a synergistic improvement over conventional models. The primary 
advantage of the proposed model lies in its capacity to extract domain-invariant yet fault-
discriminative features. The attention-assisted encoder reduces redundant information and focuses 
on the most informative vibration components, while the LMMD adaptor ensures fine-grained 
alignment of class-wise feature distributions between simulated and measured domains. This 
synergy enables accurate and stable transfer even when the operating environment undergoes large 
variations. Moreover, the simulation-based data augmentation plays a crucial supporting role. By 
generating diverse fault scenarios and operating conditions, it expands the coverage of the source 
domain and prevents overfitting to limited measured data. This diversity allows the model to learn 
generalized representations that better capture the underlying fault mechanisms rather than 
condition-specific artifacts. 

Overall, the extended experiments with advanced feature extractors (SAE, SDAE, VAE, 
ResNet, TCN, Transformer) and different transfer mechanisms (CORAL, DANN, JAN) 
consistently demonstrate that the superior performance of the proposed approach does not stem 
from weaker baselines. Instead, it results from the synergy between simulation-driven data 
augmentation, attention-assisted feature weighting, and LMMD-based class-wise distribution 
alignment. The experimental evidence, reflected in consistently higher mean accuracies and lower 
standard deviations, confirm that the proposed model achieves not only higher accuracy but also 
greater stability. These results collectively verify that the proposed hybrid transfer framework 
effectively balances generalization and domain adaptability, addressing the limitations of 
conventional shallow or single-module approaches. 

6. Conclusions 

To address the limitation that diagnostic models are only effective under fixed operating 
conditions and suffer from poor generalization when dealing with complex conditions and 
significant data variations, this study proposes an intelligent fault diagnosis algorithm driven by 
simulation data, incorporating attention mechanisms and transfer learning. To overcome the 
challenge of insufficient or unavailable real-world fault data, high-fidelity datasets are first 
generated through dynamic simulations to train the diagnostic model. Subsequently, transfer 
learning is employed, utilizing the LMMD method to achieve both global and subdomain 
distribution alignment between the source and target domains. This enhances the contribution of 
simulation data to model training, improving both robustness and generalization capability. The 
proposed approach is validated through fault diagnosis transfer from simulated data at varying 
rotational speeds and loads to real-world measurements, with Gaussian white noise at different 
signal-to-noise ratios introduced to assess noise resistance. The results demonstrate the 
effectiveness and robustness of the method across different operating conditions. Furthermore, 
transfer learning between fault simulation data at the source end and real-world measurements at 
a distant location is performed, illustrating the model’s ability to diagnose faults across spatial 
domains. Comparative analysis with SAE, SDAE, and VAE methods further highlights the 
superior generalization and noise resilience of the proposed approach. Overall, this study 
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establishes the feasibility of using simulation data for transfer diagnosis, effectively addressing 
the challenge of limited real-world fault data. By enhancing transfer learning techniques and 
leveraging dynamic simulation data to augment measured data, the proposed method significantly 
improves the accuracy and generalization of bearing fault diagnosis, enabling cross-condition and 
cross-location fault detection. Although the proposed approach demonstrates strong generalization 
capability, its performance may vary with other feature extractors or different datasets. Future 
work will explore adaptive kernel strategies and lightweight architectures to further improve 
real-time applicability. Furthermore, it should be noted that although the proposed 
simulation-measurement transfer learning framework achieves strong cross-condition and 
cross-location performance, its generalization boundary is constrained by the representativeness 
of the simulated domain. Under unpredictable industrial conditions or unseen working scenarios, 
model adaptability may decrease due to unmodeled disturbances such as noise and environmental 
variations. Future research will focus on expanding simulation domain diversity, developing 
adaptive kernel strategies for more robust domain alignment, and exploring lightweight 
architectures to enhance real-time adaptability in industrial applications. 
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