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Abstract.  To address the nonlinear and non-stationary characteristics of vibration signals during rolling
bearing operation and the issue of insufficient degradation information representation, this paper designs a
prediction framework that combines Adaptive Variational Mode Decomposition (AVMD) with a SETCN-
BiGRU multi-head temporal attention mechanism for Remaining Useful Life (RUL) prediction. First, AVMD
is used to decompose the bearing horizontal vibration signal into five Intrinsic Mode Functions (IMFs). Time-
domain and frequency-domain statistics are extracted from each IMF and concatenated into a 115-dimensional
degradation feature sequence. Subsequently, the model processes in parallel: a TCN-SENet branch extracts
local temporal features and adaptively adjusts channel weights, while a BiGRU with multi-head temporal
attention sub-network captures global bidirectional dependencies and critical degradation periods within the
degradation sequence. Finally, the two types of features are fused, and the RUL prediction result is output.
Experimental results demonstrate that the proposed model achieves an RMSE, MAE, and     of 0.0582,
0.0477, and 0.9483 respectively on the IEEE PHM 2012 dataset, and average values of 0.0780, 0.0559, and
0.9133 on a self-built laboratory bearing dataset, indicating good prediction accuracy, robustness, and
generalization ability.

Keywords: remaining useful life prediction, adaptive variational mode decomposition, temporal convolutional
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1. Introduction
Rolling bearings are indispensable components in various rotating machinery and are widely used in industrial
manufacturing, rail transportation, aerospace equipment, and other fields. The health status of bearings directly
determines the stable and safe operation of mechanical systems [1, 2]. Once a bearing fails, it not only causes
equipment downtime and direct economic losses but may also induce safety accidents. Therefore, accurately
predicting the Remaining Useful Life (RUL) of rolling bearings holds significant engineering importance for
implementing predictive maintenance, reducing operational risks, and optimizing maintenance resources [3,
4].
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Existing RUL prediction methods are mainly divided into model-based methods and data-driven methods.
Due to the complexity and uncertainty of actual mechanical degradation mechanisms, accurately establishing a
physical model is difficult. In contrast, data-driven methods learn degradation patterns directly from
monitoring data and have become the mainstream direction [5]. Medjaher et al. [6] used a data-driven method
to predict the RUL of key bearing components; Ben Ali et al. [7] combined the Weibull distribution with an
artificial neural network for life prediction; Khelif et al. [8] designed a direct RUL estimation strategy based
on support vector regression; Guo et al. [9] used a recurrent neural network to construct a health indicator for
bearing RUL prediction; Li et al. [10] employed a deep convolutional neural network for degradation feature
learning; Zheng et al. [11] utilized LSTM to extract implicit degradation patterns from multi-sensor sequences;
Zhu et al. [12] proposed a DACN-ConvLSTM model to mine temporal information between adjacent signal
samples; Cao et al. [13] combined multi-domain mixed features with TCN for rolling bearing RUL prediction.
Existing research results indicate that combining multi-source feature construction with deep temporal
modeling helps improve life prediction accuracy.

Although existing methods have achieved preliminary results, there are still shortcomings in degradation
feature expression and temporal information utilization, especially in jointly modeling multi-scale degradation
features, channel correlations, and key time steps, where there is significant room for improvement. To
overcome these limitations, this paper constructs a parallel fusion model integrating TCN-SENet and BiGRU
with multi-head temporal attention. The model first constructs a multi-domain degradation feature sequence
through AVMD, then extracts local temporal features, channel attention features, and global temporal
dependencies respectively, ultimately improving the accuracy and stability of RUL prediction. It is worth
noting that feature robustness under complex operating conditions and model generalization ability remain
core issues urgently needing resolution in current life prediction research, a viewpoint widely acknowledged in
deep learning for machine health monitoring, cross-condition RUL transfer prediction, and review literature.

2. Remaining useful life prediction method

2.1. AVMD feature extraction
Rolling bearing vibration signals contain strong nonlinear and non-stationary components. The original
waveform is often mixed with structural vibrations, environmental noise, and degradation-induced impacts. If
the original signal is directly used for RUL prediction, the effect is compromised due to insufficient
degradation information. Variational Mode Decomposition (VMD) can decompose non-stationary signals into
several band-limited modes [14]. Adaptive decomposition ideas like EMD also provide an important
foundation for non-stationary signal analysis [15]. To enhance feature expression capability, this paper adopts
Adaptive VMD (AVMD) based on VMD to decompose the bearing vibration signal, then extracts time-domain
and frequency-domain statistics from each mode component to form a degradation feature sequence.

Let the collected raw vibration signal be  , and its VMD decomposition result can be expressed as in
Equation (1):

(1)

where      represents the  -th intrinsic mode component,    is the number of modes, and    is the
residual component. The mode number is fixed at    , meaning each sampled signal is decomposed into 5
IMF components for subsequent degradation feature extraction. An adaptive parameter selection strategy is
used to determine the VMD penalty parameter      . The set of candidate penalty parameters is shown in
Equation (2):

x(t)

x(t) = ∑K
k=1 uk(t) + r(t)

uk(t) k K r(t)

K = 5

α
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(2)

For each bearing, the first    samples in chronological order are selected as parameter optimization
samples, where      , and        is the total number of samples for the  -th bearing. For each
candidate parameter    ​, VMD decomposition is performed with a fixed mode number   , and the
decomposition quality evaluation function     is calculated. The optimal penalty parameter is defined as in
Equation (3):

(3)

where        is the set of candidate parameters,        is the optimal penalty parameter, and        is the
decomposition quality evaluation function. To balance the reconstruction capability after decomposition and
the independence between modes, the evaluation function is defined as in Equation (4):

(4)

where    represents the reconstruction error,     represents the degree of redundancy between
modes, and    is a trade-off coefficient. This paper takes    to balance the reconstruction error and the
inter-mode correlation redundancy term. The reconstruction error is defined as in Equation (5):

(5)

Where    is the total number of samples involved in parameter optimization,      represents the  -th
optimization sample, and     is the  -th IMF component obtained by decomposing this sample. A smaller 

  indicates a stronger ability of the decomposed modes to reconstruct the original signal. The inter-mode
redundancy is defined as in Equation (6):

(6)

where        represents the Pearson correlation coefficient. A smaller      ​  indicates weaker correlation
between different IMF components and lower modal redundancy.

After obtaining the optimal penalty parameter      , it is used for VMD decomposition of all sampled
signals of that bearing. Each sampled signal is decomposed into 5 IMF components. Subsequently, time-
domain and frequency-domain statistical features are extracted from each IMF component. Time-domain
features mainly describe the vibration amplitude distribution and waveform characteristics, while frequency-
domain features mainly reflect the spectral energy distribution and center frequency variation patterns. The
feature vector for a single IMF can be expressed as in Equation (7):

(7)

where    represents the  -th time-domain feature of the  -th IMF, and    represents the  -th frequency-
domain feature of the  -th IMF. Furthermore, the total feature vector corresponding to the  -th sampling
instant can be written as Equation (8):

(8)

Therefore, the total feature dimension is as in Equation (9):

(9)

That is, each sampled signal is ultimately represented as a 115-dimensional degradation feature vector. By
repeating the above process for all sampling points of the same bearing, the feature sequence   
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  for the bearing throughout its life cycle can be constructed, where        is the
number of sampling time steps.

2.2. Model architecture
2.2.1. SENet module
The Squeeze-and-Excitation Network (SENet) is a typical channel attention mechanism [16]. Its core idea is to
automatically learn the dependencies between channels, then weight the channel features to enhance important
degradation features and suppress irrelevant information. This paper embeds SENet into the TCN branch to
perform channel recalibration on the local temporal features output by the TCN. Its structure is shown in
Figure 1.

Figure 1. Schematic diagram of the SENet architecture

Let the temporal feature representation output by the TCN be as shown in Equation (10): 

(10)

where    denotes the time-step length,    denotes the number of channels, and     denotes the feature
response of the  -th channel.

(1) Squeeze
Global average pooling is performed along the temporal dimension to compress the entire temporal

response of each channel into a scalar, yielding a channel descriptor vector  , as shown in Equation (11):

(11)

where     denotes the global response value of the  -th channel. This process compresses the temporal
response of length   into scalar statistics, thereby aggregating global temporal information.

(2) Excitation
The compressed channel descriptor vector is then fed into two fully connected layers, combined with

ReLU and Sigmoid activation functions, to generate channel weights, as shown in Equation (12):

(12)

where denotes the ReLU activation function, denotes the Sigmoid activation function, and and denote the
weight matrices of the two fully connected layers. Through this process, the model can automatically learn the
importance of different channels for the RUL prediction task.

(3) Recalibration
Finally, the computed channel weights are multiplied back onto the original feature map to highlight

important channels and suppress irrelevant channels, as expressed in Equation (13):

(13)

F = {f1, f2, … , fN} ft ∈ R115

U = [u1,u2, ⋯ ,uC] ∈ RT×C
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c
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T
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where    denotes the weight coefficient corresponding to the  -th channel, and    denotes the recalibrated
output feature. Through this process, SENet can highlight the key channel features related to the evolution of
bearing degradation and improve the subsequent BiGRU's ability to model effective temporal information.

Through the above process, SENet can emphasize sensitive channels related to bearing degradation states
and weaken the influence of ineffective or redundant features, thereby obtaining more discriminative local
channel features    and providing effective input for subsequent feature fusion and RUL prediction.

2.2.2. TCN network model
Temporal Convolutional Network (TCN) is a deep architecture designed specifically for time-series modeling
[17]. By integrating the temporal extension capability of one-dimensional convolution with the gradient-
optimization mechanism of Residual Networks (ResNet) [18], it effectively addresses the difficulty of
capturing long-term dependencies in traditional recurrent models. Compared with conventional CNNs, TCN
has the following characteristics:

The convolution operation in TCN adopts a causal constraint, so the output at the current time step depends
only on the current and previous time steps, thereby avoiding future information leakage and ensuring the
validity of time-series prediction. Meanwhile, TCN expands the receptive field by introducing dilated
convolution, enabling the model to capture dependencies over a longer time span without a significant
increase in computational cost; with the residual connection structure, the network can be deepened further
and the difficulty of training deep networks can be alleviated to a certain extent (see Figure 2).

Figure 2. TCN architecture

In the TCN, the mapping between input and output is given in Equation (14):

(14)

where     denotes the TCN model;     denotes the input mixed-domain
feature sequence at time  ; and    denotes the corresponding output sequence.

In the TCN model, causal dilated convolution can expand the receptive field of the network and enable the
model to better capture dependencies in long time series. However, as the number of layers increases, model
performance may deteriorate. On the one hand, a deeper architecture increases the complexity of parameter
updates and backpropagation, making convergence more difficult during training; on the other hand, after the
network becomes deeper, it is harder for the model to learn an identity mapping directly, which in turn affects
optimization performance. To alleviate these issues, residual connections are usually introduced in TCN.

sc c ũc

Fspace

Y = FT (X)

FT (⋅) X = {x0,x1,x2, … ,xt−1,xt}

t Y = {y0, y1, y2, … , yt−1, yt}
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Compared with directly stacking multiple convolutional layers to fit the mapping between input and output,
residual connections transform the learning objective into a residual function, making the model easier to
optimize and helping improve training convergence speed and feature transfer efficiency, as defined in
Equation (15):

(15)

where    denotes the input sequence at the  -th level;     denotes the output of the residual block;  
   denotes the residual mapping, which usually consists of 2 to 3 causal dilated convolution

operations; and    denotes the activation function.

2.2.3. BiGRU network model
Gated Recurrent Unit (GRU) is an improved structure of recurrent neural networks [19], mainly composed of
an update gate and a reset gate. Compared with LSTM, GRU has a simpler structure and fewer parameters,
while also mitigating the vanishing-gradient problem in long-sequence modeling to a certain extent [20]. Its
basic computation process can be expressed by Equation (16) to (19):

(16)

(17)

(18)

(19)

where   denotes the input data;   ,   and   denote the corresponding weights;   ,   and    denote
the corresponding bias terms;    denotes the update gate;    denotes the reset gate;    denotes the candidate
activation state;    denotes the activation state;    denotes the sigmoid activation function;    denotes the
concatenation of the two vectors;    denotes the input to the GRU at time  ;   denotes the hyperbolic
tangent activation function; and    denotes element-wise matrix multiplication.

A unidirectional GRU can only propagate forward in time, making it difficult to fully exploit the forward
and backward contextual information in the degradation sequence. Therefore, this paper uses a Bidirectional
Gated Recurrent Unit (BiGRU) to model the bearing degradation sequence, as shown in Figure 3. BiGRU
consists of a forward GRU and a backward GRU, which extract temporal dependencies in the forward and
reverse directions, respectively, and concatenate the hidden states from both directions to obtain the
comprehensive temporal representation at the current time step, as shown in Equation (20) to (22):

(20)

(21)

(22)

where     ,   and     denote the hidden states of the forward propagation, backward propagation, and
final output, respectively;    denotes the function used to map the input vector to the GRU hidden state; 
  denotes the bias vector;    and    denote the corresponding weight matrices.
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Figure 3. BiGRU architecture

2.2.4. Multi-head temporal attention mechanism
The multi-head temporal attention mechanism [21] is used to assign weights to key time steps in the temporal
features output by BiGRU. Let the input sequence after feature mapping in BiGRU be denoted as    ,
where   is the time-step length and   is the feature dimension. First, query matrix  , key matrix  , and value
matrix   are obtained through linear mapping, as shown in Equation (23):

(23)

Then, scaled dot-product attention is used to calculate the correlation between different time steps, as
shown in Equation (24):

(24)

To enhance the model's ability to represent different degradation stages and temporal dependencies, multi-
head attention is adopted to model the temporal features in parallel, as shown in Equation (25) and (26):

(25)

(26)

where   ,   ,   and    are learnable parameter matrices,    denotes the key-vector dimension,
and    denotes the number of attention heads. Through the multi-head temporal attention mechanism, the
model can capture key time-step information in the degradation sequence from multiple subspaces and
highlight the degradation segments that contribute more to RUL prediction. Finally, residual connection and
normalization are applied to the attention output and the original mapped features to obtain the temporal-
branch feature representation   .

X ∈ RT×d

T d Q K

V

Q = XWQ,K = XWK,V = XWV

Attention(Q,K,V ) = softmax( QKT

√dk
)V
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3. Model description
As shown in Figure 4, according to the nonlinear, non-stationary, and long-sequence-dependence
characteristics of rolling bearing degradation signals, this paper designs a parallel fusion prediction model
based on AVMD feature extraction, TCN-SENet, and BiGRU multi-head temporal attention. Traditional
single-path prediction networks usually focus on only one aspect of local features or temporal features,
making it difficult to simultaneously account for local impact changes, channel correlations, and global
temporal dependencies in the bearing degradation process. Therefore, this paper fuses TCN-SENet and
BiGRU with multi-head temporal attention: TCN extracts local temporal degradation features through causal
and dilated convolution while preserving temporal causality and expanding the receptive field; SENet
recalibrates the features output by TCN through a channel-attention mechanism to enhance degradation-
sensitive channels and suppress redundant features; BiGRU models the degradation sequence in both forward
and backward directions to capture the global temporal evolution during bearing operation; and the multi-head
temporal attention mechanism further computes correlations among different time steps to highlight key
degradation segments that contribute more to RUL prediction. With this structure, the model can
simultaneously extract local temporal features, channel-sensitive features, and global temporal dependencies,
thereby improving the accuracy and stability of rolling bearing RUL prediction [22-25].

Figure 4. Framework of the SETCN-BiGRU multi-head temporal attention model

First, in the data acquisition and feature construction stage, the bearing vibration signal is initially feature-
extracted and then adaptively decomposed by AVMD into five IMF components. Subsequently, 11 time-
domain features and 12 frequency-domain features are extracted from each IMF component, i.e., 23 features
per IMF, ultimately forming a 115-dimensional degradation feature sequence as the model input. In the feature
modeling stage, the model uses parallel branches for feature extraction. The upper branch is the TCN-SENet
branch: the input features first pass through the TCN module to extract local temporal degradation features and
then through the SENet channel-attention module to obtain spatial feature representations    ; the lower
branch is the BiGRU-multi-head temporal attention branch: after being modeled by BiGRU, the input features
are further mapped to  ,  , and    and processed by scaled dot-product attention to compute time-step

Fspace

Q K V
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correlations, thereby obtaining temporal feature representations    . Finally, the feature outputs obtained
from the two branches are fused to form the comprehensive degradation representation F, which is then fed
into the prediction layer to output the rolling bearing RUL prediction result. Through multi-branch feature
complementarity and attention-weighting mechanisms, the model achieves a comprehensive representation of
the bearing degradation state, which helps improve the generalization ability and prediction accuracy of RUL
prediction under complex operating conditions.

4. Experiments
To systematically verify the effectiveness and generalization capability of the proposed SETCN-BiGRU multi-
head temporal attention model for rolling bearing remaining useful life prediction, experiments are conducted
on the IEEE PHM 2012 bearing dataset and a self-built laboratory bearing dataset under Condition 1 and
Condition 2, respectively. The IEEE PHM 2012 rolling bearing dataset includes horizontal vibration signals,
vertical vibration signals, and temperature signals, while the self-built laboratory dataset contains horizontal
vibration signals and vertical vibration signals. To extract complete data features and better train the model to
learn the fault-state characteristics of the bearing, the horizontal vibration signals are preprocessed using
AVMD. The data are decomposed into mode components with central frequencies and finite bandwidths, after
which 11 time-domain statistical features and 12 frequency-domain statistical features are computed from the
decomposed components. Time-domain statistical features include the mean, standard deviation, root mean
square, skewness, peak-to-peak value, waveform factor, and so on; frequency-domain features include the
mean of spectral amplitude, variance of spectral amplitude, skewness of spectral amplitude, spectral frequency
centroid, coefficient of spectral variation, and so on. During training, for bearings under the same operating
condition, one bearing is used as the test set and the remaining bearings are used as the training set. The
optimizer and hyperparameter settings are listed in Table 1. The model uses the AdamW optimizer for
parameter updates and introduces weight decay to suppress overfitting [26, 27].

Table 1. Optimizer and hyperparameter settings of the SETCN-BiGRU multi-head temporal attention model

Iteration count 170
Batch size 128

Learning rate 0.00007
Patience 22

Sliding window length 128
Optimizer AdamW

The evaluation metrics for the prediction results are Root Mean Square Error (RMSE), Mean Absolute
Error (MAE), and coefficient of determination ( ). The formulas for RMSE, MAE, and    are given in
Equation (27) to (29), where   measures how well the model fits the true life trend.

(27)

(28)

(29)

where   is the number of data samples;    is the actual life value;    is the predicted life value; and    is
the mean of all actual life values.

Ftime
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4.1. Experiment 1
4.1.1. Data description
To verify the effectiveness of the proposed model, the IEEE PHM 2012 rolling bearing dataset is selected for
experimental analysis. The operating conditions and the number of bearings of this dataset are shown in Table
2. The data were collected from the PRONOSTIA test rig, which can be used for accelerated bearing
degradation experiments and validation of life prediction methods, as shown in Figure 5. The test platform is
equipped with two acceleration sensors to collect vibration signals in the horizontal and vertical directions of
the bearing. The vibration signal sampling frequency is 25.6 kHz, the temperature signal sampling frequency
is 10 Hz, and data are acquired for 0.1 s every 10 s. To ensure consistency of the experimental conditions, all
model training and testing are conducted under the same operating condition. For example, if the B1-1 bearing
data under Condition 1 are selected as the test set, then the data from B1-2, B1-3, B1-4, B1-5, B1-6, and B1-7
under the same condition are selected as the training set.

Figure 5. Schematic diagram of the PRONOSTIA test rig

Table 2. Information of the IEEE PHM 2012 dataset

Condition 1 Condition 2
Speed-load 1,800 r/minand 4,000 N 1,650 r/minand 4,200 N

B1_1 B2_1
B1_2 B2_2
B1_3 B2_3

Bearing B1_4 B2_4
B1_5 B2_5
B1_6 B2_6
B1_7 B2_7
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4.1.2. Experimental results and analysis
Table 3 presents a comparison of the prediction performance between the SETCN-BiGRU model and other
models on the IEEE PHM 2012 dataset, from which it can be clearly seen that the proposed model achieves
the best results. The calculated overall mean RMSE of the SETCN-BiGRU model is 0.0582, while that of the
TCN-BiLSTM model is 0.0782. As shown in Figure 6 and 7, the predicted curves of bearings B1-1 and B2-6
closely fit the actual value curves. Especially at the end of life, the model is still able to maintain stable
predictions, indicating that the SETCN-BiGRU combination effectively mitigates the error accumulation
problem caused by abrupt feature changes in the later stage of degradation that plague traditional methods.

Table 3. Performance evaluation of different models on the IEEE PHM 2012 dataset

Metric CNN-BiGRU GRU TCN-Transformer TCN-BiLSTM Proposed model
RMSE 0.0794 0.0745 0.0845 0.0782 0.0582
MAE 0.0657 0.0596 0.0687 0.0625 0.0477

0.8998 0.9133 0.8905 0.9005 0.9483

Figure 6. Prediction result of B1-1

Figure 7. Prediction result of B2-6

R²
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By comparing and visualizing the RUL prediction results of different models for B1-1, B1-3, and B1-6, the
prediction accuracy and robustness of each model can be understood more clearly. Figure 8 to 10 show the
prediction results of these three bearings. The orange line represents the proposed model, while the green and
red lines represent the prediction results of the CNN-BiGRU model and the TCN-BiLSTM model,
respectively. As can be seen from Figure 8 to 10, the fitting result of the orange line is the best, with lower
overall error and higher prediction accuracy. Across all bearing datasets, the proposed model can accurately
capture the variation trend of RUL. In particular, in Figure 9, the prediction performance at the terminal stage,
that is, close to the failure time, is significantly better than that of the other two conventional models. The
prediction curves of the CNN-BiGRU and TCN-BiLSTM models show obvious deviations at the end,
resulting in larger errors and even failing to reflect the RUL variation trend near failure effectively. In contrast,
the orange line can track RUL variations more accurately near the failure time and predict equipment failure in
advance. This phenomenon reflects the superiority of the proposed model in complex environments, especially
when different operating conditions and different bearing states are considered. The proposed method can
more precisely capture the subtle changes in equipment health status and thus maintain high prediction
accuracy in complex scenarios.

Figure 8. Comparison of all models on B1-1

Figure 9. Comparison of all models on B1-3
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Figure 10. Comparison of all models on B1-6

Overall, the visualization results in Figure 8 to 10 show that the proposed model exhibits clear advantages
in prediction accuracy, robustness, and adaptability to complex scenarios, and has strong practical application
potential.

4.1.3. Ablation experiment
To further verify the effectiveness and rationality of each module in the proposed method, ablation
experiments are conducted on the IEEE PHM 2012 bearing dataset. The experiments use the same data
splitting strategy, feature extraction procedure, and hyperparameter settings to ensure comparability among the
ablated models. The specific ablation settings are as follows:

1) Ablation method 1: Remove the SENet channel-attention mechanism, reducing the TCN-SENet branch
to a standard TCN branch.

2) Ablation method 2: Remove the TCN-SENet branch and retain only the BiGRU-multi-head temporal
attention branch for temporal feature modeling.

3) Ablation method 3: Remove the BiGRU module and rely mainly on the TCN-SENet branch to extract
local temporal features and output the prediction result.

According to Table 4, after removing SENet, the TCN-SENet branch, or the BiGRU module, both RMSE
and MAE increase to varying degrees, while    decreases, indicating that each module can effectively
improve prediction performance. Among them, removing BiGRU leads to the most obvious performance
degradation, showing that BiGRU plays an important role in modeling temporal dependencies during
degradation; removing the TCN-SENet branch also increases the error significantly, indicating that this branch
can effectively extract local degradation features. In summary, the prediction performance of the complete
model is superior to that of each ablated model, which verifies the rationality and effectiveness of the proposed
architecture.

Table 4. Ablation experiment results on the IEEE PHM 2012 dataset

Model RMSE MAE
Remove SENet 0.1018 0.0834 0.8535

Remove TCN-SENet branch 0.1060 0.0869 0.8366
Remove BiGRU 0.1158 0.0930 0.8074
Complete model 0.0582 0.0477 0.9483

R²
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4.2. Experiment 2
4.2.1. Data description
To further verify the applicability and effectiveness of the proposed model in a real experimental scenario,
Experiment 2 collects vibration signals based on a laboratory self-built bearing fault simulation platform,
constructs a self-built bearing fault dataset, and uses it for further testing and analysis of the model. As shown
in Figure 11, the test platform mainly consists of a PLC control unit, drive motor, transmission shaft system,
test bearing seat, loading device, vibration signal acquisition terminal, and vibration excitation and calibration
unit, among other components, and can realize bearing operation tests under different speed-load
combinations. Among them, the signal generator is used to generate controllable standard excitation signals;
the power amplifier is used to amplify the excitation signal to meet subsequent excitation requirements; and
the vibration exciter is used to output stable and controllable mechanical vibration excitation, thereby
completing sensor calibration, acquisition-chain debugging, and verification of the operating state of the test
platform. Compared with public datasets, this self-built dataset is closer to the actual acquisition environment
and can be used to examine the model's feature representation capability and generalization performance under
multiple fault types and multiple operating conditions.

Figure 11. Laboratory small-sample self-built bearing fault simulation platform

SKF 31306 tapered roller bearings are selected as the test objects in this study. Due to laboratory
constraints, two speed-load combinations are set: 1,000 r/min / 2,500 N (Condition 1) and 1,500 r/min / 2,000
N (Condition 2). Under each condition, full-life vibration data are collected separately for inner-race, outer-
race, and rolling-element faulty bearings. The information of the self-built dataset is listed in Table 5. During
signal acquisition, the vibration signals are collected by an A21D50 acceleration sensor mounted at the test
bearing position and converted into digital signals by an Alientek 8812 data acquisition card. The sampling
frequency is set to 25.6 kHz to ensure effective capture of impact components and high-frequency features of
bearing faults. To ensure the rationality of the training and testing process, independent bearings are used to
split the training and test sets under the same operating condition. For example, when B2-1 is selected as the
test set, the data from B2-2 and B2-3 are used to form the training set.
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Table 5. Information of the self-built small-sample bearing dataset

Condition ID Dataset Total samples Acquisition time (min)

Condition 1 (1,000 r/min / 2,500 N)
B1-1 65 40.14
B1-2 89 55.32
B1-3 81 50.02

Condition 2 (1,500 r/min / 2,000 N)
B2-1 128 87.85
B2-2 103 66.42
B2-3 92 60.38

4.2.2. Experimental results and analysis
Table 6 presents the prediction results on the self-built dataset. Under Condition 1, the average RMSE of the
three test bearings is 0.0809, the average MAE is 0.0625, and the average   is 0.9205. Among them, the 
 values of B1-1 and B1-3 are both higher than 0.94, indicating that the model can well fit the life-degradation
trends of inner-race fault and rolling-element fault samples; the error of B1-2 is relatively higher, reflecting
that outer-race fault samples under small-sample conditions may exhibit unstable degradation processes and
more pronounced local impacts. Nevertheless, the average    under this condition still exceeds 0.92,
indicating that the model has certain applicability to laboratory-collected data. From the results under
Condition 2, the model achieves an average RMSE of 0.0751, an average MAE of 0.0492, and an average 
  of 0.9061. The prediction performance of B2-1 is the best, with RMSE, MAE, and    values of 0.0179,
0.0148, and 0.9962, respectively, and the prediction curve closely follows the true life variation. The error of
B2-3 is larger, indicating that the degradation process in this sample may involve stronger nonlinear changes
or a sudden change in the later stage, making prediction more difficult.

Table 6. Main experimental results on the self-built small-sample dataset

Test bearing RMSE MAE
B1-1 0.0704 0.0521 0.9423
B1-2 0.1030 0.0799 0.8756
B1-3 0.0694 0.0556 0.9436
B2-1 0.0179 0.0148 0.9962
B2-2 0.0712 0.0604 0.9403
B2-3 0.1363 0.0724 0.7818

R² R²

R²

R²

R²

R²
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Figure 12. Prediction results for bearing B1-1 under Condition 1

As can be seen from Figure 12, the true RUL of bearing B1-1 under Condition 1 decreases in an
approximately linear manner, and the prediction curve generally follows the decay trend of the true curve. At
the early stage of operation, the predicted and actual values are relatively close, indicating that the multi-
domain features extracted by AVMD can well characterize the early health state of the bearing; in the mid-
degradation stage, the prediction curve exhibits certain fluctuations in local intervals, with short-term
underestimation and overestimation near approximately 12 to 20 sampling points, which is related to the
gradually intensified impact features of the inner-race fault and the relatively large fluctuation of local
degradation features. In the later life stage, the prediction curve gradually returns close to the true RUL and
can better reflect the rapid decay trend of the remaining useful life. Combined with Table 6, where the RMSE,
MAE, and    of B1-1 are 0.0704, 0.0521, and 0.9423, respectively, it can be concluded that the proposed
model has good trend-tracking capability and prediction stability for inner-race fault samples under low-speed
and heavy-load conditions.

Figure 13. Prediction results for bearing B2-2 under Condition 2

As can be seen from Figure 13, the true RUL of bearing B2-2 under Condition 2 also decreases gradually
over time, and the overall trend of the prediction curve is consistent with the true curve. At the early stage of
life, the predicted result is slightly lower than the true value, indicating that the model is sensitive to the initial

R²
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degradation signs of the outer-race fault; near approximately 20 sampling points, the prediction curve shows a
brief overestimation, suggesting that the outer-race fault impact and acquisition noise under medium-speed
and medium-load conditions can affect local prediction to a certain extent. As the degradation process
progresses, the model can track the downward trend of RUL well and shows strong responsiveness in the
rapid-decay stage in the middle and later periods, although slight fluctuations still exist near the end of life.
Combined with Table 6, where the RMSE, MAE, and   of B2-2 are 0.0712, 0.0604, and 0.9403, respectively,
it can be concluded that the proposed model also maintains high fitting accuracy and prediction stability on
medium-speed and medium-load outer-race fault samples.

Considering the results of both conditions comprehensively, the average RMSE of the six test bearings is
0.0780, the average MAE is 0.0559, and the average    is 0.9133. Compared with the PHM 2012 dataset, the
self-built dataset contains fewer samples, and the noise in the acquisition environment, assembly errors, and
individual fault differences are more pronounced, making prediction more difficult. The experimental results
show that the proposed model can still maintain good trend-tracking capability under small-sample, multi-
fault-type, and different speed-load combinations, indicating that it is not only suitable for public benchmark
datasets but also has certain potential for practical engineering applications [28, 29].

5. Conclusion
This paper proposes a rolling bearing RUL prediction model that combines AVMD with the SETCN-BiGRU
multi-head temporal attention mechanism. The model uses AVMD to adaptively decompose bearing vibration
signals and extract multi-domain degradation features; the TCN-SENet branch enhances the representation of
local temporal features and key channel features, while BiGRU with multi-head temporal attention captures
long-term temporal dependencies and key degradation segments during the degradation process. According to
the evaluation metrics RMSE and MAE, on the IEEE PHM 2012 dataset, compared with the CNN-BiGRU,
GRU, TCN-Transformer, and TCN-BiLSTM models, the proposed model reduces the prediction error by
approximately 27.1%, 20.9%, 30.8%, and 24.6%, respectively; on the self-built small-sample bearing dataset,
the average RMSE, MAE, and    reach 0.0780, 0.0559, and 0.9133, respectively. Ablation experiments show
that SENet, the TCN-SENet branch, and the BiGRU module can all effectively improve model performance,
with BiGRU exerting the most significant influence. Overall, the proposed method demonstrates good
performance in prediction accuracy, robustness, and generalization across different operating conditions, and
can provide an effective reference for rolling bearing condition monitoring and remaining useful life
prediction.
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