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Abstract
The rolling bearing is one of the critical components in mechanical equipment, and predicting

its remaining useful life (RUL) is of great significance in enterprise production processes. While
deep learning-based approaches have achieved great success for bearing prognosis, most of them are
not capable of mining both global and local information from the run-to-failure data. In addition,
hyperparameters such as the number of hidden layer neurons, learning rate, and regularization pa-
rameters in neural networks still rely heavily on manual experience for setting. To address these is-
sues, a novel framework for predicting the RUL of bearings based on the Transformer and the bidi-
rectional long short-term memory ( Transformer-BiLSTM) is proposed, and the Newton-Raphson-
based optimizer (NRBO) is introduced to determine the crucial parameters of the network. Firstly,
degradation sensitive features are extracted and selected from the raw vibration signals, forming the
input for the prediction model. Secondly, the mean absolute error (MAE) between the predicted
and actual values is utilized as the fitness function of the NRBO algorithm to optimize the Transform-
er-BiLSTM model, searching for the optimal values of the key hyperparameters. Finally, the opti-
mized model is used for RUL prediction, and its performance is validated on publicly available data-
sets. The results demonstrate that the proposed method can achieve the optimal hyperparameter com-
bination without relying on empirical guidance. Compared with the unoptimized model, the opti-
mized prediction model reduces the MAE and root mean squared error (RMSE) by 6. 50% and
9. 91% , respectively.

Key words: Transformer, bidirectional long short-term memory, Newton-Raphson-based opti-
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0　 Introduction

The rolling bearing is an essential component of
the mechanical equipment, and it often degrades due
to the wear and fatigue as the operating time increases,
which will result in unplanned machine downtime and
production line disruptions[1 - 3] . Therefore, it is of
prime significance to estimate the health status of the
bearing and predict its remaining useful life (RUL),
which can improve the reliability and efficiency of the

entire machine and reduce maintenance costs[4 - 5] .
Generally, RUL prediction approaches can be cl-

assified into three categories: the physics model-based
method, the statistical model-based technique, and the
artificial intelligence (AI) approach[6] . Thanks to the
rapid advancement of AI technologies, AI-driven meth-
odologies have progressively emerged as the dominant
paradigm in industrial prognostics. The preeminent ad-
vantage of this methodology over alternative approaches
lies in its capacity to directly leverage voluminous oper-
ational data for analysis and prediction, eliminating the
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need for a priori assumptions or the construction of in-
tricate mathematical models[7 - 8] . Consequently, it ex-
hibits superior flexibility and adaptability, enabling
rapid responsiveness to evolving data trends, particu-
larly excelling in scenarios with high-quality data.

As an implementation approach of data-driven pre-
diction methods, deep learning can effectively tackle
complex and nonlinear prediction tasks. The rapid ad-
vancement of computing capabilities and the swift de-
velopment of big data technologies have propelled the
widespread application of deep learning algorithms in
the prediction of bearing RUL, offering an end-to-end
solution for addressing the RUL prediction prob-
lem[9 - 11] . As a classic type of deep learning network,
recurrent neural networks (RNN) have been extensively
utilized by numerous scholars in investigating RUL pre-
diction algorithms. Guo et al. [12] proposed a health indi-
cator (HI) construction method based on the long short-
term memory (LSTM) cell, and integrated the HI with
particle filtering for bearing prognosis. Cao et al. [13]

developed a RUL prediction model for wind turbine
bearings through combining parallel gated recurrent
units and dual-stage attention mechanism. Jin et al. [14]

established a bidirectional LSTM (BiLSTM) network
to mine degradation features buried in the machine
signals with noise. However, most existing prediction
models based on the RNN only pay attention to local
information, reducing the performance of long-term
prediction.

In recent years, with the widespread application
of the Transformer architecture[15] based on the attention
mechanism in various tasks, such as language transla-
tion, audio recognition, and image classification[16 - 18],
the Transformer has also been introduced into the ma-
chinery RUL forecast. It is capable of effectively learn-
ing the dependencies and nonlinear relationships within
long-term sequential data. Xu et al. [19] proposed an en-
hanced Transformer model for extracting spatiotemporal
feature, which employs clustering and normalization
techniques to mitigate operational condition induced va-
riances in raw sequential data. Kim et al. [20] utilized
the harmonic frequency Transformer to construct the re-
lationship between vibration characteristics and the
bearing lubricant degradation. Zhang et al. [21] devel-
oped a Transformer network to simultaneously imple-
ment domain adaption and RUL prediction.

Considering the shortcomings of the RNN based
approaches and the significant potential of the Trans-
former, this investigation presents a novel framework
for bearing RUL prediction based on the Transformer
and BiLSTM ( Transformer-BiLSTM). Additionally,
the Newton-Raphson-based optimizer ( NRBO) [22] is

introduced to define the crucial parameters of the net-
work. The main contributions are as follows.

(1) The Transformer-BiLSTM model is construc-
ted, which integrates the multi-head attention (MHA)
mechanism and BiLSTM to extract both global and local
characteristics from the bearing run-to-failure data.

(2) Using the number of hidden layer neurons,
the learning rate, and the magnitude of the regulariza-
tion parameter in the model as the inputs of NRBO,
and taking the mean squared error (MSE) between the
predicted values and the ground truth as the maximum
fitness, the optimal hyperparameter combination for the
prediction model can be automatically obtained.

1　 Background theory

1. 1 　 Transformer and multi-head attention mecha-
nism

　 　 The Transformer is a deep learning framework
which employs self-attention mechanisms to capture
global dependencies among sequence elements, which
mainly consists of the input layer, an encoder, and a
decoder. This design paradigm exhibits superior paral-
lelization capacity and flexible structural representa-
tional ability.

The self-attention module ( SAM) is the pivotal
component within the Transformer, as illustrated in
Fig. 1. The input matrix X is multiplied by the weight
matrices WQ, WK, and WV, respectively, yielding the
query vector Q, key vector K, and value vector V, as
expressed by the following equation.

Q = XWQ, K = XWK,V = XWV (1)

Fig. 1　 Structure of MHA

Subsequently, the dot product of Q and K is cal-
culated, and the Softmax function is utilized to derive
normalized attention weights, which are then multiplied
with V to obtain the output of the self-attention
module. The complete computation can be formalized as

Attention(Q,K,V) = Softmax QKT

dk
( )V (2)
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where dk denotes the dimension of K, the superscript T
denotes the transpose of a matrix.

The multi-head attention module is constructed by
incorporating multiple self-attention mechanisms.
Through projecting the input matrix X into parallel self-
attention modules, the matrix is processed by different
modules, thereby generating diversified feature repre-
sentations. Specially, H independent sets of Qi, Ki,
Vi( i = 1, 2, …, H) are first computed parallelly via
the multi-head self-attention mechanism, and then the
outputs of all the heads are concatenated. Finally, the
output of the MHA is computed through the linear fully
connected layer, which can be described as

Amulti(Q,K,V) = Concat(h1,h2,…,hH) Wo (3)

where Amulti is the multi-head attention; Wo represents
the weights of the linear fully connected layer; h1,
h2, …, hH denote the outputs of the 1st, 2nd, …, Hth
SAM, H is the number of SAMs; and Concat(·) refers
to the function for concatenating h1, h2, …, hH .

Complementing MHA, these representations are
subsequently processed through LayerNorm and a feed-
forward layer to capture long-term dependencies hidden
in the input data.

In this paper, the input layer and MHA are em-
ployed to extract the latent information from the bearing
condition monitoring data.

1. 2　 BiLSTM
Compared with the traditional RNN, LSTM intro-

duces a dedicated memory cell in its architecture to
store historical information. By leveraging gating mech-
anisms that enable selective utilization of the stored in-
formation, the LSTM can effectively process and model
long sequences.

LSTM comprises three parts: the forget gate, in-
put gate, and output gate[23], as shown in Fig. 2.

Fig. 2　 Structure of the LSTM

At time step t, the mathematical formulations gov-
erning the gating mechanisms and cell state dynamics
in LSTM are defined by

ft = σ Wf × ht -1,xt
[ ] + bf( ) (4)

it = σ Wi × ht -1,xt
[ ] + bi( ) (5)

C t = tanh WC × ht -1,xt
[ ] + bC( ) (6)

C t = ft × C t -1 + it × C t (7)
ot = σ Wo × ht -1,xt

[ ] + bo( ) (8)

ht = ot × tanh(C t) (9)

where ft and it denote the output of the forget gate and

the input gate, respectively; C t is the state of the input
cell; σ represents the Sigmoid function; W and b de-
note the weights and the bias of the model, respective-
ly; tanh refers to the activation function; C t is the state
of the cell; ot is the output of the output gate at this in-
stance; ht and ht - 1 are the output of the hidden layer at
time t and time t - 1, respectively; and xt denotes the
input of the hidden layer at the current time t.

BiLSTM is an extension of the one-way informa-
tion processing mechanism of the LSTM, as shown in
Fig. 3. It integrates the bidirectional structures of the
forward layer and the backward layer on the basis of
LSTM, thereby achieving bidirectional analysis of the
time-series. In this way, BiLSTM can simultaneously
consider the past and future information in the bearing
condition monitoring data, gaining a more comprehen-
sive understanding of the dynamic characteristics of the
degradation sequence[24] . Hence, the prediction per-
formance of the model can be improved.

Fig. 3　 Structure of the BiLSTM

1. 3　 Newton-Raphson-based optimizer
NRBO is a novel meta-heuristic algorithm, which

was proposed by Sowmya et al. [22] in 2024. NRBO is
inspired by the Newton-Raphson method, and it em-
ploys two rules to explore the entire search process: the
Newton-Raphson search rule ( NRSR) and the trap
avoidance operator ( TAO). Additionally, it utilizes
several sets of matrices to further seek the optimal re-
sults. The NRSR adopts the Newton-Raphson method
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to enhance the exploratory capability of NRBO and ac-
celerate the convergence speed, while TAO assists NR-
BO in avoiding local optimum traps. The core strate-
gies of NRBO will be detailed in the following descrip-
tion.

(1) Initialization
In this stage, initial populations are generated

randomly according to Eq. (10).

xn
j = lb × rand(ub - lb),
n = 1,2,…,NP,and j = 1,2,…,dim

(10)
where xn

j represents the jth dimension of the nth popula-
tion; rand denotes a random number between (0, 1);
Np is the number of the populations; dim refers to the
dimension of the task; lb and ub are the lower and up-
per bounds of the variables, respectively. The popula-
tion matrix for all dimensions is described as

Xn =
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(11)

(2)NRSR
NRSR derives a position update formula by ap-

proximately calculating the first-order derivative and
the second-order derivative. During the iterative
process, the algorithm introduces an adaptive parame-
ter δ to adjust the convergence speed, thereby balan-
cing the breadth and precision of the search in the opti-
mization process. As the number of iterations increa-
ses, δ gradually decreases, leading to a reduction of
the step size, which helps the algorithm converge more
accurately to the optimal solution. Meanwhile, the
NRSR incorporates randomness to enhance the explora-
tory performance of the optimization process. The for-
mula is:

xn+1 = xn - f′(xn)· f″(xn)(1 + δ·randn(1,
dim))

(12)
where xn and xn + 1 respectively represent the nth and
the (n + 1) th term solutions in the Taylor series, f′
and f″ denotes the first- and second-order derivatives of
the objective function, while randn(1, dim) denotes a
random number related to dim. The adaptive parameter
δ is expressed as

δ = 1 - 2 × IT
Max_IT( )( )

5
(13)

where IT represents the current iteration count, Max_IT
denotes the maximum number of iterations.

(3) TAO
In order to avoid local optimum, NRBO intro-

duces TAO, which identifies potential trap regions by
analyzing the distribution of the current population.
When an individual is detected to be located in a trap
region, TAO will apply a random mutation operation to
enable the individual to escape from the current trap,
thereby increasing the probability of the algorithm for
finding the global optimal solution.

2　 The proposed RUL prediction model for
the bearing

2. 1　 The framework of the presented RUL predic-
tion method

　 　 The bearing RUL prediction consists of two mod-
ules: offline training and online test, as shown in Fig. 4.
In the first part, the prognosis model is learned with
the training dataset {xt, yt}, where xt denotes the ma-
trix constructed by the degradation sensitive features.
For each training sample xt, a corresponding label yt is
assigned, indicating the percentage of the RUL relative
to the total lifespan at time t. Let lc be the entire lifes-
pan of the bearing, and let lt denote RUL at time in-
stant t. Hence, yt is calculated by

yt =
lt
lc

(14)

To eliminate the effect caused by excessively large
differences in the service lives of different bearings,
the RUL label for the test set is defined using the same
method, which represents the remaining life percentage
of the bearings in the test set.

To improve the prediction precision, a Transform-
er-BiLSTM framework is proposed for modeling the rela-
tionship between the features and the RUL. Further-
more, the NRBO algorithm is introduced to search for
the optimal values of the crucial parameters. Specific-
ally, the steps are described as follows.

(1) Extract features from the run-to-failure bear-
ing vibration signals in terms of the time domain, fre-
quency domain, and time-frequency domain to con-
struct an original feature set.

(2)Assign certain weights to evaluation indexes,
i. e. , the correlation, the monotonicity, and the ro-
bustness, and develop a comprehensive evaluation in-
dex to select features with a comprehensive index high-
er than a predefined threshold, thereby obtaining a
bearing degradation sensitive feature set.

(3) Construct the training set and normalize the
features, then input them into the prediction model for
training, and adopt the NBRO to optimize the key hy-
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Fig. 4　 The proposed framework for bearing RUL prediction

perparameters of the RUL prediction model with the ob-
jective function of minimizing the MSE. Finally, output
the optimal parameters and update the model parameters
to obtain the learned prediction model.

(4) Construct a test set and perform feature nor-
malization, then input the test samples into the trained
model for validation. Finally, calculate the mean absolute
error (MAE) and the root mean squared error (RMSE)
of the prediction results to evaluate the model.

More details about the steps will be described in
the following sections.

2. 2　 Feature extraction and selection
When performing RUL prediction for the bearing

with data driven approach, features should be extracted
from the condition monitoring signals to comprehensively
represent the health state of the bearing, which is the
foundation for the subsequent RUL prediction[25 - 26] .
During the working life of bearings, wear often occurs
due to factors such as operating time and environmental
changes, leading to a continuous performance degrada-
tion. If performance degradation or other abnormalities
occur, corresponding features will appear in the vibra-
tion signals.

To represent the bearing state from different as-
pects, features are exacted from the vibration data in
terms of time domain, frequency domain, and time-fre-
quency domain, as illustrated in Table 1. It can be
seen from the table that 10 time-domain features, in-
cluding Kurtosis, root mean square, are computed from
the vibration data. Additionally, signals are trans-
formed through the fast Fourier transform, and six fea-
tures are extracted from the frequency domain. In order
to mine the non-stationary and nonlinear characteristics
of the vibration signals, the wavelet packet decomposi-
tion is employed to decompose the original signal into 3
layers, generating 8 sub-frequency bands arranged
from low frequency to high frequency. Therefore, 16
features can be obtained by calculating the energy and
energy ratio of each band.

Table 1　 Features extracted from the bearing vibration signals

Class Feature

Time-domain
features

T1: Average absolute amplitude

T2: Skewness

T3: Kurtosis

T4: Root mean square

T5: Waveform factor

T6: Crest factor

T7: Impact factor

T8: Peak-to-peak value

T9: Standard deviation

T10: Clearance factor

Frequency-domain
features

F11:Central frequency

F12: Mean square of frequency

F13: Root mean square of frequency

F14: Variance of frequency

F15: Standard deviation of frequency

F16: Mean of spectral kurtosis

Time-frequency-
domain features

TF17 - TF24: Energies of eight wavelet
packet coefficients

TF25 - TF32: Energy ratios of eight
wavelet packet coefficients

As mentioned above, 32 features are extracted
from the vibration data to represent the bearing ’ s
health state. However, some features may be not sensi-
tive to the bearing degradation. Consequently, these
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features should be recognized and eliminated to simpli-
fy the RUL prediction model and increase the accuracy
of the forecast results. In this work, three index are
utilized to measure the quality of the features, i. e. ,
the correlation, the monotonicity, and the robustness.

During the overall working life of the bearing, it
degrades as the operating time increases, so a high-
quality feature should be relative to the time, which
can be computed by[27]

Corr(F) =
∑ T

t = 1
(L t - L- t)(Ft - F- t)

∑ T

t = 1
(L t - L- t) 2∑ T

t = 1
(Ft - F- t) 2

(15)

where Corr (·) indicates the correlation between F
and the time, {L t} t = 1: T represents the time points for
signal collection, T stands for the number of time

points, and L- t is the mean value of { L t } t = 1: T;

{Ft} t = 1: T denotes the feature sequence, and F- t is its
average value.

To calculate the monotonicity and robustness,
each feature sequence F is decomposed to a trend
item Fm and a random part F r: F = Fm + F r . Fm

is obtained by computing the average value in a slid-
ing window, and F r is calculated by subtracting Fm

from the original feature F. After that, the monoto-
nicity Mon(F) and robustness Rob(F) can be compu-
ted by[26]

Mon(F) = dF > 0
T - 1 - dF < 0

T - 1
(16)

Rob(F) = 1
T∑

T

t = 1
exp - Fr

t

Ft
[ ] (17)

where dF denotes the differentiation with respect to
time of the trend item, dF > 0 and dF < 0 stand for
the number of positive differential values and negative
ones, respectively.

The values calculated by Eqs. (15) - (17) are
all within the range of [0, 1]. The closer a value is to
the upper limit of this interval, the better the correla-
tion, monotonicity, and robustness exhibited by the
corresponding feature sequence. To measure the fea-
tures comprehensively, an integrated evaluation index
Z is computed through summarizing the weighted corre-
lation, monotonicity, and robustness by

Z = ω1Corr(F) + ω2Mon(F) + ω3Rob(F),

∑
3

i = 1
ωi = 1,ωi > 0

(18)

where ωi denotes the weight of each evaluation index.

2. 3　 Prediction model construction
For the time series constructed by the features

during the overall working life of the bearing, the
Transformer is capable of mining the global character-
istics of data with the multi-head self-attention mecha-
nism and the feed forward network. Additionally,
BiLSTM can utilize its recurrent characteristic to ex-
tract short-term dependence of the feature sequences.
Hence, in this investigation, a bearing life prediction
model is developed based on the Transformer and BiL-
STM to capture the nonlinear relationship between the
deterioration sensitive features and the RUL, as de-
picted in Fig. 5. The model includes the Transformer
part, the BiLSTM module, and the fully connect-
ed ( FC) part.

Fig. 5　 Structure of the Transformer-BiLSTM

(1) The training datasets are first input into the
Transformer part, which consists of the positional en-
coding and 2 self-attention layers. The multi-head at-
tention mechanism is utilized to extract data character-
istics at different positions and then concatenate them
together.

(2) The hidden representations captured by the
Transformer module are then input into the BiLSTM
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part. Through a BiLSTM layer and the activation func-
tion, the BiLSTM part can learn the unit information
in both the forward and backward directions at each
time point and obtain the output values for each time
step, thereby capturing the temporal correlations in
the time series.

(3) The output of BiLSTM is subsequently input
into a dropout layer, and a stochastic dropout regulari-
zation technique is implemented by randomly deactiva-
ting neural units with a predetermined probability to a-
void overfitting induced by excessive parametric com-
plexity.

( 4 ) The data stream is finally propagated
through a fully connected layer to generate RUL pre-
dictions.

The choice of optimizer is crucial for enhancing
the speed and performance of model parameter opti-
mization. A suitable optimizer can assist the model
in converging to the optimal solution more rapidly.
In this paper, the Adam optimizer, which is compu-
tationally efficient and enables fast convergence, is
adopted. BiLSTM captures temporal dependencies
through a bidirectional strategy. However, its nu-
merous gate structures imply a correspondingly large
number of parameters to be learned. Therefore,
finding an appropriate number of BiLSTM units is
particularly important, as both an excessive and an
insufficient number of units can affect model per-
formance and prediction results. In addition, the
values of hyperparameters such as learning rate and
regularization parameter also need to be further de-
termined, so as to enable the model to achieve high-
er accuracy and stability.

In order to find the optimal values of the afore-
mentioned parameters, the NRBO algorithm is intro-
duced for parameter optimization. With the NRBO, the
most suitable values of parameters are defined, reduc-
ing the effects of parameters on the forecast results and
guaranteeing high prediction accuracy.

3　 Experimental verification and discussions

3. 1　 Dataset description
To demonstrate the effectiveness and advantage of

the proposed method, the run-to-failure vibration sig-
nals of bearings are employed for experimental verifica-
tion, which were published for IEEE Prognostics and
Health Management 2012 Prognostic Challenge. The
data were acquired from the PRONOSTIA platform[28],
with a sampling frequency of 25. 6 kHz and an interval
of 10. 0 s, and each sampling duration is 0. 1 s. The

testbed is shown in Fig. 6.

Fig. 6　 The PRONOSTIA platform

This dataset comprises run-to-failure data of bear-
ings under three different working conditions with var-
ying loads and rotational speeds. In this work, the
learning dataset of condition 1, i. e. , Bearing 1_1 and
Bearing 1_2, are employed for model training, and the
monitoring data of the Bearing 1_3 are selected to vali-
date the presented methodology. The details of the ex-
perimental data are described in Table 2. During the
life test, bearings deteriorate mainly due to the hori-
zontal force, and therefore the horizontal vibration sig-
nals demonstrate more obvious degradation trends than
the vertical signals. Hence, the monitoring data col-
lected from the horizontal direction are used for bearing
RUL prediction.

Table 2　 Details of the experimental data

Condition 1 Training data Testing data

Load: 4 000 N
Speed: 1 800 r·min - 1

Bearing 1_1
Bearing 1_2

Bearing 1_3

3. 2　 Feature engineering
To indicate the health state of the bearing compre-

hensively, features from different domains, as illustra-
ted in Table 1, are computed from the raw vibration
signals. Specifically, the vibration data of Bearing 1_1
and Bearing 1 _2 are processed, and 32 original fea-
tures are extracted. Additionally, since appropriate
health indicators can simplify the prediction model and
improve the accuracy of the prognosis results, the orig-
inal features are then measured and selected.

As illustrated in subsection 2. 2, three evaluation
indexes, i. e. , the correlation, monotonicity, and ro-
bustness are calculated for each feature, as shown in
Fig. 7 - Fig. 9. It can be seen from the figures that
different features exhibit varying performances for dif-

511　 HIGH TECHNOLOGY LETTERS | Vol. 32 No. 2 | Jun. 2026



ferent bearings. Specially, the time-domain features of
Bearing 1 _1 show better correlation and monotonicity
compared to those of Bearing 1_2, while the frequency-
domain features demonstrate the opposite characteris-
tics. Additionally, the correlation values of time-fre-
quency-domain features of Bearing 1_1 are higher than
that of Bearing 1_2, while a diametrically opposed pat-
tern is observed for the monotonicity. However, the ro-
bustness values of these two bearings are similar. Giv-
en ω1 = 0. 4, ω2 = 0. 4, and ω3 = 0. 2, the compre-
hensive index is calculated for each feature according
to Eq. (18), and the average value of the indexes of
the two bearings in the training set are computed, as
depicted in Fig. 10.

To select the suitable features, a threshold is set
to be 0. 55, and the features whose average value of
the comprehensive index exceeds 0. 55 are screened as
damage sensitive features. Specially, the selected fea-
tures are F1, F2, F3, F6, TF1, TF5, TF11, TF12,
TF13, TF15, TF16, and they are utilized for prognosis
model training.

Fig. 7　 The correlation of the original features

Fig. 8　 The monotonicity of the original features

Fig. 9　 The robustness of the original features

Fig. 10　 The average of the comprehensive index

3. 3　 The optimization for crucial parameters
To verify the effectiveness of the NRBO for optimi-

zing the crucial parameters of the presented Transform-
er-BiLSTM model, the NRBO is utilized to determine
the following three parameters: the number of neurons
in the BiLSTM layer, the learning rate, and the regu-
larization parameter, and their corresponding search
spaces are configured as [ 0. 001 0, 0. 100 0 ],
[1. 000 0, 128. 000 0], and [0. 000 1, 0. 100 0].
Following each iterative update of population positions,
the fitness value at the current optimum is computed,
and the evolutionary trajectory of the best fitness values
through successive iterations is illustrated in Fig. 11.
It can be observed that the fitness monotonically de-
creases with the increase of iterations until reaching an
equilibrium state, indicating progressive enhancement
in the model’ s predictive accuracy. Notably, the nu-
merical convergence is attained as early as the 3rd iter-
ation, ultimately yielding the globally optimal fitness
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value. Accordingly, the Transformer-BiLSTM model
optimized by the NRBO exhibits accelerated conver-
gence characteristics. Upon convergence, the optimal
values of the BiLSTM layer, the learning rate, and the
regularization parameter are determined as 0. 022 1,
98. 000 0, and 0. 000 1. The optimized parameters are
then employed to update the prediction model architec-
ture, and the model is learned with the training data-
set.

Fig. 11　 The optimum fitness during the iteration

3. 4　 Results and discussions
To validate the effectiveness of the NRBO for de-

termining the parameters of the Transformer-BiLSTM
model, the sensitive features extracted from the run-to-
failure data of the Bearing 1_1 and Bearing 1_2 are de-
ployed to train the network, and the corresponding fea-
tures of the Bearing 1 _3 are involved for testing. To
show the superiority of the NRBO optimized Transform-
er-BiLSTM model (NRBO-Transformer-BiLSTM), the
Transformer-BiLSTM model without optimization, the
Transformer, the BiLSTM, and the deep neural net-
work (DNN) are used for comparison. To ensure fair-
ness, the input of the compared methods is identical to
that of the proposed method, both utilizing the sensitive
features extracted in subsection 3. 2.

The RUL prediction results of different methods
are illustrated in Fig. 12,and the sample number cor-
responding to the x-axis refers to the data collection
time point. It can be seen from Fig. 12 that the curve
generated by the NRBO-Transformer-BiLSTM demon-
strates superior alignment with ground truth values, ex-
hibiting the closest approximation to the actual RUL
among all the approaches. In addition, in the early
stage of the entire life cycle, there is a significant dis-
crepancy between predicted values and actual values
for all the methods. The reason for this phenomenon is

that during the early run-in period, the bearing condi-
tion undergoes significant and irregular variations,
leading to lower prediction accuracy.

To evaluate the performance of the NRBO-Trans-
former-BiLSTM quantitatively, MAE and RMSE of the
results produced by different methods are calculated, as
shown in Table 3. The formulas for computing these two
indexes are illustrated in Eqs. (19) and (20), and a
smaller value of the index indicates higher prediction ac-
curacy and greater model efficacy, demonstrating superior
prognostic capability in RUL estimation tasks.

MAE = ∑
T

t = 1
yt - ŷt

( ) / T (19)

RMSE = 1
T∑

T

t = 1
yt - ŷt

( )2 (20)

where yt denotes the real value of the RUL at time t,
and ŷt represents the predicted RUL.

Table 3　 The MAE and RMSE of the predicted RUL

Model MAE RMSE

BiLSTM 0. 084 3 0. 099 2

Transformer 0. 086 0 0. 141 2

Transformer-BiLSTM 0. 068 3 0. 084 8

NRBO-Transformer-BiLSTM 0. 061 8 0. 076 4

DNN 0. 090 8 0. 130 2

According to Table 3, Transformer and DNN per-
form the worst, with the highest RMSE and MAE, re-
spectively. The reason may be that the Transformer
predominantly focuses on global dependencies, conse-
quently overlooking critical local patterns that are es-
sential for accurate RUL prediction. Meanwhile, the
inferior performance of the DNN lies in its inherent ina-
bility to model temporal dependencies. Additionally,
the BiLSTM is capable of extracting short-term features
from data, and thus it achieves higher precision. By
integrating the strengths of these two models, the
Transformer-BiLSTM architecture can generate more
accurate predictions of bearing life, with the MAE of
0. 068 3, and the RMSE of 0. 084 8.

Furthermore, with the parameter optimization of
the NRBO, the RUL can be estimated more accurate-
ly, and the MAE and the RMSE are decreased by
6. 50% and 9. 91% . This is due to the fact that the
NRBO can automatically search the optimal hyperpa-
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rameters, which eliminates the error introduced by
manually parameter determination. Hence, the pro-
posed methodology is capable of obtaining the optimal

configuration, including hidden layer units, the learn-
ing rate, and the regularization parameter, without pri-
or domain knowledge.

　 　

　 　

Fig. 12　 The prediction results for the Bearing 1_3 with different models

4　 Conclusions

In this investigation, through integrating the
Transformer and the BiLSTM, a novel bearing RUL
prediction method is proposed by developing an NRBO
optimized Transformer-BiLSTM architecture, and the

following conclusions can be concluded from the exper-
imental results.

(1) By combining the multi-head attention mech-
anism of the Transformer for capturing long-range tem-
poral dependencies with the BiLSTM for extracting
short-term temporal relationships, a more robust map-
ping between extracted features and the bearing life can
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be established, thereby the accuracy of RUL estimation
can be enhanced.

(2)With the optimization for the crucial parame-
ters of the Transformer-BiLSTM model, the NBRO-op-
timized model achieved 6. 50% and 9. 91% reductions
in MAE and RMSE, respectively, compared to the
non-optimized baseline. Therefore, the NRBO’ s effi-
cacy in optimizing neural network hyperparameters
without prior empirical guidance are validated, and the
proposed methodology demonstrates enhanced predic-
tion accuracy and superior stability in bearing RUL es-
timation.

In this study, the proposed life prediction method
has been applied only to bearings. In future work, it
will be extended to other mechanical components, such
as gears, to further validate its generalization. Addi-
tionally, along with vibration data, other signals like
current and temperature will be introduced to represent
the bearing’ s health state for more accurate predic-
tions.
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