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Abstract

Accurately predicting the remaining service life of relay protection equip-
ment is crucial for maintaining the stability and safety of power systems.
This study proposes a prediction method, based on the Transformer-Holt
model, to improve the accuracy and generalization ability of predicting the
remaining life of relay protection equipment. This method combines the deep
learning ability of the Transformer model and the time-series smoothing
processing function of the Holt model to develop a new type of prediction
model. The experimental results showed that on the Commercial Modular
Aero-Propulsion System Simulation (CMAPSS) dataset, the prediction accu-
racy of this model reached 0.98, the prediction delay score was 0.90, and
the generalization ability score was 0.95, all of which were significantly
better than the comparison models. In the actual prediction scenarios, the
evaluation parameters of mean square error, root mean square error, and
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mean absolute error of the model were 0.05, 0.21 and 0.15 respectively,
demonstrating excellent performance. The proposed Transformer-Holt model
provides a new technical approach to the predictive maintenance of power
systems.

Keywords: Transformer-Holt model, relay protection equipment, remaining
life prediction, time-frequency domain sequence.

1 Introduction

The relay protection equipment (RPE) in a power system (PS) is a key
component that ensures the continuity and safety of power supply. Real-time
monitoring of RPE performance status and its remaining useful life (RUL)
is crucial for preventing unexpected power outages, reducing maintenance
costs, and avoiding economic losses. However, due to the complexity and
the variability of the operating environment, accurately predicting the RUL
of RPE remains a huge challenge [1, 2]. Deep learning, as a powerful data-
driven approach, has made revolutionary progress in image recognition and
natural language processing. However, designing a model that can capture
device operating characteristics and accurately predict future states remains
a problem when applying it to RUL prediction in PS [3, 4].

In view of the limitations of traditional methods in remaining useful
life prediction and the insufficiency of the application of deep learning
models, reference [5] proposed a variety of deep learning methods. The
research results show that the Transformer deep learning model performs
exceptionally well when dealing with large-scale datasets. Its average Nash-
Suttcliffe efficiency (NSE) reaches 0.72, and the average root mean square
error is 32.52, significantly outperforming other models, demonstrating high
efficiency and accuracy in multi-day predictions [5]. Reference [6] used intel-
ligent algorithms to improve the precision of fault prediction models for RPE.
This combined model effectively captured variable correlations, enhancing
prediction accuracy [6]. Considering challenges like extreme weather, cyber-
attacks, increased PS loads, and limited investment, reference [7] explored
machine learning applications in PS protection. These applications cover
synchronous generators, power transformers, and transmission lines. The
study also discussed the opportunities and challenges associated with using
machine learning [7]. To address protection maloperations during power
transformer energization, reference [8] proposed a new method. It was com-
putationally efficient and did not require special inrush current detection.
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This method was reliable for power transformer protection [8]. Reference [9]
developed an optimized algorithm for predicting the life of residual current
circuit breakers. This method avoided local optima and improves prediction
accuracy. It kept the relative error below 10% when predicting pseudo-failure
life, meeting engineering needs [9]. Reference [10] designed a data mining-
based analysis system for RPE. It used an intelligent analysis architecture and
a class-based frequent itemset mining algorithm. The research confirmed the
system’s effectiveness [10].

In summary, although some progress has been made in power equipment
condition monitoring and fault diagnosis in recent years, existing technolo-
gies still have shortcomings in prediction accuracy, real-time performance,
and adaptability. Traditional physics model-based methods often rely on
a deep understanding of device operating mechanisms, but their ability to
handle complex and nonlinear problems is limited. However, although data-
driven methods can provide more accurate predictions in some cases, they
typically require a large amount of historical data and are not good at
generalizing to new or unknown failure modes.

The proposed research aims to improve the efficiency and reliability of
maintaining RPE in PSs by using innovative predictive techniques. This will
reduce the risk of unexpected power outages and optimize maintenance costs.
The motivation for this research stems from the importance of ensuring the
safe and stable operation of PSs and the understanding of the limitations
of existing prediction technologies. The goal is to provide more accurate
technical support for the predictive maintenance of power equipment by
combining deep learning and time-series analysis. The Transformer-Holt
model [11] is proposed and verified in the study, which significantly improved
the accuracy and generalization ability of predicting the remaining life of
RPE. Transformer-Holt model also known as the double exponential smooth-
ing method, is a forecasting technique widely used in time-series analysis. It
was developed by Charles Holt in 1957 as an improvement on Brown’s simple
exponential smoothing method. The model’s ability to perceive the status
of equipment operations has been enhanced by introducing time-frequency
domain data preprocessing and multi-channel attention. This provides a
new technical approach for predictive maintenance of the PS and promotes
technological progress in related fields.

The paper is organized as follows: The first section of the article is an
introduction that highlights the importance of RPE in PSs and the neces-
sity of accurately predicting its RUL. The second section, dealing with
“Methods and Materials,” elaborates on the research methods and materials
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used. Firstly, the state assessment system of RPE was selected. Then, a
RUL prediction model based on the Transformer architecture in the time-
frequency domain is proposed. The time-series data of the Transformer in
the time-frequency domain is smoothed using the Holt model. The third
section, dealing with “Results,” presents the performance test and evaluation
results of the Transformer-Holt model. Section four covers the conclusion,
which summarizes the model’s efficiency and accuracy in predicting the RUL
of RPE.

2 Methods and Materials

First, this section constructs the RPE state evaluation system. This is followed
by the proposal of an RPE remaining life prediction model with the time-
frequency domain Transformer architecture. Finally, the time-series data of
the time-frequency domain Transformer is smoothed using the Holt model.

2.1 Selection of RPE Status Assessment System

It is crucial to implement status monitoring and life assessment to assure
the reliable operation of RPE in substations. By regularly evaluating the
current status of these devices, accurate information on their operation can
be obtained in a timely manner. This helps prevent potential failures. It also
predicts the possible failure time of equipment. This allows maintenance or
replacement measures to be taken in advance. As a result, the continuity and
safety of the PS are effectively guaranteed. The RPE system of the substation
is shown in Figure 1.

Figure 1 Substation RPE diagram.
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Figure 2 State evaluation index system diagram of RPE.

In Figure 1, the RPE of the substation includes protection devices, mon-
itoring tools, data integration units, intelligent interfaces, current conversion
equipment, voltage conversion equipment, disconnection devices, intelligent
circuit breaker equipment, data exchange equipment, transmission carriers,
and time synchronization signal sources. These components work together
to form a comprehensive protection and monitoring network, ensuring the
safe and efficient operation of the PS. When evaluating the safety protection
equipment of the PS, two main evaluation criteria can be used: mainte-
nance related standards and operational standards. The runtime standards
mainly rely on the data obtained from real-time monitoring, while mainte-
nance related standards focus on historical operational data and maintenance
archives. This study establishes an evaluation system that reflects the failure
rate of electronic components in RPE. The system is based on the princi-
ples of criticality, observability, quantifiability, and actual utility. The status
evaluation index system of RPE is shown in Figure 2.

In Figure 2, the evaluation system not only considers the performance
of the equipment in actual operation, but also integrates the historical
maintenance information of the equipment to comprehensively evaluate its
performance and reliability. Through this method, potential equipment fail-
ures can be predicted more accurately, thereby optimizing maintenance plans
and improving the stability and safety of the PS. Additionally, the evaluation
system emphasizes analyzing failure modes of electronic components. This
helps identify and improve weak links in equipment design, thereby enhanc-
ing durability and reliability. When monitoring the status of safety protection
equipment, it is required to obtain operational status data indicators such
as processor temperature, fault frequency, operating voltage, and number of
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maloperations. A metric that reflects the degree of deviation between data
indicators and standard values is defined as performance degradation, with
a value ranging from 0 to 1. According to the performance characteristics
of data indicators, they are classified into optimization type and degradation
type [12, 13]. For optimized data metrics such as processor temperature, the
degree of performance degradation is shown in Equation (1).

xi =

(
Vi − Vi0

Vimax − Vi0

)
α (1)

In Equation (1), xi represents the degree of performance degradation;
Vimax represents the maximum limit value of the data indicator; Vi is the
actual monitored data; Vi0 is the operating standard value, which is the
reference value for good equipment status; α is the parameter, set to 1 to
reflect the impact of parameter changes on equipment status. For degraded
data indicators such as insulation performance, their degree of performance
degradation is shown in Equation (2).

xi =

(
Vi0 − Vi

Vi0 − Vimin

)
α (2)

In Equation (2), Vimin represents the minimum limit value of the data
indicator. According to expert opinions and equipment operation experi-
ence, the equipment status contains the following classifications: “Excellent”,
“Need to pay attention”, “Abnormal”, and “Faulty”. The classification of
status levels is based on the degree of degradation, where the “Excellent”
level corresponds to a degree of degradation between 0 and 0.2. This indicates
that the performance of the equipment is close to ideal. The corresponding
degradation degree of the “Need to pay attention” level is between 0.2 and
0.5, indicating a decrease in device performance and requiring attention. The
“Abnormal” level corresponds to a degradation degree between 0.5 and 0.8,
indicating significant issues with equipment performance that require further
inspection. The “Faulty” level corresponds to a degradation degree between
0.8 and 1, indicating a serious decline in equipment performance and the
possibility of a malfunction. The expected lifespan of the equipment also
needs to be predicted.

2.2 RUL Prediction of RPE based on Transformer Model

After constructing the RPE state evaluation system, this study further devel-
ops a comprehensive deep life prediction method, which is mainly based on
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Figure 3 Residual life prediction frame diagram of RPE.

an improved time-frequency domain Transformer model. Unlike traditional
step-by-step processing methods, the model proposed by the research can
achieve direct prediction from initial data to RUL without the need for manual
intervention or explicit feature selection. This deep learning algorithm offers
several key advantages for life prediction. It simplifies the data preprocessing
step, enhances the model’s adaptability to different scenarios, and reduces the
need for professional domain knowledge, all while maintaining a high pre-
diction accuracy. This method automatically extracts features from raw data,
eliminating the need for tedious preprocessing and feature selection steps.
This improves the efficiency of data processing and increases the model’s
running speed [14, 15]. The RPE remaining life prediction framework is
shown in Figure 3.

In Figure 3, the model architecture is divided into data preparation and the
construction and application of deep learning models. Data preparation is a
prerequisite for a model to learn and predict efficiently, covering data purifi-
cation, normalization, and extraction of key information. The construction
and application of deep learning models are the essence of the entire model
architecture. Using carefully prepared data to cultivate the model allows it
to capture the inherent patterns and correlations in the data. Then, it can
calculate the expected remaining service life of mechanical equipment based
on this data. In the data preparation stage, invalid or erroneous data points
are carefully removed, the data is adjusted to a uniform level, and features
that are crucial for the prediction task are identified. During the model
construction and application phase, these optimized data are used to train
deep learning models. These models can understand and simulate complex
relationships in the data, thereby accurately predicting the device’s RUL. The
improved Transformer-Holt model proposed in the study integrates causal
convolution units and multi-channel masked self Attention Mechanism (AM)



108 Zhenguo Ma et al.

Figure 4 The Transformer-Holt model structure.

while introducing a fusion prediction unit that processes time-frequency
domain data. AM is a technique in deep learning that simulates human
attention allocation. By assigning different weights to different parts of the
input data, the model can focus on the information that is more crucial to
the task. This unit solves the shortcomings of previous models in processing
such data and enhances prediction accuracy by deeply analyzing complex,
multidimensional features in the degradation process [16, 17]. Figure 4
illustrates the model structure.

In Figure 4, the model structure includes a data preprocessing layer,
an encoder layer, and a comprehensive prediction layer. The encoding
layer is the backbone of the improved time-frequency domain Transformer
model; this layer is responsible for in-depth encoding and modeling of time-
frequency feature data. It adopts a multi-channel AM, which is composed of
several different self-attention configurations, each optimized and adjusted
for specific task requirements and data characteristics. Comprehensive atten-
tion combines basic AM with causal masking to shield the influence of future
time steps. This ensures that the weight of time steps is retained only until
the previous time step before the current one. The attention distribution is
calculated by querying the similarity between query Q and the key value
K, and then weighting the numerical value V to obtain a new numerical
representation, as shown in Equation (3).

Attention(Q,K, V ) = Softmax

(
QKT

√
dk

·M + (1−M) · (−∞)

)
V (3)

In Equation (3), Q is the query; K is the key value; V is the numerical
value; and M is the causal mask matrix, retaining only the time step weights
before time period i (i represents the time step). Local attention and local
logarithmic attention are introduced into the local mask to limit the scope
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of AM. The score of irrelevant positions is set to negative infinity through
the local mask, and then the Softmax operation is performed. Local loga-
rithmic attention is combined with the logarithmic function to determine the
local window size, improving the perception of local changes, as shown in
Equation (4).

Attention(Qh,Kh, Vh) = Softmax

(
QhK

T
h√

dk
⊙Mh

)
Vh (4)

In Equation (4), ⊙ represents element-wise multiplication; and Mh is a
local mask matrix. As shown in Equation (5), the attention distribution is
sparsified using probability masks, and queries and key pairs are selectively
focused to reduce computational complexity.

Attention(Q,K, V ) = Softmax

(
QKT

√
dk

)
V (5)

In Equation (5), Q̄ represents a sparse matrix. The Fast Fourier Transform
(FFT) algorithm is used in the frequency domain to capture the periodicity
and frequency information of the sequence and process time-series data, as
shown in Equation (6).

Attention(Q,K, V ) = FFT−1(FFT(Q) · FFT(K)) · V (6)

In Equation (6), FFT−1 is the Inverse Fourier Transform; FFT is the
Fast Fourier Transform; and FFT is the Conjugate Fourier Transform. The
integration of the AM Multihead Mask allows the model to simultaneously
consider the interrelationships between different regions and attributes. The
application of the mask technique ensures that information interference at
subsequent time points is eliminated during the construction of integrated
features, optimizing the model’s processing of time-series data [18, 19]. The
comprehensive effect of this design significantly improves the performance
of the model in identifying system degradation characteristics and tracking
their changing trends.

2.3 Time Frequency Domain Sequence Data Processing Based
on Transformer-Holt Model

The Transformer-Holt model proposed in this study has been specially
optimized for the time-frequency domain to adapt to the characteristics of
sequence data in this field. Due to the need for smoothing in time-frequency
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domain sequence data to improve analysis accuracy, the Transformer-Holt
model is chosen for this optimization step. The Transformer-Holt model
can effectively handle data smoothing and trend changes, providing more
accurate and stable input data for Transformer models [20, 21]. One-time
exponential smoothing (ES) is a time-series prediction method that is suitable
for situations where the trend of data changes is relatively stable. The basic
principle is to assign different weights to data at different time points, with
recent data points having greater weights, to predict future values [22, 23].
Equation (7) illustrates the calculation of ES.

Si = αxi + (1− α)Si−1 (7)

In Equation (7), Si is the first-order ES value of the i-th time period; α
is the smoothing coefficient, which ranges from 0 to 1; and xi is the actual
observation value of the i-th period. When α is close to 1, the model pays
more attention to recent observations. When α is close to 0, the model pays
more attention to historical data. The second-order ES method increases the
consideration of trends on the basis of first-order ES, making it adaptable to
time-series with trend changes, as shown in Equation (8).

Si = αxi + (1− α)(Si−1 + ti−1)

ti = β(Si − Si−1) + (1− β)ti−1

x̂i+h = Si + hti

(8)

In Equation (8), ti is the smoothed value of the trend term in the i-th
time period; β is the trend smoothing coefficient, ranging from 0 to 1; hti
represents the quantity of backward smoothing periods; and x̂i+h represents
the predicted value of the i + h time period. Triple ES further considers
seasonal factors and is suitable for time-series with significant seasonal
changes. Specifically, it is shown in Equation (9).

Si = αxi + (1− α)(Si−1 + ti−1)

ti = β(Si − Si−1) + (1− β)ti−1

pi = γ(xi − Si) + (1− γ)pi−1

x̂i+h = Si + hti + pi−k+h

(9)

In Equation (9), pi is the smoothed value of the seasonal term in the i-
th time period; k is the length of the seasonal cycle; and γ is the seasonal
smoothing coefficient, which ranges from 0 to 1. Figure 5 illustrates the RUL
prediction process of the RPE in the Transformer-Holt model.
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Figure 5 RUL prediction process of RPE based on Transformer-Holt model.

In Figure 5, first, the input time-series data is preprocessed, and then
feature selection is performed to extract key temporal features. Then the
data is segmented, and the Transformer-Holt model is constructed with its
hyperparameters determined. The model is trained and evaluated to validate
its predictive performance. Afterwards, the model is deployed to practical
applications for life prediction and maintained and updated with feedback. In
Table 1, this study selects the following evaluation indicators to evaluate the
model.

In Table 1, N is the samples’ quantity; Ŷi is the predicted output of the
model for the i-th sample; Ŷi is the actual observed value of the corresponding
sample; and w is the weight vector. The input tensor p contains n elements.
The error term Error is the difference between the predicted value and the
true value. The term SmoothnessLoss is the average of these errors, and is
used to measure the smoothness of the model’s prediction. For time-series
data, the total number of time steps is N , where yt represents the actual RUL
at time step t, and ŷt is the predicted RUL value of the model.

3 Results

First, in this section the performance of the Transformer-Holt model is tested
to verify its prediction accuracy and generalization ability. Next, the model
is applied to the RUL prediction scenario of actual RPE. Its performance is
then compared and analyzed with other models to demonstrate its superiority
in practical applications.
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Table 1 Formula table of evaluation indicators
Numbering

of
Indicators Symbols Equation Equation

Mean square error
(MSE)

MSE MSE =
1

N

N∑
i=1

(Ŷi − Yi)
2 (10)

Weighted MSE loss L(Ŷ , Y, w)


L(Ŷ , Y, w) =

1

N

N∑
i=1

wi · (Ŷi − Yi)
2

w = [w1, w2, . . . , wN ]

(11)

Smoothness loss SmoothnessLoss

SmoothnessLoss =
1

n

n∑
i=1

Errori

Error = (W ∗
Hp)2

(12)

Smooth weighted
mean square loss

Loss Loss = SmoothnessLoss + L(Ŷ , Y, w) (13)

Mean absolute error
(MAE)

MAE MAE =

N∑
t=1

(|ŷt − yt|)/N (14)

Root mean square
error (RMSE)

RMSE RMSE =

√√√√ 1

N

N∑
t=1

(ŷt − yt)2 (15)

3.1 Performance Testing and Evaluation of Transformer-Holt
Model

To enable the Transformer-Holt model to perform RUL prediction for RPE,
an open-source dataset CMAPSS was selected, the data was cleaned, and key
features were extracted. After normalization and sliding window processing,
the ratio of the training set to the validation set to the test set was 14:3:3. Next,
the Transformer-Holt model was trained and the performance was monitored.
The Transformer-Holt model was compared and analyzed with other models,
including RUL prediction model based on Transformer, RUL prediction
model based on deep convolutional neural network (DCNN), RUL prediction
model based on Deep Gated Recurrent Unit (DGRU), and RUL predic-
tion model based on long short-term memory (LSTM). The accuracy ratio
and recall rates of these five models are shown in Figures 6(a) and 6(b)
respectively.

In Figure 6(a), Transformer-Holt model exhibited the highest accuracy
ratio, ultimately stabilizing at 98%, which was significantly higher than the
accuracy ratio of other compared models. In Figure 6(b), the Transformer-
Holt model also performed the best in terms of recall rate, ultimately
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Figure 6 Accuracy of the five models recall rate.

Figure 7 Iterative graphs of loss functions for five models.

stabilizing at a high level of 90%, far exceeding the recall rates of other
models. This indicated that the Transformer-Holt model could not only
correctly identify positive samples with extremely high accuracy, but also
effectively identify almost all positive samples. This performance made the
Transformer-Holt model highly reliable in prediction tasks, providing highly
reliable prediction results for practical operations. Meanwhile, the model
had good generalization ability when processing data and could maintain
high performance on different datasets. Figure 7 compares the iterative Loss
Function of the five models.

In Figure 7, the Loss Function value of the Transformer-Holt model suc-
cessfully converged after 1000 iterations and remained below 0.20, indicating
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that it effectively reduced the discrepancy of predicted and actual values.
The low Loss Function value indicated that the Transformer-Holt model had
high prediction accuracy, as it could generate prediction results that were
very close to real data. In addition, the fast convergence of the Transformer-
Holt model also demonstrated the efficiency and stability of its algorithm.
Transformer-Holt model not only performed well in prediction accuracy, but
also showed fast convergence speed and good generalization ability during
the training process. Therefore, the Transformer-Holt model was suitable for
practical applications, especially in scenarios that required fast and accurate
prediction. Figure 8 shows the regression results of the Transformer-Holt
model.

In Figure 8(a), the Transformer-Holt model showed good approximation
ability for the predicted RUL values, indicating that it could obtain the

Figure 8 Regression results of Transformer-Holt model.
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Figure 9 Comparison of RMSE and MAE indicators of five models.

specific values of the RUL, and the predicted results were highly consis-
tent with the actual situation. In Figure 8(b), the regression analysis of the
Transformer-Holt on the test set showed a high correlation, with a small
fitting deviation and a very high correlation coefficient, which was close to 1.
This was a strong positive correlation. In Figure 8(c), the Transformer-Holt
model also demonstrated good fitting performance on the validation set, with
a fitting degree of 0.9 or above. It not only performed well on training data,
but also adapted well to unseen data. Figures 9(a) and 9(b) shows the RMSE
and MAE indicators respectively of all five models.

In Figure 9(a), the RMSE value of the Transformer-Holt model remained
below 0.11, significantly lower than the 0.13 of DCNN. In Figure 9(b),
the MAE value of the Transformer-Holt also remained below 0.12. The
low RMSE and MAE values indicated that the Transformer-Holt model
produced robust predictions of RPE RUL with small differences between
predicted and actual values. The ability to maintain low error values under
different error metrics demonstrated the reliability and effectiveness of the
Transformer-Holt model in practical applications.

3.2 Analysis of the Actual Application Effect of Transformer-Holt
model

The Transformer-Holt model and several other comparative models were
applied to a 110 kV substation for RUL prediction of its RPE. The indicators
obtained by all the five models in the RUL prediction process were compared
and analyzed. In Table 2, the prediction time, prediction accuracy, prediction
delay, generalization ability, and user satisfaction indicators were normalized.

In Table 2, the Transformer-Holt model performed well in RUL predic-
tion tasks, achieving a prediction accuracy of 0.98, significantly surpassing
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Table 2 Comparison results of indicators in actual RUL prediction
Model Type Transformer-Holt Transformer DCNN DGRU LSTM
Prediction time 0.95 0.75 0.85 0.70 0.60
Prediction accuracy 0.98 0.90 0.88 0.80 0.75
Prediction delay 0.90 0.65 0.70 0.60 0.50
Generalization ability 0.95 0.85 0.80 0.85 0.81
User satisfaction 0.95 0.89 0.85 0.80 0.75
MSE 0.05 0.07 0.09 0.10 0.12
RMSE 0.21 0.24 0.26 0.28 0.30
MAE 0.15 0.18 0.20 0.22 0.25

Figure 10 The actual RUL prediction of Transformer-Holt model.

other models, indicating its high reliability in prediction accuracy. The
Transformer-Holt model scored 0.90 in prediction latency, indicating that
it could quickly provide prediction results with extremely low latency. In
terms of generalization ability, the Transformer-Holt model score was 0.95,
which demonstrated its strong adaptability and stability on unknown data.
In addition, Transformer-Holt model achieved low error values of 0.05,
0.21, and 0.15 in MSE, RMSE, and MAE respectively, further verifying its
accuracy in prediction. The user satisfaction score was 0.95, which reflected
the high recognition of the Transformer-Holt model prediction results by
users. Figure 10 shows the actual RUL prediction of the Transformer-Holt
model.

In Figure 10(a), the low RMSE and MAE values suggest that the
Transformer-Holt model reliably predicts RPE RUL, with minimal discrep-
ancy between the predicted and actual values. Figure 10(b) shows that the
Transformer-Holt model had a relatively small fitting deviation and a very
high correlation coefficient of 0.99, close to 1. This indicated a strong positive
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correlation and confirmed the model’s reliability and accuracy in predicting
RUL. The prediction results of Transformer-Holt model could accurately
reflect the RUL of the device.

4 Conclusion

To develop a RUL prediction method for RPE in PS, this study constructed
a Transformer-Holt model that optimizes time-frequency domain data to
achieve efficient RUL prediction for RPE. The Transformer-Holt model
achieved significant predictive performance on CMAPSS, with a prediction
accuracy of up to 0.98, MSE, RMSE, and MAE of 0.05, 0.21, and 0.15
respectively, all of which were significantly better than the comparison mod-
els. The Transformer-Holt model also performed well in prediction latency
and generalization ability, with scores of 0.90 and 0.95 respectively. It could
not only quickly and accurately predict RUL, but also adapted to different
datasets, demonstrating good generalization performance. The fitting devia-
tion of the Transformer-Holt model was relatively small, with a correlation
coefficient of 0.99, indicating that its prediction results could accurately
reflect the remaining service life of the equipment. The Transformer-Holt
model had high efficiency and accuracy in RUL prediction. However, further
research is needed on the data sensitivity of the Transformer-Holt model in
extreme situations, and it may face challenges in terms of data quality and
integrity in practical deployment. Future work will further optimize model
algorithms to reduce computational resource consumption and enhance the
potential of models in real-time prediction scenarios.
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