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 A B S T R A C T

This paper proposes a predictive opportunistic maintenance optimization model for lithium-ion batteries based 
on remaining useful life (RUL) predictions. First, we introduce a RUL prediction method based on Multi-Head 
Attention-Temporal Convolutional Networks-Evidential Regression (MA-TCN-ER). The MA-TCN framework 
captures the global dependencies in multi-dimensional degradation time series of batteries, and evidential 
regression quantifies the epistemic uncertainty in predictions. Next, the RUL probability density function (PDF) 
is obtained using kernel density estimation, providing prior knowledge for maintenance decision-making. 
For individual batteries, we develop a multi-objective maintenance model that considers maintenance cost, 
availability and reliability measures to determine the optimal preventive replacement time. Based on the 
optimal replacement time for each component, we calculate the opportunistic maintenance time windows 
to determine the grouping structure for opportunistic maintenance. The effectiveness of the proposed method 
is validated using the Oxford lithium-ion battery degradation dataset and the NASA PCoE battery dataset. 
Experimental results demonstrate that our RUL prediction method provides more accurate RUL estimates than 
other existing approaches.
1. Introduction

Lithium-ion battery is a kind of energy storage system with the 
advantages of long life, low environmental pollution and low self-
discharge rate [1,2]. It is widely used in the fields of electric ve-
hicles [3], high-speed railway [4,5] and aerospace [6]. However, as 
the usage time increases, continuous charge and discharge cycles can 
induce irreversible electrochemical reactions within the lithium-ion 
battery, leading to capacity degradation and performance deterioration. 
In some cases, this may lead to accidents posing a risk to personal 
safety [7].

Prognostics and health management (PHM) by enabling predictive 
maintenance (PdM) can aid to ensure the reliable operation of lithium-
ion batteries and prevent hazardous incidents. This maintenance strat-
egy, integrates remaining useful life (RUL) predictions into mainte-
nance planning for reducing maintenance costs and the frequency of 
occurrence of failures [8–10].

Within PdM, informed and rational maintenance decisions rely on 
accurate RUL predictions. RUL refers to the remaining operational time 
a device can function normally under its current condition, serving as 
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a crucial indicator of its health status or reliability. For lithium-ion 
batteries, RUL typically represents the time from the present moment 
until the state of health (SOH) or capacity falls below a predefined 
threshold [11]. Data-driven approaches have gained popularity in the 
field of RUL prediction for batteries [12], as they bypass the need for in-
depth understanding of the complex physical mechanisms of batteries 
by learning from monitoring data features [13]. Deep learning has be-
come particularly popular for predicting lithium-ion battery RUL, due 
to its ability to extract complex and latent features [14]. For instance, 
Jia et al. [14] proposed a method for predicting the RUL of lithium-ion 
batteries under small-sample conditions, utilizing convolutional neural 
networks (CNN) and deep bidirectional long short-term memory net-
works (DBLSTM). Xie et al. [15] reconstructed the capacity sequence of 
batteries using complete ensemble empirical mode decomposition with 
adaptive noise to form prior knowledge; leveraging the prior knowl-
edge, they employed a CNN-LSTM model to achieve real-time RUL 
prediction for lithium-ion batteries. Similarly, Guo et al. [16] utilized a 
Savitzky-Golay (SG) filter to denoise the aging features of batteries and 
subsequently employed a gated recurrent unit (GRU) neural network 
to predict the RUL of lithium-ion batteries under different charging 
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Fig. 1. The framework of the predictive opportunistic maintenance for lithium-ion batteries.
modes; experimental results demonstrated that the root-mean-square 
error of the predictions could be kept within 1%. The aforementioned 
RUL prediction methods based on CNN and recurrent neural networks 
(RNNs) have achieved promising predictive performance but face two 
major challenges: (1) in multivariate RUL prediction tasks, the internal 
design of CNNs and RNNs exhibits certain limitations. CNNs have 
a limited receptive field, requiring the stacking of multiple layers 
to achieve sufficient coverage [17]. On the other hand, RNNs are 
prone to information loss and exposed to issues such as vanishing 
gradients when processing time-series for regression tasks [13]. (2) 
The aforementioned prediction methods typically focus on develop-
ing point-based RUL prediction approaches using neural networks, 
neglecting predictions uncertainty. However, relying solely on point 
estimates for maintenance decision-making can lead to suboptimal or 
even hazardous outcomes [18–20].

Existing maintenance strategies for lithium-ion batteries are pre-
dominantly developed under the assumption that battery lifetimes 
follow specific distributions, with limited research integrating RUL pre-
diction and maintenance decision-making [18]. For example, Jarčević 
et al. [21] proposed a preventive maintenance strategy involving peri-
odic inspections and scheduled replacements for individual batteries. 
Wu et al. [22] developed a reinforcement learning-based preventive 
maintenance method for lithium-ion batteries, leveraging Monte Carlo 
tree search and deep neural networks to determine optimal mainte-
nance actions. Wang et al. [2] proposed a battery RUL prediction 
method based on the discharge voltage curve, along with inspection 
replacement and age-based replacement maintenance strategies; how-
ever, these two components are independent of each other. Implement-
ing PdM strategies for lithium-ion batteries enables a comprehensive 
assessment of their operational status, ensuring safe, reliable and cost-
effective system performance. Chen et al. [18] proposed a dynamic, 
probability-based RUL PdM strategy that effectively reduces mainte-
nance costs. However, most existing PdM research typically focuses 
only on optimizing maintenance costs. In practice, it is often necessary 
to also consider the impact of maintenance activities on availability 
or reliability [23]. Balancing multiple optimization objectives thus 
becomes an important issue to address. Additionally, most maintenance 
strategies are designed for single components, making it a challeng-
ing task to implement predictive maintenance for multi-component 
systems.

To address the aforementioned challenges, this paper proposes 
a predictive opportunistic maintenance strategy for lithium-ion bat-
teries based on Multi-head Attention-Temporal Convolutional Neural 
2 
Network-Evidential Regression (MA-TCN-ER). First, we introduce a 
MA-TCN framework that overcomes the limitations of CNNs and RNNs, 
significantly improving the predictive accuracy of multi-dimensional 
time-series regression. Second, evidential regression is employed to 
derive reliable RUL point estimates and the probability density function 
(PDF) of RUL. Based on probabilistic RUL, we construct a tripartite opti-
mization model for single-component long-term age replacement, inte-
grating considerations of maintenance cost, availability and reliability 
measures. By optimizing the single-component maintenance model, the 
optimal replacement time for each battery can be determined, and the 
opportunistic maintenance (OM) grouping structure can be identified 
by specifying the OM time window. The main contributions of this 
study are summarized as follows:

(1) This study proposes an MA-TCN-ER-based battery RUL pre-
diction model, which leverages an attention mechanism to filter out 
irrelevant information from raw measurements and employs TCN to 
effectively handle time series regression tasks. Additionally, the use of 
ER enables both reliable pointwise RUL estimation and probabilistic 
RUL prediction, providing valuable insights for maintenance strategy 
formulation.

(2) By considering the maintenance cost, availability and reliability 
measures of components, a multi-objective optimization model for 
single-component maintenance decisions is proposed. Building on this 
model, a predictive opportunistic maintenance strategy for lithium-ion 
batteries is designed.

(3) Two practical numerical examples illustrate the effectiveness of 
the proposed predictive opportunistic maintenance strategy.

The remainder of this paper is organized as follows. Section 2 
provides an overview of the proposed framework for the predictive 
opportunistic maintenance strategy. In Section 3, we analyze the imple-
mentation process of the probabilistic RUL prediction method based on 
MA-TCN-ER. Section 4 presents a multi-objective predictive opportunis-
tic maintenance strategy for lithium-ion batteries, leveraging the RUL 
PDF. In Section 5, the effectiveness of the proposed method is demon-
strated using the Oxford lithium-ion battery dataset and the NASA 
battery dataset. Conclusions and future perspectives are discussed in 
Section 6.

2. The proposed PdM framework

The proposed framework for predictive opportunistic maintenance 
of lithium-ion batteries is illustrated in Fig.  1. The framework consists 
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of three main components: the data preprocessing stage, the RUL 
prediction stage and the maintenance decision-making stage.

In the data preprocessing stage, features indicative of degradation 
are extracted based on voltage, temperature and other data collected 
during the charging phase. The reason for using only the state mea-
surements during the lithium-ion charging process for analysis and RUL 
prediction is that, compared to the discharge process, the charging pro-
cess is typically smooth and stable, allowing for easily and accurately 
measuring the necessary performance parameters of the battery [24,
25]. After normalizing the data, sliding window techniques are applied 
to generate data samples. The multidimensional data samples are fed 
into the MA-TCN-ER model to perform RUL prediction.

In the RUL prediction stage, the trained MA-TCN-ER model is em-
ployed to output the predicted mean and variance. In Fig.  1, 𝐿, 𝑁𝑓 , 𝑁𝐶 , 
𝑁𝑈  represent the time steps of the sliding window, the dimensionality 
of the input features, the number of filters used in the convolutional 
layers of TCN block, and the number of units in the standard fully 
connected layers, respectively. EFC denotes the evidential fully con-
nected layer. The proposed neural network model is trained using 
historical data from lithium-ion batteries, which also undergoes a data 
preprocessing phase. Unlike the test data, historical data includes both 
multidimensional features and RUL labels.

After obtaining the predicted mean and variance of the RUL, the 
RUL estimates under different confidence intervals can be derived. By 
combining kernel density estimation (KDE) techniques, the functional 
form of the RUL PDF can be obtained. Considering the probabilistic 
RUL, the cost rate, availability, and reliability, the optimal maintenance 
timing for each component is identified. Finally, the opportunity main-
tenance grouping structure is determined by setting the opportunity 
maintenance window.

The remaining sections of this paper provide a detailed description 
of each stage.

3. RUL prediction based on MA-TCN-ER

In this section, we propose a MA-TCN model incorporating evidence 
regression to predict the RUL of lithium-ion batteries and use KDE to 
estimate their PDFs.

3.1. MA mechanism

The multi-head attention mechanism was introduced by Vaswani 
et al. in 2017 [26], which is an extended form of the attention mecha-
nism in deep learning models. Compared to a single attention mech-
anism, multi-head attention can extract information from different 
representation subspaces [27]. The use of MA enhances the predictive 
model’s ability to learn diverse feature representations and generate 
enhanced features, thereby improving the expressiveness of the primary 
model [28].

MA computes scaled dot-product attention for each attention head. 
The output for each head is calculated using Eq. (1): 

𝐻(𝑖) = 𝐴(𝑄𝑖, 𝐾𝑖, 𝑉𝑖) (1)

where 𝑄, 𝐾 and 𝑉  represent the query vector, key vector and value 
vector, respectively. 𝐴 denotes a single scaled dot-product attention.

The outputs of all attention heads are, then, concatenated, as ex-
pressed by the following equation: 

𝑀𝐻𝐴 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐻1,𝐻2,… ,𝐻𝑚)𝑊 𝑐 (2)

where 𝑚 it the number of the heads and 𝑊 𝑐 is a learnable weight 
matrix.

The MA mechanism prioritizes the most relevant features for RUL 
prediction among various inputs (e.g., voltage, current, SOH), effec-
tively filtering out irrelevant information [29].
3 
Fig. 2. The structure of causal dilation convolution block.

3.2. TCN block

TCN was proposed by Bai et al. in 2018 [30]. Compared to tradi-
tional RNN models such as LSTM or GRU, TCN benefits from causal 
and dilated convolutions, which help mitigate the issues of gradient 
vanishing and gradient explosion often encountered in RNNs when 
dealing with long time sequences. Furthermore, TCNs can adjust the 
convolutional kernel size and expansion coefficients to obtain a more 
flexible sensory field. TCN mainly contains two main structures: (a) 
causal dilation convolution and (b) residual connection.

Suppose that the input sequence 𝑥 = (𝑥0, 𝑥1, 𝑥2, 𝑥3,… , 𝑥𝑇 ), and 
𝑦 = (𝑦0, 𝑦1, 𝑦2, 𝑦3,… , 𝑦𝑇 ) is the output sequence we wish to predict. In 
the actual prediction process, sequential modeling is an unavoidable 
problem [31,32]. Considering a certain time point 𝑡, the output 𝑦𝑡
is usually determined by the sequence (𝑥0, 𝑥1,… , 𝑥𝑡), and the future 
input sequence (𝑥𝑡+1, 𝑥𝑡+2,… , 𝑥𝑇 ) is not utilized. TCNs can efficiently 
handle sequence modeling tasks and make predictions relevant only to 
current and historical input sequences. Therefore, the TCN should have 
a directional structure to prevent information leakage from the past to 
the future.

To achieve this objective, TCN employs the structure of causal di-
lated convolution. Causal dilated convolution has the advantage of both 
causal and dilated convolution and is the core of TCN. The structure of 
causal dilation convolution is shown in Fig.  2. For a 1-D input sequence 
𝑥 ∈ 𝑅𝑛 and a filter 𝑓 ∶ {0, 1, 2,… , 𝑘 − 1}, the dilation convolution 
operation in the input sequence with elements 𝑠 can be defined as 

𝐹 (𝑠) = (𝑥∗𝑓 )(𝑠) =
𝐷−1
∑

𝑖=1
𝑓 (𝑖) ⋅ 𝑥𝑠−𝑑𝑖 (3)

where 𝐷 is the convolution kernel size, ∗ is the convolution operator 
and 𝑥𝑠−𝑑𝑖 is the input element for current and historical information; 𝑑
is the dilation factor, and when 𝑑 = 1, the dilation convolution can be 
regarded as a regular convolution.

Another important block of TCN is the residual connection. The 
residual connection block can not only transfer information across 
layers, but also enhance the generalization capability of TCN. The 
structure of the residual connection is shown in Fig.  3. It is assumed 
that 𝑥 is the input of the residual connection block and 𝐹 (𝑥) is the 
transformation; then, the output of the block 𝐻(𝑥) can be defined as 

𝐻(𝑥) = 𝐹 (𝑥) + 𝑥 (4)

This allows the layers to learn modifications to the identity map-
ping, which has been repeatedly shown to be beneficial in simplifying 
the training process and stabilizing the deep networks.

TCN eliminates the recurrent connections used in RNNs, effectively 
preventing information loss [13]. Additionally, it employs residual 
connections to mitigate the vanishing gradient problem, making it more 
suitable for handling complex and long multivariate time-series data 
from batteries.
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Fig. 3. The structure of residual connection block.

However, using TCN alone for RUL prediction often focuses only 
on features at a single time scale while overlooking the importance of 
features at other time scales [13]. To address this, this study integrates 
MA with TCN, enriching the representation of input sequences and 
effectively capturing information across multiple time scales. More-
over, the MA mechanism provides global information features, which, 
when combined with the causal pattern learning capability of the 
TCN, enhance the performance of the predictive model. Following the 
TCN layer, a fully connected layer is added to integrate the features 
extracted from the outputs.

3.3. Uncertainty quantification using evidence regression

After the MA-TCN layer, evidence regression [33] is employed 
to quantify the epistemic and aleatoric uncertainties of prediction, 
providing statistical knowledge for estimating the uncertainty in RUL 
predictions.

The evidence-based neural network uncertainty quantification
method directly incorporates prior information into the likelihood 
function. By training the network to output the hyperparameters of the 
higher-order evidence distribution, it can learn epistemic and aleatoric 
uncertainty without the need for sampling [34,35]. Evidence regression 
models the uncertainty of the regression network by learning the 
parameters of the evidence distribution.

In this paper, an evidence fully connected layer is added after 
the basic fully connected layer, followed by the use of an evidence 
regression loss function, which aims at maximizing the model fit and 
minimizing evidence on errors.

Gaussian distributions are widely used in many RUL prediction tasks 
to represent aleatory uncertainties [36–38]. However, minimizing the 
likelihood function of a conventional Gaussian distribution can only 
quantify the aleatoric uncertainty arising from the data itself while 
neglecting the epistemic uncertainty in model predictions [33,39]. 
ER quantifies both the aleatoric uncertainty inherent in the data and 
the epistemic uncertainty of the predictive model by placing higher-
order prior distributions on the unknown parameters to be estimated. 
Specifically, ER assigns a Gaussian prior to the unknown mean of the 
Gaussian distribution and an inverse gamma prior to the unknown 
variance.

This paper assumes that the predicted RUL 𝑦 follows a Gaussian 
distribution with both the mean and variance being unknown: 
𝑦 ∼ 𝑁(𝜇, 𝜎2), 𝜇 ∼ 𝑁(𝛾, 𝜎2𝜈−1), 𝜎2 ∼ 𝛤−1(𝛼, 𝛽) (5)

where 𝛤 (⋅) is the Gamma function, and 𝛾 ∈ 𝑅, 𝑣 > 0, 𝛼 > 1, 𝛽 > 0.
Unlike traditional maximum likelihood estimation, evidential re-

gression employs probabilistic estimation to determine the mean 𝜇 and 
4 
variance 𝜎2. Specifically, it constructs a Normal-Inverse-Gamma (NIG) 
prior distribution for 𝜇 and 𝜎2, as expressed in Eq. (6): 

𝑝(𝜇, 𝜎2 ∣ 𝛾, 𝜈, 𝛼, 𝛽) =
𝛽𝛼

√

𝜈

𝛤 (𝛼)
√

2𝜋𝜎2

(

1
𝜎2

)𝛼+1
⋅ 𝐴 (6)

where 𝐴 is exp
{

− 2𝛽+𝜈(𝛾−𝜇)2

2𝜎2

}

, 𝛾 and 𝜈 are used to control the uncer-
tainty of 𝜇, whereas 𝛼 and 𝛽 are used to control the uncertainty of 
𝜎2.

Given the NIG distribution, the predictive uncertainty 𝐸[𝜇],
aleatoric uncertainty 𝐸[𝜎2] and epistemic uncertainty Var[𝜇] can be 
calculated as follows: 
𝐸[𝜇] = 𝛾, 𝐸[𝜎2] =

𝛽
𝛼 − 1

,Var[𝜇] = 𝛽
𝜈(𝛼 − 1)

(7)

Epistemic uncertainty, also known as model uncertainty, refers to 
the uncertainty in the estimation process of RUL predictions. Therefore, 
this study focuses exclusively on quantifying epistemic uncertainty.

Before training the model using the evidence regression loss func-
tion, the parameters 𝛾, 𝜈, 𝛼, 𝛽 of the distribution are first generated using 
EFC. Specifically, after obtaining the output from the standard fully 
connected layer in the MA-TCN module, the EFC first constructs a fully 
connected layer with 4 units and no activation function to generate 
all the distribution parameters. Then applies the Softplus activation 
function to ensure the non-negativity of 𝜈, 𝛼, 𝛽. The expression for the 
Softplus function is given as: 
Softplus(𝑥) = ln(1 + exp𝑥) (8)

Let 𝜃 = {𝜇, 𝜎2} and 𝑚 = {𝛾, 𝜈, 𝛼, 𝛽}. Given the observed RUL 
𝑦𝑖, the model evidence (marginal likelihood) can be computed by 
marginalizing the likelihood parameters 𝜃. 

𝑝(𝑦𝑖|𝑚) =
𝑝(𝑦𝑖|𝜃, 𝑚)𝑝(𝜃|𝑚)

𝑝(𝜃|𝑦𝑖, 𝑚)

= ∫

∞

𝜎2=0 ∫

∞

𝜇=−∞
𝑝(𝑦𝑖|𝜇, 𝜎2)𝑝(𝜇, 𝜎2|𝑚) 𝑑𝜇 𝑑𝜎2

(9)

By placing the NIG evidence prior on the traditional Gaussian like-
lihood function, the analytical solution of Eq. (9) can be obtained [33]: 

𝑝(𝑦𝑖|𝑚) = St(𝑦𝑖; 𝛾,
𝛽(1 + 𝜈)

𝜈𝛼
, 2𝛼) (10)

where St(⋅) is the Student-t distribution.
The negative logarithm of the model evidence is defined as

𝑁𝐿𝐿
𝑖 (𝜔), and its expression is as follows: 

𝑁𝐿𝐿
𝑖 (𝜔) = 1

2
log(𝜋

𝜈
) − 𝛼 log(𝛺) + log(

𝛤 (𝛼)
𝛤 (𝛼 + 1

2 )
)

+ (𝛼 + 1
2
) log((𝑦𝑖 − 𝛾)2𝜈 +𝛺)

(11)

where 𝛺 = 2𝛽(1 + 𝜈).
By minimizing 𝑁𝐿𝐿

𝑖 (𝜔), the model parameters are aligned with the 
observed RUL, ensuring that the predicted distribution covers the true 
RUL.

Additionally, in the case of prediction errors, ER mitigates the 
evidence of uncertain predictions by applying evidence penalties or 
actively increasing uncertainty. A new evidence regularization loss 
function is proposed to penalize errors in predictions: 
𝑅
𝑖 (𝜔) = |𝑦𝑖 − 𝐸[𝜇𝑖]| ⋅ (2𝜈 + 𝛼) (12)

The total evidence regression loss is composed of these two loss 
terms [33]: 
𝑖(𝜔) = 𝑁𝐿𝐿

𝑖 (𝜔) + 𝜆𝑅
𝑖 (𝜔) (13)

where 𝜆 is a regularization coefficient. A lower 𝜆 value indicates 
higher confidence in the model’s predictive performance, whereas a 
higher 𝜆 value signifies greater uncertainty in the model’s output 
predictions [33].
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3.4. RUL calculation based on KDE

After obtaining the predicted mean RUL and the upper and lower 
bounds under different confidence intervals, KDE is utilized to estimate 
the resulting RUL PDF.

Considering epistemic uncertainty, the equation for calculating the 
upper and lower bounds of the RUL under different confidence intervals 
is: 

𝑟𝑢𝑙𝐶𝐼 = 𝛾 ±𝑍 ⋅

√

𝛽
𝜈(𝛼 − 1)

(14)

where 𝑍 represents the critical value of the standard normal distribu-
tion corresponding to the desired confidence level.

The mean RUL prediction, and the upper and lower bound predic-
tion results under different confidence intervals are used to obtain a set 
of RUL values, denoted as [𝑟𝑢𝑙1, 𝑟𝑢𝑙2,… , 𝑟𝑢𝑙𝑁 ].

The predicted PDF of the RUL is estimated using KDE. Its mathe-
matical expression is given as: 

𝑓 (𝑟𝑢𝑙) = 1
𝑁𝜔

𝑁
∑

𝑖=1
𝐾(

𝑟𝑢𝑙 − 𝑟𝑢𝑙𝑖
𝜔

) (15)

where 𝜔 denotes the bandwidth and 𝐾 is the most commonly used 
Gaussian kernel function in this paper.

To ensure smoothness and continuity of the estimated PDF, a rule 
of thumb is typically applied to determine the optimal bandwidth 𝜔, as 
suggested in [18,40]. The formula for bandwidth selection is expressed 
as: 

𝜔 =
( ∫ (𝐾(𝑥))2𝑑𝑥

𝜎𝑘
4 ∫ (𝑓 ′′(𝑥))2𝑑𝑥

)
1
5 𝑁− 1

5 ≈ 1.06𝜎𝑘𝑁
− 1

5 (16)

where 𝜎𝑘 is the standard deviation of the predicted RUL values.

4. A predictive opportunistic maintenance strategy for lithium-ion 
batteries

In this section, we propose a probabilistic RUL-based predictive 
opportunistic maintenance strategy for lithium-ion batteries. The im-
plementation of this strategy involves two steps. The first step is to 
determine the optimal maintenance time for individual components. A 
multi-objective optimization strategy is developed for single devices, 
considering both maintenance costs and reliability, and the optimal 
maintenance time is identified using Euclidean distance. The second 
step is to determine which components can undergo opportunistic 
maintenance based on the defined maintenance window.

4.1. Multi-objective optimization strategy for individual components

This paper proposes a multi-objective optimization-based PdM strat-
egy for individual components to reduce maintenance costs while ex-
tending the service life of the equipment and preventing failures. Based 
on the practical execution process of maintenance tasks, the main-
tenance activities in this study are defined as replacement activities. 
These replacement activities are divided into preventive replacement 
and post-failure replacement. The cost of preventive replacement is 
denoted as 𝐶𝑝, the cost of post-failure replacement is denoted as 𝐶𝑓 , 
and the installation cost of the equipment is denoted as 𝑆.

Assuming the current time is ℎ, the reliability function of the 
equipment at this time, based on probabilistic RUL, is expressed as: 
𝑅(𝑡) = 𝑃𝑟(𝑟𝑢𝑙ℎ ≥ 𝑡) = 1 − 𝑃𝑟(𝑟𝑢𝑙ℎ ≤ 𝑡) = 1 − 𝐹 (𝑟𝑢𝑙) (17)

According to the renewal reward theorem, the maintenance cost 
rate for a single component is defined as: 

𝐶(𝜏) =
𝐸(cost during one maintenance cycle)

𝐸(length during one maintenance cycle) (18)

where 𝜏 is the variable to be optimized, representing the time interval 
for preventive replacement occurring at ℎ + 𝜏. A maintenance cycle 
5 
is defined as the period during which a component undergoes a re-
placement activity, whether it is predictive replacement or post-failure 
replacement, marking the conclusion of the cycle.

The expected maintenance cost for a single component is given by: 

𝐸(𝐶(𝜏)) = 𝑆 + 𝐶𝑝 ∗ 𝑃𝑟(𝑟𝑢𝑙ℎ > 𝜏) + 𝐶𝑓 ∗ 𝑃𝑟(𝑟𝑢𝑙ℎ ≤ 𝜏)

= 𝑆 + 𝐶𝑝 ∗ 𝑅(𝜏) + 𝐶𝑓 ∗ (1 − 𝑅(𝜏))
(19)

The expected operational time for a component over one cycle is: 

𝐸(𝑇 (𝜏)) = ℎ + ∫

𝜏

0
𝑢𝑑𝑃 𝑟(𝑟𝑢𝑙ℎ ≤ 𝑢) + 𝜏𝑃 𝑟(𝑟𝑢𝑙ℎ > 𝜏)

= ℎ + ∫

𝜏

0
𝑅(𝑢)𝑑𝑢

(20)

By combining Eqs. (19) and (20), the maintenance cost rate for a 
single component can be expressed as: 

𝐶(𝜏) =
𝑆 + 𝐶𝑝 ∗ 𝑅(𝜏) + 𝐶𝑓 ∗ (1 − 𝑅(𝜏))

ℎ + ∫ 𝜏
0 𝑅(𝑢)𝑑𝑢

(21)

In addition to the maintenance cost rate, this study considers 
equipment availability and reliability as attributes of the maintenance 
decision-making process, thereby defining a triple-objective mainte-
nance decision model.

Assuming the current time is ℎ, the time required for preventive 
replacement is 𝑇𝑝 and the time consumed for replacement after failure 
is 𝑇𝑓 , the definition of equipment availability is [41]: 

𝐴(𝜏) =

[

1 +
𝑇𝑓 (1 − 𝑅(𝜏)) + 𝑇𝑝𝑅(𝜏)

ℎ + ∫ 𝜏
0 𝑅(𝑢) 𝑑𝑢

]−1

(22)

The aim of optimized maintenance is to achieve the highest equip-
ment availability, which corresponds to minimizing 𝐴(𝜏) = 1 − 𝐴(𝜏).

The rest optimization objective considered reflects the remaining 
operational time and reliability performance of the equipment, defined 
as: 
𝑃 (𝜏) = 𝜏𝑅(𝜏) (23)

The aim is for the equipment’s remaining operational time 𝜏 to be as 
long as possible while maximizing 𝑅(𝜏) to the greatest extent feasible, 
i.e. larger of value of 𝑃 (𝜏).

The multi-objective optimization problem for single-component pre-
dictive maintenance is, then, aimed to minimize maintenance cost 
rate 𝐶(𝜏), equipment unavailability 𝐴(𝜏) and component unreliability 
measure 𝑃 (𝜏) = 1 − 𝑃 (𝜏). The corresponding mathematical model is as 
follows: 
min
𝜏

= [𝐶(𝜏), 𝐴(𝜏), 𝑃 (𝜏)]𝑇 , 0 < 𝜏 ≤ ̂𝑟𝑢𝑙ℎ (24)

where ̂𝑟𝑢𝑙ℎ is the single-point estimation of the component RUL per-
formed at time ℎ.

By optimizing Eq. (24) using a multi-objective optimization algo-
rithm, the Pareto front of the decision variable 𝜏 can be obtained. The 
Pareto front is the set of points in the parameter space that have non-
dominated fitness function values and represents the set of optimal 
solutions for the maintenance time. To select one optimal maintenance 
time in the set, the Euclidean distance from the ideal point of each 
solution 𝑥𝑖 on the Pareto front is calculated: denoting the ideal point 
𝑍∗ and the optimized value of each objective optimized individually in 
Pareto front as 𝑍∗ = {𝑓 ∗

1 , 𝑓
∗
2 , 𝑓

∗
3 }, the Euclidean distance formula 𝑑(𝑥𝑖)

is as follows: 

𝑑(𝑥𝑖) =

√

√

√

√

3
∑

𝑘=1
(

𝑓 (𝑥𝑖,𝑘)
∑

𝑓 (𝑥𝑖,𝑘)
− 𝑓 ∗

𝑘 )
2 (25)

where 𝑓 ∗
𝑘  is the minimum value of 𝑓 (𝑥𝑖,𝑘)

∑

𝑓 (𝑥𝑖,𝑘)
, 𝑓 ∗

1  denotes the optimal 
fitness value of 𝐶(𝜏), 𝑓 ∗

2  is the optimal fitness value of 𝐴(𝜏), 𝑓 ∗
3  is the 

optimal fitness value of 𝑃 (𝜏), and 𝑥  is one solution of the Pareto front.
𝑖
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Fig. 4. The execution flow of the proposed OM strategy.

Fig. 5. The OM strategy for the 𝑙th component.

After calculating 𝑑(𝑥𝑖) for each solution 𝑥𝑖 of the Pareto front, the 
point closer to the ideal, i.e. with smallest 𝑑(𝑥𝑖), is selected as the 
optimal preventive replacement time 𝜏∗ for the considered compo-
nent. This provides prior knowledge for scheduling opportunity-based 
maintenance.

4.2. Opportunistic maintenance strategy

After determining the optimal preventive replacement time for in-
dividual components, a predictive opportunity maintenance strategy 
can be developed. Assume that all the components, i.e. lithium-ion 
batteries, are of the same type, with same values for 𝐶𝑝, 𝐶𝑓  and 𝑆. 
Assume that at time ℎ, there are 𝑀 lithium-ion batteries operating si-
multaneously. We want to calculate the opportunity maintenance time 
window for each lithium-ion battery and determine which components 
are eligible for opportunity maintenance. The execution flowchart of 
the proposed OM strategy for multi-component systems is presented in 
Fig.  4.

Before determining the OM time window, the optimal OM zone 
threshold 𝛥𝑡(𝑙)∗𝑜  [42] is, first, defined as shown in Eq. (26): 

𝑆 = 𝑐(𝑙)ℎ 𝛥𝑡(𝑙)∗𝑜 (26)

where 𝑐(𝑙)ℎ  is the additional cost rate when the 𝑙th component performs 
OM, representing an inherent attribute of the equipment.

Therefore, based on Eq. (26), the OM time window for the 𝑙th 
lithium-ion battery can be expressed as Eq. (27): 

𝑂𝑀𝑁 (𝑙)
𝑤 = [𝜏(𝑙)∗, 𝜏(𝑙)∗ + 𝛥𝑡∗𝑜 ] (27)

It is assumed that the minimum value of different optimal mainte-
nance moments is 𝜏(𝑚)∗ and its OM time window is 𝑂𝑀𝑁 (𝑚)

𝑤 . For the 
𝑙th battery, denote 𝛥(𝑙)

1 = 𝜏(𝑙)∗ − 𝜏(𝑚)∗. If 𝜏(𝑙)∗ falls within 𝑂𝑀𝑁 (𝑚)
𝑤  and 

𝛥(𝑙)
1 ≤ 𝛥𝑡(𝑙)∗𝑜 , maintenance activities can be implemented for both the 𝑙th 
and 𝑚th lithium-ion battery, as shown in Fig.  5.

If the 𝜏∗ of the other components do not fall within the OM time 
window of the 𝑚th component, the OM time window of the component 
with the second smallest 𝜏∗ is calculated, and the process continues 
6 
iteratively. Following this process, the OM grouping structure can be 
determined.

Assume that within the OM time window 𝑂𝑀𝑁 (𝑚)
𝑤 , a total of 𝑣

(𝑣 ≤ 𝑀) components undergo OM operations. The penalty cost 𝐶 (𝑙)
ℎ

for the 𝑙th component is given in Eq. (28): 
𝐶 (𝑙)
ℎ = 𝑐(𝑙)ℎ (𝜏(𝑙)∗ − 𝜏(𝑚)∗) (28)

Then, the cost saving 𝑞 through OM can be calculated using Eq. (29): 

𝑞 = (𝑣 − 1)𝑆 −
𝑣
∑

𝜂=1
𝐶 (𝜂)
ℎ = (𝑣 − 1)𝑆 −

𝑣
∑

𝜂=1
𝑐(𝜂)ℎ (𝜏(𝜂)∗ − 𝜏(𝑚)∗) (29)

Suppose the 𝜏(𝑙)∗ falls within 𝑂𝑀𝑁 (𝑚)
𝑤  and 𝛥(𝑙)

1 ≤ 𝑡(𝑙)∗𝑜 , the cost saving 
𝑞 is: 
𝑞 = 𝑆 − 𝑐(𝑙)ℎ (𝜏(𝑙)∗ − 𝜏(𝑚)∗) = 𝑐(𝑙)ℎ (𝛥𝑡(𝑙)∗𝑜 − 𝛥(𝑙)

1 ) ≥ 0 (30)

If the current operational time ℎ of these components is the same, 
the global average saving 𝑄 is calculated as follows. 

𝑄 =
𝑞

𝑡(𝑘)𝑠 + 𝜏(𝑚)∗
=

(𝑣 − 1)𝑆 −
∑𝑣

𝜂=1 𝑐
(𝜂)
ℎ (𝜏(𝜂)∗ − 𝜏(𝑚)∗)

ℎ + 𝜏(𝑚)∗
(31)

5. Experiments and results

This study validates the effectiveness of the proposed predictive 
opportunistic maintenance method through two real-world case stud-
ies: the Oxford lithium-ion battery degradation dataset [43,44] and the 
NASA PCoE battery aging dataset [45].

5.1. Case study 1: Oxford battery dataset

5.1.1. Dataset description and data preprocessing
The Oxford battery degradation dataset includes eight lithium-ion 

battery cells (Cell1–Cell8) with a nominal capacity of 740 mAh [43,46]. 
The performance monitoring equipment used is the Bio-Logic MPG-
205 battery tester, and the experimental temperature is set to 40 ◦C. 
These battery cells underwent repeated charge and discharge cycles, 
during which current, voltage and temperature data were collected. 
After every 100 cycles, a C-rate dis/charge is performed to obtain the 
current available capacity.

(1) Feature extraction.
The Oxford lithium-ion battery degradation dataset contains mea-

surement data for charge and discharge cycles. In this study, features 
that characterize degradation are extracted solely from the 1-C charging 
curves of different cycles to predict the RUL. This is because the 
capacity of the battery at different cycles can be obtained through the 
charging curve alone. The proposed method remains applicable even 
when discharge process data are unavailable.

The relationship between voltage, temperature and charge with 
normalized time during the charging process of Cell 1 at cycle numbers 
1000, 2000, 3000, and 4000 is shown in Fig.  6.

As shown in Fig.  6, with an increasing number of charge–discharge 
cycles, the battery’s charge at the end of charging gradually decreases, 
while the temperature consistently rises, indicating that both measure-
ments exhibit degradation trends. Although the voltage values at the 
end of charging appear similar across cycles, they are not constant, 
suggesting that this feature can also contribute to RUL prediction [13]. 
Furthermore, given the advantage of using mean values in time-series 
feature extraction [47], in this study, the values of voltage, temperature 
and charge at the end of the charging process, along with the aver-
age values of these variables during the whole charging process, are 
selected as features for predicting the RUL of the lithium-ion batteries.

In addition, we also calculate the SOH of the lithium-ion batter-
ies, which effectively reflects the decline in battery performance. The 
expression for the SOH of a battery is given by Eq. (32): 

𝑆𝑂𝐻𝑖 =
𝐶𝑖 (32)

𝐶𝑛
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Fig. 6. The sensor measurements of different cycles of the charge process.
Fig. 7. The RUL labels of various batteries.

where 𝐶𝑖 represents the capacity of the battery at the 𝑖th cycle, and 
𝐶𝑛 denotes the nominal capacity. The nominal capacity for Cells 1–8 is 
740 mAh. The SOH is also used as input feature to predict the RUL of 
the batteries.

The RUL labels the of batteries are determined based on the SOH. A 
battery is considered to have failed when its SOH is less than or equal 
to 0.8, at which point the RUL label is set to 0. The RUL labels are 
assigned sequentially according to the cycle order.

The RUL labels for each lithium-ion battery in the Oxford dataset 
are shown in Fig.  7.

(2) Data normalization.
In this study, the degradation features are scaled to the range [0, 1]

using min–max normalization, with the following calculation formula: 

𝑋𝑁 =
𝑋 − min(𝑋)

max(𝑋) − min(𝑋)
(33)

where 𝑋𝑁  is the normalized data and 𝑋 denotes the raw feature data.
(3) Slide window.
In the RUL prediction task, using data from multiple time steps 

significantly improves prediction accuracy compared to single time-step 
predictions, as it incorporates more degradation information. There-
fore, this study employs a slide window technique to preprocess the 
lithium-ion battery degradation data [13,48].

5.1.2. Probabilistic RUL prognostics for optimized maintenance strategy 
development

Each lithium-ion battery in the Oxford degradation dataset includes 
complete feature measurements from operation to failure. These bat-
teries, all of the same type, are used to validate the proposed PdM 
strategy. In this study, Cells 1, 3, and 8 are utilized to validate the RUL 
prediction framework, whereas the degradation measurements of the 
other batteries serve as historical data to train the MA-TCN-ER model.
7 
To evaluate the performance of the proposed RUL prediction
method, this study employs the Root Mean Square Error (RMSE) 
and Coefficient of Determination 𝑅2 as performance metrics. Their 
mathematical expressions are as follows: 

RMSE =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1
(𝑟𝑢𝑙𝑖 − ̂𝑟𝑢𝑙𝑖)2 (34)

𝑅2 = 1 −
∑𝑁

𝑖=1(𝑟𝑢𝑙𝑖 − ̂𝑟𝑢𝑙𝑖)2
∑𝑁

𝑖=1(𝑟𝑢𝑙𝑖 − ̄𝑟𝑢𝑙)2
(35)

where 𝑟𝑢𝑙𝑖 is the true RUL and ̂𝑟𝑢𝑙𝑖 denotes the predicted RUL of 
MA-TCN-ER.

In addition, we propose a new metric, the Average Width (AW), 
to quantify the average width of the prediction interval at a 95% 
confidence level. Its mathematical expression is given in Eq. (36): 

AW = 1
𝑁

𝑁
∑

𝑖=1
(𝑈𝑖 − 𝐿𝑖) (36)

where 𝑈𝑖 is the upper bound of prognostics and 𝐿𝑖 is the lower bound 
of the RUL prediction.

For these evaluation metrics, a smaller RMSE and a larger 𝑅2

indicate better performance in point estimation for RUL prediction; 
smaller AW value signifies lower prediction uncertainty.

Through a series of testing iterations, the hyperparameter settings 
for the proposed MA-TCN-ER-driven RUL prediction method are as 
follows: the number of sliding time windows is set to 10; the number 
of attention heads in the MA mechanism is 8, and the size of each 
attention head for query and key is the number of features; the kernel 
size of the TCN is 4; 𝑁𝐶 is 64; the number of units 𝑁𝑈  in the FC layer 
is 10, with the activation function being ReLU; the number of units in 
the EFC layer is 1; and 𝜆 in Eq. (13) is set to 0.001.

All experiments in this study are conducted on a computer equipped 
with an Nvidia GeForce RTX 4060 GPU. The MA-TCN-ER model is 
implemented using the TensorFlow 2.15 deep learning framework.

Fig.  8 illustrates the point estimates and 95% confidence intervals of 
the RUL predictions for Cell 1, Cell 3 and Cell 8 using the MA-TCN-ER 
model. As shown in Fig.  8, the predicted RUL values for the different 
lithium-ion batteries are highly consistent with their actual RULs. The 
predicted intervals almost entirely encompass the true RULs, further 
validating the effectiveness of the proposed method. Moreover, as the 
batteries approach their failure time, the confidence intervals become 
narrower, indicating a gradual reduction in prediction uncertainty.

To further demonstrate the effectiveness of the proposed method, a 
comparative analysis is conducted using the following models: (1) inte-
gration of the MA mechanism with other popular predictive methods, 
such as MA-LSTM (M1), MA-GRU (M2) and MA-CNN-LSTM (M3); (2) 
prediction without the MA mechanism, utilizing TCN (M4), LSTM (M5), 
GRU (M6) and CNN-LSTM (M7) [49], directly. To further illustrate 
the advantages of the proposed method, we also compare the perfor-
mance of MA-TCN and the novel dual-stage attention mechanism-based 
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Fig. 8. The RUL prediction results using MA-TCN-ER.
Fig. 9. The RUL prediction results of various methods.
Table 1
Prediction results of different methods.
Method RMSE 𝑅2 AW

Cell 1 Cell 3 Cell 8 Mean Cell 1 Cell 3 Cell 8 Mean Cell 1 Cell 3 Cell 8 Mean  
M1 1.8055 1.7362 2.7142 2.0853 0.9680 0.9749 0.9387 0.9605 13.06 48.40 16.01 25.82  
M2 0.8710 1.4750 2.0507 1.4656 0.9926 0.9819 0.9650 0.9798 11.98 748.26 13.54 257.93  
M3 1.4436 1.7170 1.5383 1.5663 0.9796 0.9755 0.9803 0.9785 12.48 14.41 12.36 13.08  
M4 1.6559 1.5700 1.7392 1.6550 0.9731 0.9795 0.9748 0.9758 2822.00 307.11 18.79 1049.30 
M5 1.2902 1.7212 1.8233 1.6116 0.9837 0.9754 0.9724 0.9772 10.49 15.47 12.65 12.87  
M6 0.9147 1.1913 1.6364 1.2475 0.9918 0.9882 0.9777 0.9859 10.24 12.63 12.33 11.73  
M7 1.6483 1.4147 1.7444 1.6025 0.9734 0.9834 0.9747 0.9772 8.95 14.85 14.73 12.84  
M8 1.3727 1.5197 1.0811 1.3245 0.9843 0.9808 0.9885 0.9845 11.02 141.77 78.62 77.14  
M9 2.2688 2.3117 2.3400 2.3068 0.9572 0.9556 0.9463 0.9530 13.84 5.24 10.03 9.70  
Ours 0.6164 0.9552 0.7255 0.7657 0.9963 0.9924 0.9956 0.9948 3.11 3.76 7.20 4.69  
recurrent neural network (DARNN) (M8) [50] with the transformer-
based method [51] (M9) for lithium-ion battery RUL prediction. In 
the transformer-based RUL prediction model, a transformer encoder 
architecture is utilized, with a time embedding layer [52] added before 
the Transformer’s input to enhance the model’s ability to capture 
complex temporal dependencies. The number of Transformer blocks is 
set to 3. These predictive methods are combined with the ER framework 
to enable probabilistic RUL prediction.

Among M1–M9, M4 serves as an ablation study; by comparing the 
performance of M4 with that of MA-TCN, the effectiveness of the MA 
mechanism in enhancing RUL prediction can be evaluated. M1–M3 
integrate the MA mechanism with commonly used RUL prediction 
models: LSTM, GRU, and CNN-LSTM, respectively, to demonstrate the 
advantages of TCN. M5–M7 represent traditional time series predic-
tion models and serve as performance baselines in the comparative 
analysis. DARNN enhances MA-LSTM by incorporating LSTM units 
and multi-head attention mechanisms in both its encoder and decoder 
stages [50,53]. The Transformer model has gained increasing popular-
ity in the field of RUL prediction due to its self-attention mechanism 
and multi-layer encoder architecture, which excel at capturing complex 
dependencies [51,52]. Introducing M9 allows for a performance com-
parison that highlights the capability of MA-TCN in modeling long-term 
feature dependencies.
8 
The single-point estimation results of different prediction methods 
are shown in Fig.  9. It is evident that the RUL single-point esti-
mates generated by the proposed method are closer to the actual 
RUL compared to those produced by other methods. Taking Cell 8 as 
an example, during the prediction window of 2600 to 3100 cycles, 
the RUL estimates obtained by other methods are significantly higher 
than the actual RUL. Performing PdM based on such probabilistic RUL 
predictions could lead to unexpected equipment failures.

The performance metrics of various prediction methods for different 
lithium-ion battery prediction tasks are summarized in Table  1. As 
shown in the Table, for the prediction tasks involving Cell 1, Cell 3 
and Cell 8, the proposed MA-TCN achieves the smallest RMSE and AW 
values and the highest 𝑅2 value, demonstrating the effectiveness and 
robustness of the proposed method. Taking the prediction task for Cell 
3 as an example, the proposed MA-TCN achieves a RMSE value that is 
65.86%, 29.23%, 57.30%, 62.78%, 52.22%, 32.61%, 62.60%, 37.15% 
and 58.68% lower than those of methods M1 through M9.

In the early stages of RUL prediction, some models exhibit high 
epistemic uncertainty, resulting in significantly higher AW values. This, 
in turn, reduces the probability density of the RUL PDF at the true RUL 
value.

Taking the RUL prediction task for Cell 8 as an example, when 
the current cycle is 2000, the true RUL is 2800 cycles, the widths 
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Fig. 10. The RUL PDFs of different methods for Cell 8 when ℎ is 2000 cycles.

of the 95% confidence intervals for these eight methods (ours and 
M1–M7) are 11.6575, 24.2478, 20.6374, 17.8978, 38.8781, 18.6261, 
17.9361, and 24.1159, respectively. Using Eqs. (14)–(16), the RUL 
PDFs generated by the various methods can be obtained, and are shown 
in Fig.  10.

As illustrated in Fig.  10, the RUL PDF curves of methods M1 to 
M7 consistently show probability densities below 0.08 at the true 
RUL. In contrast, the proposed method achieves a probability density 
exceeding 0.12 at the true RUL, indicating superior prediction perfor-
mance. Notably, the probability densities of M3, M5 and M6 at the 
true RUL are closer to 0.08, because of their narrower 95% confidence 
interval widths compared to other benchmark methods. Additionally, 
the RUL PDF curve produced by the proposed method peaks closer 
to the true RUL than those of the other methods. Furthermore, the 
proposed method’s RUL PDF curve is symmetrically distributed around 
the true RUL, underscoring its effectiveness.

To demonstrate the advantages of evidential regression in uncer-
tainty quantification, we also compared the performance of the pro-
posed method with that of prediction methods based on the quantile 
regression loss function (MA-TCN-QLOSS) [18,54]. The expression for 
the quantile regression loss function is as follows: 
𝐿𝑞 = 𝑞 ⋅max(0, 𝑦(𝑖) − 𝑦̂(𝑖)𝑞 ) + (1 − 𝑞) ⋅max(0, 𝑦̂(𝑖)𝑞 − 𝑦(𝑖)) (37)

where 𝑦(𝑖) is the true RUL, 𝑦̂(𝑖) is the predicted RUL and 𝑞 is the quantile 
level.

The structure of the 𝐿𝑞-based prediction method is otherwise con-
sistent with that of MA-TCN-ER, except that the final fully connected 
layer is replaced with a basic linear fully connected layer, and the 
loss function is adjusted to Eq. (37). The RUL of all three lithium-ion 
batteries was predicted using MA-TCN-ER and MA-TCN-QLOSS, with 
the resulting point estimates of RUL and the predicted 95% confidence 
9 
intervals shown in Fig.  11. In Fig.  11, the pink dashed line represents 
the predicted confidence interval of our method, while the blue dashed 
line indicates the 95% prediction interval obtained using QLOSS.

In terms of point estimation of RUL, except for the mid-stage of 
the RUL of Cell 3, the point predictions from MA-TCN-ER are closer 
to the true RUL compared to those from MA-TCN-QLOSS. Additionally, 
as shown in Fig.  10, the 95% confidence intervals predicted by the 
proposed method are significantly narrower than those predicted by 
MA-TCN-QLOSS.

The RMSE of MA-TCN-QLOSS for the RUL predictions of the three 
batteries are 0.8400, 1.1565, and 4.1188, with 𝑅2 values of 0.9931, 
0.9889 and 0.8589, and AW values of 11.16, 8.16 and 9.99, respec-
tively. These performance metrics are all inferior to those of the pro-
posed method. Additionally, MA-TCN-QLOSS requires retraining the 
model for each quantile prediction, whereas the method proposed 
in this study only requires training the model once to easily com-
pute estimates for different quantiles, significantly improving training 
efficiency.

5.1.3. The predictive opportunistic maintenance for lithium-ion batteries
In this section, based on probabilistic RUL, we first determine the 

optimal replacement time for a single lithium-ion battery using a multi-
objective optimization-based single-component maintenance decision 
model. Subsequently, we identify which components can undergo op-
portunistic maintenance to reduce maintenance costs by defining an 
OM time window.

This paper assumes 𝑆 = 150, 𝐶𝑝 = 200, 𝐶𝑓 = 1000, 𝑇𝑝 = 1 cycle 
and 𝑇𝑓 = 2 cycles. The ratio of 𝐶𝑓∕𝐶𝑝 is 5 [9]. To illustrate the 
execution process of the proposed multi-objective optimization-based 
single-component maintenance model, we consider a specific moment 
in time. Suppose that the current operating cycle of Cell 1, Cell 3 and 
Cell 8 is 2000 cycles, the relationship between the predicted RUL PDFs 
and the actual RULs for these three lithium-ion batteries is shown in 
Fig.  12.

Based on the RUL PDF and Eq. (15), we can obtain the reliability 
function for each lithium-ion battery, as shown in Fig.  13.

After obtaining the reliability function and incorporating the prob-
abilistic RUL, the Pareto front of the single-component maintenance 
decision model can be derived by optimizing Eq. (24). A multi-objective 
genetic algorithm is employed to identify the Pareto front for 𝐶(𝜏), 𝐴(𝜏)
and 𝑃 (𝜏). At the prediction time ℎ of 2000 cycles, the Pareto fronts for 
Cell 1, Cell 3, and Cell 8 are shown in Fig.  14.

To further clarify the trade-offs between different objective func-
tions, the two-dimensional Pareto fronts for 𝐶(𝜏) and 𝐴(𝜏), 𝐶(𝜏) and 
𝑃 (𝜏), as well as 𝑃 (𝜏) and 𝐴(𝜏), are presented in Figs.  14–16. As shown in 
Figs.  15–17, in the multi-objective optimization for different cells, 𝐶(𝜏)
and 𝑃 (𝜏) exhibit a conflicting relationship, meaning that improving 
one fitness function requires sacrificing the other. In contrast, when 
𝜏 ≤ 23.4015, there exists a trade-off between objectives 𝐶(𝜏) and 𝐴(𝜏), 
reducing the value of one leads to an increase in the other. Conversely, 
when 𝜏 > 23.4015, both 𝐶(𝜏) and 𝐴(𝜏) increase together. 𝐴(𝜏) and 𝑃 (𝜏)
Fig. 11. The RUL prediction results of MA-TCN-ER and MA-TCN-QLOSS.  (For interpretation of the references to color in this figure legend, the reader is referred to the web 
version of this article.)
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Fig. 12. The RUL PDFs of batteries when ℎ is 2000 cycles.

Fig. 13. The reliability functions of batteries when ℎ is 2000 cycles.

exhibit the same trend as well. The Pareto solution set obtained through 
multi-objective optimization is sorted in ascending order. Taking Cell 
1 as an example, the corresponding values of objectives 𝐶(𝜏), 𝐴(𝜏)
and 𝑃 (𝜏) for different solutions are shown in Fig.  18. As shown in 
Fig.  18, the objective values of 𝐶(𝜏), 𝐴(𝜏) and 𝑃 (𝜏) exhibit trends 
of monotonic increase, decrease followed by increase, and monotonic 
decrease, respectively. Therefore, for objectives 𝐶(𝜏) and 𝐴(𝜏), when 
𝜏 ≤ 23.4015, 𝐶(𝜏) and 𝐴(𝜏) show conflicting trends—one increases 
while the other decreases. However, when 𝜏 > 23.4015, these two 
objectives follow the same trend, indicating no conflict between them. 
For objectives 𝐶(𝜏) and 𝑃 (𝜏), their trends are opposing, indicating a 
fundamental conflict between them. In all other cases, the trends are 
consistent with the example discussed earlier, which constitutes the 
underlying cause of the objective conflicts analyzed in this study. Under 
this condition, when considering all three optimization objectives, the 
actual optimization problem reduces to a trade-off between 𝐶(𝜏) and 
𝑃 (𝜏) under the constraint that 𝐴(𝜏) is at its optimal value. That is, 
once 𝐴(𝜏) is fixed at its optimal level, a further balance must be struck 
between 𝐶(𝜏) and 𝑃 (𝜏).

Additionally, taking Cell 1 as an example, the points on the Pareto 
solution set and their corresponding objective function values are pre-
sented in Table  2. As shown in Table  2, 𝐶(𝜏) and 𝑃 (𝜏) exhibit a 
conflicting relationship, meaning they cannot simultaneously attain 
their minimum values. For instance, when comparing the 5th and 
6th solutions on the Pareto frontier, the 6th solution has a lower 
maintenance cost rate than the 5th solution, but its corresponding 𝑃 (𝜏)
value is higher than that of the 5th solution. According to the table, for 
10 
Table 2
Comparison results of maintenance optimization for Cell 1.
 ID 𝑥𝑖 𝐶(𝜏) 𝐴(𝜏) 𝑃 (𝜏) 𝑑(𝑥𝑖)  
 1 23.40 8.16 0.00023156 −22.28 0.0003530  
 2 23.59 8.23 0.00023194 −22.32 0.0007888  
 3 23.20 8.14 0.00023190 −22.15 8.1100e−05 
 4 23.20 8.14 0.00023190 −22.15 8.1100e−05 
 5 23.32 8.15 0.00023162 −22.24 0.0002203  
 6 23.21 8.14 0.00023185 −22.16 7.6300e−05 
 7 23.49 8.19 0.00023164 −22.31 0.0005292  
 8 23.59 8.23 0.00023194 −22.32 0.0007888  
 9 23.26 8.14 0.00023173 −22.20 0.0001247  
 10 23.23 8.14 0.00023181 −22.18 8.4200e−05 
 11 23.52 8.20 0.00023171 −22.32 0.0005922  
 12 23.46 8.18 0.00023160 −22.30 0.0004673  
 13 23.57 8.22 0.00023187 −22.32 0.0007313  
 14 23.48 8.19 0.00023163 −22.31 0.0005075  
 15 23.29 8.14 0.00023167 −22.21 0.0001627  
 16 23.26 8.14 0.00023172 −22.20 0.0001280  
 17 23.53 8.21 0.00023175 −22.33 0.0006297  
 18 23.33 8.15 0.00023160 −22.24 0.0002347  

Cell 1, when the prediction time is at 2000 cycles, 𝑥6 is selected as the 
optimal 𝜏 since it yields the smallest 𝑑(𝑥).

To further investigate the trade-offs among multiple optimization 
objectives, we conduct a sensitivity analysis on the parameters of the 
maintenance model. Keeping 𝑆, 𝑇𝑝, and 𝑇𝑓  constant, we gradually 
increase the ratio 𝐶𝑓∕𝐶𝑝 from 1 to 10. Taking 𝐶(𝜏) and 𝐴(𝜏) as an 
example, their two-dimensional Pareto front under different values of 
𝐶𝑓∕𝐶𝑝 for Cell 1 is shown in Fig.  19. As shown in Fig.  19, 𝐶(𝜏) and 𝐴(𝜏)
are conflicting when 𝐶𝑓∕𝐶𝑝 is 1 or 2. However, when 𝐶𝑓∕𝐶𝑝 ≥ 3, 𝐶(𝜏)
and 𝐴(𝜏) exhibit conflicting behavior only at certain time points. This 
indicates that, with other parameters remaining unchanged, the conflict 
between 𝐶(𝜏) and 𝐴(𝜏) weakens as the value of 𝐶𝑓∕𝐶𝑝 increases.

When 𝐶𝑓∕𝐶𝑝 = 1, objectives 𝐶(𝜏) and 𝐴(𝜏) are in complete conflict, 
as illustrated by their respective single-objective functions in Fig.  20. In 
this case, the trends of the single-objective functions for 𝐶(𝜏) and 𝐴(𝜏)
are directly opposing, indicating that the resulting two-dimensional 
Pareto front between these objectives is conflicting.

Using Eq. (23), the optimal preventive replacement time 𝜏∗ for a 
single lithium-ion battery is determined from the solution set on the 
Pareto frontier. For Cell 1, Cell 3 and Cell 8 at 2000 cycles, the 𝜏∗
are 2319.65 cycles, 2335.62 cycles and 2198.73 cycles, respectively. 
At the current time, their actual RULs are 2500 cycles, 2800 cycles and 
2800 cycles, respectively. This indicates that the optimal replacement 
times suggested by the multi-objective optimization approach are all 
slightly lower than the actual RULs, demonstrating the effectiveness of 
the proposed method.

To further illustrate the effectiveness of the proposed method, Fig. 
21 presents the distribution of the actual RULs, single-point RUL esti-
mates, and the 𝜏∗ suggested by the multi-objective optimization strat-
egy for different lithium-ion batteries at various prediction time points.

For all three lithium-ion batteries, the 𝜏∗ exhibits a similar de-
creasing trend to the single-point estimates of RUL. As shown in Fig. 
21, across the three single-component maintenance decisions, only the 
recommended 𝜏∗ for Cell 3 slightly exceeds the actual RUL at the 
prediction start points of 4500, 4600 and 4700 cycles. In all other cases, 
the 𝜏∗ is positioned prior to the actual failure time, demonstrating that 
the proposed method effectively prevents equipment failures.

After determining the optimal scheduled replacement time for each 
component, we can identify the components eligible for OM by defining 
the OM time window.

The execution process of the proposed OM strategy can now be 
illustrated using two examples. One example assumes that all compo-
nents are simultaneously put into operation, whereas the other example 
considers multiple components with different current times ℎ.
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Fig. 14. The Pareto front of different batteries when ℎ is 2000 cycles.
Fig. 15. The two-dimensional Pareto front for Cell 1 when ℎ is 2000 cycles.
Fig. 16. The two-dimensional Pareto front for Cell 3 when ℎ is 2000 cycles.
Fig. 17. The two-dimensional Pareto front for Cell 8 when ℎ is 2000 cycles.
Assuming ℎ = 3000 cycles, the predicted RULs of Cell 1, Cell 
3 and Cell 8 are 1443, 1678 and 1808 cycles, respectively. Their 
optimal planned preventive replacement times are 1209.17, 1513.02, 
and 1490.79 cycles. Suppose the additional cost rates 𝑐(𝑙)ℎ  for these three 
batteries are 0.2, 0.1 and 0.15, respectively. The unit of the 𝑐(𝑙)ℎ  is the 
ratio of cost and one cycle.
11 
At this point, the OM windows for these lithium-ion batteries are 
[1209.17, 1209.17+750], [1513.02, 1513.02+1500] and [1490.79, 1490.79+
1000]. It is clear that both the 𝜏∗ of Cell 3 and Cell 8 fall within the 
optimal OM window for Cell 1. Moreover, for Cell 3 and Cell 8, their 
𝛥  values are both smaller than their 𝛥𝑡  Therefore, when ℎ = 3000
1 𝑜
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Fig. 18. The single-objective values of Pareto solution for Cell 1.
Fig. 19. Two-dimensional Pareto frontiers of 𝐶(𝜏) and 𝐴(𝜏) in different 𝐶𝑓 ∕𝐶𝑝 for Cell 1.
cycles, all three batteries can undergo OM. The cost saving 𝑞1 is 

𝑞1 = 2𝑆 −
3
∑

𝜂=1
𝑐(𝜂)ℎ (𝜏(𝜂)∗ − 12.0917) = 227.3720 (38)

The average saving 𝑄1 is 

𝑄1 =
𝑞1

30 + 12.0917
= 5.4018 (39)

where the unit of 𝑄1 is per 100 cycles.
Next, consider another scenario where Cell 1 has run for 3000 

cycles, Cell 3 has run for 3500 cycles and Cell 8 has run for 4000 
cycles. In this case, the predicted RUL of these three batteries are 
1443 cycles, 1184 cycles and 908 cycles, respectively, with the optimal 
12 
replacement times 𝜏∗ being 1209.17 cycles, 1071.27 cycles and 725.71 
cycles respectively.

Due to the small RUL loss of Cell 8, the width of its OM time window 
is quite large. The OM time window for Cell 8 is [727.51, 727.51+1000], 
and it is clear that the 𝜏∗ values for Cell 1 and Cell 3 fall within this time 
window as well. Additionally, for Cell 1 and Cell 3, their 𝛥1 values are 
both smaller than their 𝛥𝑡𝑜 values. Therefore, these batteries can also 
perform OM. Hence, the cost saving 𝑞2 is 

𝑞2 = 2𝑆 −
3
∑

𝑐(𝜂)ℎ (𝜏(𝜂)∗ − 7.2751) = 298.6875 (40)

𝜂=1
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Fig. 20. The single-objective functions of 𝐶(𝜏) and 𝐴(𝜏) for Cell 1 when 𝐶𝑓 ∕𝐶𝑝 = 1.

Fig. 21. The 𝜏∗ of different batteries in various prediction starting time.

Fig. 22. The sensor measurements of different cycles of the charge process for B0005.

Fig. 23. The RUL prediction results using MA-TCN-ER for NASA batteries.
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Fig. 24. The RUL prediction results of various methods for NASA batteries.
Table 3
Prediction results of different methods for NASA batteries.
 Method RMSE 𝑅2 AW

 B0005 B0006 B0018 Mean B0005 B0006 B0018 Mean B0005 B0006 B0018 Mean  
 M1 15.3031 15.1255 7.1918 12.5401 0.8048 0.7462 0.9267 0.8259 49.31 45.94 42.36 45.87  
 M2 15.0739 14.7951 8.5787 12.8159 0.8106 0.7571 0.8956 0.8211 38.74 53.06 60.91 50.90  
 M3 14.6596 15.0189 8.3161 12.6649 0.8209 0.7497 0.9019 0.8242 45.03 66.83 54.06 55.31  
 M4 14.8583 11.1241 7.0357 11.0060 0.8160 0.8627 0.9298 0.8695 51.18 207.37 20.55 93.03  
 M5 15.7464 13.2407 7.0664 12.0178 0.7934 0.8051 0.9292 0.8426 236.54 49.89 45.06 110.50  
 M6 17.4646 11.6635 7.7384 12.2888 0.7458 0.8491 0.9151 0.8367 35.09 143.36 36.50 71.65  
 M7 18.9494 15.0357 8.1719 14.0523 0.7008 0.7492 0.8884 0.7795 41.76 44.38 32.75 39.63  
 M8 14.7178 14.0821 9.3221 12.7073 0.8195 0.7800 0.8768 0.8254 3275.42 2740.70 3683.34 3233.15 
 M9 16.7700 15.1811 10.0646 14.0052 0.7656 0.7443 0.8564 0.7888 36.28 63.71 36.90 45.63  
 Ours 9.1899 7.7274 6.5762 7.8317 0.9296 0.9337 0.9387 0.9340 9.51 22.55 16.37 16.14  
In this case, because the operating times of each component in the 
multi-component system are not equal, only the cost saving 𝑞 can be 
calculated, and the cost saving rate 𝑄 cannot be computed.

In summary, the OM strategy proposed for lithium-ion batteries in 
this paper not only identifies the optimal preventive replacement time 
for each component but also helps save maintenance costs through 
opportunistic maintenance.

5.2. Case study 2: NASA battery dataset

NASA Ames PCoE Research Center conducted charge–discharge 
experiments on 18650 lithium-ion batteries (with a rated capacity of 
2 Ah) at room temperature and collected various performance metrics 
using a test bench. In order to further validate the effectiveness of 
the proposed predictive opportunistic maintenance strategy, we select 
batteries B0005, B0006, and B0018 from the dataset.

The NASA lithium-ion battery is considered to have failed when 
its SOH falls to 0.7 or below [55]. Given the limited degradation 
data in the NASA battery degradation dataset, we assume that the 
historical measurements of the other two batteries are available when 
predicting the RUL of a single battery. Taking B0005 as an example, the 
current, voltage, and temperature curves during the charging process at 
different cycles are shown in Fig.  22.

As shown in Fig.  22, for NASA lithium-ion batteries, both the total 
charging time [56] and the time for the current to drop to 0.5 A 
decrease as the cycle count increases. Therefore, we select these two 
parameters as features of the charging process. Along with the bat-
tery’s SOH, these two degradation indicators are used as inputs to the 
MA-TCN-ER model to accurately predict the RUL of the device.

Setting the sliding time window 𝐿 is 5, all other parameters of 
the RUL prediction model remain consistent with the MA-TCN-ER in 
Case study 1. The probabilistic RUL predictions for B0005, B0006, 
and B0018 obtained using the proposed method are shown in Fig.  23. 
As shown in Fig.  23, for the NASA lithium-ion battery dataset, the 
proposed method accurately captures the trend of the true RUL, with 
the predicted 95% confidence interval effectively covering the actual 
RUL. The point estimates of the proposed RUL prediction method, along 
with those of methods M1–M9, are presented in Fig.  24.
14 
Fig. 25. The RUL PDFs of different methods for B0006 when ℎ is 60 cycles.

As shown in Fig.  24, MA-TCN-ER consistently achieves the highest 
accuracy across different prediction tasks. Compared to other predic-
tion methods, the proposed approach yields more stable point estimates 
of RUL, which fluctuate closely around the true RUL. The predictive 
performance of different forecasting methods is presented in Table  3. 
It is evident that across various prediction tasks, the proposed MA-
TCN-ER consistently achieves the lowest RMSE and AW, as well as the 
highest 𝑅2. This demonstrates that our RUL estimation method not only 
provides accurate remaining useful life predictions but also effectively 
quantifies predictive uncertainty.

Taking B0006 as an example, when the prediction starting point is 
set to 60 cycles, the relationship between the RUL PDFs estimated by 
different methods using KDE and the true RUL is shown in Fig.  25.

As shown in Fig.  25, only the proposed method achieves a proba-
bility exceeding 0.06 at the true RUL, while all other methods remain 
below 0.04. The probabilities of TCN and DARNN at the true RUL 
approach zero, which is attributed to the high uncertainty in these 
models.
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Fig. 26. The RUL prediction results of MA-TCN-ER and MA-TCN-QLOSS for NASA batteries.
Fig. 27. The two-dimensional Pareto front for B0005 when ℎ is 60 cycles.
Fig. 28. The two-dimensional Pareto front for B0006 when ℎ is 60 cycles.
To demonstrate the effectiveness of the proposed uncertainty quan-
tification method, we compare the prediction results of MA-TCN using 
QLOSS with those of MA-TCN-ER, as shown in Fig.  26.

As shown in Fig.  26, compared to MA-TCN-ER, the RUL predic-
tions obtained using MA-TCN-QLOSS exhibit greater deviation from 
the true RUL, and the width of the predicted 95% confidence interval 
is significantly wider than that of the proposed method. Furthermore, 
traditional QLOSS does not impose constraints on the upper and lower 
bounds of the predicted confidence interval, which may result in point 
estimates falling outside the confidence interval, as illustrated in Fig. 
26(b)–(c).

After obtaining the probabilistic RUL, we first determine the optimal 
𝜏∗ for each lithium-ion battery through multi-objective optimization. 
The maintenance model parameters are set consistently with those in 
Case Study 1. Taking ℎ = 60 cycles as an example, the two-dimensional 
Pareto frontiers among the multiple objectives for B0005, B0006, and 
B0018 are shown in Figs.  27–29. The results exhibit the same trend as in 
Case Study 1, indicating that only 𝐶(𝜏) and 𝑃 (𝜏) are in conflict, whereas 
both 𝐶(𝜏) and 𝐴(𝜏), as well as 𝑃 (𝜏) and 𝐴(𝜏) can exhibit conflicting 
behavior only at certain time points.

In Case Study 2, we also conducted a sensitivity analysis of parame-
ter 𝐶 ∕𝐶 . Taking B0006 as an example, when ℎ = 60 cycles, the Pareto 
𝑓 𝑝

15 
frontiers of 𝐶(𝜏) and 𝐴(𝜏) under different values of 𝐶𝑓∕𝐶𝑝 are shown 
in Fig.  30. As shown in Fig.  30, the conflict between 𝐶(𝜏) and 𝐴(𝜏)
decreases as 𝐶𝑓∕𝐶𝑝 increases, which is consistent with the conclusions 
drawn from the Oxford dataset.

After obtaining the probabilistic RUL, the optimal 𝜏∗ for each bat-
tery is determined through multi-objective optimization, as shown in 
Fig.  28. As shown in Fig.  31, almost all values of 𝜏∗ are below the actual 
RUL, further validating the effectiveness of the proposed PdM strategy.

When ℎ = 60 cycles, the 𝑐(𝑙)ℎ  values for B0005, B0006, and B0018 
are 20, 15, and 10, respectively. The unit of the 𝑐(𝑙)ℎ  is the ratio of cost 
and one cycle. Their corresponding OM time window widths are 7.5, 
10, and 15. In this case, OM can be performed on B0006 and B0018, 
yielding values of 𝑞3 = 140.4632 and 𝑄3 = 𝑞3∕(60 + 36.8585) = 1.4502.

6. Conclusions

This paper presents a predictive opportunistic maintenance strat-
egy for lithium-ion batteries, which leverages probabilistic RUL pre-
dictions and incorporates multi-objective, opportunistic maintenance 
decision-making to achieve effective long-term maintenance planning.

In terms of RUL prediction, the proposed MA-TCN-ER model demon-
strates superior single-point RUL estimation accuracy and more precise 
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Fig. 29. The two-dimensional Pareto front for B0018 when ℎ is 60 cycles.

Fig. 30. Two-dimensional Pareto frontiers of 𝐶(𝜏) and 𝐴(𝜏) in different 𝐶𝑓 ∕𝐶𝑝 for B0006.

Fig. 31. The 𝜏∗ of different batteries in various prediction starting time in Case study 2.
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probabilistic RUL predictions compared to both CNN- or RNN-based 
models and MA-TCN-QLOSS models.

Based on the RUL PDF, we proposed an opportunistic maintenance 
strategy for lithium-ion batteries. For single-component maintenance 
decisions, we balanced maintenance costs, component availability and 
reliability measures to achieve multi-objective maintenance optimiza-
tion. Using the Euclidean distance, the optimal preventive replacement 
time for individual batteries was determined among the solutions on 
the Pareto front of the multi-objective maintenance optimization prob-
lem. Experimental results indicate that the suggested replacement times 
occur prior to the actual failure times of the components, demonstrat-
ing the effectiveness of the proposed single-component maintenance 
strategy in preventing equipment failures. Furthermore, using the OM 
time windows, we identified the OM grouping structure for multiple 
lithium-ion batteries, further reducing maintenance costs.

In future research, as more maintenance information becomes avail-
able, our goal is to integrate rolling horizon optimization with predic-
tive opportunistic maintenance, enabling both long-term maintenance 
planning and short-term, dynamic maintenance decision-making.
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