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Abstract

The capacitor is a key component in power electronic transmission systems. The decrease
in capacitance and increase in equivalent series resistance (ESR) serve as critical parameters
for characterizing the aging state of capacitors. To address this, this paper proposes a
convolutional neural network-long short-term memory (CNN-LSTM) model for predicting
the aging state and remaining useful life (RUL) of capacitors. First, the parameter dispersion
characteristics of capacitance change rate and ESR are analyzed. A CNN-LSTM hybrid
model is constructed, along with a prediction framework for aging state evaluation and
RUL estimation. Second, an accelerated aging test platform for aluminum electrolytic
capacitors is built, and eight sets of capacitor aging experiments are conducted. Finally, the
effectiveness of the proposed method is validated. Comparative results show that the CNN-
LSTM model achieves higher accuracy in aging parameter evaluation compared to the
traditional LSTM model and yields smaller errors in RUL prediction than the conventional
Arrhenius lifetime model.

Keywords: capacitor; state evaluation; life prediction; parameter dispersion

1. Introduction
In modern power electronics, capacitors, as pivotal energy storage components, are

extensively employed in diverse power electronic systems. Their performance and service
life directly determine the reliability and stability of such systems. Statistical analyses
on module failures in power electronic systems indicate that the failure probability of
capacitors is as high as 30% [1]. During operation, capacitors undergo aging under the
combined effects of voltage, current, frequency, temperature, and other factors, which
results in a reduction in capacitance (C) and an elevation in equivalent series resistance
(ESR). These parameter variations can adversely affect the normal operation of the asso-
ciated equipment [2–4]. Therefore, accurately assessing the aging state of capacitors and
predicting their remaining useful life (RUL) is of great significance for guaranteeing their
long-term reliable service.

In the production and manufacturing process of power electronic devices, even devices
with the same model exhibit parameter differences due to factors such as manufacturing
technology, material characteristics, and environmental conditions [5,6]. Owing to the
influence of the manufacturing process, the initial parameters of C and ESR of capacitors
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show dispersion. Such parameter dispersion can affect the electrical performance and aging
life of capacitors during operation.

At present, aging experiments, multi-physics models, and data statistics are mainly
used for capacitor state assessment. Reference [7] used capacitor aging tests to analyze
changes in dielectric loss and constants during the aging process of capacitor devices.
Reference [8] established a capacitor thermal network model and a multiphysics field
model to obtain the temperature variation law of capacitors. Reference [9] established
models for the electrical and thermal fields of capacitors and obtained changes in C, ESR,
and temperature during the aging process. The above literature has obtained the parameter
variation law of the capacitor aging process through aging experiments and multi-physics
field models but ignores the dispersion of capacitor parameters.

In terms of modeling the lifespan of capacitors, the Arrhenius model and Peck model
are mainly used to establish the remaining lifespan model. These models extract parameters
such as C decrease and ESR increase from accelerated aging tests and fit them into the
lifespan model to obtain average lifespan predictions [10]. In [11], empirical models for
C and ESR were established, and the equivalent service time was calculated based on the
aging state of the capacitor. RUL was then obtained by subtracting these results from the
lifespan given in the data sheet. Statistical models mainly analyze aging data through
statistical methods, including the Weibull distribution, Wiener distribution, and Gamma
distribution [12]. In [13], a simple two-stage RUL prediction method for capacitors was
proposed based on a Wiener distribution model with linear drift. However, empirical
formulas and statistical models often rely on experimental data and assumptions, with
relatively fixed model parameters that make them difficult to adapt to changes in capacitor
performance and nonlinear degradation under different conditions. Additionally, the study
in [14] investigated the impact of surface humidity and ESR parameter differences on the
lifespan model of capacitors. Therefore, ignoring the differences in capacitor parameters
will affect the accuracy of capacitor RUL prediction.

Data-driven, machine learning, and deep learning methods can improve the accuracy
of predicting the lifetime of power electronic devices to a certain extent. These methods
have been widely applied to the state assessment and life prediction of power electronic
devices. Alghassi et al. used the k-means clustering method to predict the aging state of
IGBTs [15] and applied a support vector machine (SVM) method based on time-domain
fault features to detect abnormal states of IGBTs [16]. The relevance vector machine (RVM)
method has been used for fault diagnosis of cascaded H-bridge multilevel inverters [17].
However, machine learning methods are susceptible to factors such as data noise and
measurement errors. In [18], the authors proposed a method for predicting the RUL of
power semiconductor devices under noisy and non-periodic condition monitoring. In
recent years, deep learning methods—especially convolutional neural networks (CNN) and
long short-term memory (LSTM) networks—have been increasingly applied to the state
assessment and life prediction of power electronic devices due to their powerful feature
extraction capabilities [19]. In [20], the authors proposed a deep learning method based
on CNN for time-series prediction and anomaly detection, while in [21], they proposed a
health monitoring method using fuzzy neural networks to predict C and ESR. In [22], the
authors proposed Transformer models based on a generalized REF framework to predict
parameter changes in renewable energy forecasting, which is also an efficient method for
predicting capacitor parameters in the future. Compared with conventional deep learning
techniques, transformer models achieve a significant improvement in forecasting accuracy.
However, existing research mostly focuses on predicting the life of individual capacitors,
neglecting the impact of parameter differences between capacitors on their life.
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This paper aims to propose a method for evaluating the aging state and predicting
the RUL of capacitors based on a CNN-LSTM network, fully considering the influence of
discrete C values and ESR parameters of capacitors. Firstly, the mechanism of capacitor
parameter dispersion is analyzed, and a CNN-LSTM network is proposed for the aging
state assessment and RUL prediction model. Secondly, by conducting accelerated aging
experiments on capacitors of the same model, time-series data of capacitor C and ESR are
obtained, verifying that the capacitor state parameters follow a normal distribution. Finally,
applying these data to the proposed model significantly improves the accuracy of aging
state evaluation and RUL prediction.

2. Aging State Evaluation and Remaining-Life-Prediction Methods Based
on a CNN-LSTM Network
2.1. Parameter Dispersion Characteristics

Due to the influence of manufacturing processes and materials, there are differences in
the performance parameters of aluminum electrolytic capacitors (AECs) of the same model.
Consequently, under the same operating conditions, the degradation processes of character-
istic parameters such as capacitance change rate (∆C) and ESR of AECs also exhibit certain
differences. Therefore, based on Bayesian statistical theory, ∆C and ESR can be regarded as
a set of random variables with specific probability distribution characteristics. This paper
employs a normal distribution function to describe the differences in the parameters and
degradation processes of ∆C and ESR in the AECs [23–26]:{

∆C(Θ) ∼ N
(
µ1(Θ), σ2

1 (Θ)
)

ESR(Θ) ∼ N
(
µ2(Θ), σ2

2 (Θ)
) (1)

where µ and σ are the mean and variance of the normal distribution, respectively. f (xi) is
the probability density function of the normal distribution, which can be calculated using
Equations (2)–(4).

µi =
1
n

n

∑
k=1

xi,k (2)

σ2
i =

1
n

n

∑
k=1

(xi,k − µi)
2 (3)

pd f (xi,k) =
1

σi
√

2π
exp(

−(xi,k − µi)
2

2σ2
i

) (4)

where i = 1, 2 represent the two model parameters, x1 and x2, mean the degradation model;
n is the total number of samples involved in the calculation; and k = 1, 2, . . ., n represent
the current set of sample data.

2.2. CNN-LSTM Network Model

The convolutional neural network (CNN) is a neural network model that is widely
used in fields such as computer vision and natural language processing. Convolution
operation, a widely used mathematical operation in image processing and signal processing,
is the core part of this model. Convolution can merge two functions into a new function,
reflecting their relationship.

In mathematics, the convolution of two functions is defined as the integral of their
integrals. For continuous functions f (x) and g (x), their convolution is defined as follows:

( f ∗ g)(x) =
∫ ∞

−∞
f (t)g(x − t)dt (5)
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where * represents convolution operation, t is the integral variable, x is the displacement
variable. The result of convolution is a new function that represents the relationship be-
tween f and g. In practical applications, discrete convolution is commonly used, which
replaces continuous functions with discrete functions and replaces integration with sum-
mation. The definition of discrete convolution is as follows:

( f ∗ g)[n] =
∞

∑
m=−∞

f [m]g[n − m] (6)

where [n] is the discrete value of the function, [m] is the sun variable, and f and g are both
discrete functions.

CNN-LSTM networks are trained using a gradient-based backpropagation algorithm.
The model mainly includes convolutional layers, pooling layers, LSTM layers, and fully
connected layers, as shown in Figure 1.

Input layer Convolution layer Pooling layer

Dense layer Output layerLSTM layer

Figure 1. Architecture of CNN-LSTM network.

(a) Convolutional Layer

The convolutional layer is one of the most important components in CNNs, responsible
for extracting features from the input data. In convolutional layers, a set of convolution
kernels is defined to perform convolution operations on input data, resulting in a series
of feature maps. Convolution operations can effectively capture local features and spatial
structures, enabling feature extraction and representation of input data. The calculation
formula is as follows:

hi,j,k =
M−1

∑
m=0

N−1

∑
n=0

wm,n,k·xi+m,j+n + bk (7)

where hi,j,k are the output of the k-th convolution kernel at position (i, j), xi+m,j+n are the
pixel values of the input image at position (i + m, j + n), wm,n,k are the weights of the kth
convolution kernel at position (m, n), bk is the bias term of the k-th convolution kernel, and
M and N are the sizes of the convolution kernels.

(b) ReLU Activation

The activation function introduces nonlinear factors, enabling neural networks to learn
complex nonlinear relationships. Common activation functions include ReLU (Rectified
Linear Unit), Sigmoid, and Tanh. The ReLU function can effectively alleviate the gradi-
ent vanishing problem and accelerate the convergence of the network, which is defined
as follows:

f (x) = max(0, x) (8)
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(c) Pooling Layer

The pooling layer adopts maximum pooling as shown in Equation (9). The pooling
layer is used to downsize and sample the feature maps output by the convolutional layer
to reduce the number of model parameters and computational complexity. It preserves
important information and reduces data volume by taking the maximum or average value
in a specific region. Pooling operations can also enhance the robustness of the model to
translation and scale changes and improve the model’s generalization ability.

hi,j = max
{

xi+m,j+n
}

(9)

(d) LSTM Layer

The long short-term memory (LSTM) network is a recurrent neural network (RNN)
variant specifically designed to handle and predict long-term dependencies in time series
data. LSTM effectively addresses the vanishing gradient problem that standard RNNs
encounter for long sequences by introducing multiple gating mechanisms. The core of an
LSTM network is its cell state and hidden state, which can carry long-term information.
The structure of the LSTM layer involves the following components as (10)–(15): the input
gate determines which new information will be added to the cell state; the forget gate
decides which information will be removed from the cell state; the candidate memory cell
generates new information to be added to the cell state, uses the input, and forget gates to
update the cell state; and the output gate decides which information will be output from
the cell state, generating the current hidden state based on the output gate and the current
cell state.

it = σ(Wi · [ht−1, xt] + bi) (10)

ft = σ(W f · [ht−1, xt] + b f ) (11)

Cn = tanh(WC · [ht−1, xt] + bC) (12)

Ct = ft · Ct−1 + it · Cn (13)

ot = σ(Wo · [ht−1, xt] + bo) (14)

ht = ot · tanh(Ct) (15)

where it is the activation value of the input gate at the current time step, σ is the Sigmoid
activation function, Wi is the weight matrix for the input gate, ht−1 is the hidden state from
the previous time step, xt is the input at the current time step, and bi is the bias term for
the input gate. ft is the activation value of the forget gate at the current time step, Wf is
the weight matrix for the forget gate, and bf is the bias term for the forget gate. Cn is the
candidate memory cell at the current time step, WC is the weight matrix for the candidate
memory cell, and bC is the bias term for the candidate memory cell. The tanh function is
the hyperbolic tangent activation function, Ct is the cell state at the current time step, Ct−1

is the cell state from the previous time step, ot is the activation value of the output gate at
the current time step, Wo is the weight matrix for the output gate, bo is the bias term for the
output gate, and ht is the hidden state at the current time step.

(e) Fully Connected Layer

The fully connected layer is usually located in the last few layers of a convolutional
neural network and is responsible for combining and classifying the features extracted by
the convolutional and pooling layers. Each neuron in the fully connected layer is connected
to all neurons in the previous layer, and advanced feature learning and classification of
input data are achieved by learning weights and bias parameters. The fully connected layer
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flattens the feature map output by the pooling layer into a one-dimensional vector, and
then multiplies it with the weight matrix to obtain the output:

y = W · x + b (16)

where x is the input one-dimensional vector (flattened feature map), W is the weight
matrix, b is the bias vector, and y is the output vector, in this article, the output is the RUL
of capacitor.

2.3. Aging Status Assessment and RUL Prediction Process

Based on the input features, the model evaluates the aging state of the capacitor,
outputs the predictive classification of the aging state, and predicts the RUL, as shown
in Figure 2.

Raw feature input: Aging 
experiment prior data (C, 

ESR)

4

C

t

C

t

L

t

L

t

 

 

Weighting of Dispersion  
(pdf)

Final feature input: 
weighted 

multidimensional input 
vector

CNN-LSTM model 
multi-task learning

State assessment 
confusion matrix

and remaining life 
prediction curve

Task1：CEL
Task2：MSE

Posterior data 
entry

Input
Layer Hidden

Layer 1
Hidden
Layer 2

Output
Layer

Figure 2. CNN-based process for aging status assessment and RUL prediction.
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Firstly, the capacitance loss ∆C and ESR from the prior data were extracted as features,
and the aging state and RUL of the prior data were extracted as guidance for the model
task. The capacitance loss ∆C is calculated using Equation (17).

∆C =
C0 − Ct

C0
(17)

where C0 is the capacitance initial value, Ct is the capacitance test value at test time.
Then, the mean and variance of the normal distribution of capacitance parameters (ESR

and ∆C) at each time point were calculated from Equations (2)–(4), and the corresponding
probability density (PDF) was calculated, the PDF method is an effective weighting method
for analyzing the differences in aging parameters of power devices [27]. The PDF was
standardized according to Equation (18), the original features were weighted as the weight
value of each feature, the weights of wi are applied per sample per time step, and the
final features were obtained from Equation (19) as input to the CNN-LSTM model (state
evaluation and life prediction). The CNN-LSTM model performs multi-task learning, in
which task 1 is the classification task of state assessment, task 2 is the time series regression
task of life prediction, the task 1 and task 2 use a shared CNN-LSTM backbone, and the
final loss is computed through a weighted sum. The loss functions of the classification task
and the time series regression task are given in Equations (20) and (21), respectively. The
cross-entropy loss function (CEL) was used for classification tasks, and the mean square
error loss function (MSE) was used for time series regression tasks. The cross-entropy loss
function and the mean square error loss function are used separately. The cross-entropy loss
function is used to evaluate the aging state of the capacitor, because the aging parameters
of capacitors with the same model under the same conditions are dispersed. While the
mean square error loss function is used to evaluate the RUL of the capacitor, the aging
process of capacitors is time continuous.

wi(x) =
pd fi(x)

n
∑

k=1
pd fi(xk)

(18)

x f inal = [w1 · x1, w2 · x2, · · · , wm · xm] (19)

CEL = − 1
N

N

∑
i=1

C

∑
j=1

yij log(Pij)) (20)

MSE =
1
N

N

∑
i=1

(yi − Yi)
2 (21)

The model was trained using an adaptive momentum estimation (Adam) optimizer,
and the model performance was monitored using the validation set. The trained model
was used to predict the a posteriori data, and the confusion matrix and remaining life curve
were output to evaluate the performance of model state evaluation and life prediction,
respectively. The CNN-LSTM model hyperparameters are listed below: the CNN kernel
size is [1,3]. There are two layers in the CNN-LSTM model, in first layer the filter is 16, in
second layer the filter is 32. The batch size is 64. The number of epochs is 1000. The early
stopping criteria is 50. The learning rate is 1 × 10−3.

3. Accelerated Aging Experiment of AECs
In order to quantify the parameter dispersion, detailed experiments and analyses

were carried out on aluminum electrolytic capacitors of the same type. Eight Hitachi
HCGF5A2W5611 AECs from the same manufacturer were selected for measurement, the
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maximum rated voltage for the AECs is 450 V, the maximum leakage current for the AECs
is 5 mA, the maximum ripple current is 6.7 A, and the maximum temperature for the AECs
is 85 ◦C [28]. Aging experiments were performed on AECs using a high-temperature and
constant-voltage aging test platform, as shown in Figure 3.

 
(a) 

C

R Constant 85 °C

(b) 

Figure 3. Accelerated aging experiment. (a) High-temperature and constant-pressure test chamber.
(b) Experimental circuit diagram.

A DC voltage source of 450 V was set according to the rated voltage. The voltage
was derived from an AC ripple with 12 A for accelerated aging with is about 1.7 times
higher than the rated ripple current. A resistor R was connected in series for protection,
the temperature was set to 85 ◦C, which is the highest operation temperature based on
the datasheet. The ESR and ∆C values were measured once every 20 h after cooling to
20 ◦C using a digital bridge, the cooling time for each period is about 20 min, the whole
experiment time for a capacitor is 1000 h. The experimental results of ∆C and ESR are
shown in Figure 4.
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(a) 

 
(b) 

Figure 4. Accelerated aging test results. (a) ∆C. (b) ESR.

The results of the accelerated aging experiment of capacitors indicate that as the
capacitor operates, the ∆C and ESR of the capacitor continue to increase. After running
for 400 h, it can be clearly seen that at the same time, the state parameters of capacitors
with the same model will exhibit different aging states. Based on literature [27], in order to
predict the life of power electrical device with higher than 90% accuracy, at least six sets of
aging data are required for training in order to accurately evaluate the life of capacitors.
Therefore, the first six sets of capacitor data were selected as the training data set to analyze
the impact of capacitor aging on ∆C and ESR. A capacitance variation of 5% to 20% is
commonly used as the fault threshold for capacitors. In this study, a ∆C value of 12% was
defined as the fault threshold for capacitors [7,29].

Based on the references [14,30], the aging data of the ∆C and ESR follows normal
distribution. Extracting the experimental results of ∆C and ESR at 600 h, a Kolmogorov–
Smirnov test with a significance of 0.05 was performed on the normal distribution at each
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time point. Figure 5 shows the normal distribution of ∆C and ESR, and the p-values of ∆C
and ESR at each time during the experiment.

(a) 

(b) 

 
(c) 

Figure 5. The 600 h parameter distribution and KS test. (a) Normal distribution of ∆C. (b) Normal
distribution of ESR. (c) p-values of ∆C and ESR.
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As shown in Figure 5, the eight sets of experiment data of ∆C and ESR follows normal
distribution, and the p-values of ∆C and ESR are all greater than 0.05 at each time during
experiment, which indicates that all the data in the experimental results conforms to a
normal distribution.

4. Evaluation of Capacitor Aging Status and RUL Prediction Results
4.1. Aging State Assessment

(a) K-means algorithm

Based on the experimental results in Figure 4, in order to verify the accuracy of
the established model, a k-means clustering algorithm model was constructed using the
capacitance value test data of capacitor 1 to capacitor 6. Each data point was based on real
measurement results every 20 h. According to Euclidean distance, the data was divided
into four clusters, which are sequentially categorized as healthy states—normal, mild aging,
severe aging, and exhaustion—corresponding to labels 1, 2, 3, and 4, respectively. The data
of capacitor 7 and capacitor 8 were used as test sets for state evaluation and prediction. The
feature clustering distribution of the trained model, the confusion matrix of the training set,
and the state evaluation and prediction of the testing set are shown in Figure 6.

 
(a) 

(b) 

Figure 6. Assessment results of k-means. (a) Feature clustering results. (b) The results of k-means.

The results indicate that the accuracy of state assessment using the k-means algorithm
model is relatively low, reaching only 62%. As evidenced by the feature clustering graph, the
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parameter dispersion during the aging process of capacitors leads to significant parameter
fluctuation, resulting in unstable cluster center positions in k-means clustering. Moreover,
the k-means algorithm is unable to accurately learn the distribution characteristics of
parameter dispersion, which consequently limits the model’s generalization capability and
leads to inaccurate classification.

(b) Failure threshold equal divide

The training data were input into the capacitor aging state assessment and remaining
lifespan prediction model established in Section 2. The classification metric of this model is
presented in Table 1, with a failure criterion of ∆ = 12% and defined state levels.

Table 1. Vibration and power cycling parameters of experiment.

State Metric Range Label

Normal ∆ ≤ 0.4 1
Mild aging 0.4 < ∆≤ 0.8 2

Severe aging 0.8 ≤ ∆≤ 0.12 3
Failure ∆ > 0.12 4

After training, the test data were input, and the aging state assessment confusion
matrix is shown in Figure 7. In this confusion matrix, the diagonal elements represent
the accuracy of each category, with the shade of color clearly indicating the magnitude of
accuracy. The results demonstrate that the CNN-LSTM model achieved an accuracy rate of
96.7% for the training set and 99% for the test set, which is significantly higher than the
accuracy rate of the k-means clustering algorithm.

(a) 

(b) 

Figure 7. Assessment results of CNN-LSTM model. (a) Results of the training set. (b) Results of the
test set.
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Therefore, when evaluating the aging state of capacitors, dividing the failure threshold
equally and then using the CNN-LSTM method for evaluation yields higher accuracy.
The small errors observed in the training set can be attributed to the noise present during
the sample extraction process. Despite the presence of noise, the CNN-LSTM model still
maintains extremely high accuracy.

4.2. RUL Prediction

To verify the effectiveness of the CNN-LSTM model for RUL prediction of capacitor,
the Arrhenius life model of capacitor was used to compare it with the proposed model.
The Arrhenius model for capacitor life calculation is calculated by Equation (22), the RUL
calculates by Equation (23) [31].

LT = L0 × 2
T0−T

α (22)

LRUL = LLIFE − LUSE (23)

where LT is the life of the capacitor at operation temperature T, L0 is the rated life of the
capacitor at operation temperature T0, a is the calculation coefficient, LRUL is the remaining-
useful-life of the capacitor, which means time-to failure from current time of the capacitors.
LLIFE is the whole lifetime of the capacitor, and LUSE is the used life of the capacitor, which
is obtained from the experimental result. The prediction results for the remaining lifespan
are shown in Figure 8.

 
(a) 

 
(b) 
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Test results
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300
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Figure 8. Predicted RUL and true RUL. (a) RUL of capacitor 7. (b) RUL of capacitor 8.



Electronics 2025, 14, 4452 14 of 17

Using relevance (R), mean absolute error (MAE), and mean relative error (MRE) as
evaluation metrics for the model’s RUL prediction, the results are presented in Table 2. For
capacitor 7, the correlation index reached 99.73%, with a mean error of 13.5, demonstrating
the excellent predictive performance of the proposed CNN-LSTM model.

Table 2. Metrics of predicted RUL.

Metrics R MAE MRE

Capacitor 7 0.997 13.5 6.47
Capacitor 8 0.995 30.3 27.1

As shown in Table 2, the results for Capacitor 8 show a higher MAE and MRE. As
shown in Figure 4, before 400 h, the ESR and capacitance change rate of capacitor 8 had a
lower rate of increase, which resulted in RUL evaluation results being higher than the true
remaining life. After 500 h, the capacitance and ESR change rates of capacitor 8 were almost
the same as those of capacitor 7, gradually bringing the RUL evaluation results closer to
the true values.

Table 3 presents the predicted RUL by the CNN-LSTM model at 600 h, along with the
actual RUL and the lifespan predicted by the Arrhenius model. After 600 h of operation,
the actual RUL of capacitor 7 is about 230 h. The method proposed in this paper predicts
219 h with an error of 11 h, while the Arrhenius model calculates 300 h with an error
of 70 h. After 600 h of operation, the actual RUL of capacitor 8 is about 130 h. The
method proposed in this paper predicts a result of 107 h with an error of 23 h, while the
Arrhenius model calculates a result of 215 h with an error of 85 h. Therefore, the proposed
method in this study significantly more precise predictions of the RUL compared to the
Arrhenius model.

Table 3. Comparison of predicted RUL after 600 h.

RUL (h) Actual Proposed Arrhenius

Capacitor 7 230 219 300
Capacitor 8 130 107 215

The feature parameters were tracked during the time series regression prediction, and
the tracking results obtained are shown in Figure 9. It can be seen that the direct use of
LSTM for time series prediction may lead to insufficient learning ability or overfitting,
resulting in inaccurate prediction results, while the CNN-LSTM method can effectively
extract the spatial features in the prior data, accurately learn the dispersion of feature
parameters, and improve the prediction reliability.

Table 4 shows the R, MAE, and MRE of the ∆C predicted with the LSTM and CNN-
LSTM models. For the LSTM model, the relevance is 97.9%, the MAE is 0.0038, and the
MRE is 0.0371. For the CNN-LSTM model, the relevance is 99.8%, the MAE is 0.0016, and
the MRE is 0.0005. The CNN-LSTM model used for predicting the ∆C of the capacitor has
higher relevance and lower MAE and MRE.

Table 4. Metrics of predicted ∆C with the LSTM and CNN-LSTM models.

Metrics R MAE MRE

LSTM 0.979 0.0038 0.0371
CNN-LSTM 0.998 0.0016 0.0005
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Figure 9. Parameter time series prediction of capacitor 7. (a) ∆C of capacitor 7. (b) ESR of capacitor 7.

Table 5 shows the R, MAE, MRE of predicted the ESR with the LSTM and CNN-LSTM
model. For the LSTM model, the relevance is 97.8%, the MAE is 0.0056, the MRE is 0.0648.
For the CNN-LSTM model, the relevance is 99.3%, the MAE is 0.0020, the MRE is 0.0256.
Compared to the LSTM model, the CNN-LSTM model used for predicting the ∆C and ESR
has lower MAE and MRE and higher R values. Using the CNN-LSTM model for evaluating
the aging state of capacitors has higher accuracy.

Table 5. Metrics of predicted ESR with the LSTM and CNN-LSTM model.

Metrics R MAE MRE

LSTM 0.978 0.0056 0.0648
CNN-LSTM 0.993 0.0020 0.0256

5. Conclusions
This study constructed a CNN-LSTM model that considers parameter dispersion to

achieve capacitor aging state assessment and RUL prediction. The experimental results
show that the parameter dispersion caused by manufacturing processes significantly affects
the aging rate and remaining life of capacitors. The model uses experimental data from
six capacitors of the same model as the training set, and data from two capacitors as
the test set. The characteristic parameters are capacitor capacitance loss ∆C and ESR. By
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introducing the normal distribution feature to account for parameter dispersion, the model
exhibits good fitting and prediction capabilities, with accuracy and robustness far superior
to those of empirical models (e.g., the k-means model, the Arrhenius model) and simplified
data-driven methods. The proposed method provides an effective technical approach for
evaluating the remaining life of aluminum electrolytic capacitors, such as Hitachi HCGF5A
Series. In the future, to better calibrate the capacitor RUL model, more experiments will be
conducted under different operating and humidity conditions.
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