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Precise estimation of lithium-ion battery State of Health (SOH) is essential for the safe and efficient operation
of energy systems and electronic devices. However, nonlinear degradation, multimodal noise, and prediction
uncertainty limit the accuracy and credibility of traditional models. To address this, we propose a novel
SOH prediction model integrating multimodal signal decomposition and uncertainty quantification. First,
Successive Variational Mode Decomposition (SVMD) separates degradation features from noise by decomposing
multimodal monitoring signals (voltage, current, temperature, and EIS) into intrinsic modal functions (IMFs).
Second, an AM-CNN-BiLSTM hybrid network extracts deep spatial-temporal features from the IMFs for
preliminary SOH prediction. Third, an MCMC-based Bayesian inference framework quantifies prediction
uncertainty (data noise, model parameters, and extraction errors), providing a probability distribution that
improves overall model credibility. Validated on the NASA and Oxford datasets against traditional and
advanced models (including Battery GPT), the proposed method outperformed comparisons, achieving an
RMSE under 0.46%, a MAPE under 0.91%, and a determination coefficient above 0.991. Additionally, uncertainty
quantification showed a prediction interval coverage probability (PICP) of 95.2% at a 95% confidence level.
Ultimately, this model provides a high-precision, credible technical approach with strong engineering prospects
for Battery Management Systems (BMS).
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1. Introduction

With the rapid development of new energy technologies,
lithium-ion batteries have become the core energy storage
components in electric vehicles, grid-scale energy storage
systems, and portable electronic devices, due to their high
energy density, long cycle life, low self-discharge rate [1].
Nevertheless, lithium-ion batteries inevitably suffer per-
formance degradation after prolonged charge–discharge
cycling. Such aging behavior is mainly reflected in ca-

pacity fading, internal resistance growth, and reduced
charge–discharge efficiency. This irreversible decay not
only shortens battery service life but also introduces severe
safety risks, including thermal runaway, fire and explo-
sion hazards, thereby threatening the stable operation of
the overall energy system [2]. State of Health (SOH) char-
acterizes the current performance of a battery relative to
its initial rated status, commonly defined as the ratio of
present available capacity to the nominal capacity. It serves
as a core indicator for quantitatively evaluating battery
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aging severity [3, 4]. Reliable and high-precision SOH es-
timation can support scientific maintenance scheduling,
replacement decisions, and real-time safety early warning.
Accordingly, it contributes greatly to enhancing the oper-
ational reliability of energy storage systems and lowering
long-term operational costs [5].

Recently, State of Health (SOH) prediction for lithium-
ion batteries has attracted extensive research attention, with
existing approaches generally classified into three cate-
gories: model-driven, data-driven, and hybrid strategies.
Model-based schemes, including equivalent circuit models
and electrochemical models, correlate battery degradation
behaviors with SOH by leveraging the internal electrochem-
ical principles of lithium cells [6]. While such methods
deliver clear interpretability, their practical application is
constrained by intricate internal reaction mechanisms, dif-
ficult parameter calibration, and poor generalization under
complex operating conditions—limiting their capability
to support high-precision prediction in real-world scenar-
ios [7]. By contrast, data-driven approaches, particularly
deep learning-enabled techniques, have gained increasing
popularity owing to their outstanding capacity in fitting
nonlinear relationships and independence from sophisti-
cated mathematical modeling [8]. Common deep learning
models such as Long Short-Term Memory (LSTM), Con-
volutional Neural Network (CNN), and Transformer have
been widely used in SOH prediction [9]. However, tradi-
tional data-driven methods still have obvious limitations:
first, the monitoring signals of lithium batteries (voltage,
current, temperature, etc.) are typical multimodal signals,
which contain a lot of noise and redundant information,
and directly inputting these signals into the model will lead
to low feature extraction efficiency and poor prediction
accuracy [10]; second, most existing models only output
deterministic SOH prediction values, ignoring the uncer-
tainty existing in the prediction process (such as data mea-
surement noise, model parameter fluctuation, and feature
extraction error), which makes it difficult to evaluate the
credibility of the prediction results and limits the practical
application of the model in safety-critical scenarios [11].

To solve the above problems, researchers have tried to
introduce signal decomposition technology into SOH pre-
diction to improve the quality of input data. Variational
Mode Decomposition (VMD) is a commonly used adap-
tive signal decomposition method, which can decompose
complex signals into multiple intrinsic modal functions
(IMFs) with different frequency bands, effectively separat-
ing effective features from noise [12]. However, the VMD
algorithm needs to manually set the number of modal com-
ponents in advance, which is easy to cause modal aliasing

or incomplete decomposition, affecting the effect of feature
extraction. Successive Variational Mode Decomposition
(SVMD), as an improved version of VMD, can adaptively
determine the number of modal components and the op-
timal central frequency through iterative decomposition,
avoiding the defects of VMD and improving the accuracy
of signal decomposition. In terms of uncertainty quantifica-
tion, Bayesian inference has been gradually applied to bat-
tery SOH prediction because it can effectively quantify the
uncertainty of model parameters and prediction results by
combining prior information and sample data [13]. How-
ever, the combination of multimodal signal decomposition,
deep learning, and Bayesian uncertainty quantification is
still in the exploratory stage, and there is a lack of a system-
atic framework to integrate these technologies to achieve
high-precision and credible SOH prediction.

To address the aforementioned limitations, this paper
develops a novel lithium-ion battery SOH prediction frame-
work integrating multimodal signal decomposition and
uncertainty quantification. The key contributions of this
work are summarized as follows.

1. A SVMD-based multimodal signal decomposition
method is proposed to decompose the complex moni-
toring signals of lithium batteries into multiple IMFs,
which effectively removes noise interference and ex-
tracts key degradation features.

2. A hybrid deep learning network (AM-CNN-BiLSTM)
is constructed to extract deep spatial-temporal features
from the decomposed IMFs, which improves the abil-
ity of the model to capture the nonlinear degradation
law of lithium batteries.

3. A Bayesian inference framework based on MCMC is in-
troduced to quantify the uncertainty of the prediction
results, providing a reliable basis for the evaluation of
the prediction credibility.

2. Materials and methods

The overall architecture of our proposed SOH prediction
model for lithium-ion batteries, which integrates multi-
modal signal decomposition and uncertainty quantifica-
tion, is illustrated in Fig. 1. The entire framework consists
of three core modules: multimodal signal decomposition
based on SVMD, SOH preliminary prediction based on
AM-CNN-BiLSTM, and uncertainty quantification based
on Bayesian inference. The specific implementation process
is as follows. First, we collect the multimodal monitoring
signals of lithium batteries (voltage, current, temperature,
EIS data), and preprocess the signals to eliminate outliers
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and normalize them. Second, we use SVMD to decompose
the preprocessed multimodal signals into multiple IMFs,
and select the effective IMFs containing key degradation
features. Third, we input the effective IMFs into the AM-
CNN-BiLSTM network to extract deep spatial-temporal
features and output the preliminary deterministic SOH
prediction value. Finally, we use the Bayesian inference
framework based on MCMC to quantify the uncertainty of
the prediction results, and output the probability distribu-
tion and prediction interval of the SOH value.

Fig. 1. Proposed lithium battery SOH prediction model.

2.1. Multimodal Signal Decomposition Based on SVMD

Successive Variational Mode Decomposition (SVMD) is
an adaptive signal decomposition algorithm improved on
the basis of VMD, which solves the problem that VMD
needs to manually set the number of modal components
[14]. SVMD works by iteratively decomposing the input
signal, adaptively determining the mode number and op-
timal central frequencies, and ultimately separating the
original signal into multiple IMF components with distinct
time scales alongside one residual term. The mathematical
formulation of SVMD is presented below.{

min
un ,ωn , fr

{αJ1 + J2 + J3}

subject to: un(t) + fr(t) = f (t)
(1)

Where α is the balancing parameter. f (t) is the input
multimodal signal (such as battery voltage, current, or tem-
perature signal). un and fr are the n -th IMF and the resid-
ual component decomposed from f (t), respectively. ωn

is the central frequency of the nth IMF. J1, J2, and J3 are
the constraint terms of the variational model, which are
defined as follows.

J1 =

∥∥∥∥∂t

((
δ(t) +

j
πt

)
∗ un(t)

)
e−jωnt

∥∥∥∥2

2
(2)

J2 = ∥βn(t) ∗ fr(t)∥2
2 (3)

J3 =
L−1

∑
i=1

∥βi(t) ∗ un(t)∥2
2 (4)

Where δ(t) is the Dirac function. βi(t) and βn(t) are the
impulse responses of the filters. L is the number of iterative
decompositions. The SVMD algorithm solves the above
variational optimization problem through the Alternating
Direction Method of Multipliers (ADMM), iteratively up-
dates un, ωn, and the dual variable λ, until the convergence
condition is met, and finally obtains all IMFs and residual
components.

In this study, the multimodal signals of lithium batteries
(voltage, current, temperature, and EIS data) are decom-
posed by SVMD. Each type of signal is decomposed into
multiple IMFs, and the Pearson correlation coefficient is
used to select the IMFs with strong correlation with SOH
(correlation coefficient absolute value > 0.8 ) as the input
features of the subsequent prediction network, which effec-
tively removes noise interference and reduces redundant
information.

2.2. SOH Preliminary Prediction Based on AM-CNN-
BiLSTM

To fully mine spatial and temporal feature information
from decomposed IMF components, we construct a hybrid
deep learning network integrating the attention mechanism
(AM), CNN, and BiLSTM modules. The detailed structure
of the proposed AM-CNN-BiLSTM network is illustrated
in Fig. 2.

Fig. 2. Structure of the AM-CNN-BiLSTM network.

1. CNN Layer. The decomposed IMF components ex-
hibit typical multidimensional time-series character-
istics. The CNN module is adopted to extract spatial
features from these signals, such as local fluctuation
patterns, effectively capturing intrinsic local data cor-
relations [15, 16]. This CNN architecture integrates
convolutional layers, batch normalization modules,
and max-pooling operations. One-dimensional con-
volution kernels perform feature convolution on the
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input IMF sequences, while batch normalization ac-
celerates model convergence and mitigates overfitting
risks. Meanwhile, max-pooling downsamples the gen-
erated feature maps to reduce parameter volume while
preserving critical spatial feature information.

2. BiLSTM Layer. The BiLSTM layer is composed of
a forward LSTM and a backward LSTM, which can
capture the temporal correlation of the data in both
forward and backward directions, effectively solving
the problem that traditional LSTM can only capture
the forward temporal features [17].

3. Attention Mechanism (AM). The attention mechanism
is introduced to dynamically assign adaptive weights
to high-dimensional features extracted by the BiLSTM
module. It strengthens critical information closely cor-
related with SOH estimation while suppressing irrele-
vant and redundant feature components. The detailed
computational procedure of the attention module is
presented below.

et = tanh (Waht + ba) (5)

αt =
exp

(
eT

t ua
)

T
∑

k=1
exp

(
eT

k ua
) (6)

hatt =
T

∑
t=1

αtht (7)

Where ht is the output of the BiLSTM layer at time
t. Wa and ba are the weight matrix and bias term of
the attention layer. ua is the attention vector. αt is the
attention weight at time t.hatt is the feature vector after
attention weighting.

4. Fully Connected Layer. After weighted optimization
via the attention module, the refined feature vector
is fed into the fully connected layer. The model then
outputs deterministic SOH estimation results with the
activation functions of ReLU and Sigmoid adopted
in succession. In this network, Mean Squared Error
(MSE) is selected as the loss function, whose specific
definition is presented below.

LMSE =
1
N

N

∑
i=1

(
SOHtrue ,i − SOHpred ,i

)2
(8)

Where N is the number of samples. SOHtrue ,i is the
true SOH value of the i-th sample, and SOHpred ,i is
the predicted SOH value of the i-th sample.

2.3. Uncertainty Quantification Based on Bayesian Infer-
ence

To quantify the uncertainty inherent in SOH estimation
outcomes, we adopt a Bayesian inference framework in-
tegrated with the Markov Chain Monte Carlo (MCMC)
algorithm. Its core principle lies in updating the prior
parameter distribution using sampled data to derive the
posterior distribution; the probability distribution of final
predictions can then be further inferred from such posterior
results [18].

In this study, the parameters of the AM-CNN-BiLSTM
network are regarded as random variables, and the prior
distribution of the parameters is set as a Gaussian distri-
bution p(θ) ∼ N (µ0, Σ0), where θ is the parameter set
of the network, µ0 is the prior mean, and Σ0 is the prior
covariance matrix. The likelihood function of the model
is constructed based on the MSE loss function, which is
defined as follows.

p(y | θ, X) ∼ N
(

fθ(X), σ2 I
)

(9)

Where X is the input feature matrix (effective IMFs). y
is the true SOH value. fθ(X) is the output of the AM-CNN-
BiLSTM network. σ2 is the noise variance, and I is the
identity matrix.

According to Bayes’ theorem, the posterior distribution
of the parameters θ is:

p(θ | y, X) ∝ p(y | θ, X)p(θ) (10)

Since the posterior distribution of the parameters is com-
plex and cannot be solved analytically, the MCMC algo-
rithm (specifically the NUTS algorithm) is used to sample
the posterior distribution of the parameters, and a large
number of parameter samples are obtained. For a new in-
put sample Xnew , the prediction distribution of the SOH
value is obtained by inputting the parameter samples into
the AM-CNN-BiLSTM network.

p (SOHnew | Xnew , y, X)

=
∫

p (SOHnew | Xnew , θ) p(θ | y, X)dθ
(11)

The mean value derived from the predicted probabil-
ity distribution is adopted as the final SOH estimation
result. Meanwhile, the 95% prediction interval is calcu-
lated according to the corresponding quantiles, so as to
quantitatively characterize the prediction uncertainty. Two
evaluation indicators, namely Prediction Interval Coverage
Probability (PICP) and Prediction Interval Average Width
(PIAW), are introduced to assess the performance of un-
certainty quantification, with their definitions presented
below:
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PICP =
1

Ntest

Ntest

∑
i=1

I
(

SOH true ,i ∈ [Li′Ui]
)

(12)

PIAW =
1

Ntest

Ntest

∑
i=1

(Ui − Li) (13)

Where Ntest is the number of test samples. [ Li, Ui ] is
the 95% prediction interval of the i-th test sample. I(·) is
the indicator function. A higher PICP and a lower PIAW
indicate better uncertainty quantification effect.

2.4. Overall Model Flow

The specific steps are as follows.

1. Data Collection and Preprocessing. Collect the mul-
timodal monitoring signals (voltage, current, temper-
ature, EIS data) of lithium batteries during charge-
discharge cycles, eliminate outliers through the 3α

principle, and normalize the signals to the range [0,1]
using the min-max normalization method to avoid the
influence of different units on the model training.

2. Multimodal Signal Decomposition. Use SVMD to de-
compose each preprocessed signal into multiple IMFs
and a residual component, calculate the Pearson cor-
relation coefficient between each IMF and SOH, and
select the IMFs with absolute correlation coefficient >
0.8 as effective features.

3. Preliminary SOH Prediction. Input the effective IMFs
into the AM-CNN-BiLSTM network, train the network
using the training set, and output the preliminary de-
terministic SOH prediction value on the test set.

4. Uncertainty Quantification. Use the MCMC algorithm
to sample the posterior distribution of the AM-CNN-
BiLSTM network parameters, obtain the prediction
distribution of the SOH value, calculate the 95% pre-
diction interval, and evaluate the uncertainty quantifi-
cation effect using PICP and PIAW.

5. Model Evaluation. Evaluate the prediction accuracy of
the model using RMSE, MAPE, and R2, and compare
it with the comparison models to verify the superiority
of the proposed model.

3. Results and discussion

To validate the effectiveness and superiority of the devel-
oped model, comprehensive experiments are conducted on
two public lithium-ion battery datasets from NASA and
Oxford University. The experimental setup, dataset intro-
duction, parameter configurations, and result analyses are
elaborated in the following sections.

3.1. Experimental Environment and Dataset Description

3.1.1. Experimental Environment

The experimental environment is configured as follows:
CPU: Intel Core i7-12700H (2.7GHz), GPU: NVIDIA RTX
3060 (6GB), memory: 16GB, operating system: Windows 11,
programming language: Python 3.8, deep learning frame-
work: PyTorch 1.12.0. The used main libraries include
NumPy, Pandas, Matplotlib, Scikit-learn, and PyMC3 (for
MCMC sampling).

3.1.2. Dataset Description

1. NASA Battery Dataset. The dataset is provided by
the NASA Ames Research Center, which includes
8 18650-type lithium-ion batteries (B5, B6, B7, B18,
B29, B30, B31, B32) with a rated capacity of 2.0Ah
[19]. Battery cycling tests are conducted under diverse
charging-discharging protocols, including constant
current–constant voltage charging and constant cur-
rent discharging. The monitored multimodal signals
cover voltage, current, temperature, and capacity, the
latter adopted for SOH calculation. Here, the battery
end-of-life (EOL) is defined as the capacity decaying
to 70% of its rated value (1.4 Ah). For experimental
validation, each battery’s dataset is split into a 70%
training subset and a 30% testing subset.

2. Oxford Battery Dataset. The dataset is provided by
the University of Oxford, which includes 4 soft-pack
lithium-ion batteries (Cell1, Cell2, Cell3, Cell4) with
a rated capacity of 0.74Ah [20]. The batteries are cy-
cled under different environmental temperatures and
charge-discharge rates, and the monitoring signals in-
clude voltage, current, temperature, and EIS data.

3.2. Model Parameter Settings

The parameters of the proposed model are set through
cross-validation (5-fold cross-validation), and the specific
settings are as follows.

SVMD parameters include balancing parameter α =

2000, convergence threshold ϵ = 10−7, maximum number
of iterations = 1000.

AM-CNN-BiLSTM parameters include CNN layer (1D
convolution kernel size = 3, number of convolution kernels
= 64, batch normalization momentum = 0.9, max-pooling
size = 2 ), BiLSTM layer (number of hidden units = 128,
dropout rate = 0.3 ), Attention layer (attention vector di-
mension = 64 ), the fully connected layers are configured
with 64 neurons in the hidden layer and one neuron for
the output layer. The Adam optimizer is adopted, with a
learning rate of 0.001 , a batch size of 32 , and the training
process set to 100 epochs.
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Bayesian Inference Parameters contain N (0, 0.01I),
noise variance σ2 = 0.001, MCMC sampling number
= 2000, burn-in period = 500.

3.3. Comparison Models

To verify the superiority of the proposed model, the fol-
lowing 5 comparison models are selected for experimental
comparison:

Model 1. LSTM: Traditional LSTM model, directly in-
putting the preprocessed multimodal signals for SOH pre-
diction.

Model 2. CNN-LSTM: Hybrid model combining CNN
and LSTM, inputting the preprocessed multimodal signals.

Model 3. VMD-BiLSTM: Using VMD to decompose the
signals, then inputting the IMFs into BiLSTM for predic-
tion.

Model 4. AT-CNN-BiLSTM: Attention-based CNN-
BiLSTM model proposed in literature [21].

Model 5: Battery GPT. Transformer-based early degra-
dation prediction model proposed in literature [22].

3.4. Experimental Results and Analysis

3.4.1. Prediction Accuracy Analysis

The prediction accuracy metrics (RMSE, MAPE, R2 ) of the
proposed model and the comparison models on the NASA
battery dataset and Oxford battery dataset are shown in
Tables 1 and 2, respectively. The smaller the RMSE and
MAPE, the larger the R2, indicating better prediction accu-
racy.

It can be seen from Tables 1 and 2 that the proposed
model achieves the best prediction accuracy on both
datasets. Compared with the traditional LSTM model, the
RMSE and MAPE of the proposed model are reduced by
69.1% and 61.1% on the NASA dataset, and 66.0% and
54.7% on the Oxford dataset, respectively. Compared with
the advanced Battery GPT model, the RMSE and MAPE of
the proposed model are reduced by 22.4% and 21.7% on the
NASA dataset, and 16.4% and 7.1% on the Oxford dataset,
respectively. The main reasons for the superior perfor-
mance of the proposed model are as follows: (1) SVMD can
adaptively decompose the multimodal signals, effectively
remove noise interference, and extract key degradation fea-
tures; (2) The AM-CNN-BiLSTM network can fully capture
the spatial and temporal features of the decomposed IMFs,
improving the ability to model the nonlinear degradation
law of lithium batteries; (3) The Bayesian inference frame-
work can effectively correct the model prediction deviation,
further improving the prediction accuracy.

To intuitively visualize the estimation performance,
Fig. 3 and Fig. 4 illustrate the SOH fitting curves of our

method and comparative models for the B7 cell from the
NASA dataset and Cell2 from the Oxford dataset, respec-
tively. As observed from the graphical results, the curve
generated by the proposed model maintains a higher con-
sistency with the real SOH degradation trend, especially
in the late stage of battery degradation (when the capacity
drops rapidly), the proposed model still maintains high
prediction accuracy, while the comparison models have
obvious prediction deviations.

Fig. 3. SOH prediction curve of B7 battery (NASA dataset).

Fig. 4. SOH prediction curve of Cell2 battery (Oxford
dataset).

3.4.2. Uncertainty Quantification Analysis

The uncertainty quantification results of the proposed
model on the two datasets are shown in Table 3. The PICP
and PIAW are used to evaluate the effect of uncertainty
quantification. It can be seen from Table 3 that the PICP of
the proposed model on both datasets is close to 95% (the
target confidence level), and the PIAW is small, indicating
that the proposed model can effectively quantify the uncer-
tainty of the prediction results, and the prediction interval
is reliable and compact.

The 95% prediction interval of the proposed model on
the B7 battery (NASA dataset) is shown in Fig. 5. It can be
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Table 1. Prediction accuracy metrics on NASA battery dataset (%).

Model RMSE MAPE R2

LSTM 1.23 ± 0.15 1.85 ± 0.21 0.962 ± 0.013
CNN-LSTM 0.87 ± 0.11 1.32 ± 0.18 0.978 ± 0.009

VMD-BiLSTM 0.65 ± 0.09 1.05 ± 0.15 0.985 ± 0.007
AT-CNN-BiLSTM 0.52 ± 0.08 0.95 ± 0.12 0.989 ± 0.005

Battery GPT 0.49 ± 0.07 0.92 ± 0.11 0.990 ± 0.004
Proposed Model 0.38 ± 0.06 0.72 ± 0.10 0.993 ± 0.003

Table 2. Prediction accuracy metrics on Oxford battery dataset (%).

Model RMSE MAPE R2

LSTM 1.35 ± 0.17 2.01 ± 0.23 0.958 ± 0.015
CNN-LSTM 0.98 ± 0.12 1.45 ± 0.19 0.975 ± 0.010

VMD-BiLSTM 0.72 ± 0.10 1.18 ± 0.16 0.983 ± 0.008
AT-CNN-BiLSTM 0.58 ± 0.09 1.02 ± 0.13 0.988 ± 0.006

Battery GPT 0.55 ± 0.08 0.98 ± 0.12 0.989 ± 0.005
Proposed Model 0.46 ± 0.07 0.91 ± 0.11 0.991 ± 0.004

Fig. 5. 95% prediction interval of B7 battery (NASA
dataset).

Table 3. Prediction accuracy metrics on NASA battery
dataset (%).

Dataset PICP (%) PIAW (%)
NASA Battery Dataset 95.2 ± 0.8 1.23 ± 0.15
Oxford Battery Dataset 94.8 ± 0.9 1.35 ± 0.17

seen from the figure that most of the true SOH values are
within the 95% prediction interval, and the prediction in-
terval is compact, which indicates that the proposed model
can not only provide accurate SOH prediction values but
also quantify the reliability of the prediction results, pro-
viding a basis for practical engineering applications (such
as battery maintenance and safety early warning).

3.4.3. Robustness Analysis

To verify the robustness of the proposed model, Gaussian
noise with different signal-to-noise ratios (SNR = 20dB,
15dB, 10dB) is added to the multimodal monitoring signals
of the test set, and the prediction accuracy of the proposed

model and the comparison models is tested. The results are
shown in Fig. 6. It can be seen from the figure that with the
decrease of SNR (i.e., the increase of noise interference), the
prediction accuracy of all models decreases, but the pro-
posed model still maintains the highest prediction accuracy.
When SNR = 10dB (severe noise interference), the RMSE
of the proposed model is 0.87% and 0.95% on the NASA
and Oxford datasets, respectively, which is significantly
lower than that of the comparison models. This indicates
that the proposed model has strong robustness to noise
interference, which is mainly due to the SVMD algorithm’s
ability to effectively separate noise from effective features,
reducing the impact of noise on the model prediction.

4. Conclusions

This study proposes a novel lithium battery SOH predic-
tion model integrating multimodal signal decomposition
and uncertainty quantification technology to address the
challenges of nonlinear degradation mechanisms, multi-
modal noise interference, and prediction uncertainty in
traditional SOH prediction methods. The proposed model
combines SVMD-based signal decomposition, AM-CNN-
BiLSTM deep learning network, and Bayesian inference
framework based on MCMC sampling to achieve high-
precision and credible SOH prediction. Experimental re-
sults on NASA and Oxford battery datasets demonstrate
that the proposed model achieves superior prediction per-
formance with RMSE less than 0.46%, MAPE less than
0.91%, and R2 greater than 0.991 , significantly outperform-
ing traditional models (LSTM, CNN-LSTM, VMD-BiLSTM)
and advanced models (AT-CNN-BiLSTM, Battery GPT).
The proposed model provides a new technical approach
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Fig. 6. Robustness test results of different models under different SNR.

for high-precision SOH prediction with uncertainty quan-
tification, offering important theoretical value and practical
engineering prospects for battery management systems in
electric vehicles, energy storage systems, and portable elec-
tronic devices. Future research will focus on extending the
model to multi-cell battery pack SOH prediction, exploring
online adaptive learning strategies, and integrating physics-
informed neural networks to further enhance model inter-
pretability and generalization capabilities across diverse
operating conditions.
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