
Academic Editor: Octavian Buiu

Received: 27 August 2025

Revised: 20 September 2025

Accepted: 29 September 2025

Published: 2 October 2025

Citation: Han, S.; Su, Z.; Peng, X.;

Wang, L.; Li, X. Research on the SOH of

Lithium Batteries Based on the

TCN–Transformer–BiLSTM Hybrid

Model. Coatings 2025, 15, 1149.

https://doi.org/10.3390/

coatings15101149

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Research on the SOH of Lithium Batteries Based on the
TCN–Transformer–BiLSTM Hybrid Model
Shaojian Han, Zhenyang Su, Xingyuan Peng, Liyong Wang * and Xiaojie Li

School of Energy and Power Engineering, North University of China, Taiyuan 030051, China;
hansjnuc@nuc.edu.cn (S.H.); sz202416013@st.nuc.edu.cn (Z.S.); sz202416014@st.nuc.edu.cn (X.P.);
lixiaojie16@nuc.edu.cn (X.L.)
* Correspondence: nucc@nuc.edu.cn; Tel.: +86-150-3417-7003

Abstract

Lithium-ion batteries are widely used in energy storage and power systems due to their
high energy density, long cycle life, and stability. Accurate prediction of the state of health
(SOH) of batteries is critical to ensuring their safe and reliable operation. However, the
prediction task remains challenging due to various complex factors. This paper proposes
a hybrid TCN–Transformer–BiLSTM prediction model for battery SOH estimation. The
model is first validated using the NASA public dataset, followed by further verification
with dynamic operating condition simulation experimental data. Health features correlated
with SOH are identified through Pearson analysis, and comparisons are conducted with
existing LSTM, GRU, and BiLSTM methods. Experimental results demonstrate that the
proposed model achieves outstanding performance across multiple datasets, with root
mean square error (RMSE) values consistently below 2% and even below 1% in specific
cases. Furthermore, the model maintains high prediction accuracy even when trained with
only 50% of the data.

Keywords: lithium-ion battery; TCN-transformer-BiLSTM; state of health; prediction model

1. Introduction
Lithium-ion batteries have outstanding advantages such as high energy density, long

cycle life, low self-discharge rate, no memory, and good stability [1,2], and have achieved a
high status in the field of power batteries as well as various types of energy storage devices,
and are widely used in major industries. As the battery use increases, the maximum
capacity of the battery will decay accordingly, and when the current remaining maximum
capacity of the battery is reduced to 80% of the initial value, the battery is considered
to reach the end of life [3]. Due to the many influencing factors of power battery life
degradation, it is a big challenge to give an accurate assessment of the battery’s health
status. Battery management system (BMS) can detect the actual usage of the battery, provide
timely feedback, and issue early warnings to ensure the long-term safe and stable operation
of the battery [4]. The state of health (SOH) of the battery is an important indicator in the
BMS to characterize the aging degree of the battery. Therefore, it is of great significance to
accurately predict the state of health of batteries.

Currently, scholars at home and abroad have conducted a lot of research on SOH
estimation methods for power batteries [5], and the existing estimation methods can be
categorized into three types: model-based methods, data-driven methods [6], and fusion-
based methods [7]. Model-based human methods have been widely used to predict battery
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performance [8]. Hosseininasab et al. proposed a SOH estimation method based on a
reduced-order electrochemical model for joint estimation of capacity and resistance [9].
Nejad et al. applied a dual extended Kalman filtering algorithm to update the parameters
of a second-order equivalent circuit battery model so that an accurate estimation of the
state of charge can be obtained in real time [10]. However, their computational complexity
limits their applicability in real-time scenarios. Instead of relying on physical and chemical
models inside the battery, data-driven methods utilize a large amount of experimental or
real-world usage data as well as machine learning techniques to build statistical models.
Typical data-driven methods include correlation vector machine (RVM) [11], support vector
regression (SVR) [12], support vector machine (SVM) [13], and neural network (NN) [14].
Traditional RNNs can effectively utilize a priori information to solve nonlinear problems,
but the performance of RNNs is limited by gradient explosion or gradient vanishing during
training. Therefore, researchers have created some variants of RNN to solve these problems,
such as Long Short-Term Memory (LSTM), Bidirectional LSTM (BiLSTM), GRU, etc. [15].
Traditional neural network models are not well suited to dealing with spatial patterns
in data. Therefore, convolutional neural networks (CNNs) have become an effective
solution to capture spatial patterns and short-term dependencies in time series data. For
example, Chen et al. proposed a CV charging stage-based CNN for SOH estimation of
lithium batteries, which extracts features from the early charging stage, avoids complex
feature extraction engineering, and achieves SOH prediction by extracting features at the
battery charging stage [16]. CNNs are good at recognizing spatial patterns and short-term
temporal dependencies. Based on CNN, temporal convolutional networks (TCNs) are
introduced to capture long-term dependencies while reducing computational complexity.
TCNs lack the ability to model global features dynamically, and to further enhance the
temporal modeling capability. Transformers have a unique advantage in capturing global
dependencies through a self-attentive mechanism, and thus have been widely adopted [17].
Fusion–model-based approaches can overcome the limitations of a single model and better
utilize the available information to improve the accuracy of the prediction [18].

Traditional single models (e.g., LSTM, CNN, etc.) perform well on specific tasks,
but their capabilities may be limited by the characteristics of the model architecture. For
example, LSTM is strong in capturing long-time dependencies but may underperform when
dealing with short-time features [19]. Transformers excel in capturing global relationships
but are deficient in dealing with sequence continuity (e.g., temporal dependencies). TCN
excels in extracting short-term and localized features of a time series but lacks the ability to
strongly capture global and nonlinear relationships of a sequence. Lithium battery SOH
prediction involves multi-scale features (short-term changes and long-term trends), which
are difficult to be adequately captured by a single model. In response to the above analysis,
this paper proposes a prediction model based on TCN–Transformer–BiLSTM [20]. A neural
network combining TCN, Transformer, and Bi-LSTM can integrate the advantages of these
three models to handle complex time series data. This architecture aims to leverage the
local time-dependent modeling of TCN, the global context modeling of Transformer, and
the pre- and post-context-dependent processing capabilities of Bi-LSTM to improve the
overall performance of the model [21].

2. Introduction to Algorithms
2.1. Temporal Convolutional Network

Temporal convolutional networks (TCNs) extract features from time series using
causal convolution, dilated convolution, and residual connections. Causal convolution
ensures temporal order, but its receptive field is limited by kernel size, requiring many
stacked layers to capture long-term dependencies [22]. To address this, TCNs introduce
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dilated convolution, which inserts gaps between kernel elements and samples inputs at
intervals. For example, at the bottom layer d = 1 every input point is sampled, while
at higher layers d = 2, 4, . . . inputs are taken at wider intervals. This design allows the
receptive field to grow exponentially with depth, enabling efficient modeling of both short-
and long-range dependencies [23]. The results of dilated causal convolution in TCN are
illustrated in Figure 1.

Figure 1. Expanded causal convolution.

TCN consists of multiple hidden layers stacked on top of each other, each with a pair
of hyperparameters (k, d), where k represents the size of the convolution kernel and d
is the dilation factor. Each residual block consists of two branches. One branch contains
two identical dilated causal convolutional layers, and the other one realizes the width
alignment of the input and output by a 1 × 1 convolution and connects it directly to
the output.

2.2. Sparrow’s Algorithm to Optimize BP Neural Networks

The Transformer was proposed to overcome the limitations of RNNs and LSTMs in
handling long sequences, such as poor parallelization, difficulty in capturing long-range
dependencies, and gradient vanishing or explosion. It addresses these issues through the
self-attention mechanism, which allows the model to assign different weights to positions
in the input sequence when generating outputs [24].

The Transformer architecture consists of an encoder and a decoder. The encoder
transforms input data into an internal representation, while the decoder generates outputs
based on this representation. Both components employ self-attention and feed-forward
neural networks, as illustrated in Figure 2.

Since the Transformer is based on a parallel computation approach under the mecha-
nism of multi-head self-attention, it does not have the ability to handle sequence ordering
as classical recurrent neural networks such as RNN and LSTM inherently bring with them,
and therefore introduces positional encoding to preserve positional information [25]. A
common form of positional encoding is to use a combination of sine and cosine functions
that can represent sequences of arbitrary length:

PE(pos,2i) = sin
(

pos
10,0002i/d

)
(1)
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PE(pos,2i+1) = cos
(

pos
10,0002i/d

)
(2)

where pos is the position, i is the dimension index, and d is the model dimension. The
position encoding will be added to the word vectors so that the representation of each word
contains the position information.

Input embedding Output embedding
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Encoder Decoder
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span layer

Figure 2. Transformer structure.

The attention mechanism can be viewed as a means of resource allocation in the model
learning process, and in deep neural networks, the weight parameter of each feature is a
resource that the attention mechanism focuses on. The attention mechanism focuses the
model on important information by adaptively assigning weights to input variables [26].
The structure of multi-head attention is shown in Figure 3.
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Figure 3. Structure of the multi-head attention mechanism.

The computation process of scaled dot-product attention is as follows: compute the
product of query matrix, key matrix, and obtain the score matrix scores to represent the
correlation between each query and all the keys; scale the score matrix to ensure the stability
of the values; mask is equivalent to shielding the useless information; normalize the scaled
scores by softmax function to normalize the scaled scores to obtain the attention weight
distribution; use the obtained attention weights to weigh and sum the value vectors to
obtain the weighted matrix. The formula is

Attention(Q, K, V) = so f tmax
(

QKT
√

dk

)
V (3)

where dk is the number of columns of the Q, K matrix, the vector dimension, and
√

dk is the
scale factor contributing to the stabilization gradient.

The drawback of the self-attention mechanism is that the model will overly focus
its attention on its own position when encoding the information of the current position,
and the effective information grasping ability is a little worse. Therefore, it is proposed
to solve this problem by a multi-head attention mechanism. Multi-head is performed by
generating multiple sets of Q, K, V using attention to obtain multiple results, and then
weighted averaging of the multiple results to obtain the final result [27]. The formula for
multi-head self-attention is

MultiHead(Q, K, V) = Concat(head1, . . . headh)WO (4)

where Q, K, V denote the query vector, key vector, and value vector, respectively; h denotes
the number of heads; headi denotes the output of the ith head; and WO is the output
transformation matrix. The output of each head headi can be expressed as

where headi = Attention
(

QWQ
i , KWK

i , VWV
i

)
(5)

where WQ
i , WK

i , WV
i are the query, key, and value transformation matrices of the ith header,

respectively. Attention is the attention calculation function.

2.3. Bidirectional Long and Short-Term Memory Neural Network

Long Short-Term Memory is a variant of recurrent neural networks designed to
solve the gradient vanishing and gradient explosion problems of traditional RNNs when
processing long sequences. Unlike the simple structure of standard RNNs, LSTMs have a
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more complex design containing a cellular shape and three main gating mechanisms (input
gate, forgetting gate, and output gate):

Cell state: This represents the long-term memory of the network and runs through
the entire chain of LSTM cells with only a small number of linear interactions. It can be
thought of as a conveyor belt to carry important information [28].

Forget gate: Decides what information should be discarded from the cell state.
Input gate: Decides what new information should be added to the cell state.
Output gate: Decides the output of the next hidden state based on the cell state.
The workflow of LSTM is shown below:

(1) Calculation of the forgetting gate value ft:

ft = σ
(

W f · |ht−1, xt|+ b f

)
(6)

where σ is the sigmoid activation function, W f is the weight matrix, bf is the bias term;
ht−1 the hidden state of the previous time step; xt is the input of the current time step.

(2) Calculate the input gate value i_t and the candidate value C̃t :

it = σ(Wi · |ht−1, xt|+ bi) (7)

C̃t = tan h(WC · |ht−1, xt|+ bC) (8)

where Wi and WC are weight matrices; bi and bC are bias terms; and tan h is the
hyperbolic tangent activation function.

(3) Renewal of cellular state Ct:

Ct = ft · Ct−1 + it · C̃t (9)

(4) Compute the output gate value ot and the new hidden state ht:

ot = σ(Wo · |ht−1, xt|+ bo) (10)

ht = ot · tan h(Ct) (11)

Its structure is shown in Figure 4.

Figure 4. LSTM structure.
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LSTM processes sequence data in a unidirectional manner, i.e., it processes the input
data sequentially from the beginning to the end of the sequence. This approach only
captures forward contextual information. Bidirectional LSTM processes sequence data
in a bidirectional manner; the single-layer Bi-LSTM is a combination of two independent
LSTM layers, one going forward to process the input sequence, and the other processing
the sequence in reverse, and the final output is a combination of the outputs of the forward
and reverse LSTM layers, so the Bidirectional LSTM is able to capture both the forward
and backward contextual information of the sequence [29]. Its working principle is shown
in Figure 5.

Figure 5. BiLSTM structure.

2.4. Hybrid Modeling

A neural network combining TCN, Transformer, and Bi-LSTM can integrate the
strengths of all three models to process complex temporal data. This architecture aims
to leverage the local time-dependent modeling of TCN, the global context modeling of
Transformer, and the pre- and post-context-dependent processing capabilities of Bi-LSTM
to enhance the overall performance of the model. The model structure is shown in Figure 6,
which is mainly composed of input layer, TCN layer, Transformer layer, BiLSTM layer, and
output layer. The model structure is described as follows:

(1) Input layer: Extract and filter features related to battery capacity, select highly corre-
lated factors as indirect inputs, and preprocess the data. The training set is then fed
into the model.

(2) TCN layer: Processes the input sequence to extract local temporal features. By us-
ing dilated convolution, TCN captures short- and medium-term dependencies and
provides refined temporal representations for the following layers.

(3) Transformer layer: Takes TCN outputs as input and employs multi-head self-attention
and feed-forward networks to capture global contextual dependencies, generating
feature representations with long-range temporal information.

(4) BiLSTM layer: Processes Transformer features in both forward and backward direc-
tions, capturing bidirectional dependencies in the sequence.

(5) Output layer: The BiLSTM outputs are passed to a fully connected layer, which
produces the final SOH prediction using the test data.

The model is based on MATLAB2023b implementation of the model and the model
parameters are shown in Table 1.

TCN has two layers; the number of temporal convolutional layers in the first layer
is 16, the size of the convolutional kernel is 3, and the expansion rate is 1. The number of
convolutional kernels in the second layer is 32, the size of the convolutional kernel is 3, and
the expansion rate is 2. There are two encoders for the Transformer, and the number of
heads of each of the multi-head self-attention mechanisms is 4. The number of layers for
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the Bi-LSTM is 2, and the number of hidden units in the first layer is 16. The number of
hidden units in the second layer is 32.

Ⅱ

1st 2nd 3rd

Data chunking

Input layer

73
74

Ⅱ

108

37
38

Ⅱ

72

1
2

Ⅱ

36

Transformer
encorder

Token code
Convtoken)

Position code
(Epos)

Time code
(Esec,Emin,…)

TCN

Output layer

BiLSTM

 

Figure 6. Hybrid model structure.

Table 1. Model parameters.

Parameters Value

Optimizer Adam
Loss function RMSE
Learning rate 0.01

Maximum number of training rounds 100
Minimum number of iterations 10

3. Dataset Validation
3.1. NASA Dataset Validation

The data is aligned by timestamp and denoised using median/SG filtering; the normal-
izer is fitted with the training set only for validation/testing; samples are constructed with
a fixed sliding window. The feature pool contains cycle number, constant current capacity,
constant voltage duration, temperature rise, pressure drop, dV/dt, dT/dt, etc. In this paper,
we filtered under three dimensions: correlation (Pearson + Spearman), redundancy, and
physical interpretability, and finally adopted HI1, HI3, and HI4 in order to obtain robust
combinations that can be repeatedly collected in the field.

This study uses the battery dataset provided by NASA. The batteries used in the
NASA dataset are 18,650 cylindrical Li-ion batteries with a capacity of 2 Ah and termination
conditions of 70% of the rated capacity, i.e., 1.4 Ah. The batteries were divided into nine
groups and were subjected to charging and discharging cyclic aging tests under random
conditions as well as stationary conditions at 4 ◦C, 24 ◦C, and 43 ◦C. The batteries were
tested at 4 ◦C, 24 ◦C, and 43 ◦C. The batteries were then subjected to the same conditions as
those in the NASA dataset. In this paper, batteries 5, 6, and 7 were selected for prediction
study, and the test conditions for this group of data were as follows:

Temperature: Room temperature 24 degrees.
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Charging: Charge in constant current (CC) mode at 1.5 A until the battery voltage
reaches 4.2 V, then charge in constant voltage (CV) mode until the charging current drops
to 20 mA.

Discharge: Discharge in constant current (CC) mode at 2 A until the voltage of batteries
5, 6, and 7 drops to 2.7 V, 2.5 V, and 2.2 V.

Termination condition: Rated capacity drops to 1.4 Ah.
The cycle times of battery No. 5, 6, and 7 are all 168 times. Among them, batteries No.

5 and No. 6 reach below the failure threshold. The selected health features are six features:
the number of cycles, the time of discharge to cut-off voltage, the time of iso-current drop,
the time of iso-voltage rise, and the average temperature from the initial temperature to
the highest point. For the convenience of description, these six features were replaced by
HI1~HI6, respectively, and they were analyzed with SOH by Pearson correlation. The
results of the analysis are shown in Table 2.

Table 2. Features.

Health Characteristics #5 #6 #7

HI1 −0.987 −0.981 −0.988
HI2 0.896 0.185 −0.041
HI3 0.985 0.987 0.986
HI4 0.993 0.992 0.994
HI5 0.932 0.950 0.874
HI6 −0.018 −0.149 0.293

The three features with the highest correlation are selected as inputs to the model, i.e.,
number of cycles, iso-current drop time, and iso-pressure rise time, and SOH is used as
the output of the model. The data from the battery was divided into training and test sets,
using 60% of the data as the training set and 40% of the data as the test set.

In order to verify the accuracy of the algorithm, the prediction is obtained by com-
paring the mainstream algorithms of LSTM, GRU, and Bi-LSTM, and the LSTM, GRU,
and Bi-LSTM, and the proposed models named M1, M2, M3, and M4, respectively. The
predicted results are shown in Table 3 as well as in Figure 7.

Table 3. Projected results.

Battery Number Methodologies RMSE R2 MAE

#5

M1 0.0516 0.2071 0.0477

M2 0.0326 0.6840 0.0305

M3 0.0382 0.5649 0.0355

M4 0.0108 0.9650 0.0059

#6

M1 0.0503 0.6032 0.0444

M2 0.0274 0.8821 0.0250

M3 0.0444 0.6902 0.0390

M4 0.0155 0.9623 0.0126

#7

M1 0.0363 0.4431 0.0330

M2 0.0198 0.8346 0.0184

M3 0.0266 0.7007 0.0236

M4 0.0085 0.9692 0.0052
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(a) Predicted results for battery size 5 (b) Prediction error for size 5 batteries 

 
(c) Predicted results for battery size 6 (d) Prediction error for size 6 batteries 

  
(e) Predicted results for battery size 7 (f) Prediction error for size 7 batteries 

Figure 7. Projected results.

As can be seen from the figure, the method proposed in this paper performs SOH
prediction for different batteries, and the prediction results are compared with the test
set and compared with the LSTM, GRU, and Bi-LSTM algorithms, all of which embody
the most accurate prediction results. The root mean square error of the prediction results
for three batteries is below 2%, the No. 7 batteries are controlled to be within 1%, the
absolute coefficients are all greater than 0.96, the average absolute errors are all controlled
to be within 1.5% or less, and battery No. 5 and No. 7 can be controlled to about 0.5%.
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By comparison, the method proposed in this paper has high accuracy and can accurately
predict SOH for real vehicles.

3.2. Model Migration Capability Validation

In order to further verify the effectiveness of the algorithm, data are obtained through
experiments for verification. The object of this experiment is a brand of 105 Ah lithium
iron phosphate square shell battery; the experimental platform is mainly composed of
test batteries, charge and discharge test equipment, constant temperature and humidity
test chamber, connecting wires, temperature sensors, bolts, and so on. The experimental
platform is shown in Figure 8.

Figure 8. Experimental platforms.

The experimental conditions are extracted from the operating conditions of a real
vehicle, which include driving with discharge, stopping and standing, braking feedback,
and stopping and charging. The experimental conditions are in line with the daily vehicle
driving status and driving behavior. The capacity change in one cycle of this condition is
10.5 Ah, and in the experiment, the operating condition is set to cycle eight times for one
cycle, i.e., 84 Ah. After discharge, the standard charging method in the battery specification
is adopted, i.e., constant current and constant voltage (CC-CV) charging method, whereby
the battery is charged with a constant current of 0.5 C up to 3.65 V, and then charged with a
constant voltage until the current is reduced to 0.05 C. At the end of each cycle, the battery
is left to rest for a period of time in order to recover the internal capacity of the battery
and to recover its internal resistance and reduce the temperature to avoid the cumulative
thermal effect on the experimental results. Subsequently, the experiment continued with
the next cycle.

The experimental capacity results are shown in Figure 9.

Figure 9. Capacity trends.
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As can be seen from the figure, the battery capacity shows a capacity rebound, which
is caused by the battery resting after cycling for a period of time. When the battery is
resting for a period of time, the SEI membrane may self-repair or re-stabilize, resulting in a
lower internal impedance and a recovery of the battery’s performance, which in turn leads
to a capacity rebound.

Health features are similarly selected as inputs to the model before SOH prediction.
Specifically selected features include the number of cycles, charging start voltage, charging
maximum voltage, charging start current, charging median voltage, constant current
charging capacity, constant voltage charging capacity, charging start average temperature,
charging cut-off average temperature, charging process average maximum temperature,
and charging time. These 11 features are named as HI1 to HI11, and the correlation analysis
between the selected features and SOH is also carried out using the Pearson correlation
coefficient method. The results of the analysis are shown in Figure 10.

Figure 10. Pearson features.

Feature screening follows the three-dimensional criterion of ‘linear correlation + mono-
tonicity + physical interpretability’: Pearson for linear initial screening, Spearman for
monotonicity checking, and ultimately the combination of HI1/HI3/HI4 based on the
electrochemical mechanism, with its limited capability of nonlinear inscription. Methods
such as mutual information/HSIC will be used as an extension.

The calculation shows that the number of cycles, constant current charging capacity,
and charging time have a higher correlation with SOH, so these three health features are
selected as inputs to the model and SOH as outputs of the model for SOH prediction study.
In order to verify whether the algorithm is able to make accurate predictions despite the
small amount of data, we divided the dataset of the two batteries to different degrees and
used 50%, 60%, and 70% of the training set for model training, respectively. The predicted
results are shown in Figure 11.

The indicators for evaluating the predicted results are shown in Table 4.
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(a) 50% training set prediction results (b) 60% training set prediction results 

  
(c) 70% training set prediction results (d) Three training set prediction errors 

Figure 11. Projected results.

Table 4. Evaluation indicators.

Projected Starting Point MAE R2 RMSE

50% 0.00101 0.93529 0.00118
60% 0.00088 0.93479 0.00095
70% 0.00083 0.88689 0.00090

Observing the prediction results, it can be seen that with the increase in the dataset
used for model training, the prediction results are gradually closer to the real values, and
the MAE and RMSE are also gradually reduced. And when only 50% of the dataset is used
for model training, the RMSE of the test set can be controlled at 0.00118, which indicates
that the proposed model has strong prediction ability.

In this paper, RMSE is calculated as normalized SOH (0−1); its conversion to ac-
tual capacity units is RMSEAh = RMSEnorm × (SOHmax − SOHmin) × Crated. The data
division follows a chronological order: k cycles of isolation are set between the train-
ing/validation/testing segments; the normalizer is only fitted by the training set and used
for validation/testing; all features and labels come from the same cycle and are not spliced
across cycles to avoid information leakage.
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3.3. Applicable Boundaries

The above three characterization schemes are valid in this data domain and do not guar-
antee the optimality for extreme temperature zones/anomalous working conditions; more
complex scenarios can consider nonlinear indicators such as mutual information/HSIC
and richer working condition characteristics.

4. Conclusions
This paper proposes a TCN–Transformer–BiLSTM based method for SOH estimation

of lithium-ion batteries. Aiming at the limitations of existing single models in capturing
complex temporal features, this paper proposes a hybrid model integrating Time Convolu-
tional Network, Transformer, and Bidirectional Long and Short-Term Memory Network
with the aim of improving the prediction accuracy through multi-scale feature extrac-
tion. The model architecture captures local temporal dependencies through TCN, models
global contextual information using Transformer’s self-attention mechanism, and combines
BiLSTM’s bidirectional sequence processing capability to achieve a comprehensive char-
acterization of short-term fluctuations and long-term trends during battery degradation.
Firstly, based on the NASA public dataset, the number of cycles, iso-current drop time,
and isobaric rise time are selected as the key feature inputs, and the mainstream methods
such as LSTM, GRU, and BiLSTM are compared. The results show that the root mean
square error of the proposed models is lower than 2%, and the coefficient of determination
(R2) is higher than 0.96, which performs better under the established baseline and the
same evaluation protocols. Secondly, the migration capability and data adaptability of
the model are further verified for the dynamic working condition data of a commercial
lithium iron phosphate battery. The experiments show that even when only 50% of the
training data is used, the model still maintains a prediction accuracy of RMSE below 0.12%,
demonstrating strong potential for engineering. Under this data partitioning and model
setup, the performance improves with increasing sample proportion, and the improvement
tends to slow down at higher percentages; this observation is affected by both the data
domain and the model capacity, and the conclusions are not generalized.
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