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Abstract

Batteries’ state-of-health (SOH) estimation has attracted appealing attention in energy
industrial systems. In conventional data-driven methods, the lack of target data and dif-
ferent source data can also lead to poor model training effect. To tackle this problem, this
paper combines the instance-based transfer (ITL) and interpretable self-attention mech-
anism (SAM) to integrate the fitting ability of long short-term memory (LSTM), which
can improve the SOH estimation performance. ITL re-weights the temporal instance of
a training set to give more impact of target-like data, which can relax the independent
and identical distribution (IID) assumption. SAM method can enhance the estimation
performance by re-weighting the spatial features, and be interpreted by detailed visualiza-
tion. During the model training, the pre-trained multi-layer LSTM model is fine-tuned by
target data to make full use of target information. The proposed method has outperformed
other compared algorithms in transfer tasks, and has tested in real-world cross-domain
conditions datasets.

Keywords: instance transfer learning; batteries’ state-of-health estimation; long short-term
memory; self-attention mechanism

1. Introduction

Developing new and sustainable energy represents a critical strategy to address mount-
ing environmental and energy pressures. Lithium-ion batteries (LIBs), valued for their long
lifetime and high energy density, have found widespread application across numerous
domains and now serve as a primary energy storage solution [1,2]. These advantages have
further propelled the adoption of LIBs in electric vehicles, mobile devices, aerospace, and
other sectors [3]. However, the rapid proliferation of batteries has concurrently heightened
potential risks within industrial systems. Beyond batteries, fault diagnosis in renew-
able energy systems has also progressed from heuristics to data-driven and intelligent
paradigms [4]. When LIBs age and fail, they can trigger fires and explosions, constituting
a major source of accidents in industrial settings. Therefore, prognostics and health man-
agement (PHM) for batteries in large-scale industries is crucial for real-world operational
safety [5,6]. The battery management system (BMS) estimates the SOH using various
models to ensure batteries operate within safe limits [7]. SOH estimation is also a key
indicator for predicting remaining useful life, diagnosing faults, and other critical functions.
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Consequently, achieving accurate SOH estimation is essential. Generally, the SOH value
is defined as the ratio between the current capacity and the initial capacity. An initial
SOH value of 100% is typically assigned, which decreases during the aging process [8].
While direct measurements—such as internal resistance, capacity, and impedance—can
accurately determine the current SOH value, these methods are unsuitable for online esti-
mation during battery operation. Consequently, indirect SOH estimation techniques have
become significant, primarily categorized into model-based and data-driven approaches [9].
On the model-based side, recent electrochemical-thermal coupling studies emphasize
low-temperature degradation with real-time coefficient correction to improve SOC/SOH
tracking fidelity [10]. Within the data-driven branch, combining incremental-capacity (ICA)
features with improved LSTM architectures has proved effective on multiform Li-S bat-
teries [11]. Model-based approaches analyze internal electrical and chemical mechanisms
to construct equivalent circuits and mathematical models. These methods offer advan-
tages in intuitiveness and interpretability [12]. However, due to the inherent complexity
and intractability of battery modeling, developing a generalized physical model-based
method remains challenging [13]. Data-driven approaches are further divided into statisti-
cal learning and machine learning methods. Statistical learning methods, such as Support
Vector Machines (SVM) and Relevance Vector Machines (RVM), focus on identifying cor-
relations between input variables using kernel-based methods or matrix transformations.
For instance, Guo et al. developed an RVM-based capacity estimation model aided by
principal component analysis [14]. Nevertheless, these methods often require large sample
sizes, posing challenges for model training efficiency and computational time. The rise of
machine learning, particularly deep learning, offers new possibilities for mining internal
data patterns and enhancing SOH estimation [15]. Machine learning emphasizes learn-
ing complex mapping functions to optimize performance [16]. Chang et al., for example,
proposed a genetic algorithm-based wavelet neural network for SOH estimation [17]. For
time-series data characteristic of battery degradation, Recurrent Neural Networks (RNNs)
have shown significant promise. Choi et al. utilized a long short-term memory (LSTM)
network to extract information from multi-channel charging profiles, achieving accurate
SOH estimation [18]. Similarly, Li et al. proposed a variant LSTM model designed for more
robust SOH estimation [19].

The dependency of data-driven methods on extensive data makes it challenging to
establish complex, nonlinear mapping functions and achieve accurate SOH estimation
under small-sample conditions. To address this limitation, similar large-scale laboratory
battery data from other sources (source domain) can be utilized to augment model training,
supplementing the limited real-world target domain data. However, this approach intro-
duces new challenges. The data distributions between the source and target domains are
typically different, violating the IID assumption crucial for guaranteeing the effectiveness of
standard machine learning models. This distribution discrepancy, or domain shift, means
that directly transferring knowledge from the source to the target domain can lead to
negative transfer [20], a major source of error in model training. Transfer learning has
been proposed to relax the IID assumption in such scenarios [21,22]. For SOH estimation,
a common challenge arises when the source datasets originate from multiple operating
conditions, causing significant domain shift. Models trained directly on such diverse source
data often perform poorly when deployed online in a specific target condition. Transfer
learning methods for SOH estimation can be categorized into four main types based on
the nature of the transferred knowledge: instance-based, feature-based, model-based, and
relational-based [23]. Instance-based methods focus on assigning higher weights to source
domain samples deemed more similar to the target domain. Feature-based methods aim to
learn a new, domain-invariant feature representation that enhances model training. This is
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a highly active research area. For example, Qin et al. proposed a transferable LSTM model
incorporating multi-stage domain-invariant representation learning [24]. Li et al. designed
a kernel ridge regression model based on semi-supervised transfer component analysis
for accurate SOH prediction [25]. Ye et al. introduced a domain adversarial transfer learn-
ing approach to achieve invariant representation for SOH estimation [26]. Model-based
methods leverage shared parameters or model structures learned from the source domain
to aid training on the few-sample target dataset. Deng et al., for instance, employed a
pre-trained LSTM model for SOH estimation by recognizing degradation patterns [27].
Relational-based transfer learning leverages the underlying relationships, structures, and
rules from the source domain, rather than superficial data or features, by identifying and
adapting them to the target domain for effective knowledge transfer [28]. Numerous stud-
ies focus on minimizing distribution divergence through domain-invariant representation
learning [29]. Nevertheless, identifying the optimal representation, particularly under
multiple operating conditions, remains difficult, and the risk of negative transfer persists.
Furthermore, within datasets, individual instances and data points inherently possess
varying levels of importance. Accurately assigning weights to these temporal and spatial
instances is therefore critical. This underscores the strong motivation for research into
battery SOH estimation under multi-source domain conditions.

¢  To eliminate dependence on prior knowledge, it is crucial to develop accurate data-
driven methods for battery SOH estimation.

*  Comprehensive importance weighting is essential for SOH estimation under multiple
complex operating conditions to effectively extract useful information.

*  Conducting interpretability analysis of the operational mechanisms within black-box
data-driven methods can enhance credibility and provide clearer guidance for battery
management system maintenance.

Based on the above motivation, we propose a comprehensive importance weighting-
based method for battery SOH estimation to fully extract information from multi-source
datasets. The SOH estimation process comprises offline training and online testing phases.
Data-driven methods leverage sensor data to extract useful information, training models on
large-scale historical data. These models then generate accurate predictions using real-time
sensor data during online deployment (Figure 1).
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Figure 1. Feature matrix shape of sliding time-windows method.
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Fundamentally, battery SOH estimation constitutes a regression problem. Let X denote
input data from the feature space and Y represent the output SOH value. Given a dataset
D = {(X;, Y;)}X,, where X; € X (original feature space), Y; € ) (label space), and N is the
total sample count. To capture temporal dependencies in continuous streaming data, we
apply a sliding time-window approach with window size d. This transforms the original
input X into Z with dimensions m x d per sample. The resulting time-window dataset
D ={(Z,Y;) }f\i _1d+1 facilitates recurrent model implementation. The mapping function
P : Z — Y, obtained through historical data training, is realized by the TLSAM-LSTM
model proposed in this work. Therefore, the contributions of the paper can be concluded
as below:

¢  This study employs sliding-window-based features to implement a data-driven battery
health monitoring framework. Recognizing that each data point in the input matrix
contributes differentially to the results, we incorporate feature weighting via a self-
attention mechanism.

¢  For multi-source domains, data source quality significantly impacts model training
outcomes and generalization capability in the target domain. We derive sample
weights through a sample transfer approach that minimizes inter-dataset distribution
distances, assigning higher weights to highly transferable samples to facilitate domain
adaptation [30].

*  Our methodology incorporates dual weighting across feature and sample dimensions.
Employing a multi-layer LSTM architecture as the base estimator, we implement pre-
training and fine-tuning strategies to effectively capture underlying data relationships
and reduce estimation errors.

¢  Validation on the CALCE and NASA datasets demonstrates the superior performance
of our proposed algorithm in comparative analysis. To enhance interpretability, we
develop a visual representation of the importance weighting mechanism, illustrating
the model’s focus during the training process.

The remainder of this paper is organized as follows. Section 2 describes the proposed
TLSAM-LSTM methodology in detail. Section 3 presents the experimental results and
discussions. Finally, Section 4 concludes the paper.

2. Methodology

This section elaborates the proposed TLSAM-LSTM method, with its comprehensive
framework depicted in Figure 2. The implementation integrates four core components:
(1) temporal instance re-weighting via kernel mean matching (KMM) to adjust sample
significance, (2) feature prioritization through a self-attention mechanism that dynamically
assigns higher weights to critical spatial features, (3) deployment of long short-term memory
(LSTM) networks as the base estimator for SOH prediction, and (4) execution of pre-training
with fine-tuning strategies to facilitate cross-domain adaptation. This cohesive architecture
enables effective information extraction while ensuring domain transfer robustness.
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Figure 2. Detailed framework of TLSAM-LSTM method.

2.1. Discrepancy-Based Importance Weighting

This work employs KMM to mitigate domain discrepancy between source and target
distributions by assigning importance weights to source samples. During training, samples
distant from the target domain receive lower weights. We adapt KMM for sliding time-
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window-based SOH estimation, defining the transformed variable Z; of dimension 1 x d
(Equation (1)), where Z serves exclusively as an intermediate variable in this subsection:

1 [m m
= ZXz’,lr"-'ZXi,d 1)
i=1 i=1

Suppose the data Z5 with source distribution Ps(Z), and Z7 with target distribution
Pr(Z). In kernel method, the (Z) is as a mapping function from the finite-dimensional
data into high-dimensional space. In KMM, maximum mean discrepancy (MMD) is pro-
posed to describe the distribution distance of source and target domain in the reproducing
kernel Hilbert space (RKHS), which means the discrepancy of mathematical expectations
Es[a;y(Z)] and E7[y(Z)], as shown in Equation (2):

*

at = argmin |z p, [0 (Z)] — Ez_p, [9(D)]II3,

) 1 ™s _ 1 ™r (2)
= argmin ||~ ) aip(Z) — - Z p(z
« i=1

where a; denotes the importance weight of the i-th sample, || - ||, the RKHS 2-norm, and
mg, mt the sample counts of source and target domains. Constraints enforce « > 0 and
|EZ~P5 [a;] = 1] < € for small € > 0. The radial basis function (RBF) kernel «(Z;, Z;) in
Equation (2) is given by

K(Zi,Z)) = 9(Z0) - 9(Zj) = NI, ©

Importance weights are calculated by minimizing Equation (2), and more clear expres-
sion of Equation (2) can be extended as Equation (4):

a’ = argmin ||7er Xi) — 729’7 I3,
‘ mg mg DCOC L mg mr & . mr mrq o
= argmin K(Zi,Zj)—2) )" p— k(Zi,Z;) + Y)Y —«(Z, Z))
« i=1j=1 g i=1j=1""SMT i=1j=1 M1 (4)
1
= argmin —zthKa — KJa + const
o mS mgemr
1 2
= argmin —zszKa — —KT
« Mg mg

where a = [ay, ..., amg] T, K with {K|K;j = x(Z;, Z;)}, Ko with {Ka|Ky iy = Y K(Z,Z]-)},

and K, with {K:|K, ;) = 52 L7} k(Z;, Z;) }. The weight calculation can be converted to
a quadratic program, and solved by an optimization procedure.

2.2. Self-Attention-Based Importance Weighting

The self-attention mechanism serves as a critical component for assigning temporal
and feature weights, enabling enhanced extraction of relevant information from datasets.
Following sliding time-window processing, data pairs { Z;, Y} } are obtained at each timestep
t during training, where Z; represents a two-dimensional matrix of dimensions m x d
(m: sensor dimensions, d: window length). The detailed architecture is illustrated in
Figure 3. Given Z; = {x;1;Xi2;...;X; 4} with x;j € R™, the self-attention layer computes
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feature importance weights W; through linear transformation x;; = Wax; + b; followed by
sigmoid activation:

1
g = S 5
" 1t exp(—xy) ©)
Input of Self-attention Output of
self-attention Dense weights self-attention
Xi a - O — Xia
Xi-d+1 :' O Bi—an1 Xian
=
=
~—
2
. . . g .
. . : = T ™ :
=5
-
°
(=]
O
X, - O :,‘)Iﬁ_i bé
Figure 3. The detailed self-attention mechanism structure.
Temporal weights B; for each window position are then normalized via softmax:
B; = softmax(s;) = ;XPA (6)
V=1 exp(sx)
The final weighted time-window representation Z; is computed as
Zi={%i1, 2ip, - Ria} = {Brxin, Baxio -, BaXia} 7)

2.3. Training Process

We employ LSTM as the foundational predictor for battery SOH estimation. To
leverage multi-source domain data effectively, we implement a pre-training and fine-tuning
strategy for high-precision target task performance. The LSTM architecture is detailed in
Figure 4, comprising three core gating mechanisms (Equations (8)—(13)):

e Input gate: determine the useful information to the cell state in the current sequence.
iy = o (Wyixt + Wiihy—1 + bj) (8)

8t = mnh(wxgxt + Whght—l + bg) ©9)

e  Forget gate: decide which part of the information is forgotten, and update cell state
with input gate.
ft = c(Wypxt + Wighy 1 + by) (10)

=ft®c1+i @ g (11)
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. Output gate: the state /1;_1, x¢, C; are used jointly to determine the current hidden
state h;.
ot = U(onxt + Wioh—1 + bo) (12)

ye = hy = 0 @ tanh(cy) (13)

where f; means output of forget gate, aiming at control long-term memory c; retention
state. i; is output of input gate, with g; to decide to join long-term memory information.
Output gate o; is used to control long-term memory and add it to short-term memory in
Equation (13). W, ¢, Wy;, Wxo, Wxg represents weight connection with input variables and
Wig, Whi, Who, Wie with hidden states (short-term memory). by, b;, by, bg are biased terms.

Yi

Ct—l Forget gate Cc

Itt® h
& ® t

ft 9t it I O¢ I Output gate

FC FC FC FC B Logistic

=T

hi—1 [ Tanh

LSTM Cty

Xt

Y

Figure 4. The detailed long short-term memory structure.

2.4. Pre-Train and Fine-Tuning

Our proposed method also depends on the forward calculation and error back-
propagation processes, as shown in Figure 5. During forward calculation, the real ex-
pression is set as Equation (14).

Yi = f(Zilf)

A (14)
= fa(ZilOrstm) = f2(f1(Zil0sam)|OrsTm)

where f represents the proposed TLSAM-LSTM model mapping from Z; to Y;, f; and f»
represent the mapping function of related neural networks, 6541 and 67 s mean the algo-
rithm parameters in brief, and 6 is all parameters of the proposed TLSAM-LSTM method.

Fa

Zi Zj Yi
Zi = f1(@sam, Zi) Vi = f2(BLstm, Zi)

Figure 5. The schematic diagram of SAM-LSTM structure.



Energies 2025, 18, 5672

90f19

After forward calculation, loss function is defined as Equation (15) to realize error
back-propagation.

Nt pred real |2
L= Y &Y™ =Y"|3
i=1

Npaten

= Y willo(fi(ZilOsam)|OrsTm) — Y7 |I3
i=1

(15)

where weight a is calculated by unsupervised algorithm KMM based on source and target
data in Section 3.1, which can assign high weight for similar data. Ny, means the mini-
batch size of samples, and Y/*! and Yip red represent the real and predicted SOH value. The
detailed gradient descent of the training process is shown in Equations (16) and (17).

JL L f> 3Z; of
T+l _oT 4 9% _gr 9L 0204 91 16
Osarm = O5am ABGSAM O5am 9f207; 0f1 90saMm 1o
JL oL  9df,
T+1 T T
65 = OLsTi — /\m = fisrm = f2 90157 )

where GST aym and GEST v mean the state of parameters 6545 and 057 at the T time. A
represents learning rate, the format of df1 /90545 and df» /96 sTpr consists of a derivative
of the activation function and matrix multiplication. The detailed mapping format has been
introduced in Sections 3.2 and 3.3. Adaptive moment estimation (Adam) is used to optimize
the gradient descent during training process. For such multi-layers neural networks, there
is a general explanation that the shallow layers represent the general features and the deep
layers represent the specific features [31]. Under a large amount of source data, there is
a learned parameter 6 for TLSAM-LSTM model. Then, we can freeze the frontier layers
which are almost the same between source and target tasks, and fine-tune the latter layers’
parameters 6 as shown in Equation (18).

0" = argmin £(6|60, Diarget) (18)
0

where £ means the loss function of real and estimated value; the pre-trained parameter 6
includes 6541 and the first layer of 0571, and the fine-tuning parameter 6 includes the
second layer of 67 sTp1 and the output layer.

2.5. Algorithm Implementation

The main steps of the proposed TLSAM-LSTM model are shown in Algorithm 1. In the
proposed method, weight calculation in Sections 3.1 and 3.2 can let more important instance
and features have more impact on results. Furthermore, transfer learning embodies in
Sections 3.1 and 3.4, which can make full use of source information selectively, reduce the
negative impact of non-IID influence. LSTM in Section 3.3 can get temporal information
from gated structure, and avoid the gradient vanishing and explosion. The above sub-
methods can ensure the model can have great estimation performance online.
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Algorithm 1: Process of TLSAM-LSTM methods
Input: Known source datasets {Xs, Ys}, less known target datasets { X1k, Y1k },

Unknown target datasets { X7y} for testing
Output: Trained TLSAM-LSTM model parameters, estimated results Yr(;
Offline aging process and sensors data acquisition;
Data construction by outliers removing, noise reduction, and normalization;
Calculate weights a of source data by kernel mean matching as Equations (2)—(4);

=W N =

Model initialization and hyper-parameters settings as Table 4;

14}

while epoch < Epochy,y do

6 The self-attention layers assign weights forward as Equations (5)—(7);

7 | Forward calculation through multi-layers LSTM method as Equations (8)—(14);

8 Update model parameters by gradient descent as Equations (15)-(17) using
datasets {Xs, Ys};

9 end

10 Freeze the frontier layers weights as shown in Figure 2;

11 Train the trainable layers by few target datasets { X7x, Yrx } as Equation (18), and
repeat steps 5 to 9;

12 Online data preparation and construction;

13 The testing data Xt are input into the trained TLSAM-LSTM and get the

predicted SOH value YTpEd ;
14 Performance evaluation by Equations (19) and (20).

3. Experimental Results and Improvement Analysis

3.1. Datasets Selection and Preprocessing
3.1.1. Datasets Introduction

The Center for Advanced Life Cycle Engineering (CALCE) from the university of
Maryland has published batteries aging datasets, with the aging process of charging and
discharging stages [32]. The detailed parameters of these different domains can be seen in
Table 1. The SOH value with aging cycles is shown in Figure 6. First, batteries are charged
in the constant current (CC) mode until the voltage reaches 4.2 V, and then charged in the
constant voltage (CV) mode until the charging current drops to 20 mA. Then, batteries are
discharged in constant current (CC) mode until reaching the drop-out voltage Vp,op. The
related rated capacity Cg is 1.1 Ahr, which drops to 30% generally when batteries reach the
end of life (EOL). Another widely used NASA batteries benchmark is from a real-world
experiment [33]. Four similar “18650" battery cells include B05, B06, B07, and B18, which are
under a rated capacity around 2 Ahr. There are also other experiments in NASA, including
the B29, 30, 31, 32 and the B45, B46, B47, B48 with different operating conditions. The
frontier cells are worked in large current Ipc, and the latter cells are worked in low ambient
temperature T4. For LIBs’ run-to-failure benchmark, this paper uses the CALCE and NASA
datasets with four different operating conditions in real-world experiments.



Energies 2025, 18, 5672 11 of 19

10 —*— B0005

10 —— S35
—— (S-36 —+— B0018
09 — csa7 09
- CS-38
8 08
07 07

0 100 200 300 400 500 600 0 20 40 60 80 100 120 140 160
Aging Cycles Aging Cycles

SOH Value
o
o

SOH Value

(a) SOH value in domain 1 (b) SOH value in domain 2
1.00 —+— B0029 10 —*— B0045
g —+— B0032 g 09 —*— B0046
= 095 i
= T 08
2 090 2
0.7
0.85
5 10 15 20 25 30 0 10 20 30 40 50 60
Aging Cycles Aging Cycles
(c) SOH value in domain 3 (d) SOH value in domain 4

Figure 6. State-of-health value in full life aging cycles under four different operating conditions.

Table 1. Batteries with operating parameters under different conditions.

Information Domain 1 Domain2 Domain3 Domain4
Data Source CALCE NASA NASA NASA
Used Datasets CS-35~38 B-05/18 B-29/32 B-45/47

Num of Samples 2324 297 62 126
Ipc(A) 1 2 4 1
VDrop(V) 2.7 (2.7/2.5) (2.0/2.7) (2.0/2.5)
T;C - 24 24 4
Cr(Ahr) 1.1 2 2 2
LiCoO, cathode

Other Information 18,650 lithium-ion cells

prismatic shape

3.1.2. Feature Extraction

In this paper, seven features are selected as model input, which are sampled from CC
stage in charging [34]. The detailed instrument is shown in Table 2.

Table 2. Detailed feature extraction and instrument.

Num Feature Instrument

F Time ratio between CC and CV stage

F Average voltage of early CC stage (Start to 3.85 V)
K Time interval of early CC stage

F Time interval of later CC stage

Fy Average voltage of later CC stage (3.85 V to end)
Fs Time interval of CV stage

Fe Average current of CV stage

3.1.3. Preprocessing
Data preprocessing is mainly used to remove the adverse impact of useless information
in datasets, which is conducive to better experimental estimation effect. Three main parts
are proposed here, including the outliers removing, noise reduction, and normalization.
®  Qutliers removing: Set o as the standard deviation of a short time interval. In the short
time duration, if any feature value exceeds the 20 of average, the related samples are
set as an outlier. Outliers are removed to enhance the data quality.
*  Noise reduction: Reduce the negative impact of noise on data quality by moving

average method.
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¢  Normalization: Features are transformed into a range of 0 to 1, which can reduce the
impact of real data size imbalance.

3.1.4. Task Setting

In order to validate the batteries’ SOH estimation performance of the proposed method
in the cross-domain process, three experimental tasks are designed in this paper. Select
domains 2, 3, and 4 with less data as target, and then design three experimental tasks. In a
single task, data from other domains are used as source. The specific task setting is shown
in the Table 3.

Table 3. Detailed task setting situation.

Task Training Set Test Set
Source Known Target Unknown Target
Task 1 Domain 1,3,4 NASA B0005 NASA B0018
Task 2 Domain 1,24 NASA B0029 NASA B0032
Task 3 Domain 1,2,3 NASA B0045 NASA B0047

3.2. Compared Algorithms and Hyper-Parameter Settings

Ablation study is used here as compared algorithms to verify the performance of the
proposed method. Various machine learning-based methods are used for comparison, as
shown below:

e LSTM-NS (No Source): LSTM model is only trained by few known target datasets.

*  CNN (Source): The Convolutional Neural Network automatically extracts local fea-
tures from input data through its hierarchical architecture of convolutional, pooling,
and fully-connected layers. This architecture progressively compresses information,
reduces data redundancy, and ultimately enhances the model’s generalization capability.

e LSTM-S (Source): Source and target datasets are used to train the LSTM model, but
there is no difference during training process.

¢  LSTM-PS: LSTM model is pre-trained by source data, and then fine-tuned by tar-
get data.

e TL-LSTM: Without SAM-based method, TL-LSTM combines the subsections A, C,
and D in Section 3.

e  SAM-LSTM: Without KMM-based method, SAM-LSTM combines the subsections B,
C, and D in Section 3.

*  TLSAM-LSTM: Proposed complete method that is described in Algorithm 1.

Some indicators are used as a standard for performance analysis, including the root
mean square error (RMSE) and mean absolute percentage error (MAPE), as shown in
Equations (19) and (20) in detail.

1 «
IRMSE N Y (Yi—Y;)? (19)

Y —Y;
Y

100%
Ipmape = Y (20)

N &=
i

where N means the numbers of samples, and Y; and Y; are the ith predicted and real SOH
label. Smaller indicators represent the better performance for estimation. Compared with
other metrics, the choice of MAPE and RMSE is primarily driven by their alignment with
the core goal of this study, which can achieve accurate and interpretable cross-domain SOH
estimation for lithium-ion batteries. As a squared-error-based metric, RMSE is sensitive
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to large estimation errors (e.g., significant deviations between predicted and real SOH in
late battery aging stages). This aligns with our focus on ensuring the model’s reliability
in critical scenarios (e.g., avoiding underestimation of SOH that could lead to unexpected
battery failure), as it effectively penalizes severe prediction biases. Expressed as a percent-
age, MAPE offers intuitive interpretability of relative estimation errors. It is particularly
valuable for SOH estimation, where stakeholders need to understand error magnitudes
relative to the actual SOH value.

Hyper-parameters setting is a key progress in machine learning. Task 1 is taken as
an example to demonstrate the optimal hyper-parameters of the proposed TLSAM-LSTM
model. In each adjustment, a single variable is controlled to analyze the learning rate,
sliding time-windows size, and the layer nodes. The detailed compared results are as
shown in Table 4.

Table 4. Hyper-parameters settings of TLSAM-LSTM model.

Hyper-Parameters Configuration
Feature variables 7
Sliding time-windows 10
Attention layers 7/16
LSTM layers 128/64
Learning rate 0.01
Epoch (pre-train step) 100
Epoch (fine-tuning step) 50
Batchsize 64

Loss function Mean square error
Optimizer Adam

Figure 7a,b show the impact of learning rate. By comparison, the learning rate is set to
0.01, which is the best value for model training among the candidate values. Figure 7c,d
reflect the impact of sliding time-windows size. The experiment shows that the model can
produce better performance when the window size is about 10. Too much window size will
lead to the negative impact of model training. Figure 7e,f show the impact of layer nodes.
In a two-layers network, selecting 128 and 64 nodes, respectively, can get better nonlinear
fitting. More nodes can enhance the modeling fitting ability, but too many nodes (more
than 256) will reduce the model effect due to complex model information. Based on the
comparison, the hyper-parameter settings of the proposed model are shown in Table 4.

3.3. Interpretability Analysis of the Proposed Method

We conducted a self-interpretability analysis of the TLSAM-LSTM framework to
elucidate its internal mechanisms. Figure 8 visualizes input data matrices across three
battery aging stages: (a) early-stage (first aging cycle), (b) mid-stage (50% EOL cycles), and
(c) late-stage (80% EOL cycles). In these visualizations, the Y-axis represents sliding time-
window instances (x(7)) while the X-axis denotes sensor-derived features (F(i)), with color
intensity indicating degradation severity. Although spatial data points exhibit discernible
patterns, their relative importance remains indeterminate prior to processing.
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Figure 7. Compared results of TLSAM-LSTM model hyper-parameters. (a) RMSE value of learning
rate; (b) MAPE value of learning rate; (¢) RMSE value of sliding time windows; (d) MAPE value of
sliding time windows; (e) RMSE value of layer nodes; (f) MAPE value of layer nodes.
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Figure 8. Data matrix visualization of input layers.

The self-attention mechanism (SAM) layer addresses this limitation by concentrating
model focus on critical features and temporal instances, significantly enhancing LSTM's
convergence toward optimal SOH estimation. Further interpretability analysis is provided
in Figure 9, where subfigure (a) visualizes the attention weight matrix W4, and subfigures
(b)—(d) display SAM outputs 71 for early, mid, and late degradation stages, respectively.
Color intensity in these outputs directly correlates with feature/instance significance,
revealing two key insights: feature-level importance substantially outweighs temporal
instance-level influence, and among the selected features, F(2) exerts predominant impact
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on SOH estimation followed by secondary influence from F(5), with remaining features
serving auxiliary roles.
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Figure 9. Visualization of self-attention layers. (a) Weight matrix visualization of self-attention
layers; (b) output visualization of early stage; (c) output visualization of middle stage; (d) output
visualization of late stage.

3.4. Results

In order to validate the performance of the proposed TLSAM-LSTM method, three
tasks are set here. The SOH estimation results of the proposed method under cross-domain
conditions are shown in Figure 10. From the results, it can be seen that the TLSAM-
LSTM proposed in this paper has accurate prediction effect in all tasks. Meanwhile, twenty
repetitive experiments have been conducted under different random seeds. This can explain
the effectiveness of algorithms from a statistical perspective. KMM and SAM methods can
re-weight the samples from each data point to assign the positive impact on important data.
To find the better impact factor of proposed methods, the ablation experiment results have
been conducted here as shown in Table 5. From the results, source domain data cannot
completely improve the performance of the training model in the target domain. In task 2,
due to the difference between source and target domain, direct information transfer will
cause large negative impacts. Through the ablation experiment, in task 1 and 3, SAM has
better promotion effect than KMM. However, in task 2, the improvement effect of KMM
is more obvious, which is the reason for the large difference between source and target
domain, and transfer learning has better promotion effect.

After the comparison, some conclusions can be achieved here. First, after training
by source, the pre-trained models are easier to estimate accurately after training in the
target domain. Then, without any transferred methods, the addition of source data can
bring a negative impact into the model training. In addition, KMM can get more obvious
improvement when there is a large distribution limitation between source and target.
Lastly, it proves that the proposed TLSAM-LSTM can obtain a better performance among
all algorithms with a small standard deviation. The couple of SAM and KMM can improve
the results robustly and accurately, and the increasing performance is about 30% and 50%
on average compared with original algorithms.

Discussion

This study validated the TLSAM-LSTM framework for cross-domain battery SOH
estimation using CALCE and NASA datasets, achieving superior performance via dual-
weighting mechanisms: KMM mitigates domain shift by re-weighting source samples,
while the SAM prioritizes critical aging-related features. In cross-domain tasks, the model
achieved the lowest MAPE and RMSE , confirming its robustness for cell-level SOH esti-
mation. Notably, the current work focuses solely on individual cells, while has limitations
with practical applications rely on battery packs where the bucket effect dominates [35,36].
Meanwhile, it is important for more data-driven methods to integrate impedance into



Energies 2025, 18, 5672

16 of 19

features engineering. Therefore, future works will extend the framework to pack-level

monitoring and detailed feature engineering works.

Table 5. A comparison performance of transfer effectiveness and ablation experiment.

Task Methods MAPE RMSE
LSTM-NS 4.4888 + 1.0082 0.0416 4+ 0.0080
CNN-S 3.0236 4+ 0.2867 0.0320 + 0.0031
LSTM-S 3.0082 4+ 0.5733 0.0313 4+ 0.0051
Task 1 LSTM-PS 2.6763 + 0.3740 0.0281 + 0.0034
TL-LSTM 2.6279 4+ 0.3404 0.0278 + 0.0032
SAM-LSTM 1.9826 £ 0.3758 0.0212 4+ 0.0034
TLSAM-LSTM 1.8005 + 0.3719 0.0198 + 0.0032
LSTM-NS 1.2248 + 0.6032 0.0132 4+ 0.0059
CNN-S 5.1264 4+ 0.3545 0.0588 +0.0031
LSTM-S 5.9450 + 1.3516 0.0613 4+ 0.0114
Task 2 LSTM-PS 0.9295 + 0.1491 0.0100 + 0.0016
TL-LSTM 0.8990 + 0.1510 0.0097 + 0.0016
SAM-LSTM 0.9083 + 0.2443 0.0098 + 0.0023
TLSAM-LSTM 0.7944 4+ 0.1106 0.0086 + 0.0011
LSTM-NS 4.7160 + 1.2634 0.0504 + 0.0169
CNN-S 5.2641 4+ 0.8841 0.0498 + 0.0079
LSTM-S 3.7969 + 0.7257 0.0358 + 0.0066
Task 3 LSTM-PS 3.5022 4+ 0.8344 0.0344 4+ 0.0074
TL-LSTM 3.0893 4+ 0.5470 0.0296 + 0.0048
SAM-LSTM 2.8358 + 0.6000 0.0297 + 0.0056
TLSAM-LSTM 2.5917 + 0.5087 0.0282 + 0.0045
1.00 1
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Figure 10. SOH estimation results of the proposed TLSAM-LSTM model.
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4. Conclusions

The proposed TLSAM-LSTM model in this paper can achieve better performance on
SOH estimation under multiple operating conditions. To verify the results, the CALCE
and NASA datasets are employed with data acquisition and preprocessing. ITL can reduce
the impact of dissimilar samples, and SAM can achieve the re-weighting calculation of
input features, which can have a better interpretability by visualization. The similar source
data is used in model training, and can have a positive transfer effect on SOH estimation.
Besides, the proposed TLSAM-LSTM model can achieve the better information mining from
transferred knowledge. In converter-dominated microgrids, multi-timescale interactions
further complicate dynamic behavior and stability assessment, as reviewed in [37]. Through
the repeated experiments, the proposed method can have an improvement of about 30%
and 50% on average, and have also the best performance between other existing algorithms.
At the grid-integration layer, power quality constraints and harmonic mitigation strategies
continue to evolve, including metaheuristic approaches based on atomic orbital search and
feedback artificial tree control [38].

In the future, we will focus on addressing the time-consuming issue of model training
and mitigating negative transfer in such regression scenarios for SOH estimation. We
will also integrate impedance-related indicators (e.g., ohmic resistance and charge transfer
resistance) into the TLSAM-LSTM framework. We will expand the current input feature
set with impedance parameters, leverage the self-attention mechanism to quantify their
contribution to SOH estimation, and validate the optimized model with dedicated capacity—
impedance paired data, thereby enhancing the comprehensiveness and practicality of the
battery health monitoring model.
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