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Fine-Grained Subdomain Alignment and Feature
Grouping-Based Cross-Domain SOH Estimation
for Lithium-Ion Batteries Using a Patch Time
Series CNN-Transformer Network

Xuanang Gui”, Shu Zhang, Yuheng Cheng

and Junhua Zhao

Abstract—State-of-health (SOH) estimation plays a crucial role
in ensuring the safe, reliable, and efficient management of lithium-
ion batteries. However, the performance of data-driven models
often degrades in cross-domain scenarios due to domain discrep-
ancies and insufficient labeled target data. To address these chal-
lenges, we propose a novel framework—Fuzzy Cluster Subdo-
main Adaptation Patch Time Series CNN-Transformer (FCSA-
PatchTSCT)—for cross-domain SOH estimation. This framework
distinctively integrates a fine-grained subdomain alignment strat-
egy using fuzzy clustering local maximum mean discrepancy for
precise localized knowledge transfer, a patch-based network struc-
ture to enhance the local temporal feature extraction, and a Pearson
correlation-guided homogeneous feature grouping mechanism to
mitigate interference from variable heterogeneity. By addressing
both temporal feature variations and domain shifts at a finer
granularity, the framework enhances model generalization. It par-
ticularly excels in transferring knowledge to target batteries even
when data are limited or derived from incomplete charging cy-
cles. Comprehensive evaluations on diverse cross-domain transfer
tasks, including those under practical partial charging conditions,
confirm that FCSA-PatchTSCT achieves superior accuracy and
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stability. These results underscore its high potential for robust SOH
estimation in real-world battery management systems.

Index Terms—Feature grouping, lithium-ion batteries, patch-
based modeling, state-of-health (SOH) estimation, subdomain
adaptation.

1. INTRODUCTION

ITH the global transition toward a low-carbon and sus-
W tainable energy structure, lithium-ion batteries (LIBs)
have become central to electric vehicles (EVs), renewable
energy storage systems, and portable electronic devices [1],
owing to their high energy density, long cycle life, and low
self-discharge rate. However, long-term usage inevitably leads
to capacity degradation and performance deterioration, which
in severe cases can pose safety hazards such as thermal run-
away [2]. Therefore, accurately assessing the state-of-health
(SOH) of LIBs is crucial for ensuring battery safety, extending
lifespan, and optimizing battery management systems (BMS),
creating a critical need for robust estimation methods that can
generalize from controlled laboratory settings to the diverse
and unpredictable conditions of real-world operation [3], [4]. It
also supports applications such as second-life use and recycling,
promoting sustainable development [5].

Recent research in SOH estimation for LIBs is broadly clas-
sified into three categories: experimental, model-based, and
data-driven methods [6]. Experimental approaches, such as the
open-circuit current method [7] and electrochemical impedance
spectroscopy (EIS) [8], rely on specialized equipment for direct
measurement. However, their complexity and time-consuming
nature make them unsuitable for real-time estimation. Alterna-
tively, model-based methods establish a relationship between
battery signals and SOH by using equivalent circuit [9] or
electrochemical models [10] to describe the battery’s internal
mechanisms.

While these model-based approaches offer good interpretabil-
ity and can achieve high accuracy, often enhanced with ob-
servers [11] or filtering techniques [12], [13], their practical
application is limited. Their primary drawback is the reliance
on precise physical models that demand deep domain expertise,
a significant barrier for complex or newly emerging battery
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chemistries [14]. Consequently, their generalization capability
is poor across diverse battery types and real-world operational
scenarios where model assumptions may not holds.

With the rapid development of Big Data technology, data-
driven SOH estimation methods have gained increasing atten-
tion from researchers. Unlike experimental and model-based
methods, data-driven methods rely on machine learning or
deep learning models to learn potential degradation patterns
from historical operational data. Early research primarily em-
ployed traditional machine learning techniques, such as sup-
port vector machines (SVM) [15], support vector regression
(SVR) [16], random forest (RF) [17], and gradient boosting de-
cision trees (GBDT) [18], which have achieved notable success
in SOH estimation. In recent years, deep learning (DL) methods
have been widely applied, including convolutional neural net-
works (CNN) [19], recurrent neural networks (RNN) [20], long
short-term memory networks (LSTM) [21], and Transformer
models [22], [23]. These models, however, often generalize
poorly. Distribution discrepancies between training and target
batteries—such as limited operational history in new cells—can
significantly degrade prediction accuracy [24].

TL methods transfer knowledge extracted from supervised
source domain with similar degradation characteristics to the tar-
get domain. In the field of SOH estimation, early research mainly
focused on TL methods based on pretrained fine-tuning [25]. In
these methods, the target domain and source domain LIBs use
the same deep network structure, with the network parameters
pretrained on the source domain data transferred to the target
domain network for initialization, followed by fine-tuning using
target domain data. Shen et al. [26] used pretrained deep convo-
lutional neural networks to transfer source-learned parameters
to improve the capacity estimation for LIBs with limited training
data. Huang et al. [27] utilized fine-tuning as a transfer learning
strategy to adapt the model to different battery types, improving
the accuracy and robustness of SOH estimation across various
datasets. However, such approaches require labeled target data,
which is often unavailable in practice [28].

Domain adaptation (DA) is a transfer learning method that
achieves knowledge transfer from unlabeled target data by learn-
ing domain-invariant features in a shared subspace [29]. DA
methods typically follow two main strategies [30]: minimiz-
ing statistical discrepancies or leveraging adversarial learning.
Structure-based methods employ metrics like maximum mean
discrepancy (MMD) [31] to directly minimize the statistical dis-
tance between domains. Alternatively, adversarial methods use a
domain classifier that competes with the feature extractor, com-
pelling it to learn domain-invariant features. These DA strategies
have been successfully applied to SOH estimation for LIBs. For
instance, Ma et al. [28] combined a CNN for feature extraction
from raw charging voltage data with MMD to minimize domain
discrepancy. Han et al. [32] integrated a domain adaptation layer
into a deep LSTM network for degradation feature alignment
across discrepant batteries. Meng et al. [33] employed a domain-
adversarial neural network (DANN) for feature alignment, using
EIS-derived health features extracted by an autoencoder. Yao et
al. [34] introduced a semisupervised adversarial deep learning
method, applying adversarial training to both labeled and unla-
beled data to improve model generalization.
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However, existing DA-based LIB SOH estimation methods
face significant limitations hindering their practical application.
First, their reliance on unsupervised global alignment is a key
issue. Methods in [35], [36], for instance, use MMD-based or
DANN-based approaches that overlook the distinct progression
of battery degradation. This global approach misses crucial fine-
grained temporal variations [37]. This limitation persists even in
advanced subdomain methods like local MMD (LMMD) [38].
By relying on hard assignments to predefined stages, LMMD
struggles to model the gradual transitions inherent in the contin-
uous SOH degradation process, where stage boundaries are in-
herently fuzzy. Second, current architectures often fail to capture
local dynamics and manage feature heterogeneity. While models
like CNNs or transformers are common, they struggle with the
subtle local patterns inherent in battery data [39], [40], [41].
Furthermore, the inherent heterogeneity across features, where
variables show opposing degradation trends, creates channel
interference and reduces accuracy in existing models [42], [43].
Collectively, these interconnected challenges—imprecise align-
ment for continuous processes, insensitivity to local patterns,
and feature heterogeneity—impede the development of robust
cross-domain SOH models.

To address the multifaceted challenges identified above, this
article proposes a novel framework, FCSA-PatchTSCT, which
integrates three synergistic components into a holistic solution.
The core novelty lies in how these components work in con-
cert to achieve robust cross-domain SOH estimation. The main
contributions are as follows.

1) A cross-domain SOH estimation framework centered on

a fuzzy clustering local maximum mean discrepancy
(FCLMMD) method is proposed for subdomain adapta-
tion. By leveraging fuzzy clustering to define soft sub-
domains based on battery degradation stages, FCLMMD
achieves a fine-grained adaptation through precise align-
ment of their distributions. This targeted local alignment is
complemented by the DANN framework, which provides
robust global domain adaptation.

2) A PatchTSCT network framework is introduced, which
employs a patch-based architecture to enhance tempo-
ral feature extraction. By dividing each time series into
smaller patches and processing them independently, the
model focuses on local characteristics to more effectively
capture intricate temporal patterns. This approach signif-
icantly improves the learning of fine-grained features and
boosts overall prediction performance.

3) A homogeneous feature grouping method based on Pear-
son correlation to tackle variable heterogeneity is devel-
oped. This method clusters highly correlated features into
distinct groups that are fed into separate processing chan-
nels. This design effectively reduces interference among
heterogeneous variables, enabling more robust feature
extraction and an improved capture of relevant degradation
information.

By synergistically combining these three innovations, our
framework provides a comprehensive solution that is demon-
strably more accurate and generalizable than prior approaches.
The article is structured as follows. Section II details the method-
ology, covering problem definition, method overview, and model
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Fig. 1. Minimizing domain discrepancy through (a) global DA might destroy
fine-grained information, whereas (b) subdomain adaptation aligns each corre-
sponding pair of subdomains.

development. Section III reports experimental results, including
the evaluation of fine-grained domain adaptation and homoge-
neous feature grouping strategies, comparisons across model
architectures, and assessment under nonfull charging conditions.
Section IV concludes the study and discusses potential directions
for future work.

II. METHODOLOGY
A. Problem Definition

1) Cross domain: This article explores a subdomain adapta-
tion approach for the SOH estimation in cross-domain condi-
tions. Let D, = {(x%,y$)}¥*, denote the source domain data,
where z} is the ith sample in the source domain and y; is the
corresponding SOH label. N is the number of samples in the
source domain, the sample meets both the marginal probability
distribution Pg(x) and the conditional probability distribution
Ps(y|z). Let Dy = {2}, denote the data from the target
domain, where x! is the ith sample of the target domain and N;
represents the total samples number of the target domain. The
samples in the target domain do not have corresponding SOH
labels. The marginal and conditional probability distributions of
D; are Pr(z) and Pr(y|x).

For cross-domain problem, the following basic assumptions
are made. (a) samples in D, are sufficiently labeled to enable
valid predictor training. (b) D; can only provide unlabeled data
for use. (c) the marginal probability distribution of the source
domain differs from that of the target domain, Ps(z) # Pr(x),
but the conditional probability distribution of the source domain
is equivalent to that of the target domain Ps(y|x) ~ Pr(y|z).

Based on the aforementioned assumptions, most studies have
conducted a global alignment between the source and target do-
mains, overlooking the presence of distinct substructures within
each domain, which can lead to suboptimal feature alignment
and reduced prediction accuracy, as shown in Fig. 1. In classifica-
tion tasks, each sample category can be treated as a subdomain,
with the number of categories corresponding to the number of
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subdomains. Subdomain adaptation, therefore, involves aligning
the data from different categories separately [44]. However, sub-
domain adaptation has been rarely explored in SOH estimation
tasks. This is because such tasks are fundamentally regression
problems, where the distribution of time series exhibits con-
tinuous, time-varying properties, making it difficult to define
subdomains. As a result, determining how to obtain substructure
labels is a critical issue for implementing subdomain adaptation
in regression tasks. Inspired by the degradation characteristics
of LIBs, we discretize the degradation process into K stages,
with each stage following the same distribution internally but
differing across stages. Therefore, there are substructures in
the domains, for D = {(z;, )}V, i.e., D = {D*,..., DK},
Data in the same stage follow the same distribution P?(x). For
different stages 1 < i # j < K P(x) # P’(x) and P'(y|z) #
Pi(y|x), as shown in Fig. 2.

2) Cross variable: In real-world data, cross-variable inter-
actions exhibit both homogeneity and heterogeneity, which
significantly impact SOH estimation in multidimensional time-
series prediction. Homogeneous variables tend to display similar
behavior, making it easier to model their interactions, as the
features evolve in a predictable direction over time. However,
heterogeneous variables show opposing behaviors, such as some
features increasing while others decrease, leading to more com-
plex relationships. This variation presents challenges, as the
model must account for the opposing trends between features.
As shown in Fig. 3, the negative correlation between feature
1, feature 2, and feature 3 and the positive correlation between
Feature 2 and Feature 3 clearly demonstrate these cross-variable
relationships.

B. Method Overview

In this article, a novel framework FCSA-PatchTSCT is pro-
posed for cross-domain estimation considering the LIBs degra-
dation in stages. Our proposed FCSA-PatchTSCT framework
follows a systematic, multistage strategy. It first disentangles
heterogeneous variables via feature grouping, then performs
fine-grained alignment of degradation stages using fuzzy sub-
domain adaptation, and finally extracts robust local temporal
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Fig. 3. Homogeneous and heterogeneous relationships between variables.

patterns with a patch-based network. The detailed process is
shown in Fig. 4 and the steps are described as follows.

1) Data acquisition and preprocessing: First, a set of datasets
from LIBs with charging voltage data are acquired, and the
features of the charging curves are extracted to effectively
reflect the SOH degradation trend.

2) Model construction and training: Next, the FCSA-
PatchTSCT is constructed, while the loss function and the
hyperparameter are set. The training data are divided into
discrete substructure based on fuzzy clustered algorithm,
and homogeneous features are grouped simultaneously
based on their correlation coefficients. The processed data
are fed into the model for training, and the optimal model
is saved during the training process.

3) Model testing: Finally, the testing data are fed into the
optimal model, the estimation results are used to evaluate
the performance of the proposed method.

C. Model Development

1) Fuzzy substructure division and homogeneous feature
grouping: To implement fine-grained subdomain adaptation in
SOH estimation, the fuzzy C-means (FCM) clustering algo-
rithm is utilized to obtain substructure labels and fuzzy stage
memberships for LIBs degradation. Unlike traditional clustering
algorithms, FCM assigns each data point to all clusters with a
degree of membership, indicating how strongly the data point
belongs to each cluster.

First of all, the number of clusters C' is determined empir-
ically. The original degradation sequence can be defined as
z = {x1,22,...,z,}, where n denotes the length of the degra-
dation time series. The input to the FCM algorithm consists
of vectors z;, each composed of health features (e.g., charging
time to a specific voltage) known to be sensitive to the battery’s
degradation state.

The core of our approach is leveraging FCM’s soft mem-
berships, which is critical for two reasons. First, they create
functionally meaningful clusters corresponding to degradation
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stages rather than mere temporal segments. Second, they ro-
bustly model the gradual transitions between these stages, which
enhances the alignment process, particularly when dealing with
imbalanced subdomain distributions. The resulting fuzzy mem-
bership u;; represents the likelihood that data point z; belongs
to cluster j, and is computed as

1
Hij = i (D

ZC li—c;[* ) ™t

k=1 \flzi—cx[

where || o || denotes the Euclidean distance norm between the
sample z; and the class center c;. m represents the fuzzy
factor. Then, each cluster’s center point C' = {¢1, ca,...cc} is

computed based on the fuzzy membership u;; of each data point
x;. The th cluster’s center point can be updated as follows:

2

The FCM algorithm minimizes the objective function .J by
iteratively refining the membership values and cluster centers,
and the objective function J along with its corresponding con-
straints can be described as follows:

N C
J=3"Sul e —el?, 0<uy <1 ()
i=1 j=1
C
Zuijzl, 0<i<N )
j=1
N
Yu; <N, 0<j<C 5)
=1

Each cluster center is initially assigned randomly at the start
of the iterative process, and the iteration ends when it reaches
a local optimum. The convergence criterion is determined by
the change in the membership matrix U between successive
iterations, and the process is terminated once this change falls
below a predefined threshold e, as defined below:

|UFHT — U < €. (6)

Finally, the LIBs’ substructure labels i € {1,2,...C} and
fuzzy membership are obtained, which will be used as the input
data of the subdomain adaptation network.

Alongside subdomain division, we also perform homoge-
neous feature grouping based on the Pearson correlation coeffi-
cient. Specifically, for each feature in the dataset, we calculate
the Pearson correlation coefficient with all other features. Fea-
tures that show a high positive correlation are grouped together
into homogeneous feature groups. This ensures that features
which behave similarly over time are processed in the same
way, reducing redundancy and improving the learning process
by capturing the relevant patterns in the data. The Pearson
correlation coefficient r is calculated as

Y- X))
VIR - XLV - V)2

)
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Fig. 4. Procedures of the proposed SOH estimation method.

Algorithm 1: Fuzzy C-Means Clustering Algorithm.

1: Input: The original degradation sequence
{z1,z9,..., 2N}, the number of clusters C
2: Output: Fuzzy membership matrix U = {u;; }oxn
3: Randomly initialize fuzzy membership matrix
U ={ujtoxn
4: repeat
Compute the fuzzy centers
C={cy,ca,...,¢i...,cc} using (2)
Compute the objective function J
Calculate the fuzzy membership matrix U
cuntil | UR — UF|| < ¢
: Determine the stage label I; of point x; by calculating
Ij = max{um Uiy« v vy uCi}
Return fuzzy membership matrix U and stage label
{Ii}zNzl

)1

10:

where X; and Y; are the values of the features X and V. X
and Y are the mean values of the respective features. Features
with a correlation coefficient higher than a certain threshold are
grouped together, while those with low correlation are treated
as separate feature groups.

By combining fuzzy substructure division and homogeneous
feature grouping, the data are processed in a more structured
way, enabling the model to focus on the most relevant features
while reducing noise and improving the accuracy of the SOH
estimation.

2) SOH estimation based on FCSA-PatchTSCT: In this sec-
tion, we propose a subdomain adaptation network, FCSA-
PatchTSCT, which combines degradation substructure division
and subdomain adaptation for estimating the SOH of LIBs,
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Fig. 5. Overall structure and details of FCSA-PatchTSCT.

taking into account degradation in stages. The network lever-
ages fine-grained data alignment to effectively minimize the
mismatch deviation inherent in global domain adaptation during
the transfer process. The proposed FCSA-PatchTSCT consists
of a feature extractor F'F, a predictor P and a domain classfier
D, and the framework is shown in Fig. 5.

1) Feature Extractor: The feature extractor is built upon a
multichannel PatchTSCT architecture. The process begins by
assigning each sample a subdomain label and partitioning its
features into homogeneous groups based on Pearson correlation.
These feature groups, along with their subdomain information,
are then fed into separate parallel channels.

Within each channel, a patching operation first divides the
input time series into smaller segments called patches to better
capture local dynamics while still considering global infor-
mation. Moreover, this process transforms the original input
sequence length L into a reduced number of tokens, approxi-
mately L/.S, where S is the stride (the time interval between the
start of adjacent patches), resulting in a quadratic reduction in
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the computation and memory usage of the self-attention maps,
which significantly enhances the model’s training efficiency.
These patches are subsequently processed through a stack of
CNN, multihead self-attention, and feedforward layers to inde-
pendently extract features. Finally, the outputs from all chan-
nels are integrated by a feature fusion layer, creating a unified
representation that effectively combines information from the
different subdomains and homogeneous feature groups.

Crucially, this architectural design is explicitly linked to its
corresponding performance gain. The effectiveness of the fine-
grained domain alignment, which is driven by our FCLMMD
loss metric, is critically dependent on the quality of this uni-
fied feature representation. By capturing local dynamics and
disentangling features, the extractor produces a discriminative
feature space where the alignment can be most meaningful and
impactful.

FCLMMD improves upon existing methods in two key ways.
First, unlike traditional MMD which only considers the global
distribution, FCLMMD leverages the probability of each sample
belonging to a specific subdomain, enabling a more precise data
alignment. Second, it refines class-level methods like LMMD—
which typically rely on confident, hard labels—by incorporating
soft subdomain probabilities. This approach is better suited for
real-world SOH scenarios, as it more robustly handles the label
noise and ambiguous stage boundaries inherent in the continuous
battery degradation process.

Given the source domain D, = {(zf,y5,u$)}*, and the
target domain D; = {(z%, u?)} |, where 2§ and ! are samples
from the source and target domain, respectively, s{ and s!
are corresponding fuzzy memberships. Dy and Dy is divided
into C' subdomains D® and Dt(c), where ¢ = 1,2, ...C. For
corresponding subdomains, the squared form of FCLMMD can
be defined as follows:

du(p,q) £ Ecl|Epo [6(2®)] — By [0(=)] I3, (®)

where p(©) and ¢(©) are distributions of D' and D), respec-
tively. H represents the reproducing Hilbert space (RKHS) with
a kernel function k, and k(z%,2") =< ¢(z%), p(z") >. ¢(e)
denotes the function that mapping the original data to the RKHS.
Assuming that each sample belongs to each category according
to the weight w®, the unbiased estimation of FCLMMD is
calculated as

2

> wy o)

:E?EDT

> wi o) -

S
x; €Dg

. 1<
dH(p7 q): 5 Z
c=1

H
)
where w®) and uij(c) are the weight of z7 and x7 belonging

to class ¢, respectively. Both S=V% (@ and SN w! () are
equalto 1. > wfc)¢>(xi) is a weighted sum of the category

c. The weight of a sample z; is calculated as
w Uie

ST (10)
Z(Iuyi,ui)ED Uje

where wu;. is the membership of the cth element of the vec-
tor u;. Since the fuzzy membership function can effectively
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characterize the probability distribution of a sample x; across
different health stages, we use the fuzzy memberships uiS(C) and

ul' to calculate the sample weights w: ) and w! ). Based on
FCLMMD, we designed a subdomain data structure information
alignment loss, which is expressed as

Lp =dy (FE(X®), FE(X")) (11)
where F'E(X*) and FE(X") denote the source domain features
and target domain features extracted from F'FE.

2) Predictor: The predictor P is an estimation network com-
posed of two fully connected layers, and it performs SOH
estimation by receiving the features obtained from the F'E. The
SOH estimation values can be calculated as P(FE(X?®)). To
ensure the predictor delivers accurate results, the prediction loss
L, is computed using the mean squared error (MSE) between
the true labels and the predicted labels. Since the target domain
data are unlabeled, the loss for this part is defined as

1 &
Lp =+ (P(FE(z5)) —y5)?.

S =1

12)

3) Domain Classifier: The domain classifier D is designed
to identify whether the extracted high-dimensional temporal
features originate from the source domain or the target domain.
Through adversarial learning, the feature extractor strives to
confuse the domain discriminator. When the minimax game
between the feature extractor and the domain discriminator
reaches equilibrium, domain-invariant features are successfully
learned. The loss for this component is represented by binary
cross-entropy, and its calculation is as follows:

N,
1 & s
N, E log D(FE(x7))
i=1

Lp =

1 X
A > “log(1 - D(FE(a)))) (13)
=1

where the value of D(+) is either O or 1, which can be used to dis-
tinguish the domain to which a sample belongs. By minimizing
this part of the loss, domain label alignment can be achieved.
3) Training process and optimization objective: To bridge
the gap between the source and target domains and enhance the
prediction accuracy, the loss function is defined as follows:

Li=Lp+alLr+ 8Lp (14)

where « and ( are tradeoff parameters. The Adam optimizer is
utilized to minimize the total loss. In this framework, DANN
provides a coarse global alignment while FCLMMD performs
fine-grained subdomain alignment, and potential conflicts be-
tween these two objectives are naturally resolved through the
unified weighted loss, where o and g explicitly control the
tradeoff.

To facilitate clarity and consistency in the following formu-
lations, Table I summarizes the key parameters used throughout
the equations, along with their concise descriptions.
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TABLE I
KEY PARAMETERS IN THE EQUATIONS

Parameters Descriptions
Dgs, Dy Source domain data and target domain data
z3, xf The ith sample in the source domain and target domain
C The number of clusters
J FCM objective function
U Membership matrix in FCM
r Pearson correlation coefficient between two features
Dﬁ.”, D£c> Subdomains of source and target domain for cluster ¢
p(C), q<c) Distributions of source and target subdomain ¢

H Reproducing Kernel Hilbert Space (RKHS)

P(e) Mapping function from original space to RKHS
w§ Normalized sample weight in cluster ¢
FE(e) Feature extractor

Lp Subdomain alignment loss based on FCLMMD

MSE loss between predicted and true SOH in the
source domain

Lp Domain label alignment loss based on DANN

Lp
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Fig. 6. Capacity degradation curves of LIBs datasets. (a) LIBs dataset from
NASA. (b) LIBs dataset from CALCE.

III. EXPERIMENTS
A. Set Up

To evaluate the performance of the proposed method, two pub-
lic datasets from NASA Prognostics Center of Excellence [45]
and Center for Advanced Life Cycle Engineering (CALCE) [46]
are used in this article. The batteries in both datasets are of
the Lithium Cobalt Oxide (LCO) type, a chemistry primarily
utilized in consumer electronics due to its high energy density.
The NASA dataset consists of 18650 LIBs undergoing multiple
cycles of charge, discharge, and impedance under experimental
conditions at 24°C. For this research, the BO005, BO0O06 and
B0007 LIBs datasets are utilized. During the charging process,
the LIBs were charged at 1.5-A constant current (CC) until the
battery voltage reached 4.2 V and were continued at a 4.2 V
constant voltage (CV) until the current dropped to 20 mA. Then,
the LIBs discharge at a constant CC level of 2 A until the voltages
dropped to 2.7, 2.5, and 2.2 V, respectively.

The CALCE datasets are collected by the U.S. Arbin BT2000
battery test system. In this study, LIBs numbered CS2_35,
CS2_36, and CS2_37 are selected for research. The charge—
discharge protocol of these LIBs is similar to that of the NASA
dataset.
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TABLE II
EXPERIMENTAL INFORMATION OF THE TRANSFER LEARNING TASKS

Task Source Domain Data Target Domain Data

A B0006, B0007 B0005

B B0005, B0007 B0006

C B0005, B0006 B0007
CALCE_CS_2_36,

D CALCE_CS_2_37 CALCE_CS_2_35
CALCE_CS_2_35,

E CALCE_CS_2.37 CALCE_CS_2_36

F CALCE (5235, CALCE_CS_2_37

CALCE_CS_2_36

The capacity curves of these two datasets are shown in Fig. 6
and the SOH of LIBs is defined as the following equation:

Ce

new

SOH = (15)

where C.. and C\.,, are the rated and current capacity, respec-
tively. The degradation features in our study are obtained by us-
ing the voltage curve from the CC charging process as inputs for
the model. As shown in Fig. 7, we extracted nine features from
the geometrical analysis of the CC charging curve. Feature F1
is defined as the initial voltage, while the remaining features are
derived from the subsequent voltage curve, which is segmented
in a 2:3:5 ratio based on voltage values. As the battery ages,
its capacity would diminish, and the time intervals required to
reach the same voltage would be decreased. Therefore, features
F5—F5 capture the time stamps of specific voltage points. Based
on Faraday’s law, the magnetic flux is the integral of voltage over
time, which represents the power supply capability for a given
system. The trapezoidal rule is applied to approximate features
Fs—Fy.

We evaluated our method across six transfer learning tasks,
each involving training on the source domain and testing on
the target domain to assess cross-domain generalization. Each
dataset was partitioned by selecting the complete degradation
trajectories of two batteries as the source domain and one battery
as the target domain. The detailed configuration of these transfer
tasks is summarized in Table II.
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TABLE III
EXPERIMENTAL INFORMATION OF THE TRANSFER LEARNING TASKS UNDER
PRACTICAL CHARGING CONDITIONS

Task Source Domain Data Target Domain Data
G BO1, B02 BO3
H B02, BO3 BO1
I BO1, BO3 B02

To further validate the practicality of our method under real-
world partial charging conditions, we additionally employ the
Xi’an Jiaotong University (XJTU) battery dataset processed
by [47]. This dataset contains data from 6 batches of Lithium
Nickel Manganese Cobalt Oxide (NMC) batteries, a chemistry
prevalent in modern EVs and ESS. From the first batch of this
dataset, we select three representative batteries for experiments.
The health features for these batteries are adopted directly from
the benchmark study [47], where they are derived not from
full charging curves but from specific, short voltage intervals.
These three batteries are then used to construct three challenging
cross-domain transfer tasks, as shown in Table III, providing a
rigorous evaluation of our method’s robustness.

To perform fine-grained subdomain alignment, we apply
FCM clustering to the extracted degradation features. In our
experiments, the number of clusters (i.e., subdomains) is em-
pirically set to three, corresponding to the early, middle, and
late stages of battery degradation. Each sample is assigned to
a subdomain based on its highest membership value, while
the complete membership vector is retained as soft subdomain
information. These subdomain labels are used to guide the
subdomain adaptation process, allowing the model to better align
local degradation dynamics between source and target domains.

To quantitatively evaluate the performance of the proposed
method, we adopt three commonly used regression metrics: Root
mean square error (RMSE), mean absolute error (MAE), and the
coefficient of determination (R?)

1 n . )
RMSE = \/n Zizl(st — 8i)2 (16)
1 ¢ i i
MAE=E2\St—sp| (17)
ﬁ_ Sz _ Sz 2
R2 -1 _ szl( t p) (18)

> (Si— Yy, s’

where S} is the true SOH value of ith sample, and S}, is the
predicted SOH value of ith sample. Meanwhile, hyperparameter
tuning was performed to determine the optimal values for o
and [, which control the weights of the fine-grained subdomain
alignment loss and the domain adversarial loss, respectively.
A grid search was conducted over the following ranges: o €
{0.001,0.01,0.1,1,10}, g € {0.1,1, 10,100, 1000}. The aver-
age root mean square error (RMSE) across all six cross-domain
transfer tasks was used as the selection criterion. Fig. 8 illustrates
the model’s sensitivity to these hyperparameters, and the results
provide empirical insight into managing the tradeoffs between
the global (DANN) and subdomain (FCLMMD) adaptation
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Fig. 8. Hyperparameter sensitivity test of our framework.

objectives. As shown in figures, both very small and very large
values for v and S lead to increased RMSE. Low values (e.g.,
a = 0.001) result in insufficient domain alignment, causing
underadaptation. Conversely, excessively high values (e.g., o
= 10 or § = 1000) can cause the adaptation objectives to
dominate the loss function. This creates an optimization conflict,
forcing the feature extractor to prioritize domain invariance at
the expense of learning features discriminative for the primary
SOH prediction task, a phenomenon known as negative transfer.
Based on this analysis, we selected « = 0.1 and § =1 as
the optimal values for all subsequent experiments. These values
represent the empirically found sweet spot that best balances the
adaptation and prediction objectives, thereby maximizing the
knowledge transfer while minimizing optimization conflicts.

B. Validation of Fine-Grained Domain Adaptation Strategy

To investigate the effectiveness of proposed transfer learn-
ing strategies and various loss components on cross-domain
SOH estimation, we conducted experiments by comparing our
method with five methods with different loss configurations.
The first method Lossj; just includes the prediction loss and
serves as a baseline without any transfer learning strategies. The
second method Lossp adds the domain adversarial training to
encourage domain-invariant feature learning. The third method
Lossp includes the prediction loss and the loss item based on
FCLMMD to achieve fine-grained domain adaptation. The last
method Losspjs integrates standard MMD with adversarial loss
to jointly align global feature distributions. The final method
Lossprys combines the prediction loss, adversarial loss, and
LMMD, aiming to simultaneously enforce domain-invariant
representation learning and classwise conditional distribution
alignment.

From the comparisonresults in Fig. 9, we observe several clear
trends that underscore the importance of domain adaptation in
cross-domain SOH estimation.

First, the baseline model Lossy,, trained only with prediction
loss, performs significantly worse across all metrics. This con-
firms its limited capacity to generalize across distribution shifts
and highlights the fundamental necessity of domain adaptation
techniques for this task.

Second, when comparing the transfer learning strategies, our
complete framework consistently achieves the best performance.
This superiority stems from our method’s unique ability to
perform stage-aware alignment that is tailored for continuous
degradation processes. While both Losspps and Lossprar
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Fig. 10.  Prediction curves and error curves of the comparison results between

different loss items for NASA Dataset. (a) Task A. (b) Task B. (¢) Task C.

outperform simple DANN, they have inherent limitations. The
Losspyr approach, which combines two global alignment met-
rics, still fails to address the critical issue of matching fine-
grained degradation stages. The Losspr s method improves
upon this by incorporating LMMD for subdomain alignment,
yet its reliance on hard, discrete class assignments is a poor
fit for the continuous and gradual nature of battery aging. Data
points in transitional phases are often misaligned. In contrast, our
FCLMMD’s use of soft, fuzzy memberships accurately models
these ambiguous stage boundaries, leading to a smoother and
more physically meaningful alignment that ultimately yields
higher accuracy.

The visual results in Figs. 10 and 11 underscore these quan-
titative findings. Our method’s predicted SOH values track
the ground truth more closely, and its error distributions are
markedly more concentrated around zero. For a real-world
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Fig. 11.  Prediction curves and error curves of the comparison results between

different loss items for CALCE Dataset. (a) Task D. (b) Task E. (c) Task F.

BMS, this implies a significant increase in reliability. A con-
sistently low error minimizes the risk of dangerously inac-
curate estimates, which is critical for downstream tasks like
remaining useful life (RUL) prediction and ensuring operational
safety.

C. Comparisons With Different Model Architecture

In this section, to evaluate the effectiveness of the pro-
posed PatchTSCT, we compare it against four baseline archi-
tectures, including standalone CNN and transformer models,
as well as two sequential hybrid architectures: CNN-LSTM
and CNN-Transformer. Notably, the CNN-Transformer base-
line can be viewed as a variant of our method without the
patch-based representation module. This comparison allows
us to isolate the contribution of the patch mechanism in
enhancing temporal feature modeling and overall prediction
performance.

Table IV presents the comparative performance, where our
proposed PatchTSCT architecture consistently achieves state-
of-the-art results across all tasks. This superior performance,
further visualized in Figs. 12 and 13, stems directly from its
specialized design for temporal feature modeling.

The analysis reveals two key insights. First, the patch-based
representation is crucial for capturing local dynamics. Stan-
dalone CNN and transformer architectures exhibit broader er-
ror spreads because their pointwise or global receptive fields
often miss the subtle, fine-grained patterns inherent in battery
degradation. Then, while hybrid models like CNN-LSTM and
CNN-Transformer improve upon single architectures, our full
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TABLE IV
COMPARISON RESULTS OF DIFFERENT MODEL STRUCTURES
Task Method RMSE MAE R2

A CNN 0.0328 0.0302 0.8193
Transformer 0.0387 0.0334 0.7489

CNN-LSTM 0.0137 0.0158 0.9591
CNN-Transformer 0.0246 0.0204 0.8984

Our Method 0.0175 0.0145 0.9484

B CNN 0.0360 0.0290 0.8225
Transformer 0.0439 0.0400 0.7362

CNN-LSTM 0.0334 0.0279 0.8475
CNN-Transformer 0.0296 0.0246 0.8802

Our Method 0.0162 0.0125 0.9642

C CNN 0.0289 0.0263 0.7844
Transformer 0.0294 0.0254 0.7772

CNN-LSTM 0.0244 0.0190 0.8461
CNN-Transformer 0.0217 0.0189 0.8782

Our Method 0.0160 0.0129 0.9342

D CNN 0.0130 0.0093 0.9594
Transformer 0.0178 0.0120 0.9457

CNN-LSTM 0.0102 0.0071 0.9751
CNN-Transformer 0.0088 0.0079 0.9816

Our Method 0.0035 0.0025 0.9971

E CNN 0.0144 0.0111 0.9614
Transformer 0.0162 0.0137 0.9510

CNN-LSTM 0.0105 0.0083 0.9796
CNN-Transformer 0.0089 0.0067 0.9852

Our Method 0.0043 0.0033 0.9965

F CNN 0.0127 0.0096 0.9724
Transformer 0.0179 0.0159 0.9232

CNN-LSTM 0.0095 0.0059 0.9844
CNN-Transformer 0.0083 0.0053 0.9882

Our Method 0.0035 0.0026 0.9979

PatchTSCT model still demonstrates superior estimation perfor-
mance. This is because the patch-based input forces the network
to learn robust local features first, a more effective strategy than
the sequential feature passing in standard hybrids. The result
is a more concentrated error distribution, as shown in the right
panels of the figures.

This architectural advantage has significant implications for
real-world BMS applications. An architecture adept at ex-
tracting meaningful patterns from smaller data segments, like
PatchTSCT, is inherently more robust to the fragmented and
imperfect data streams caused by noisy sensors and partial
charging cycles. This leads to more reliable and consistent SOH
estimation under nonideal operational conditions.

Beyond prediction accuracy, a critical aspect for practical
application is the model’s computational efficiency, which de-
termines its feasibility for deployment on resource-constrained
BMS hardware. To provide a thorough evaluation, we adopt
several indicators: floating-point operations (FLOPs), training
time, the number of parameters, and storage size. In this con-
text, FLOPs refers to the total count of FLOPs required for
a single forward pass (presented in millions in Table V), di-
rectly reflecting the network’s computational workload. Training
time measures the model’s overall efficiency during the offline
learning phase. The number of parameters and the derived
storage size from the model file indicate the actual memory
footprint required on the device.

As summarized in Table V, the proposed FCSA-PatchTSCT
achieves an excellent balance between performance and
efficiency. While it is naturally more resource-intensive than
standalone CNN or Transformer models, it demonstrates a
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Fig. 12.  Prediction curves and error curves of the comparison results between

the proposed method and other network structures for NASA Dataset. (a) Task
A. (b) Task B. (c) Task C.

TABLE V
COMPREHENSIVE EVALUATION OF THE PROPOSED METHOD

Methods Performance index

FLOPs (Million) Training time (min) Parameters Storage (MB)
CNN 0.614 4.549 50471 0.179
Transformer 1.399 11.848 109441 0.433
CNN-LSTM 1.021 9.087 110977 0.430
CNN-Transformer 1.998 16.048 176193 0.689
Our Method 1.546 14.781 163252 0.638

crucial advantage over the conventional hybrid architectures.
Benefiting from the patch-based representation which effec-
tively reduces redundant temporal dependencies, our framework
is not only more accurate but also significantly more efficient
than the standard CNN-Transformer baseline, requiring fewer
FLOPs and a shorter training time. This efficiency gain is a
direct result of the patch-based design, which mitigates the
Transformer’s inherent quadratic complexity. By allowing the
self-attention mechanism to operate on a short sequence of
patches instead of a long sequence of individual time points, both
memory and computational demands are substantially reduced.

Most importantly, the practicality for deployment must be
viewed in the context of the specific task. SOH is a slow-varying
parameter, with BMS updates typically required on the scale
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Fig. 13.  Prediction curves and error curves of the comparison results between
the proposed method and other network structures for CALCE Dataset. (a) Task
D. (b) Task E. (c) Task F.

of seconds or even minutes, not milliseconds. Therefore, our
model’s modest computational cost—1.546 million FLOPs per
inference—translates to an estimated latency well within the
8—16 ms range on a typical automotive-grade microcontroller.
This is several orders of magnitude faster than the required
SOH update interval. While classical methods like equivalent
circuit models (ECMs) and Kalman filters are computationally
simpler, their reliance on precise physical models often lim-
its their accuracy and generalization across diverse operating
conditions. Our framework, in contrast, accepts a manageable
increase in deployment cost for a substantial gain in prediction
accuracy and robustness to domain shifts. This analysis confirms
that the proposed framework achieves a more favorable tradeoff
between prediction performance and computational demand,
establishing it as a robust and practical solution for embedded
SOH estimation tasks.

While our analysis demonstrates feasibility, further
optimization can ensure scalability across a wider range
of BMS hardware. Several TinyML techniques are well-suited
for this purpose. For instance, model quantization can convert
the model to an 8-bit integer (INT8) representation, significantly
reducing its memory footprint and accelerating inference on
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Fig. 14. Performance comparison under different group method on cross-
domain SOH estimation tasks.

compatible hardware. Additionally, network pruning can reduce
model complexity by removing redundant parameters, while
knowledge distillation allows the transfer of knowledge from
our larger model to a much smaller, highly efficient student
network designed for on-device execution. These optimization
strategies, implemented via frameworks like TensorFlow Lite
for microcontrollers, form a clear roadmap for future work,
aiming to deliver our framework’s high accuracy in a power
and memory-efficient package for real-world BMS.

D. Validation of Homogeneous Feature Grouping Method

To validate the effectiveness of homogeneous feature group-
ing strategy, comparison experiments with no homogeneous
feature grouping strategy and different grouping strategy are
conducted. Different grouping strategy are listed as follows:

1) FCSA — PatchT'SCT,4, which processes all features
collectively without grouping and relies solely on the
attention mechanism to model dependencies;

2) FCSA — PatchTSCT,,, which involves randomly par-
titioning features into groups.

3) Proposed grouping strategy, which divides features into
homogeneous groups based on Pearson correlation coef-
ficients.

All configurations share identical model architecture and

hyperparameters.

As illustrated in Fig. 14, the results clearly demonstrate the
critical importance of feature grouping. The baseline model,
which processes all features collectively, performs poorly. This
suggests that tasking a single network with simultaneously
resolving feature heterogeneity and modeling temporal patterns
leads to suboptimal learning due to interference from conflicting
feature trends. Our explicit grouping strategy simplifies this
complex task, allowing the network to learn more effectively.

Furthermore, our proposed Pearson correlation-based group-
ing consistently outperforms the random grouping approach.
While random grouping provides some benefit by separating
features, it does not guarantee dynamic coherence within each
group. In contrast, our correlation-based method ensures that
each parallel channel of the PatchTSCT architecture processes
only temporally similar features. This targeted design allows the
multichannel architecture to function as intended, leading to a
more accurate and robust SOH estimation.

This finding has significant practical implications. Real-world
battery degradation involves complex and evolving relationships
between health indicators, which can exhibit highly correlated
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TABLE VI
COMPARISON RESULTS OF DIFFERENT UNSUPERVISED DA METHODS

Task Method RMSE MAE R2
A CTSGAN 0.0213 0.0179 0.9257
AT-GPR 0.0231 0.0187 0.9131
VarLSTM-TL 0.0199 0.0177 0.9352
DDAN 0.0208 0.0167 0.9292
MTR-GPR 0.0261 0.0203 0.8886
Our Method 0.0175 0.0145 0.9484
B CTSGAN 0.0234 0.0177 0.9284
AT-GPR 0.0251 0.0218 0.9190
VarLSTM-TL 0.0200 0.0157 0.9479
DDAN 0.0216 0.0175 0.9391
MTR-GPR 0.0229 0.0195 0.9316
Our Method 0.0162 0.0125 0.9642
C CTSGAN 0.0195 0.0182 0.9049
AT-GPR 0.0175 0.0152 0.9237
VarLSTM-TL 0.0166 0.0132 0.9314
DDAN 0.0184 0.0168 0.9157
MTR-GPR 0.0179 0.0159 0.9201
Our Method 0.0160 0.0129 0.9342
D CTSGAN 0.0110 0.0076 0.9782
AT-GPR 0.0081 0.0067 0.9881
VarLSTM-TL 0.0121 0.0102 0.9724
DDAN 0.0088 0.0073 0.9861
MTR-GPR 0.0072 0.0055 0.9907
Our Method 0.0035 0.0025 0.9971
E CTSGAN 0.0133 0.0099 0.9741
AT-GPR 0.0085 0.0070 0.9895
VarLSTM-TL 0.0094 0.0081 0.9853
DDAN 0.0143 0.0108 0.9681
MTR-GPR 0.0108 0.0089 0.9829
Our Method 0.0043 0.0033 0.9965
F CTSGAN 0.0172 0.0115 0.9556
AT-GPR 0.0088 0.0063 0.9882
VarLSTM-TL 0.0183 0.0127 0.9495
DDAN 0.0110 0.0076 0.9816
MTR-GPR 0.0122 0.0093 0.9781
Our Method 0.0035 0.0026 0.9979
G CTSGAN 0.0092 0.0078 0.9659
AT-GPR 0.0085 0.0075 0.9709
VarLSTM-TL 0.0068 0.0057 0.9811
DDAN 0.0083 0.0070 0.9720
MTR-GPR 0.0069 0.0058 0.9805
Our Method 0.0054 0.0046 0.9882
H CTSGAN 0.0073 0.0062 0.9782
AT-GPR 0.0068 0.0055 0.9839
VarLSTM-TL 0.0094 0.0083 0.9688
DDAN 0.0062 0.0054 0.9866
MTR-GPR 0.0093 0.0082 0.9696
Our Method 0.0053 0.0038 0.9901
1 CTSGAN 0.0096 0.0088 0.9697
AT-GPR 0.0084 0.0072 0.9728
VarLSTM-TL 0.0075 0.0059 0.9783
DDAN 0.0072 0.0052 0.9828
MTR-GPR 0.0092 0.0086 0.9711
Our Method 0.0057 0.0047 0.9891

or even opposing trends. A strategy that intelligently groups
features by their dynamic behavior, rather than processing them
monolithically, is therefore inherently more effective. It allows
the model to better capture the true underlying degradation
dynamics, making it more robust and adaptable throughout the
battery’s lifecycle.

E. Comparative Analysis With State-of-Art Methods

To provide a comprehensive validation, we benchmarked
our framework against both state-of-the-art unsupervised DA
methods and advanced supervised DL models.
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TABLE VII
COMPARISON RESULTS OF DIFFERENT SUPERVISED DL METHODS

Task Method RMSE MAE R2

A TCN-transformer 0.0217 0.0181 0.9231
SHMM-transformer-

BiGRU 0.0223 0.0182 0.9187

BC-PINN 0.0220 0.0178 0.9210

PINN-LTB 0.0193 0.0162 0.9388

Our Method 0.0175 0.0145 0.9484

B TCN-transformer 0.0201 0.0168 0.9473
SHMM-transformer-

BiGRU 0.0218 0.0171 0.9381

BC-PINN 0.0210 0.0172 0.9420

PINN-LTB 0.0193 0.0158 0.9512

Our Method 0.0162 0.0125 0.9642

C TCN-transformer 0.0184 0.0166 0.9157
SHMM-transformer-

BiGRU 0.0179 0.0159 0.9201

BC-PINN 0.0173 0.0163 0.9253

PINN-LTB 0.0169 0.0159 0.9290

Our Method 0.0160 0.0129 0.9342

D TCN-transformer 0.0089 0.0066 0.9859
SHMM-transformer-

BiGRU 0.0071 0.0057 0.9909

BC-PINN 0.0111 0.0092 0.9830

PINN-LTB 0.0065 0.0043 0.9923

Our Method 0.0035 0.0025 0.9971

E TCN-transformer 0.0101 0.0081 0.9851
SHMM-transformer-

BiGRU 0.0109 0.0084 0.9828

BC-PINN 0.0129 0.0102 0.9758

PINN-LTB 0.0081 0.0066 0.9903

Our Method 0.0043 0.0033 0.9965

F TCN-transformer 0.0127 0.0086 0.9757
SHMM-transformer-

BiGRU 0.0098 0.0069 0.9853

BC-PINN 0.0123 0.0084 0.9770

PINN-LTB 0.0065 0.0045 0.9934

Our Method 0.0035 0.0026 0.9979

G TCN-transformer 0.0081 0.0070 0.9736
SHMM-transformer-

BiGRU 0.0067 0.0059 0.9816

BC-PINN 0.0076 0.0068 0.9764

PINN-LTB 0.0070 0.0059 0.9804

Our Method 0.0054 0.0046 0.9882

H TCN-transformer 0.0095 0.0084 0.9685
SHMM-transformer-

BiGRU 0.0089 0.0078 0.9722

BC-PINN 0.0078 0.0067 0.9785

PINN-LTB 0.0072 0.0063 0.9817

Our Method 0.0053 0.0038 0.9901

1 TCN-transformer 0.0110 0.0103 0.9598
SHMM-transformer-

BiGRU 0.0097 0.0090 0.9687

BC-PINN 0.0077 0.0072 0.9803

PINN-LTB 0.0069 0.0057 0.9834

Our Method 0.0057 0.0047 0.9891

1) Comparison With Unsupervised DA Methods: In this sec-
tion, our proposed method is compared with some state-of-
the-art unsupervised DA methods, including Lu’s conditional
time series generative adversarial network (CTSGAN) [48],
Mondal’s adaptive transfer Gaussian processes regression (AT-
GPR) [49], Kim’s variational LSTM with transfer learning
(VarLSTM-TL) [50], Ni’s deep domain adaptation network
(DDAN) [24], and She