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Accurate state of health (SOH) estimation of
lithium-ion batteries is essential for reliable battery man-
agement but is particularly challenging under mixed non-
Gaussian measurement noise and data scarcity. This article
proposes a robust SOH estimation framework that com-
bines noise-resistant feature extraction with data-efficient,
interpretable continuous-time dynamic modeling. A mix-
ture correntropy loss-based principal component analysis
(MCL-PCA) method is first developed, which employs a
hybrid Gaussian—Laplacian correntropy criterion to adap-
tively suppress mixed non-Gaussian noise and extract sta-
ble low-dimensional health features (HFs). These features
serve as inputs to a newly designed Kolmogorov-Arnold-
enhanced liquid neural network (KLNN), which augments
continuous-time liquid dynamics with structured nonlin-
ear mappings to improve stability and nonlinear general-
ization under limited small-sample conditions. These two
components are integrated into a unified framework that
yields coherent and physically consistent SOH degradation
trajectories. Experimental results on laboratory and public
datasets demonstrate that MCL-PCA significantly improves
feature robustness, while KLNN achieves superior SOH
estimation accuracy in noisy and small-sample scenarios,
resulting in notably lower prediction errors than conven-
tional PCA-based methods and consistent advantages over
baseline models.
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|. INTRODUCTION

ITHIUM-ION batteries (LIBs) are widely used in portable
L electronics, electric vehicles, and grid-scale storage sys-
tems due to their high energy density and long lifespan. The
safe and reliable operation of LIB systems relies on the battery
management systems (BMSs), within which health monitor-
ing plays a critical role. Among various diagnostic indicators,
the state of health (SOH) characterizes capacity degradation
and reflects the available performance and safety margins of a
battery [1]. However, accurate SOH estimation remains chal-
lenging in practical applications. Measurement signals are often
corrupted by mixed non-Gaussian noise induced by sensor
imperfections, impulsive disturbances, abrupt operating fluc-
tuations, and nonstationary operating conditions. Furthermore,
the availability of labeled degradation data is typically limited
under realistic operating scenarios [2], [3]. These factors jointly
complicate robust feature extraction and reliable modeling of
battery degradation dynamics.

Approaches for SOH estimation generally fall into two cat-
egories: model-based and data-driven methods. Model-based
approaches, such as equivalent-circuit models [4] and electro-
chemical models [5], offer strong physical interpretability but
require extensive parameter calibration and are highly sensitive
to operating conditions, which limits their suitability for real-
time BMS applications [6]. Conversely, data-driven methods
learn degradation patterns directly from operational data and
can capture complex nonlinear behaviors [7]. However, their
performance critically depends on two tightly coupled com-
ponents: extracting robust health features (HFs) from noisy
measurements and building models that maintain generalization
and interpretability under limited data.

Accurate  SOH estimation depends on extracted HFs
that are robust to noise and consistent over time. Early
approaches focused on empirical features manually extracted
from measured curves under constant -current-constant
voltage protocols or incremental capacity-differential voltage
patterns [8]. Although these features offer interpretability,
their high sensitivity to measurement noise and dynamic
operating condition variations often perform unreliable
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SOH estimation in practical applications [9]. This has
motivated a shift toward automated feature extraction, pursued
along two primary directions. One line of work leverages
deep learning (DL) models, such as convolutional neural
networks (CNN5s) and attention-based long short-term memory
(LSTM) networks, to directly learn latent representations
from raw measurement signals [10], [11]. The other line of
research focuses on lightweight automated feature extraction
based on unsupervised dimensionality-reduction techniques,
including independent component analysis (ICA) [12],
nonnegative matrix factorization (NMF) [13], and principal
component analysis (PCA) [14]. Among these methods,
PCA has become the canonical baseline for SOH estimation
because it can efficiently compress high-dimensional voltage-
capacity measurements into a small set of dominant variance
components, thereby reducing noise and multicollinearity in
subsequent modeling stages [14]. However, classical PCA
relies on a mean square error (MSE) criterion, which makes
it highly susceptible to outliers, impulsive disturbances, and
heavy-tailed measurement noise [15]. Although robust variants
such as maximum correntropy criterion (MCC) based PCA
(termed MCC-PCA) [16] and functional PCA [17] alleviate
certain noise effects, they remain inadequate under the mixed
non-Gaussian noise commonly encountered in battery data.
Consequently, achieving reliable feature extraction in such
heterogeneous noise environments remains an open and critical
challenge.

With stable and accurate HFs obtained, constructing a high-
fidelity mapping from these features to SOH becomes the next
critical challenge. As battery degradation mechanisms grow
increasingly complex, DL models [18] have emerged as the
dominant paradigm owing to their strong capability in mod-
eling temporal dependencies. Among them, recurrent neural
networks (RNNs) such as LSTM [10] and gated recurrent units
(GRUs) [19] networks are widely adopted for capturing tem-
poral dynamics in sequential data. However, their performance
typically relies on large volumes of data and tends to suf-
fer from overfitting or underfitting under small-sample condi-
tions, leading to degraded estimation accuracy [20]. In contrast,
traditional machine-learning methods such as support vector
regression (SVR) [21] and Gaussian process regression (GPR)
[22] exhibit better generalization and computational efficiency
when data are limited, but they lack the expressive capacity
needed to characterize highly nonlinear degradation behaviors.
Therefore, developing an SOH estimation framework that is
both interpretable and accurate under small-sample constraints
continues to be a key challenge. To this end, inspired by bio-
logical neural dynamics, Hasani et al. [23] introduced learnable
time constants into first-order differential equations to enable
adaptive modeling of nonstationary temporal behaviors, thereby
proposing a new class of RNNs known as liquid neural networks
(LNNs). Compared with conventional RNNs, LNNs leverage
an ordinary differential equation (ODE)-based formulation that
provides explicit multitimescale dynamics and strong inductive
biases (IB), which often leads to improved generalization under
limited data conditions [24], [25]. Nevertheless, their nonlinear
representation capability remains restricted by fixed activation
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functions, limiting their ability to emphasize critical and abrupt
degradation information. Recently, Kolmogorov-Arnold net-
works (KANs) have attracted growing attention owing to their
superior nonlinear expressiveness and structural transparency
[26]. By decomposing multivariate functions into compositions
of univariate functions, KANs achieve high-precision nonlin-
ear approximation with fewer parameters while maintaining
strong inherent interpretability, providing a more interpretable
alternative to traditional neural architectures [27].

Motivated by the above challenges, an interpretable SOH
estimation framework integrating robust feature extraction
with continuous-time neural dynamics is proposed to achieve
accurate and reliable SOH estimation under limited and noisy
data. The proposed framework advances existing PCA methods,
which typically depend on MSE loss and single-kernel
correntropy, by extending conventional MCC-PCA through the
introduction of a mixture correntropy loss. This enhancement
enables effective handling of mixed non-Gaussian noise during
the feature extraction stage for SOH estimation. Moreover,
unlike KAN based LSTM (KLSTM) [28] type architectures
that use KAN modules as static nonlinear replacements for
affine transformations in discrete-time recurrent updates, a
novel estimation method, called Kolmogorov-Arnold-enhanced
LNN (KLNN), is developed by integrating structured KAN
mappings into the observation and gating pathways of a
continuous-time liquid neural system. This design preserves
the inherent ODE-driven dynamics and architectural bias of
LNNs while significantly enhancing nonlinear representation
capability. The key contributions are given as follows.

1) To address feature distortion in SOH estimation under

non-Gaussian measurement noise, this work proposes
a mixture correntropy loss-based PCA (MCL-PCA)
for feature extraction. By replacing the conventional
MSE with a Gaussian-Laplacian mixture correntropy
loss (MCL), MCL-PCA adaptively suppresses outliers
and heavy-tailed disturbances through kernel-based
local similarity weighting, thereby enabling stable
low-dimensional health-feature extraction from noisy
operational data.

2) To capture the complex nonlinear dynamics in battery
degradation, this work develops a KLNN for SOH estima-
tion. The proposed model integrates a KAN-based nonlin-
ear mapping module into the continuous-time dynamics
of the LNN via an adaptive gating mechanism (AGM),
thereby enhancing its nonlinear representation capacity
while preserving the intrinsic ability of LNNs to model
temporal evolution.

3) To overcome limitations in decoupled feature-temporal
modeling, including inadequate feature fusion and limited
end-to-end learning, a cooperative framework combining
MCL-PCA and KLNN is proposed that enables end-to-
end joint optimization from noisy signals to SOH esti-
mation. Experimental results on both laboratory and pub-
lic battery datasets demonstrate the framework’s superior
performance under noisy and small-sample conditions.

The remainder of this article is organized as follows.
Section II presents the proposed MCL-PCA method. Section
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introduces the KLNN-based SOH estimation model. Section
describes the experimental setup. Section discusses the
results and analysis. Finally, Section concludes the article
and outlines future research directions.

Il. ROBUST FEATURE EXTRACTION METHOD BASED ON
MIXTURE CORRENTROPY LOSS-BASED PCA

Although correntropy provides inherent robustness against
outliers through localized similarity evaluation, its effectiveness
strongly depends on the choice of a single kernel width, making
it unreliable under complex non-Gaussian noise. To address this
limitation, this work replaces the conventional MSE objective
in PCA with MCL, which adaptively suppresses non-Gaussian
noise components and stabilizes the extracted HFs. Given
two random variables A and B, the correntropy is defined as
follows [29]

V(A,B) = E[x(A, B)] = E[x(A — B)] (1)
where E(-) denotes the expectation operator, and «(-) is the
kernel function. In the traditional MCC. A Gaussian kernel is
typically employed and is defined as

4 Br)

2
20¢,

ka(A, B) = exp (— @
where og denotes the kernel width.

In fact, the samples are generally finite and of unknown
distribution, thus, the sample estimator of correntropy for a

given sample set {(a;,b;)}; can usually be used as

1 N
fNZja“z 3)

To further enhance the adaptability and robustness of corren-
tropy when dealing with mixed non-Gaussian noise conditions,
this article defines a mixture correntropy (MC) that integrates
Gaussian and Laplacian kernels, formulated as

2 ,
62-2 ) +(1—a)exp <—|61|> 4)
20, oL

where « € [0, 1] is the mixing coefficient, e; = a; — b; denotes
the error of the ¢-th sample, and o, is the width parameter of the
Laplacian kernel, respectively. The Gaussian kernel emphasizes
small residuals due to its rapid exponential decay, whereas
the heavier-tailed Laplacian kernel is more resilient to large
deviations. Substituting this mixture kernel into the sample
correntropy estimator in (3) yields the following:

| X
=N > kar(es). &)
i=1

Then, the MCL can be defined as

e =aem -

LMCL(ei) =1- V(ei). (6)

Conventional PCA with MSE is highly sensitive to out-
liers and impulsive disturbances, which distort the estimated
principal subspace and degrade feature-extraction performance.
To enhance robustness, we replace the MSE with the MCL
defined in (6), enabling PCA to adaptively down-weight aber-
rant samples while preserving the intrinsic variance structure.
Given the sample matrix A = [a1, asg, - . ., ay] € R™*Y which
is composed of N data samples each of dimension m, the
projection matrix U € R™** (satisfying UTU = I, where (-)T
denotes the transpose and I is the identity matrix of compatible
dimension), and the mean vector u, the objective function of
conventional PCA is formulated as

leaz p=UU g —plls. @

=1

IITJHH JMSE(

Here, the objective in (7) is fundamentally reformed by the
MCL, leading to the following optimization objective:

Z Lycr(||7ill2) (¥

min JMCL
U,p

where r; = a; — pt — UU7 (a; — p1) denotes the reconstruction
residual of the i-th sample, and Ljs¢r, is defined in (6). Due
to the nonlinear and nonconvex nature of (8), we employ the
half-quadratic (HQ) optimization framework to convert it into a
tractable weighted quadratic form. By using convex-conjugate
theory, an auxiliary variable p; is introduced for each sample,
allowing the MCL term to be decomposed into an equivalent
convex representation

. 1
Iuclrsl) =int { gl + o)} ©

where ¢(+) represents the convex conjugate function associated
with the mixture kernel. For a fixed residual ||r;]|2, the optimal
solution p; for the above problem with respect to p; is given
by the stationary point condition

o .
B {2]%“7'1'”2 +<P(pi)]

1 *
= 5lrills + ') =0 (10)
Solving (10) in conjunction with the specific form of the mix-
ture kernels yields the closed-form expression for the theoretical

optimal solution p;
a n‘ll%) l-a < n‘llz)
p’?‘ = exp < —+ exp | — .
b2 208 ) 2017l oL
an

The second term on the right-hand side of (1 1) contains an
inverse-residual factor 1/||r;||2 which diverges as the resid-
ual approaches zero, rendering direct use of p; numerically
unstable. To address this numerical issue and obtain a more
interpretable weighting scheme, we define a stable adaptive

weight
[7ill2
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where w; decreases monotonically with the residual magnitude,
providing natural suppression of outliers. Substituting w; into
the HQ-augmented objective shows that the term associated
with the original MCL potential depends only on the weights
computed from the previous iteration and is therefore con-
stant with respect to the optimization variables. Removing this
constant simplifies the objective, reducing the MCL term to a
weighted residual minimization

N
ﬁg?}jijiviﬂriﬂg-
=1

Thus, each HQ iteration reduces the nonconvex MCL-PCA
objective to a weighted PCA update, in which kernel weights
decay with residual magnitude, yielding robustness to outliers
while preserving the principal subspace. In implementation, the
Gaussian and Laplacian kernel widths, together with the mixing
coefficient «, are determined via Bayesian optimization with
cross-validation prior to HQ optimization and then fixed during
the subsequent iterative updates, while the auxiliary sample
weights are iteratively updated based on the residuals during
the HQ alternating procedure.

Based on (12), the weighted mean y and the weighted covari-
ance matrix Cyy are computed as

N N
- Zz wiaq C. = Zi:l wi(a; — p)(a; —
= N P Hw = N
> wi >l wi
Subsequently, eigenvalue decomposition is performed on

Cw, and the projection matrix U is updated by selecting the
eigenvectors corresponding to the top & largest eigenvalues

C,U=UA

13)

T
y M g

15)

where A is a diagonal matrix with diagonal elements equal to
the eigenvalues, typically arranged in descending order.

At the end of each iteration, the value of the original
MC objective Jy;cr is recomputed according to (8).
Convergence is achieved when the relative change between
two consecutive objective values falls below a predefined
tolerance ¢, set to 1075 in our implementation to ensure stable
and efficient optimization. The stopping criterion is formally
given by

[ Thren ~ Ties)

t+1
e

<e (16)

where JI(\fI)C ;, denotes the objective value computed at the ¢-th

iteration. This adaptive criterion terminates the optimization
once the solution stabilizes, providing a favorable balance
between accuracy and computational cost.

To justify this stopping rule, note that the alternating mini-
mization scheme yields a monotonically decreasing objective
sequence, ensuring stable convergence. The final output of the

MCL-PCA algorithm is shown as follows:
Z=A-pUA=ZU "+, E=A-A (17

where Z denotes the low-dimensional principal component rep-
resentation, which serves as the robust HFs and is fed directly
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Algorithm 1: MCL-PCA.

Input: Data matrix A, kernel parameters o, o, mixing coef-
ficient «, convergence threshold ¢, target Dimension d.
Output: Projection matrix U, weighted mean pu, low- dimen-
sional representation Z.

Preprocessing: Determine kernel parameters o and o, using
Bayesian optimization on the validation dataset.

1: Initialize U, initialize p = mean(A) via standard PCA.

2: repeat

3: Compute reconstruction residuals r; for all samples.

4: Update w; for all samples according to (12).

5: Update p according to (14).
6
7
8

Update U by solving the eigenvalue problem in (15).
. if the difference of the MCL in (8) is smaller than €, then
: Break loop.
9: end if
10: until convergence
11: Compute low-dimensional representation Z = (A — u)U.

into the downstream KLNN model for SOH estimation. The
matrices A and E represent the reconstructed samples and
the residual matrix, respectively. The norm of E provides a
quantitative measure of robustness, reflecting the algorithm’s
ability to suppress mixed noise.

[ll. PROPOSED KLNN MODEL FOR SOH ESTIMATION

The degradation of LIBs is a continuous-time process,
combining long-term capacity fade with short-term
fluctuations. Discrete-time models, operating on discrete
observations, often struggle to accurately capture these cross-
timescale dynamics, resulting in suboptimal SOH estimation.
LNN addresses this limitation by modeling system evolution
through ODEs with learnable time constants, yielding a
physically interpretable continuous-time framework. Central
to this framework is the liquid time-constant (LTC) neuron,
with state dynamics described as

bty = 50 = 22O (o) x(0) s o)
= h‘l(_t) +flnn (Wznx(t)+wrech(t>+bt) (El_h(t>)

(18)

where x(t) denotes the input feature vector at time ¢, h(?)
represents the hidden state vector, W;,, and W,... are the input
and recurrent weight matrices respectively, b; is the bias vector,
and the key interpretability parameter 7; is the time constant
vector governing the decay or response rate of ¢-th neuronal
state. The nonlinear activation function f(-) is typically
chosen as tanh(-), and E; indicates the reversal potential
constraining the state range. The first term on the right-
hand side embodies the system’s natural decay mechanism,
while the second term captures input—state coupling
over time.
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Structure of the liquid time-constant (LTC) network.

As illustrated in Fig. |, adaptive time constants allow hidden
states evolve continuously, enabling concurrent modeling
of long-term and short-term degradation dynamics while
retaining interpretability. However, the fixed nonlinear form
limits expressive flexibility for abrupt or highly nonlinear
degradation, motivating architectures with enhanced nonlinear
representation.

To overcome the limited nonlinear representation capability
of LNN, we introduce the KAN architecture to characterize
the intricate degradation patterns. Different from the conven-
tional multilayer perceptron (MLP) that relies on fixed activa-
tion functions with learnable weights, KAN employs learnable
univariate functional modules, thereby providing substantially
greater flexibility in approximating nonlinear mappings.

The expressive power of KAN is theoretically supported by
the Kolmogorov—Arnold representation theorem, which states
that any multivariate continuous function f(z1, 22, ..., 2,) can
be represented as a finite composition of univariate functions

Q d
Fran(@) =D Qg [ D dpg(p) (19)
g=1 p=1

where ®, performs aggregation of transformed inputs, while
each ¢,,(x,) individually transforms the p-th input feature.
The indices p and ¢ denote transformation stages, d represents
the input dimension, and @ indicates the decomposition rank.
This formulation allows KAN to construct high-dimensional
mappings through combinations of low-dimensional nonlinear
functions, thereby enhancing both approximation capability and
interpretability.

As illustrated in Fig. 2, the KAN module first constructs
independent univariate functions ¢, (-) for each dimension of
the input vector © = [z1, ..., z4], implemented using B-spline
basis expansions. These transformed features are subsequently
aggregated to achieve an efficient representation of multivariate
functions. At the implementation level, each univariate function
is parameterized as

Ppq(Tp) = Z Cpgm - B (2p)

m

(20)

where B,,(-) denotes the B-spline basis functions and cpq m,
represents the trainable coefficients. In (19), each univariate

Learnable activation Sumi operation
function on edges

f(X)=[x1,%,...,%,]

on nodes

Architecture of the Kolmogorov—Arnold network (KAN).
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Architecture of the proposed KLNN.

function such as ¢4, and ®, has its own independent set of
coefficients cpq . Therefore, the complete KAN module is
parameterized by a large collection of all such coefficient sets
across the network, which will be denoted as Oxan-

To integrate the continuous-time dynamics of LNN with
enhanced nonlinear modeling capability, a novel KLNN
framework is proposed in this subsection. While KAN
provides strong nonlinear representation capability, prior
studies have mainly integrated it into recurrent architectures
via straightforward activation replacement, as seen in KLSTM
[28]. Such substitution is well-suitable for discrete-time
networks, where activations serve as static nonlinearities.
In contrast, within continuous-time LNNs, these nonlinear
functions are embedded in the state evolution operator; directly
replacing them therefore alters the governing dynamics
and may compromise the structural consistency of the
underlying ODE system. To overcome this, we introduce
an AGM that couples LNN and KAN through parallel
pathways, retaining dynamical consistency while substantially
improving nonlinear expressiveness. Notably, the KAN
branch operates as a static nonlinear mapping of the input
features without modifying the intrinsic ODE structure of
LNN state evolution. The cubic B-spline basis functions
defining this mapping are fixed in form, with only their
spline coefficients treated as trainable parameters during
optimization. Consequently, the continuous-time stability
properties inherited to the LNN backbone are structurally
preserved. The overall network architecture is shown in
Fig.
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Specifically, the state evolution equation of KLNN is refor-
mulated as follows:

<>fd};§) h(r).

(
— &(0) o (1)
—a(0) ("

(E: - h(t)))
(- g(t)B((t),x(0), Oxcan)

where fi,,(+) and frqn(-) are the nonlinear mappings of LNN
and KAN branches, respectively, and g(t) is an AGM that
dynamically balances the contribution of the two branches.

x(t)] + by)

where W, and b, denote the learnable weight matrix and
bias vector of the gating unit, respectively. The AGM allocates
the contributions of the LNN and KAN branches according to
the input feature patterns. It favors the LNN pathway under
smoothly evolving health indicators to preserve the continuous-
time dynamical structure of LNN, while increasing the KAN
contribution when the features exhibit rapid variations or non-
linear transitions associated with abrupt capacity changes. This
input-dependent weighting mechanism preserves bounded state
interactions while enabling the model to capture complex degra-
dation behaviors. From a dynamical-system perspective, the
AGM performs a bounded convex-like combination between
two nonlinear mappings, thereby ensuring that the overall state
update remains governed by the continuous-time dynamics of
the LNN branch. The SOH estimate at a given time is obtained
through a linear mapping of the hidden state as

j(t) = W,oh(t) + b,

x(t),t,0)
X(t)) + (1 — g(t)) fran (h(?), x(t))
( mx(t) + Wrech(t) + bi)

ey

g(t) = sigmoid (W [h(t), 22)

(23)

where §(t) is the estimated SOH value, W, and b, are the
weight matrix and bias of the output layer, respectively.

Based on this output formulation, the complete set of model
parameters © = {7;, W,,, Wi, bi, O an, Wy, by, Wy, b, }
is trained by minimizing the loss function given in (24).
All model parameters, including the gating mechanism, are
optimized jointly under this unified objective without auxiliary
supervision. As a result, the gating weights are thus learned
implicitly through the overall estimation task

N

1
L= (0(t) = y(t)))* + Mlll?
j=1
N
+ 22> max(0, —AF) + A3 |01 (24)
j=1

The formulation employs y(¢;) and §(¢;) denote the true
and estimated SOH at the j-th observation time step, while A1,
A2, and A3 are the corresponding regularization coefficients.
The Heaviside function penalizes a negative difference Ag =
y(t;—1) — y(t;) between consecutive observation steps thereby
discourages nonmonotonic degradation in SOH estimation. The
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second term constrains the time constants to stabilize the under-
lying dynamical behavior, and the fourth term promotes sparsity
in the model parameters. Although (24) is explicitly written
as four terms, from an optimization perspective they can be
grouped into three functional components: the primary SOH
estimation loss, the continuous-time dynamical regularization,
and the Heaviside-weighted gated structural consistency con-
straint, which simplifies hyperparameter tuning and improves
training stability.

To preserve the continuous-time formulation during training,
the forward state trajectory in (21) is obtained by numeri-
cally integrating the underlying ODE. Since gradients cannot
be directly computed through the solver, the adjoint sensi-
tivity method is employed, in which an adjoint state a(t) =
OL/0h(t) is introduced and propagated backward along the
same continuous-time dynamics to compute parameter gradi-
ents. It should be noted that the adjoint computation is required
only during offline training for gradient evaluation and does not
participate in the inference stage. Both forward and backward
integrations are implemented using MATLAB’s ode45 solver
with adaptive step-size control. The forward pass adopts stricter
relative and absolute tolerances (10~3 and 10~°) to prevent
numerical drift in long-term SOH evolution, whereas slightly
relaxed tolerances (102 and 10~%) are used in the adjoint com-
putation to reduce computational overhead without compromis-
ing convergence stability. These tolerance settings strike a prac-
tical balance between numerical accuracy and computational
efficiency for continuous-time SOH modeling.

The adjoint state evolves according to a backward-time ODE

a(t) = dai(t) _ —a(t)TaF(h(t)’ t, @).
oh(t)

dt
By solving this adjoint equation backward in time from ¢; to
to, the gradients of the loss with respect to all parameters can
be computed. For instance, the gradients for the time constant
vector 7; and the gating weight matrix W, are derived as

(25)

ty
oL :/ a(t)t (g(t)h(?> dt + 2\ 71 + A2 - sign(T;)
8@» to Ti
(26)
8W ) t, @)dt + A2 - sign(Wy) (27)

to

where sign(-) denotes the direction of the residual. The gradient
in (26) determines the temporal response characteristics of the
network, while the gradient in (27) controls the adaptation and
fusion strength between two branches. Gradients for the remain-
ing parameters (e.g., Wi, W, and 0 4n)are computed
analogously via the chain rule within this adjoint framework.

All parameters are updated using an adaptive optimization
algorithm. In this work, we employ the AdaBelief optimizer
[24], which adapts the step size based on the belief in the
gradient directions. The update rule for a generic parameter 6 €
O at step k is as follows:

(28)
(29)

my =ymy_1 + (1 —71)8k
sk ="28k—1+ (1 —72)(gr — my)* + 6
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Fig. 4. Schematic diagram of the overall SOH estimation framework.

0, =05_1 — (30

mg,
Ve
where g = 0L/00 is the gradient at step, my, and sy, are the
first and second moment estimates of the gradients, respectively,
71 and 79 are exponential decay rates for the moment estimates,
7 is the learning rate, and ¢ is a smoothing term used to prevent
division by zero.

This optimization strategy, coupled with adjoint-based gra-
dient computation, preserves consistency between parameter
updates and the underlying continuous-time dynamics, thereby
enhancing numerical stability during training. Moreover, since
the KAN module augments only the nonlinear observation
pathway without modifying the fundamental ODE formula-
tion, the structural form of the LNN state evolution remains
unchanged. The spline-based nonlinear mappings retain the
regularity properties inherent to the original dynamical systems.
From a computational perspective, the integration of the KAN
module does not increase the dimensionality or order of the
underlying ODE system. The spline-based mappings operate
on low-dimensional latent states and introduce only a limited
number of basis function evaluations per integration step. Con-
sequently, computational overhead grows modestly and scales
linearly with the state dimension, while the dominant runtime
complexity continues to be governed by the ODE integration
process.

V. EXPERIMENTAL SETUP

To comprehensively evaluate the estimation accuracy and
robustness of the proposed MCL-PCA and KLNN framework,
extensive experiments are conducted on both laboratory and
public battery datasets. The overall validation workflow, illus-
trated in Fig. 4, covers data acquisition, noise simulation, fea-
ture extraction, and SOH estimation.
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Fig. 5. Capacity degradation curves. (a) Dataset A. (b) Dataset B.

TABLE |
SPECIFICATIONS OF THE LITHIUM-ION
BATTERY USED IN EXPERIMENTS

Parameter Value
Rated capacity 3.30 Ah
Nominal voltage 3.60 V
Maximum voltage 425V
Discharge cutoff voltage 250V
Maximum discharge current ~ 3.00 C

A. Dataset Description

To comprehensively evaluate algorithm performance, three
battery datasets with distinct noise characteristics and aging
patterns are employed.

Dataset A: This dataset was collected using a battery testing
platform assembled for this study, as shown in Fig. 4. The setup
consists of a battery tester, a microcontroller for data control
and buffering, and a host computer for supervisory operation.
Two NCR18650GA lithium-ion cells (3.3 Ah) were cycled
under CC-CV charge/discharge protocols at different ambient
temperatures with a sampling interval of 1 s. Key specifications
are summarized in Table I, and the corresponding nonlinear
capacity degradation trajectories are shown in Fig. 5(a).

Dataset B: The second dataset uses the publicly available
NASA battery data for cells BOO0S and BO0O06. Measurements

May 14,2026 at 17:31:57 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

8
ITEMS OF BATTERY CHARGING DATA
Items Unit Resolution
Time yyyy-mm-dd hh:mm:ss -
Current A
Pack voltage v 0.1V
SOoC - 0.1
Maximum cell voltage v 0.001
Minimum cell voltage A% 0.001
Maximum cell temperature °C 1°C
Minimum cell temperature °C 1°C
_ ¢
Z 36 < i
& E- P i
32 . - - : ) : - -
0 2000 4000 6000 8000 0 2000 4000 6000 8000
(a) (®)

Charging curves of a vehicle.

were acquired in a controlled laboratory environment at 24 °C
following standardized cycling procedures. The corresponding
degradation trajectories are presented in Fig. 5(b).

Dataset C: The third dataset comprises real-world opera-
tional data from a commercial electric vehicle fleet [30]. It
captures long-term battery degradation dynamics under actual
driving and charging conditions, with records spanning approx-
imately 29 months from 20 identical electric taxis operating
in the same urban region. During charging, BMS data were
acquired through the controller area network at an 8-s sam-
pling interval. The measured variables-essential for evaluat-
ing pack-level consistency and thermal behavior-include pack
current and voltage, state of charge (SOC), and extreme cell
voltages and temperatures, as detailed in Table II. The charg-
ing curves of a representative vehicle are shown in Fig. 6,
which concatenates multiple charging cycles within a certain
period.

To evaluate the robustness of the proposed framework
under mixed non-Gaussian noise conditions, we inject a
simulated hybrid noise, composed of four distinct types, into
the original voltage and current signals. The composite noise
¢, is formulated as: (, = (Gouss 4 (Couhy 4 ¢Laplace 4
¢Non—stat  \where (95 represents Gaussian background
noise with variance approximately 0.1% of the original
signal amplitude, simulating small-amplitude measurement
fluctuations; ¢S **"¥ is generated from a Cauchy (¢-distribution
with ¥ = 1) component, where approximately 5% of the
samples are replaced with heavy-tailed values to emulate abrupt
spike disturbances; ¢ Z@Place denotes zero-mean Laplacian noise
simulating moderate jumps and drifts, with peak amplitude
around 3% of the signal; Finally, ¢)o"—s!% corresponds
to nonstationary perturbations generated by superimposing
low-amplitude sine waves, with maximum amplitude around
0.1% of the signal peak, emulating time-varying fluctuations.
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HFs extraction results. (a) and (b) PCA. (c) and (d) MCL-PCA.

These injected components are intended to represent diverse
disturbance characteristics typically encountered in battery
monitoring systems, such as stochastic measurement noise,
impulsive outliers, and time-varying perturbations. Rather
than attempting to fully replicate actual sensor noise, the
objective of this design is to examine whether the proposed
SOH estimation framework can sustain stable performance
under heterogeneous and compounded disturbance conditions.

In addition to experiments with simulated hybrid noise exper-
iments, Dataset C, comprising real-world EV operational data
is evaluated without any artificial noise injection. This allows
the robustness of the system to be assessed under unregulated
field noise conditions.

In general, the original measurement data may be affected by
complex and heterogeneous noise in practical operating con-
ditions. This study applies the MCL-PCA method to perform
unsupervised extraction of low-dimensional HFs from voltage,
and current signals. This feature extraction stage is conducted
offline prior to model training and does not introduce additional
computational burden during online SOH inference. The results
of HF extraction are shown in Fig. 7. To quantitatively evaluate
the quality of the extracted features under heterogeneous noise
conditions, both the Spearman rank correlation coefficient and
the maximal information coefficient (MIC) are adopted. Spear-
man measures the monotonic relevance between the features
and SOH, whereas MIC captures their nonlinear dependency.

As shown in Table 111, the features extracted by MCL-PCA
exhibit markedly stronger correlations with SOH, with Spear-
man coefficients remaining above 0.98, whereas conventional
PCA fluctuates substantially and drops to 0.64 in certain sam-
ples. The magnitude of correlation improvement, however, dif-
fers across signal channels. Voltage-derived features are more
susceptible to mixed non-Gaussian disturbances due to nonlin-
ear voltage behavior and relaxation dynamics during charge-
discharge cycles, which can degrade the effectiveness of con-
ventional PCA. In contrast, the adaptive residual weighting
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CORRELATION COEFFICIENTS BETWEEN FEATURES AND SOH

Features  Evaluating Model Battery 1 Battery 2
Spearman PCA 0.9569 0.9688
MCL-PCA 0.9913 0.9912
Voltage
MIC PCA 0.8999 0.8741
MCL-PCA 0.9225 0.9229
Spearman PCA 0.9965 0.9933
Current MCL-PCA 0.9927 0.9925
MIC PCA 0.9453 0.9436
MCL-PCA 0.9384 0.9474

mechanism in MCL-PCA suppresses such heterogeneous per-
turbations, thereby yielding more stable voltage-derived fea-
tures. For current-derived features, particularly under CC-CV
protocols, the signal profile is comparatively smoother and less
noise-sensitive. In these cases, conventional PCA is often suf-
ficient to capture dominant SOH-related variations, achieving
correlation levels comparable to those from MCL-PCA. These
results demonstrate that the MCL-PCA improves the stability
(defined here as robustness to mixed noise perturbations under
similar SOH conditions) of feature extraction without necessar-
ily improving correlation in already stable feature domains.

Regarding nonlinear dependency, MCL-PCA yields higher
MIC values, with the score increasing from 0.57 for PCA to
0.78. This improvement indicates that the resulting feature
subspace preserves the nonlinear relationships associated
with SOH more effectively. Overall, the results indicate
that MCL-PCA improves the robustness of SOH-related
feature extraction under mixed-noise conditions and provides
more reliable representations of nonlinear degradation
behavior.

To evaluate the proposed framework under limited data avail-

ability, three experimental scenarios are designed as

1) Scenario 1: Dataset A is limited in size as shown in
Fig. 5(a), representing a typical small-sample scenario,
and is split 7:3 into training and testing subsets to evaluate
baseline estimation accuracy.

2) Scenario 2: Extreme Small-Sample Validation (Dataset
B). A more stringent experiment is conducted using the
NASA dataset seen in Fig. 5(b) to examine the model’s
performance under severely limited data availability. The
model is trained using only the first 50% of lifecycle
data and tested on the remaining unseen 50%, evaluating
its robustness and ability to capture intrinsic degradation
dynamics.

3) Scenario 3: Validation on Real-World EV Operating
Data (Dataset C). This scenario is designed to assess
the model’s practicality and generalization under severe
data constraints typical of real-world deployments.
To evaluate cross-vehicle generalization, a rigorous
validation scheme is implemented utilizing data from
two vehicles in Dataset C for training, while reserving a
third, unseen vehicle for testing. This setup simulates a

scenario where only limited historical data from a small
fleet is available to predict the health of a new vehicle.
Given the absence of complete charge-discharge profiles,
handcrafted monthly statistical features are used instead
of MCL-PCA-extracted ones.

To ensure a consistent and fair comparison across different
models, baseline configurations were established through an
unified optimization procedure. The kernel parameters in the
MCL formulation were tuned via Bayesian optimization on
the training dataset, where the Gaussian and Laplacian kernel
widths were over a logarithmic scale within [1, 100], while
the mixing coefficient was selected from the interval [0.001,
0.999]. The optimization objective was to maximized the
statistical consistency between the extracted health features
and the SOH labels, as quantified by the average absolute
correlation coefficient. The resulting parameters set was
kept fixed and applied consistently across all subsequent
experiments. The hyperparameters of SVR, LSTM, and
GRU were also determined through Bayesian optimization.
The optimized SVR configuration used an RBF kernel with
a regularization coefficient of 497.54, a kernel width of
19.80, and an insensitive-tube threshold of 0.0747. The
LSTM and GRU models adopted three stacked hidden layers
with 235 and 233 units per layer, respectively, and the
optimizer identified learning rates of 0.000422 for LSTM
and 0.000343 for GRU. In contrast, the LNN and KLNN
models exhibited robust performance across reasonable
hyperparameter ranges during parameter selection due to
their strong structural inductive biases. Therefore, they were
configured via principled manual tuning, unlike the baseline
models that required systematic Bayesian optimization, which
maintains a consistent comparison protocol while avoiding
unnecessary computational search. Specifically, the LNN
employs a learning rate of 0.001, a hidden dimension of four,
and time constants within the interval [0.5, 2.0]. Using this
backbone, the KLLNN introduces a single-rank (Q = 1) KAN
component, constructed with 7 cubic B-spline basis functions
to perform independent nonlinear transformations on each
input dimension, along with an adaptive gating parameter
initialized at 0.5.

With the model configurations finalized, performance was
assessed using the mean absolute error (MAE), root mean
square error (RMSE), and mean absolute percentage Error
(MAPE), defined in (31). All experiments were implemented
in MATLAB R2024a on a workstation equipped with an AMD
Ryzen 7 3750H CPU operating at 2.30 GHz.

1 N
Nifl
1 N
RMSE = | — > (i — )% x 100% (3D
Ni:l
1 .
- Yi—Yi
MAPE = ;1 —| x 100%

where y; represents the true SOH value, ¢; denotes the model-
estimated value and N is the number of samples.
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SOH ESTIMATION PERFORMANCE OF DIFFERENT MODELS
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Fig. 8. SOH estimation results obtained using HFs extracted by MCL-
PCA. (a) Battery 1. (b) Battery 2.

V. EXPERIMENTAL VERIFICATION AND ANALYSIS
A. Robustness Verification of Feature Extraction

To evaluate the robustness of feature extraction under noisy
conditions, SOH estimation performance was compared using
features obtained from conventional PCA, MCC-PCA, and
the proposed MCL-PCA within the same KLNN model. As
summarized in Table [V and illustrated in Fig. 8, MCL-PCA
consistently achieves the highest estimation accuracy across
both test batteries. Compared with standard PCA, yields
markedly lower RMSE and MAE on both Battery 1 and
Battery 2, demonstrating its robustness under mixed non-
Gaussian noise. Although MCC-PCA significantly outperforms
conventional PCA by suppressing severe outliers, its single-
kernel correntropy formulation may retain moderate-scale
residual effects, which is reflected in larger local fluctuations in
the estimated SOH trajectories, as highlighted in the enlarged
views. In contrast, MCL-PCA employs a Gaussian-Laplacian
mixture kernel to impose multiscale residual penalization,
which can more effectively suppresses heterogeneous noise.
This yields smoother health features with reduced local
variability, leading to more accurate and stable SOH estimation
when integrated with KLNN.

B. Performance Comparison of the Proposed KLNN
Model

To evaluate the performance of the KLNN model under
small-sample conditions, we conducted a systematic compari-
son using experimental Dataset A (Scenario 1). The trajectories
in Fig. 9 show that KLNN stays closely aligned with the true
SOH over the entire lifecycle. Its predictions form a notice-
ably tighter error envelope, and the peak deviations in strongly

nonlinear regions, including the capacity knee point, are sig-
nificantly smaller than those of SVR, LSTM, and GRU. The
agreement between quantitative metrics and trajectory behav-
ior confirms the robustness of KLNN in modeling complex
degradation patterns.

As shown in Table V, KLNN attains RMSE values of 0.45
percent and 0.52 percent on the two test cells, yielding an
average improvement of about 31.5 percent over the best con-
ventional baseline. Compared with the LNN, KLNN further
reduces MAE by 47.6 percent and 64.9 percent, highlighting the
enhanced nonlinear representation offered by the KAN mod-
ule. Collectively, these results demonstrate that KLNN deliv-
ers accurate SOH estimation under limited sample availability
and effectively captures the multiscale nonlinear degradation
characteristics inherent to lithium-ion battery aging.

C. Ablation Study and Interpretability Analysis

We conducted systematic ablation studies to dissect KLNN’s
performance gains and quantify component contributions.

1) Ablation Study: All experiments were conducted on bat-
tery 2 from Dataset A using MCL-PCA-extracted features to
ensure consistency. We compared the following models: the
LNN backbone (with KAN and gating removed), a KLNN
variant with fixed gating (KLNN-no-adaptive, gating set to 0.5),
and the full KLNN model.

As shown in Fig. 10, the results highlight the complementary
and essential roles of each module. Ablating the KAN module
causes the RMSE to surge from 0.52% to 1.28%, revealing
the inadequacy of linear temporal dynamics alone in capturing
complex nonlinear degradation. Fixing the gating mechanism
further increases the RMSE to 1.53%, highlighting the critical
importance of adaptive gating in dynamically integrating time-
varying features. The complete KLNN model achieves the low-
est RMSE, representing a clear reduction relative to the baseline
LNN. These findings quantitatively confirm that the synergy
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between structured nonlinearity and adaptive gating is pivotal
to KLNN’s enhanced capability in modeling complex battery
degradation dynamics.

2) Interpretability Analysis: According to the ablation results,
we further examine KLNN’s internal mechanisms from three
complementary perspectives to elucidate its “white-box” char-
acteristics and provide physical insights.

a) Multitimescale dynamic capture: The distribution of
learned time constants, shown in Fig. 11(a), reveals neuronal
temporal responses spanning multiple orders of magnitude.
This enables KLNN to concurrently capture long-term grad-
ual capacity fading and short-term disturbances, facilitating
multiscale degradation modeling.

b) Structured nonlinear modeling: Analysis of the KAN
module’s hidden activations in Fig. 11(b) shows substantial
functional variation across dimensions. Certain neurons
specialize in local nonlinear fitting, while others maintain
dynamic equilibrium, demonstrating KAN’s capacity for
structured representation of complex dynamics within a
continuous-time framework.

¢) Adaptive gating mechanism: As illustrated in Fig. 1 1(c),
the gating coefficients dynamically adjust in response to input
features. During stable health states, the LNN branch is prior-
itized to ensure prediction stability, whereas during capacity-
transition or nonstationary phases, the KAN branch’s contribu-
tion increases to enhance nonlinear responsiveness. This adap-
tive fusion effectively balances stability and flexibility across
varying degradation rates.

Collectively, the interpretability analysis and ablation results
provide consistent mechanistic evidence for KLNN’s supe-
rior performance, validating the design rationale of integrating
structured nonlinearity and adaptive gating within a continuous-
time dynamical framework.
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Fig. 13. Few-shot SOH estimation results for NASA cell BO006. (a)—(e)
Estimated result. (f) Distribution of relative error.

D. Few-Shot Learning Capability Validation

To rigorously assess the proposed framework under
extremely small-sample conditions, we conducted early-stage
prediction experiments on Scenario 2. As illustrated in Figs. 12
and 13, KLNN exhibits consistently high estimation accuracy
across both B0005 and B0006 cells. Quantitatively, KLNN
achieves the lowest RMSE, MAE, and MAPE among all
models, demonstrating consistent performance advantages
over the other data-driven methods. The scatter plots in
Figs. 12 and 13 further corroborate these quantitative results:
KLNN’s predictions cluster tightly around the identity line
y = x, exhibiting high precision and minimal systematic
bias. In contrast, models such as SVR, LSTM, and GRU
display pronounced dispersion and larger deviations from the
reference. These results indicate that KLNN can extract a
stable and reliable degradation trajectory even when trained
on only half of the early-cycle data, effectively addressing the
challenge of accurate SOH estimation under severely limited
data.
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To assess the model’s generalizability to high-dynamic

operational profiles, the proposed framework is further
evaluated under Scenario 3 using Dataset C. The estimation
results obtained from the test vehicle are presented in Fig.
As shown in Fig. 14(a)—(e), the predictions of the proposed
KLNN model exhibit the smallest deviation and tightest
clustering along the reference line (y = x) compared with all
baseline models, indicating higher accuracy and precision.
The error distribution in Fig. 14(f) further confirms that
KLNN achieves the lowest and most concentrated estimation
errors. These findings underscore the robustness of the KLNN
framework, which maintains high estimation accuracy even
when applied to real-world EV data characterized by complex,
high-dynamic currents, thus confirming its generalizability
beyond controlled CC-CV cycling conditions protocols.

VI. CONCLUSION

In this article, we addressed the challenge of accurately
estimating battery SOH under mixed non-Gaussian
measurement noise and limited training samples by proposing
an integrated framework that combines robust feature extraction
with nonlinear dynamic modeling. MCL-PCA suppresses
mixed non-Gaussian disturbances and extracts stable low-
dimensional health features through a Gaussian-Laplacian
hybrid kernel, while KLNN enhances nonlinear representation
and ensures stable training by embedding structured KAN
mappings into continuous-time liquid dynamics with adaptive
gating. The effectiveness of the proposed framework was
validated through extensive experiments under controlled
mixed-noise conditions and small-sample settings. Specifically,
MCL-PCA significantly improved feature robustness, leading
to substantially lower feature-level RMSE compared with
conventional PCA, and KLNN consistently achieved the most
accurate SOH predictions, yielding lower RMSE under both
standard small-sample scenarios and challenging early-stage
prediction tasks. These results indicate that the proposed
design is capable of capturing multitimescale and strongly
nonlinear degradation behaviors even when data availability is
severely limited.
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While the present investigation focuses on representative bat-
tery types and simulated mixed-noise scenarios, future research
will seek to extend the generalizability and practical appli-
cability of the proposed estimation framework. This includes
systematic validation across large-scale and heterogeneous bat-
tery datasets, robustness evaluation under real-world operating
conditions, and the development of uncertainty quantification
mechanisms for partially labeled data. In addition, computa-
tionally efficient model structures and training strategies will be
investigated to improve scalability and facilitate deployment in
practical battery management systems.
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