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ABSTRACT

The accurate estimation of the State of Health (SOH) of
lithium-ion batteries is essential for ensuring reliable op-
eration and enabling prognosis in energy storage systems.
Model-based approaches such as the Unscented Kalman Fil-
ter (UKF) provide physically interpretable estimates and sta-
bility properties that can be analyzed under standard mod-
eling and noise assumptions. However, their performance
is constrained by the need for an explicit and accurate bat-
tery model, as well as careful tuning of process and mea-
surement noise covariances. As a result, standalone UKF im-
plementations may struggle in the presence of nonlinear ag-
ing effects, parameter drift, and real-world operating variabil-
ity. On the other hand, data-driven approaches—particularly
transformer-based architectures—excel at modeling nonlin-
ear systems and capturing long-range temporal dependencies.
However, they typically require large and diverse datasets, are
sensitive to the scenario distribution used during training, and
may lack stability or physical interpretability. Despite these
challenges, transformers can reduce the overall data require-
ment by efficiently learning both temporal relationships and
cross-feature interactions within the input signals. In this
context, we propose a hybrid physics-informed framework
that combines a UKF with a transformer model. The UKF
provides a physically grounded intermediate SOH estimate,
while the transformer compensates for unmodeled dynamics
and nonlinear degradation patterns. The transformer further
improves the estimator’s efficiency by capturing temporal de-
pendencies and cross-feature relationships, which reduces the
amount of training data required while maintaining robust-
ness and generalization. Using the strengths of both tech-
niques, the proposed hybrid approach improves estimation
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accuracy, robustness to noise, and generalization capability
compared to either method used alone.

1. INTRODUCTION

Lithium-ion batteries have become the dominant energy stor-
age systems in electric applications due to their higher power
density and favorable cycling performance compared with
other battery technologies. This increasing popularity is fur-
ther driven by the growing use of electric vehicles and the
integration of renewable energy sources in electrical grids
(Yang, He, Ren, Gao, & Qi, 2025). Nevertheless, one of
the main drawbacks of these batteries is that they require ad-
vanced management systems to avoid safety issues and to
guarantee reliable operation under different operating con-
ditions (Xiao et al., 2023). A battery management system
(BMS) is mainly responsible for monitoring the battery states.
Unfortunately, one of the key indicators—the state of health
(SOH) of the battery—is not directly measured and must be
estimated (Li, Song, & Wei, 2025). Several estimation tech-
niques have been proposed in the literature for SOH and can
be classified into three categories: model-based, data-driven,
and hybrid techniques (Ahwiadi & Wang, 2025). While
model-based techniques rely on explicit models that represent
the electrochemical behavior of the battery, and data-driven
techniques require extensive datasets for training, hybrid ap-
proaches aim to combine both. Given the difficulties of iden-
tifying the parameters of battery models and the lack of com-
prehensive datasets that cover all scenarios, hybrid models
are gaining increasing popularity in the literature (El Khatib,
Hoblos, Langueh, & Duviella, 2025).

An unscented Kalman filter has been proposed in (Liu et al.,
2022) for SOH and SOC co-estimation. In this paper, a 2-
RC Equivalent Circuit Model (ECM) is used, its parameters
are identified online via a recursive least squares algorithm,
and then SOC and SOH are estimated using the UKF. Al-
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though this improves robustness compared to a standard UKF
in their experiments, the approach still inherits the typical
limitations of filter-based model-driven estimators: it relies
on the validity of the equivalent circuit representation, de-
pends on the identification quality of the ECM parameters,
and its performance can degrade when real operating condi-
tions introduce dynamics that are not captured by the ECM. In
another paper (K. Zhang et al., 2025), a BIGRU–Transformer
is proposed for SOH estimation to improve continuity cap-
ture in battery feature sequences, highlighting that a plain
transformer may struggle with feature continuity. However,
this model can be sensitive to noise in the training dataset,
because it is relying solely on them. Other state of the art
methods also use transformer for SOH estimation combining
it other neural networks, such as Convolutional Neural Net-
work (CNN) (Gui et al., 2025; Ding, Wu, & Li, 2025) and
Long short term memory neural network (LSTM) (Gomez,
Wang, & Chou, 2024). And such frameworks are also seen in
RUL estimation (Zhao et al., 2025). Recent studies explicitly
combined UKF-based filtering with transformer-style mod-
els in other domains. For instance, in (J. Tang, Sun, Zhang,
Zhou, & Huang, 2025) introduced a Transformer–UKF algo-
rithm for online positioning in horizontal directional drilling.
In addition, a transformer is combined with a UKF for zero-
shot state estimation in (Holtmann, Stenger, Posada-Moreno,
Solowjow, & Trimpe, 2025), highlighting the benefit of pair-
ing learned models with probabilistic filtering. Finally, in
(J. Zhang, Dai, Zhou, Zhang, & Ma, 2025) a KUformer is
proposed , which integrates a UKF-based component with a
transformer architecture for battery SOH prediction. How-
ever, in this framework the UKF–transformer predictors of-
ten rely on the learned model as the primary estimator, which
can reduce interpretability and make performance more sen-
sitive to the training-data distribution under unseen operat-
ing conditions. On this basis, we propose a hybrid frame-
work that relies on the UKF as a physically grounded base-
line capacity estimator, which imposes the charge-balance
(Coulomb-counting) equation as a constraint on the capac-
ity evolution, and employs a four-attention-head transformer
only as a residual correction module to compensate for model
mismatch and reduce sensitivity to precise filter tuning.

The remainder of the paper is structured as follows: Section
two presents the the Unscented Kalman Filter (UKF) in gen-
eral, then its adaptation to the used battery model. Section
three describes the transformer model. Section four is dedi-
cated to the proposed hybrid framework and the obtained re-
sults. Finally, Section five concludes the paper.

2. THE UNSCENTED KALMAN FILTER AND PHYSICS-
BASED CAPACITY MODELING

Filtering techniques have been widely used in the literature
due to their recursive nature, and their ability to consider mea-
surement and model uncertainties. The classical Kalman fil-

ter is used for linear systems, and given that battery degra-
dation dynamics are not, Extended Kalman Filters were fre-
quently used in the literature (Khatib, Hoblos, Langueh, &
Duviella, 2025). Given that these EKF rely on the lineariza-
tion of the model at each operating point using Jacobian trans-
formations which complicates its application, and knowing
that its accuracy decreases when nonlinearities are strong; un-
scented Kalman filters were proposed.

2.1. UKF Principles and Sigma-Point Transformation

The Unscented Kalman Filter (UKF) is a recursive Bayesian
estimator designed for nonlinear state-space systems. Unlike
the Extended Kalman Filter (EKF), which relies on local lin-
earization via Jacobians, the UKF propagates a set of deter-
ministically chosen samples (sigma points) through the non-
linear mappings without prior linerization. This procedure,
known as the Unscented Transformation (UT), provides an
accurate approximation of the transformed mean and covari-
ance, typically up to second-order (and third-order for Gaus-
sian variables), without requiring explicit derivatives. In this
next subsections, the UKF will be presented in general, and
later it will be adapted to our battery case.

2.1.1. Nonlinear state-space formulation

Let us consider the discrete nonlinear system:

xk+1 = f(xk,uk) +wk, (1)
zk = h(xk,uk) + vk, (2)

where xk ∈ Rn is the state vector, uk is the input, and zk
is the measured output of the system. The process noise wk

and measurement noise vk are assumed zero-mean with co-
variances Q and R, respectively.

2.1.2. Sigma-point construction

Given the prior mean x̂k and covariance Pk, the UKF con-
structs 2n+ 1 sigma points {χ(i)

k }2ni=0 as:

χ
(0)
k = x̂k, (3)

χ
(i)
k = x̂k + γ [Sk](:,i) , i = 1, . . . , n, (4)

χ
(i+n)
k = x̂k − γ [Sk](:,i) , i = 1, . . . , n, (5)

where Sk is the lower-triangular matrix from the Cholesky
decomposition Pk = SkS

⊤
k , and

γ =
√
n+ λ, λ = α2(n+ κ)− n. (6)

The scaling parameters α ∈ (0, 1], κ, and β (used to calculate
the weights in the next subsection) control the spread of sigma
points and incorporate prior distribution knowledge (usually
β = 2 for Gaussian variables).

2



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

2.1.3. Unscented weights

For each sigma point we assign a mean weight W (m) and a
covariance weight W (c):

W
(m)
0 =

λ

n+ λ
, (7)

W
(c)
0 =

λ

n+ λ
+ (1− α2 + β), (8)

W
(m)
i = W

(c)
i =

1

2(n+ λ)
, i = 1, . . . , 2n. (9)

2.1.4. Prediction through the process model

The sigma points are propagated through the nonlinear pro-
cess model:

χ
(i)
k+1|k = f

(
χ

(i)
k ,uk

)
, i = 0, . . . , 2n. (10)

The predicted state mean and covariance are then computed
as:

x̂k+1|k =

2n∑
i=0

W
(m)
i χ

(i)
k+1|k, (11)

Pk+1|k =

2n∑
i=0

W
(c)
i

(
χ

(i)
k+1|k − x̂k+1|k

)(
χ

(i)
k+1|k − x̂k+1|k

)⊤

+Q. (12)

2.1.5. Prediction through the measurement model

The predicted measurement sigma points are obtained by
passing the predicted sigma points through h(·):

z
(i)
k+1|k = h

(
χ

(i)
k+1|k,uk

)
, i = 0, . . . , 2n. (13)

Similar to before the predicted measurement mean and co-
variance are:

ẑk+1|k =

2n∑
i=0

W
(m)
i z

(i)
k+1|k, (14)

Pzz =

2n∑
i=0

W
(c)
i

(
z
(i)
k+1|k − ẑk+1|k

)(
z
(i)
k+1|k − ẑk+1|k

)⊤

+R. (15)

Then the cross-covariance between the state and measure-
ment is obtained as:

Pxz =

2n∑
i=0

W
(c)
i

(
χ

(i)
k+1|k − x̂k+1|k

)(
z
(i)
k+1|k − ẑk+1|k

)⊤
.

(16)

2.1.6. Correction step

Finally, the Kalman gain, state update, and covariance update
are given by:

Kk+1 = PxzP
−1
zz , (17)

x̂k+1 = x̂k+1|k +Kk+1

(
zk+1 − ẑk+1|k

)
, (18)

Pk+1 = Pk+1|k −Kk+1PzzK
⊤
k+1. (19)

Finally, the sigma-point mechanism is used to propagate un-
certainty (noises) through the nonlinear mappings involved in
battery SOH estimation. The exact state definition and the se-
lected process/measurement functions f(·) and h(·) depend
on the adopted capacity/SOH model, which is presented in
the next subsection.

2.2. State-Space Formulation for Capacity/SOH Estima-
tion

In general, the State of Health (SOH) can be defined using the
resistance or the capacity of the battery (K. Tang et al., 2025;
Li et al., 2025). In our case, we are using a capacity-based
SOH. For instance, let Qcap,k denote the available battery ca-
pacity at time step k (in Ah), and let Qnom denote the nominal
(rated) capacity. The SOH becomes:

SOHk =
Qcap,k

Qnom
, (20)

where Qnom = 27 Ah in our case. The objective of the esti-
mator is to track Qcap,k online, from which SOHk is directly
obtained via (20). In the proposed framework, SOCk is as-
sumed to be available (esimtated by an EKF) and is therefore
used as an input rather than being co-estimated within our
framework.

Based on that, the UKF state is chosen as the available capac-
ity:

xk = Qcap,k ∈ R+, (21)

and it is constrained to a physically meaningful interval, such
as:

Qmin ≤ Qcap,k ≤ Qmax, (22)

with Qmin = 0.3Qnom and Qmax = Qnom which reflects the
actual performance of the battery in real-world.

And because we know that the capacity fade is a slow phe-
nomenon compared with the sampling period, the capacity
dynamics are modeled as a random walk, instead of the equa-
tions in (12):

xk+1 = f(xk) + wk, f(xk) = xk, (23)

where wk ∼ N (0, Q) is a zero-mean Gaussian process noise
capturing gradual degradation and unmodeled capacity vari-
ations. This choice avoids enforcing a specific aging law and
allows the estimator to adapt to different operating regimes.
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To construct a measurement equation for capacity, the
discrete-time SOC balance based on Coulomb counting is
considered as:

SOCk = SOCk−1 −
Ik∆t

3600Qcap,k
, (24)

where Ik is the current (A), ∆t is the sampling time (s), and
the factor 3600 converts ampere-seconds to ampere-hours. It
is important to note that according to this equation a positive
current is a discharge current. Defining the estimated SOC
increment as:

zk = ∆SOCk = SOCk − SOCk−1, (25)

yields the nonlinear measurement model as:

zk = h(xk, Ik) + vk, h(xk, Ik) = − Ik∆t

3600xk
, (26)

where vk ∼ N (0, R) is a zero-mean Gaussian measurement
noise affecting ∆SOCk. Therefore, the UKF uses SOCk and
SOCk−1 to form zk, and updates the capacity estimate by
propagating sigma points through the nonlinear function h(·)
in (26).

At each time step, the estimator inputs are SOCk, Ik, and ∆t,
together with an initial capacity guess Qcap,0 at initialization.
The UKF outputs the updated capacity estimate Q̂cap,k, its
associated covariance Pk, and the corresponding SOH esti-
mation becomes:

ŜOHk =
Q̂cap,k

Qnom
. (27)

In practice, ∆SOCk becomes less informative when SOC is
saturated near 0 or 1, when SOC exhibits discontinuities (re-
set/initialization), or when the current magnitude is too small
to provide sufficient excitation. For this reason, measurement
updates are gated in such cases, and only the prediction step
(23) is applied while the covariance is inflated by the process
noise. Finally, the estimate is clamped to the bounds in (22)
to preserve physical consistency and numerical stability.

3. TRANSFORMER-BASED SOH CORRECTION MODEL

While the UKF provides a physically grounded intermedi-
ate estimate of battery capacity (and thus SOH), its accuracy
can degrade under model mismatch, nonlinear degradation
effects, and operating variability. To compensate for these
unmodeled dynamics, a transformer encoder is employed as
a correction module. The transformer learns a data-driven
mapping from a short temporal window of measured signals
and UKF-related quantities to a refined capacity estimate.
The corrected SOH is then obtained from the refined capacity
through the capacity-based definition.

3.1. Input features and target.

At each time step k, the transformer receives a sequence of
length L formed from a set of features that combine measure-
ments, operating conditions, and UKF outputs. In the frame-
work we chose at each time sample the feature vector as:

fk =
[
Ik, Vk, Tk, SOCk, Q̂

UKF
k , PUKF

k , ck

]⊤
, (28)

where Ik and Vk denote measured current and voltage, Tk is
the measured temperature, SOCk is the estimated SOC es-
timate (by an EKF), Q̂UKF

k is the UKF capacity estimate,
PUKF
k is the corresponding UKF covariance (uncertainty),

and ck is the cycle. And as the transformer is not meant to
look at a single instant and it learns from the history of the
data, a sliding window is constructed as:

Xk = [fk−L+1, fk−L+2, . . . , fk] ∈ RL×d, (29)

with L = 50 and d = 7 in this work. The supervised learning
target is the reference capacity at the end of the window,

yk = Qtrue
k , (30)

and the transformer is trained to get Q̂Tr
k ≈ Qtrue

k given the
input Xk. Now, when k < L the transformer correction is
not applied, therefore the UKF estimate is the same as the
corrected one. In addition, it is important to note that to
avoid conflict across different training scenarios, sequences
are built independently within each dataset. More precisely,
for each dataset group, samples are ordered by time, and a
sliding window of length L is applied. Only windows that are
fully contained within the same dataset are used for training,
which ensures that the model does not get confused by data
from different scenarios. And a final remark is that this proce-
dure is meant to be done offline and the true capacity should
be measured using Electrochemical spectroscopy (EIS) or
any other direct measurement method to get the ground truth
for the training phase.

3.2. The Architecture of the Transformer

Figure 1 illustrates the transformer used for the correction of
the estimated capacity. The network is a lightweight trans-
former encoder followed by a pooling and regression head.
At each time step, an input window Xk ∈ RL×d (with
L = 50 and d = 7 features) is first projected to an embedding
space of dimension dmodel = 64 through a linear layer. The
choice of the window length L = 50 is made as a trade-off
between providing sufficient temporal context for capturing
short-term current/voltage response patterns and keeping the
correction model lightweight; with a sampling time Ts = 1 s,
this corresponds to a 50 s history window. A sinusoidal posi-
tional encoding is then added to retain temporal order which
is a powerful characteristic of the transforms in general. The
embedded sequence is processed by a single transformer en-
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coder block composed of multi-head self-attention (queries
Q, keys K, and values V are all derived from the same input
sequence) and a position-wise feed-forward network, each
wrapped with residual connections and layer normalization.
Finally, global average pooling aggregates the temporal infor-
mation into a fixed-length representation that is mapped by a
linear regressor to the corrected capacity estimate Q̂Tr

k (and

hence ŜOH
Tr

k = Q̂Tr
k /Qnom). In this transformer, we chose

Figure 1. The architecture of the proposed transformer

empirically to put H = 4 attention heads, which provides a
good trade-off between representational capacity and compu-
tational time. Given dmodel = 64, this corresponds to a per-
head key dimension of dk = dmodel/H = 16, which was suffi-
cient to capture correlations among the input features without
over-parameterizing the model. The feed-forward network
(FFN) uses a hidden dimension of dff = 128 with ReLU acti-
vation functions, enabling a nonlinear refinement of the atten-
tion output while keeping the overall architecture lightweight
and stable for training. As the transformer is inspired from
(Vaswani et al., 2023), and its parameters and size are chosen
empirically to get the validation results for our case where we
have timeseries as input, they can be further optimized.

3.3. Training objective and optimization

The transformer is trained using the classical mean-squared
error (MSE) loss between the predicted and reference capac-
ities:

L =
1

N

N∑
k=1

(
Q̂Tr

k −Qtrue
k

)2

. (31)

The model is optimized using the Adam optimizer. The over-
all dataset contains N = 1,619,559 samples (windows). A

70/30 train/validation split is used, with batch size 32 and a
small number of epochs (4) as an initial configuration. This
number can be also be optimized, but for the proof of concept
we chose it because it allows us to see the improvement in the
estimation while still requiring relatively small training time
(≈ less than 1 hour).

Once Q̂Tr
k is obtained, the corrected SOH is computed di-

rectly as

ŜOH
Tr

k =
Q̂Tr

k

Qnom
. (32)

This corrected estimate is used as the final SOH output of the
transformer.

4. RESULTS OF THE HYBRID APPROACH

In this section, we will present results that show the validity
of the proposed hybrid UKF–Transformer framework for ca-
pacity and SOH estimation. The concept is to compare the
estimation obtained using the UKF alone with the ones cor-
rected using the transformer. It is important to note that the
final hybrid output is defined as

Q̂Hybrid
k =

{
Q̂UKF

k , k < L,

Q̂Tr
k , k ≥ L,

(33)

where L = 50 is the transformer window length as discussed
earlier. This switching reflects the fact that the transformer
requires a full history window before producing a prediction;
therefore, the hybrid estimate is identical to the UKF at the
beginning of each sequence.

For the evaluation metric of this method, we use the root-
mean-square error (RMSE). Given that Qtrue

k denotes the ref-
erence capacity provided by the dataset and the estimation
error is defined as ek = Qtrue

k − Q̂k, the RMSE is defined as:

RMSE =

√√√√ 1

N

N∑
k=1

e2k, (34)

and is computed for both the standalone UKF and the hy-
brid framework. It is important to mention that to represent
the battery we are using a physics table-based model from
Matlab (MathWorks, 2026). Since the dataset is generated
in simulation, it may not capture all real-world effects (sen-
sor bias, hysteresis, and cell-to-cell variability); however, a
major advantage is that it provides controlled and repeatable
operating conditions, which allows systematic benchmarking
of the proposed estimator under different current and temper-
ature scenarios while considering the variations in the internal
parameters of the battery.

For the UKF, we are considering three sigma points because
n = 1 in the adopted capacity state-space model. The sigma-
point parameters follow standard UKF practice: a small α =

5
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Table 1. Training operating scenarios used to build the trans-
former dataset.

Scenario Temperature (◦C) Nominal current (A)
1 4.85 5
2 19 5
3 40 5
4 4.85 15
5 19 15
6 40 15
7 4.85 40
8 19 40
9 40 40

0 10 20 30 40 50
Time (h)

40

20

0

Cu
rre

nt
 (A

)

Measured current profile (nominal current = 15 A, T = 40 C)

Figure 2. Measured current profile for the training scenario
with nominal current 15 A at T = 40◦C.

10−3 keeps the sigma points close to the mean to ensure a
stable local approximation, β = 2 is a standard value un-
der approximately Gaussian uncertainty assumptions (Wan
& Van Der Merwe, 2000), and κ = 0 avoids excessively
large spreads around the mean. Regarding the tuning of the
noise covariances, the process noise Qproc = 3× 10−4 is se-
lected small to reflect the fact that capacity fade is a slow phe-
nomenon and is modeled as a random walk, while the mea-
surement noise Rmeas = 5 × 10−7 accounts for uncertainty
in the SOC increment ∆SOCk used as the measurement. Fi-
nally, the initial covariance P0 = 10−3 is intentionally chosen
larger than extremely small values to prevent overconfidence
at initialization and to ensure that the unscented Kalman gain
remains sufficiently large for the estimate to move away from
the initial capacity guess once new measurements are avail-
able.

After establishing this baseline, the transformer was trained
on multiple scenarios that have different current profiles and
temperature conditions. All data were normalized using the
min-max standard method. These scenarios are summarized
in Table 1. The current profile is produced by an SOC-based
switching mechanism, where the values of the table 1 defines
the nominal discharge current amplitude, and a complemen-
tary negative (charging) current is applied once SOC reaches
a lower threshold to enforce repeated charge–discharge cy-
cling, an example for a nominal current of 15 A is illustrated
in Figure 2.

To ensure a fair evaluation of generalization, the test scenario
corresponds to a distinct operating condition (nominal current

0 25000 50000 75000 100000 125000 150000 175000
Cycle
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16
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20
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26
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30

Ca
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UKF Estimation with Uncertainty Range
True capacity
UKF estimate
UKF ±2.0
Upper bound
Lower bound

Figure 3. UKF capacity estimation with an uncertainty band
computed from the UKF covariance Pk as ±2σ around the
estimate.
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Capacity estimation: UKF vs transformer correction
True capacity
UKF estimate
Hybrid

Figure 4. Capacity estimation results: true capacity, UKF
estimate, and the UKF-transformer output.

15 A at T = 40◦C) not used during training. The UKF pa-
rameters and nominal capacity were kept fixed across all sce-
narios, such that performance differences reflect the benefit
of the learned correction rather than changes in the physics-
based estimator. In Figure 3, the capacity estimated by the
UKF is shown. The UKF managed to estimate the battery
capacity with an RMSE of 0.3475 Ah, and the true capacity
remains within the UKF uncertainty bounds throughout the
entire test sequence.

For this very same test scenario, the Hybrid UKF-transformer
is then applied. The Figure 4 shows the difference be-
tween the capacity estimated using the UKF and the UKF-
Transformer. Finally, the Figure 5 shows that the variation of
the estimation error of the hybrid framework is better than the
one obtained using the UKF alone.

For both estimators, the RMSE is calculated as previously
mentioned in Eq. (34). The obtained results are pre-
sented in Table 2. To assess generalization beyond a sin-
gle operating condition, the hybrid estimator was evaluated
on two additional unseen scenarios: a current-interpolation
case (25 A, 40◦C) and a temperature-interpolation case
(40 A, 25◦C). As shown in Table 2, the transformer correc-
tion consistently reduces the capacity estimation error across
scenarios, yielding an RMSE reduction of approximately
70% relative to the UKF baseline. Taking into account the
small number of training epochs and the limited amount of
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Table 2. RMSE comparison between the standalone UKF
and the hybrid UKF–Transformer estimator across unseen
test scenarios (evaluated for k ≥ L).

Test scenario UKF RMSE (Ah) Hybrid RMSE (Ah)
(25 A, 25◦C) 0.3475 0.1045
(25 A, 8◦C) 0.2477 0.1075
(40 A, 25◦C) 0.3082 0.0846

used training scenarios shows that this method has great po-
tentials in improving SOH estimation accuracy of batteries.
An additional advantage of the proposed hybrid design is that
it reduces the dependency on highly accurate UKF tuning.
In a standalone UKF, the estimation quality is strongly in-
fluenced by the selection of the process and measurement
noise covariances, since suboptimal (Qproc, Rmeas) choices
can lead to slow adaptation, bias, or overconfidence. In the
hybrid framework, the transformer exploits the availability of
data collected under multiple operating scenarios to increase
the robustness of the whole estimator against this problem.
As a consequence, even when the UKF is tuned conserva-
tively, the data-driven correction can recover part of the lost
accuracy by compensating for model mismatch. This shifts
the role of the UKF from being the sole source of accuracy
to being a reliable informed baseline, while the transformer
uses data to refine the estimate. Nevertheless, there are two
main challenges that face this proposed approach. The first is
the fact that the hybrid framework needs an Electrochemical
spectroscopy (EIS) to get the real capacity before the training
phase. Second, we know that data-driven techniques are not
physically constrained; in other terms, it can give obsolete es-
timations. However, this can be fixed by imposing an external
saturation to prevent unrealistic estimations or changes in the
estimated capacity.
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Capacity estimation error: UKF vs hybrid

UKF error
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Figure 5. Capacity estimation error comparison between the
UKF and the hybrid UKF–Transformer estimator.

5. CONCLUSION

This paper proposed a hybrid physics-informed framework
for capacity-based battery SOH estimation that combines
the stability and interpretability of a model-based Unscented
Kalman Filter (UKF) with the learning capability of a

lightweight transformer encoder. The UKF provides an in-
termediate capacity estimate based on a battery model and is
maintained with fixed parameters across all operating scenar-
ios, which preserves consistency and avoids scenario-specific
retuning. Building on this baseline, the transformer is trained
to correct residual errors by exploiting short temporal win-
dows of measured signals together with UKF-related prelim-
inary estimates, including the filter uncertainty.

The obtained results on an unseen operating condition con-
firm the validity of the hybrid estimator. While the UKF alone
follows the global degradation trend, its accuracy is limited
by model mismatch, indirect observability through SOC vari-
ations, and sensitivity to covariance tuning. In contrast, the
proposed UKF-Transformer approach reduces the capacity
estimation error and produces a corrected SOH trajectory that
better matches the actual degradation of the battery. Impor-
tantly, the data-driven correction alleviates the need for ag-
gressive or highly precise UKF tuning as well as the need for
highly complicated physical models that add a heavy com-
putational load, since systematic residual dynamics can be
learned from data while the UKF uses relatively simplified
model.

Future work will focus on extending the validation to larger
and more diverse datasets, including different aging pro-
files and real experimental measurements, as well as investi-
gating multi-cell generalization and transfer learning across
chemistries. In addition, exploring the capacity of such
method in module to pack health estimation is also interest-
ing, as it can serve packs serviceability which is becoming
more and more popular.
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