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Abstract—Accurate state-of-health (SOH) estimation is essential
for battery management systems, but conventional data-driven
models remain fixed after training and may lose accuracy when
deployment conditions change. This paper proposes a Test-Time
Learning-Enhanced Transformer (TTL-Transformer) for hetero-
geneous LCO, NMC, and LFP battery data. The key novelty is that
the model remains adaptable after deployment: as new unlabelled
voltage, current, and temperature measurements become available,
the CNN denoising module can be periodically updated to suit
new batteries, ageing stages, temperatures, operating profiles, and
measurement conditions. Meanwhile, the Transformer encoder
and SOH regression head remain frozen, preserving the supervised
SOH mapping and avoiding full-model retraining. Only 2.17% of
the complete model is updated during this process. Under pooled
multi-chemistry evaluation, the plain Transformer achieves an
average RMSE of 1.20%. Adding the denoiser reduces RMSE
to 1.05%, while post-deployment adaptation further reduces it
to 0.79%, giving an overall improvement of 34.4%. The model
also achieves RMSE values of 0.56-0.73% in matched-chemistry
evaluation. These results show that the proposed architecture
enables lightweight, label-free adaptation to changing conditions
after deployment without modifying the trained SOH predictor.

Index Terms—state of health, lithium-ion batteries, test-time
learning, domain shift, Transformer, cross-chemistry generaliza-
tion

I. INTRODUCTION

Battery state of health (SOH) is an important indicator of
degradation and is commonly defined as the ratio between
the currently available capacity and the nominal capacity.
Reliable SOH estimation supports battery safety, available-
energy assessment, maintenance planning, and end-of-life
decisions in battery management systems (BMSs) [1]-[3].
Unlike voltage, current, and temperature, SOH cannot be
measured directly during normal operation. Reference capacity
measurement generally requires a controlled charge—discharge
procedure, which is difficult to perform routinely in practical
applications [2], [4]. Consequently, SOH must be estimated
from electrical and thermal measurements collected during
battery operation.

Model-based SOH-estimation methods use electrochemical
models or equivalent-circuit models to relate measured battery
responses to ageing-dependent parameters [5], [6]. These meth-
ods provide useful physical interpretation, but their accuracy
depends on the selected model structure and the reliability of
parameter identification. Data-driven methods instead learn
the relationship between measured signals and SOH from
battery-ageing data. Convolutional neural networks (CNNs)
have been used to extract local degradation features from
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partial voltage and current profiles [7]. Recurrent architec-
tures, including recurrent neural networks, long short-term
memory networks, and gated recurrent units, can represent
temporal dependencies in charging, discharging, and ageing
sequences [8]. Transformer-based models use self-attention
to capture relationships over longer sequences and have
also demonstrated promising performance in battery-health
estimation [9]. More general machine-learning pipelines have
achieved accurate SOH estimation across cells operated under
different experimental conditions [3].

Despite these advances, most data-driven SOH models
assume that the training and deployment data follow similar
distributions. This assumption may not hold when batteries
differ in chemistry, manufacturer, cell format, temperature,
cycling protocol, ageing behaviour, or measurement system.
These differences can change the relationship between voltage,
current, temperature, and capacity degradation. As a result, a
model trained on one group of batteries may lose accuracy
when it is deployed on batteries outside its original training
distribution [10], [11]. Transfer-learning and domain-adaptation
methods can reduce this problem, but they may require labelled
target-domain samples, offline retraining, or a sufficiently large
target dataset [10]. A static predictor that remains completely
fixed after deployment also cannot respond to distribution
changes that emerge as the target battery ages.

Test-time learning (TTL) provides a potential mechanism for
adapting a deployed model using unlabelled test data. Existing
TTL methods construct auxiliary objectives from the test inputs
and update selected model parameters before prediction. Exam-
ples include self-supervised prediction, entropy minimisation,
feature alignment, and masked-input reconstruction [12]-[14].
However, many of these methods were developed for image-
classification tasks and adapt shared feature representations,
normalisation parameters, or substantial parts of the prediction
backbone. Updating task-related representations using a self-
supervised objective may alter the supervised mapping required
for SOH regression, particularly when only a small quantity
of target-battery data is available.

Test-time adaptation has also been explored specifically for
battery SOH estimation. For example, BatteryTTT uses masked
reconstruction together with an equivalent-circuit-model-based
physical constraint and adapts a shared feature extractor or
learned prompt parameters [11]. However, this approach relies
on constructed voltage—capacity features and a physics-guided
auxiliary objective. A lightweight method that adapts directly
to multivariate voltage, current, and temperature measurements
while leaving the trained SOH predictor unchanged remains
insufficiently explored.

To address this limitation, this paper proposes a Test-Time
Learning-Enhanced Transformer (TTL-Transformer) for SOH
estimation across heterogeneous lithium-ion battery datasets.
The architecture contains a one-dimensional CNN denoising
front-end, a Transformer encoder, and an SOH regression head.
During supervised source-domain training, all three components



are optimised using labelled SOH data. During deployment,
Gaussian noise and random masking are applied to unlabelled
target-battery sequences, and the CNN denoiser is updated
through a reconstruction objective. The Transformer encoder
and SOH regression head remain fixed.

This separation confines adaptation to the input-processing
stage. It allows the denoiser to adjust to variations in the
target measurements without directly modifying the supervised
SOH mapping learned by the Transformer and regression head.
The methodological contribution is therefore not the standard
Transformer architecture or the reconstruction objective itself.
Rather, it is the selective use of reconstruction-based adaptation
in a dedicated battery-signal denoiser while preserving the
downstream SOH predictor.

The main contributions of this work are summarised as
follows:

o« We propose a test-time learning framework for SOH
estimation under heterogeneous lithium-ion battery de-
ployment conditions.

« We develop a selective adaptation strategy that updates
only the CNN denoiser using unlabelled target data after
deployment, while keeping the Transformer encoder and
SOH regression head fixed. This preserves the supervised
SOH mapping without requiring target SOH labels or
full-model retraining.

o« We evaluate the method using cell-disjoint matched-
chemistry and pooled multi-chemistry protocols covering
LCO, NMC, LFP1, and LFP2 cells. The ablation study
separately quantifies the benefits of the CNN denoiser and
the test-time learning update.

e Only 11,779 parameters (2.17% of the complete
model) are updated during deployment, providing a
lightweight adaptation scope for resource-constrained
battery-management applications.

The novelty of the proposed TTL-Transformer lies in its
selective test-time adaptation strategy, which enables the model
to evolve after deployment. During operation, only the CNN
denoiser is updated using unlabelled voltage, current, and
temperature measurements, while the Transformer encoder
and SOH regression head remain fixed. This allows the method
to adapt to changing battery operating conditions and data
distributions without requiring target-domain SOH labels or
altering the trained SOH prediction model.

II. RELATED WORK

A wide range of methods have been developed for battery
SOH estimation. Model-based approaches, including electro-
chemical models and equivalent circuit models (ECMs), infer
SOH by fitting physical or semi-physical parameters, such
as capacity and internal resistance, to measured data. These
methods are often combined with Bayesian filtering methods
such as Kalman or particle filters [6]. Plett [5], for example,
introduced extended Kalman filtering for joint State of Charge
(SOC)/SOH tracking by treating capacity as a slowly varying
state. Yang [15] proposed a refined RC-network ECM and
support vector regression for SOH prediction. Although model-
based methods are interpretable, their accuracy can degrade
when simplified model structures fail to capture complex ageing
mechanisms such as SEI growth, lithium plating, and loss of
active material.

Data-driven methods have therefore been widely explored.
Early studies used classical regressors, including support
vector machines and random forests, with handcrafted features

extracted from charge/discharge curves, such as discharge ca-
pacity, incremental capacity, and differential-voltage signatures.

More recently, deep learning has enabled end-to-end mod-
eling from raw or minimally processed signals. Zhang et
al. [8] applied LSTM networks to NASA battery data and
reported improved cycle-life prediction compared with tra-
ditional regression baselines. CNN-based methods have also
been used to learn degradation features directly from voltage
and current trajectories. Recent studies have further explored
multi-task learning strategies to jointly estimate SOH and
remaining useful life (RUL); for example, Tomar ef al. [16]
proposed an AttentiveLSTM framework that exploits temporal
attention mechanisms for battery prognostics. However, these
supervised approaches generally assume that the training and
deployment data originate from similar distributions. However,
many supervised approaches rely on large labeled datasets of
batteries cycled to failure, which are expensive to collect.

A related trend is label-efficient and cross-domain learning.
Lu et al. [10] proposed a domain-adaptation framework for
SOH estimation that reduces reliance on target-domain labels by
aligning representations across battery types. Other approaches
include meta-learning, where models are trained across multiple
battery trajectories to enable rapid adaptation to new cells
with limited labeled data. These studies highlight the need for
models that generalize across operating conditions, datasets,
and chemistries while minimizing additional labeling effort.

In parallel, test-time adaptation has emerged as a practical
response to distribution shift. Early work by Bottou and
Vapnik [17] suggested refining predictions using neighborhood
information at inference time. Modern test-time adaptation
methods are usually unsupervised, where no test labels are
available, or semi-supervised, where a small number of
test labels may be used. Test-Time Training (TTT) [18]
adapts a model at inference by optimizing an auxiliary self-
supervised objective on test inputs. TENT [13] adapts models
by minimizing prediction entropy and updating normalization
statistics. For sequential data, Garg et al. [19] applied test-
time training to time-series forecasting and demonstrated gains
under distribution changes. These ideas are well suited to
battery management, where input distributions evolve with
aging, temperature, and operating profile.

Recent advances in sequence modeling have also introduced
state-space models (SSMs) as alternatives or complements
to Transformers [20]. SSMs maintain a latent state that
evolves over time and can provide long-range memory with
favorable computational scaling. Structured SSMs such as S4
enable parallelizable training on long sequences, and Mamba
introduces selective mechanisms that improve efficiency while
remaining competitive with attention-based models [20]. These
properties are relevant to battery degradation modeling, where
trajectories span hundreds to thousands of cycles and SOH
evolves gradually over time. In this work, Mamba is included
as a baseline model.

Recent SOH-estimation studies have also explored
optimisation-assisted and hybrid approaches. For example,
Zhang et al. [21] combined northern goshawk optimisation
with a CNN-BiLSTM-self-attention network to improve SOH-
estimation accuracy. In addition, recent reviews have system-
atically discussed hybrid SOH-estimation methods and the
progress, advantages, and limitations of deep-learning-based
battery state estimation [22], [23]. These studies indicate
that optimisation and hybrid modelling can improve predictive
performance; however, most methods are trained offline and
remain fixed after deployment. Their accuracy may therefore



decrease when the target battery chemistry, ageing trajectory,
operating profile, temperature, or measurement conditions differ
from the training distribution.

ITIT. METHODOLOGY
A. Data Preprocessing

To estimate SOH, we use partial constant-current charging
profiles and discharge segments as model inputs. During
cycling, the BMS records voltage V (¢), current I(t), and
temperature 7T'(t). For charge-based features, a partial charging
feature vector c¥ is extracted over a fixed voltage window:
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where 1) denotes the source or target domain and C,, is the
nominal capacity used for normalization. The capacity segment
C}’ is computed over the time samples for which the voltage
lies in the i-th voltage interval:
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where Vi, is the lower bound of the voltage window and AV
is the voltage-bin width.

At each time step, the raw multivariate input is formed by
concatenating the measured channels:

x; = [I;, V;, ;] € R®. 4

The features are therefore not manually prioritized through
a weighted sum. Instead, the CNN denoising module and
Transformer encoder learn the relative importance of current,
voltage, and temperature from data.

To reduce the effect of imbalanced SOH distributions in the
training data, the source samples are binned into ny;, intervals
of equal SOH width. Let n;"*® be the number of original
samples in bin 7, ngrim the number of discarded samples, and
nie™ = p?™ —nriM the number of retained samples. Trimming

(2
is performed by solving:
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Here, u3(-) is the skewness of the SOH distribution, and p5 = 0

is the target skewness used to encourage a symmetric retained

distribution.

The weights a; = 0.2 and as = 2 were selected on the
validation split through a small grid search. The first term
controls the skewness of the retained SOH distribution, whereas
the second term penalizes excessive sample removal. The larger
value assigned to aso reflects the practical requirement that
distribution balancing should not discard too much degradation
data. These weights are used only for constructing the balanced
training set and are not trainable parameters of the SOH

g2 =

prediction model. Sensitivity analysis to these weights is
reported in Section VI-D.
The optimization is subject to:
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where ¢ = 0.045 limits inter-bin imbalance and the second
condition encourages a unimodal retained distribution.

B. Model Overview

The proposed architecture, shown in Figure 1, contains three
components: a CNN-based denoising module, a Transformer
encoder, and an SOH regression head. During supervised
training, all components are optimized using labeled source-
domain data. During test-time adaptation, only the denoising
module is updated using an unlabeled reconstruction objective.
The Transformer encoder and SOH regression head remain
frozen.

C. CNN-Based Feature Denoising Module

The denoising module aims to suppress variations caused
by sensor noise, temperature fluctuation, operating-condition
differences, and manufacturing variability while preserving
degradation-related information. Let the input feature vector at
time ¢ be denoted by x; € RY. The denoising module Dy, (-)
maps the raw input to a denoised representation:

X = Ded (Xt)~ @)

In this work, Dy, (-) is implemented as a one-dimensional
CNN because convolutional layers are effective at extracting
local temporal patterns from structured battery signals. The
CNN consists of convolutional layers, nonlinear activation
functions, and a projection layer. The output sequence is then
passed to the Transformer encoder.

D. Transformer SOH Predictor

The Transformer encoder follows the standard architecture
introduced by Vaswani et al. [24]. The positional encoding,
scaled dot-product attention, multi-head attention, feedforward
network, residual connections, and layer-normalization opera-
tions are included below for completeness and are not claimed
as methodological contributions of this work. After denoising,
the sequence of feature vectors is represented as:

7iT]T S RTXd7 (8)

where T is the sequence length and d is the feature dimension.
Because the Transformer is non-recurrent, positional encod-
ings P € RT*? are added to the input embeddings [24]:

Z© =X +P. 9)

X = [&1,%2,...

The Transformer encoder contains L layers. In each layer,
the input Z(~1) is projected into queries, keys, and values:

Q=2z"YW,, K=Z0"YWg, V=2z0"VWy.
(10)
The scaled dot-product attention is:

K
Attention(Q, K, V) = softmax <Q (11)

\@T)V.
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Figure 1. Overview of the proposed TTL-Transformer. The CNN denoising front-end processes voltage, current, and temperature sequences. During test-time
learning, only the denoising module is updated using a self-supervised reconstruction loss, while the Transformer encoder and SOH regression head remain

frozen.

For multi-head attention, the outputs from H heads are
concatenated and linearly transformed:

MultiHead(Z) = Concat(heady, ..., heady)Wpo. (12)

Each encoder layer also includes a position-wise feedforward

network:
FFN(Z) = max(O, ZW1 + bl)WQ + bg. (13)

Residual connections and layer normalization are applied as:
Z') = LayerNorm (Z(lfl) + MultiHead(Z(l*I))) , (14)

Z® — LayerNorm (Z’(” + FFN(Z’@)) . (15)
In this study, these standard Transformer operations are used
to learn temporal SOH-related representations.

After the final encoder layer, a pooling operation and
regression head produce the SOH estimate:

SOH = W, Pool(Z)) + byeg. (16)
E. Test-Time Learning Adaptation
The full SOH predictor can be written as:
9= 96, (T9T (Ded (X))) ’ (17)

where Dy, () is the CNN denoising module, Ty, (-) is the
Transformer encoder, and gy, (-) is the regression head. During
supervised pretraining, all modules are optimized with the SOH
regression loss:

(18)

At test time, the target SOH label y is unavailable. Following
the general test-time-training paradigm [12], adaptation is
therefore performed using an auxiliary self-supervised ob-
jective constructed from each unlabeled target input. The
corrupt-and-reconstruct formulation is related to denoising
autoencoders [25] and reconstruction-based test-time training
with masked autoencoders [14]. In the proposed method, this
objective is applied specifically to multivariate battery voltage,

~ 2
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current, and temperature sequences and is used to update only
the dedicated CNN denoising front-end. Given a target input
sequence x', a corrupted version is created:

! = A(x"), 19)

where A(-) denotes random masking and additive Gaussian
noise. The denoising module is updated to reconstruct the clean
input: )

LT = ||ng(XT) —XTHQ. (20)

The reconstruction objective does not explicitly minimize
the distribution discrepancy between the source and target
battery chemistries. Gaussian noise and masking are used
only to construct a self-supervised adaptation task and are
not intended to simulate chemistry-induced differences in
voltage curves, thermal behaviour, or current profiles. During
adaptation, the CNN denoiser learns the local temporal structure
of the unlabeled target measurements by recovering the original
voltage, current, and temperature signals from their corrupted
versions. Because the Transformer encoder and SOH regression
head remain frozen, the adaptation recalibrates the target inputs
while preserving the source-trained SOH mapping. Therefore,
the proposed TTL mechanism should be interpreted as target-
specific input adaptation rather than explicit source—target
distribution alignment, and it does not theoretically guarantee
the removal of all chemistry-related distribution shifts.

The test-time update is performed for Krr1, gradient steps:

oIt =g k=0,... Kpo,— 1.
2L
Only 6, is updated. The Transformer parameters 67 and
regression-head parameters 6, remain fixed:

—nrrnVe, L1rL,

e (22)
After adaptation, prediction is performed as:
§" = g0, (Tor (Dyprrr 1)) ) - 23)

This design limits test-time updates to the input-processing
front-end, making adaptation more stable and computationally



cheaper than updating the entire model. Reconstruction-based
self-supervised objectives and partial-network adaptation have
been investigated in prior test-time learning and test-time
adaptation studies [14], [26]. However, the proposed approach
is specifically designed for battery SOH estimation after
deployment. Rather than updating the complete prediction
model, the reconstruction objective is applied only to the CNN
denoising front-end using unlabelled target voltage, current,
and temperature sequences. The Transformer encoder and SOH
regression head remain frozen, preserving the supervised SOH
mapping learned from the source data. This selective denoiser-
only update allows the input-conditioning stage to adapt to
new battery and operating conditions without requiring target
SOH labels or full-model retraining.

IV. DATASETS

To evaluate the proposed TTL-Transformer under diverse
conditions, we curate a hybrid dataset suite comprising public
datasets, lab-collected data, and physics-based simulated data.

A. Public Datasets

Three open-access lithium-ion battery degradation datasets
are used: the Oxford Degradation dataset [27], the CALCE
battery repository [28], and the NASA Ames prognostics battery
dataset [29]. Each dataset provides cycle-resolved voltage,
current, and temperature measurements and supports cross-
dataset generalization analysis. Table I summarizes the public
datasets.

Table 1
SUMMARY OF PUBLIC DATASETS USED IN THIS WORK [27]-[29].

Dataset Cell type

Pouch cells, 0.74 Ah
18650 lithium-ion cells, 1.1 Ah
18650 lithium-ion cells, 2 Ah

Oxford Degradation [27]
CALCE [28]
NASA Ames [29]

B. Lab-Collected Dataset

Degradation data were collected from four commercial
lithium-ion cell types: BIXELL IFR21700 (LFP1), SINC
IFR21700-3Ah (LFP2), BIXELL INR21700 (NMC), and
Samsung SDI ICR18650-26A (LCO). Ten physical cells of
each type were tested, giving 40 cells in total. Their main
specifications are summarised in Table II.

Public model-specific datasheets were unavailable for the
two BIXELL cells. Their nominal ratings were therefore
obtained from the wrapper markings shown in Figure 2(d).
The IFR21700 cell was classified as LFP based on its IFR des-
ignation, nominal voltage, and discharge profile. The INR21700
cell was conservatively classified as nickel-based lithium-ion
and retained under the nominal dataset label “NMC” [30]. The
SINC IFR21700-3Ah specifications were obtained from the
manufacturer’s documentation [31]. The Samsung ICR18650-
26A specifications and LCO classification were supported
by model-specific documentation [32], [33]. Experimentally
measured reference capacities, rather than wrapper ratings,
were used to calculate SOH.

The cells were cycled from 100% to 80% SOH under 1C-2C
charging conditions and ambient temperatures from —10°C
to 40°C. Voltage, current, and temperature were sampled at
1 Hz. Data were collected using a programmable battery cycler,

temperature-control unit, and custom multi-cell test bench
[34]. The measurements include practical non-idealities such
as sensor noise, temperature gradients, and channel-specific
offsets.

Figure 2 shows the experimental equipment, the four labelled
cell types, and the chamber configurations used for sub-zero
and elevated-temperature testing.

C. Simulated Dataset via PyBaMM

Synthetic degradation data were generated using PyBaMM
version 25.10.1 [35]. The Doyle-Fuller—-Newman model [36]
was configured using the OKane2022 parameter set, repre-
senting a 5.0-Ah graphite/NMC811 LG M50-type cell with
voltage limits of 2.5 and 4.2 V.

The model included SEI growth, SEl-induced porosity
change, reversible lithium plating, particle cracking, SEI
growth on cracks, and stress-driven loss of active material.
Simulations were solved using the IDAKLU solver. Ten virtual-
cell degradation trajectories were generated under different
combinations of ambient temperature (—10, 0, 10, 25, 40, and
45°C) and ageing rate (0.5C, 1C, and 2C). Each trajectory was
simulated for up to 500 cycles or until its capacity decreased
to 80% of its beginning-of-life value.

A reference performance test was performed every 25 ageing
cycles using a C/10 discharge at 25°C from 4.2 to 2.5 V. The
deliverable capacity at checkpoint k& was calculated as:

£

0 _ L[y a 24
QSIIII 3600 /fggm | ( )l : ( )
The corresponding SOH was defined as:
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where Qi?gn is the beginning-of-life reference capacity.

Voltage, current, and temperature were sampled at 1 Hz
and processed using the same procedure as the measured data.
The 10 virtual cells were divided into seven training cells, one
validation cell, and two test cells. All windows from the same
virtual cell were retained within a single partition to prevent
data leakage.

D. Discharge-Segment Construction for SOH Supervision

To obtain SOH labels without dedicated full-capacity cal-
ibration cycles, the voltage, current, and temperature signals
are time-aligned and resampled at 1 Hz. Contiguous discharge
segments are then extracted from the filtered current signal.
Active discharge is defined as

Z[’I’L] > Ithr7 Ithr = 0050, (26)
where positive current denotes discharge and C' is the nominal
cell capacity. A segment begins when the current remains above
the threshold for at least 60 s and ends when it remains at or
below the threshold for the same duration. Segments shorter
than 60 s are discarded.



Table 11
SPECIFICATIONS AND CHEMISTRY CLASSIFICATIONS OF THE LABORATORY-TESTED CELLS.

ID Brand Model Format  Chemistry Voltage Capacity Cells
LFP1  BIXELL [30] IFR21700" 21700 LiFePO4" 32V"  3.0Ah 10
LFP2  SINC [31] IFR21700-3Ah 21700 LiFePOy4 32V 3.0 Ah 10
NMC  BIXELL [30] INR21700" 21700 Nickel-based Li-ion® 3.7 V" 5.0 Ah” 10
LCO  Samsung SDI [32] ICRI8650-26A 18650 LiCoOs 37V 2.6 Ah 10

“Public model-specific datasheets were unavailable for the BIXELL cells. Their model names and nominal ratings were transcribed from the cell wrappers
in Figure 2(d); the NMC classification is nominal rather than independently verified. "The LiCoOs/carbon classification of the Samsung ICR18650-26A is
supported by [33].

(e) Thermal chamber

(f) Cell installed

SRR

-
[o 30
o

LFP1 LFP2

(d) Tested cell types

NMC

(g) Chamber interior (h) Battery holder

Figure 2. Experimental infrastructure and cell types used for laboratory data collection.

For each retained segment k, the discharged charge, available
capacity, and SOH label are calculated as

(k)
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where At = 1 s, Eg[n] is the observer-estimated no-load
voltage state, m is the local linearisation slope relating the
internal voltage state to SOC, and C, is the rated cell capacity.

Each segment is divided into windows containing 60 samples
of voltage, current, and temperature. At 1 Hz, each window
represents 60 s of operation. A stride of 30 samples provides
a 50% overlap, and every window inherits the SOH label of
its corresponding segment. The resulting dataset is

D— {(x<w>, SOH(k))} , (28)

where x(F7) € R60%3 5 the jth voltage—current—temperature
window from segment k. The same procedure is applied to the
public, laboratory, and simulated datasets.

E. Scope of Evaluated SOH Range

This study evaluates SOH estimation within the 80—-100%
SOH range. This range is relevant to first-life battery operation
and second-life screening, where 80% capacity retention is
commonly used as a practical threshold for battery retirement
from its original application. The reported results should
therefore be interpreted within this evaluated SOH window.

The proposed denoiser-only test-time adaptation mechanism
is not inherently restricted to the 80—-100% range. However,
extending the method to lower-SOH regimes requires repre-
sentative end-of-life degradation data because the dominant
degradation mechanisms, voltage trajectories, and measurement
sensitivity may change as cells approach end of life. Evaluation
across a broader SOH range is therefore identified as future
work.



V. EXPERIMENTAL SETUP

The objective is to develop an SOH model that generalises
across LCO, NMC, and LFP cells with different formats
and cycling conditions. The TTL-Transformer is evaluated
under two protocols: chemistry-specific training and chemistry-
agnostic pooled multi-chemistry training.

A. Data Splitting and Leakage Control

All data were split at the cell level before window extraction
to prevent samples from the same cell appearing in different
partitions. Each laboratory group contained 10 physical cells,
divided into seven for training, one for validation, and two for
testing. The same 70%/10%/20% split was applied to the 10
simulated cells. All windows from each physical or virtual cell
were retained within one partition.

Normalization statistics were calculated using training data
only:

T — Mtrai
/ rain
r=——.

(29)
Otrain

Chemistry-specific statistics were used for chemistry-aware

models, whereas global statistics from the pooled training set

were used for chemistry-agnostic models and subsequently

applied to their validation and test data.

B. Evaluation Protocols

Let ¢ € {LCO,NMC,LFP} denote the set of battery
chemistries. We define two cell-disjoint evaluation protocols.

1) PIl: In-Chemistry Generalization: For each chemistry,
the cells are split into training, validation, and test sets at the
cell level. A separate model is trained for each chemistry using
only training data from that chemistry and evaluated on unseen
cells of the same chemistry. This protocol measures cell-level
generalization without chemistry shift.

2) P2: Cross-Chemistry Generalization: A single unified
model is trained using the union of all available training data
across chemistries:

Dtrain = U

ce{LCO,NMC,LFP}

p©

train*®

(30)

The trained model is then evaluated separately on held-out test
cells from each chemistry:
C C
DEes)t = Dt(es)t' (3])
This protocol measures whether one model can handle

chemistry-dependent shifts while maintaining accurate SOH
prediction.

C. Baseline Models

The proposed method is compared with Linear Ridge (LR),
CNN, LSTM, Transformer, and Mamba baselines. LR uses
L2-regularised linear regression on engineered features [37];
CNN uses a convolutional encoder and regression head [38];
LSTM is trained on charge/discharge windows [39]; and
Mamba is a selective state-space sequence model [20]. The
Transformer baseline uses the same encoder and regression
head as the proposed model but without test-time learning [24].
All baselines use identical data splits, preprocessing, and input
representations.

D. Implementation Configuration and Model Scale

All models use voltage, current, and temperature sequences
of 60 time steps. The Transformer-based models share the
same architecture to ensure a fair comparison. The main
hyperparameters are listed in Table III.

Table IIT

MAIN EXPERIMENTAL HYPERPARAMETERS.
Item Setting | Item Setting
Input V,I,T Sequence length 60
Optimizer Adam Learning rate 1x107%
Batch size 64 Weight decay 1x107°
Early stopping 20 epochs | Transformer layers 4
Attention heads 8 Embedding dimension 128
FFN dimension 256 Dropout 0.10
Denoiser 1-D CNN | TTL learning rate 1x107°
TTL steps 5 TTL corruption Noise + masking
Noise level 0.03 Masking ratio 0.10

Table IV compares the total and updated parameters. The
denoising front-end adds only 11,779 parameters, and TTL
updates only this module while keeping the Transformer and
regression head fixed.

Table IV
MODEL PARAMETER COMPARISON.

Model Total Updated  Ratio
Transformer 530,561 0 0%
Denoiser + Trans. 542,340 0 0%
TTL-Trans. 542,340 11,779 2.17%
Full-model TTL 542,340 542,340 100%

The proposed strategy therefore limits adaptation to 2.17%
of the complete model, reducing the computational cost and
the risk of disturbing the learned SOH mapping.

E. Computational Cost and Deployment Overhead

The model was trained and adapted on a laptop workstation,
while forward SOH inference was deployed on an NXP
FRDM-MCXN947 development board using its on-board
neural accelerator. The hardware environments are summarised
in Table V, and the embedded setup is shown in Figure 3.

Figure 3. NXP FRDM-MCXN947 development board with a 150-MHz
processor and 2-MB flash memory.

TTL introduces gradient-based computation, but only the
CNN denoiser is updated; the Transformer encoder and regres-
sion head remain frozen. Adaptation is performed periodically
after sufficient target data have been collected, rather than at
every sampling instant. The adapted denoiser is then reused
for subsequent predictions.

Runtime was averaged over 100 runs after 100 warm-up
runs. Embedded inference was measured on the NXP board



Table V
TRAINING AND DEPLOYMENT HARDWARE.

Item Configuration

CPU Intel Core i7 laptop CPU
GPU NVIDIA RTX 4060
Memory 32 GB RAM

Framework PyTorch

Embedded board
Embedded accelerator
Embedded task

NXP FRDM-MCXN947
On-board neural engine
Forward SOH inference

using one 60 x 3 input window. Adaptation time was measured
on the laptop CPU using KT, = 5 update steps.

Table VI
INFERENCE AND ADAPTATION OVERHEAD. INFERENCE WAS MEASURED ON
THE NXP BOARD AND ADAPTATION ON THE LAPTOP CPU.

Method Updated parameters Adapted part Inference (ms) Adaptation (ms)

Transformer 0 None 24.8+0.9 -
Denoiser + Trans. 0 None 27.1£1.0 -
TTL-Trans. 11,779 Denoiser 27.2+1.1 18.6 £ 1.2
Full TTL 542,340 Full model - 74943

The proposed model required approximately 27.2 ms for
embedded inference. Its denoiser-only adaptation required
18.6 ms, compared with 74.9 ms for full-model adaptation,
representing a 75.2% reduction. Thus, updating only 11,779
parameters, or 2.17% of the model, provides lower adaptation
overhead while preserving practical embedded inference.

In the current implementation, forward inference is per-
formed on the NXP board, whereas gradient-based adaptation
is performed on the NXP only when sufficent data are collected.

F. Evaluation Metrics

Performance is evaluated using MAE, RMSE, R?, and
tolerance accuracy. For measured and predicted SOH values
y; and g; over N samples:

1 N 1 N
== U - N2
MAE N;ﬂ 7 RMSE El — i)
N ~ N2 N N
PR DA (Tl 1) . 100
R S G TN A=y L wl <)

Here, 6 = 3 and 5 SOH percentage points are used for 3%
and £5% accuracy, respectively. Metrics are reported as mean
=+ standard deviation across test cells.

VI. RESULTS AND ANALYSIS

The TTL-Transformer is evaluated under chemistry-specific
and pooled multi-chemistry deployment scenarios.

A. Scenario 1: In-Chemistry Generalization

Under P1, a separate model is trained and tested on unseen
cells of each chemistry. Table VII shows that the proposed
model achieves an RMSE below 1% for all four cell groups.

Table VIII compares the proposed model with the baseline
methods under the same protocol.

Table VII
TTL-TRANSFORMER PERFORMANCE UNDER P1.

Chemistry MAE (%) RMSE (%) R2 +3% +5%
LCO 0.41 0.56 0.995 99.2 99.8
NMC 0.44 0.60 0.994 98.9 99.6
LFP1 0.49 0.66 0.991 96.3 99.3
LFP2 0.52 0.73 0.992 98.1 99.4
Table VIII
IN-CHEMISTRY RMSE COMPARISON UNDER P1.
Model LCO NMC LFPl LFP2
CNN 0.92 0.98 1.11 1.13
LSTM 0.84 0.90 1.02 1.05
Transformer 0.71 0.76 0.88 0.89
Mamba 0.68 0.72 0.83 0.85
TTL-Transformer 0.56 0.60 0.66 0.73

B. Scenario 2: Pooled Multi-Chemistry Generalization

Under P2, one model is trained using pooled multi-chemistry
data and evaluated separately on held-out cells from each group.
Table IX shows that the unified model maintains an RMSE
between 0.71% and 0.84%.

Compared with the plain Transformer, the TTL-Transformer
reduces RMSE by 29.6-38.5% across the four cell groups. This
improvement combines the effects of the CNN denoiser and its
unlabeled test-time adaptation, which are examined separately
below.

C. Ablation Study

The ablation study compares the plain Transformer, the non-
adapted Denoiser + Transformer, denoiser-only TTL, and full
model TTL under P2.

The plain Transformer obtains an average RMSE of 1.20%.
Adding the denoiser reduces it to 1.05%, a 12.1% improvement.
Denoiser-only TTL further reduces the RMSE to 0.79%,
improving upon the non-adapted model by 25.4% and the
plain Transformer by 34.4%. Full-model TTL performs less
effectively, suggesting that unrestricted adaptation may disturb
the learned SOH mapping. Restricting updates to the denoiser
therefore provides a better balance between adaptation and
prediction stability.

D. Sensitivity to Trimming Weights

Table XII evaluates the trimming weights in Eq. (5). The
validation RMSE remains between 0.79% and 0.82%, indicating
limited sensitivity near the selected values. The setting a; = 0.2
and as = 2.0 gives the lowest RMSE while retaining 90.8%
of the training samples. Smaller oy values may discard too
much data, whereas larger values may retain an imbalanced
distribution.

E. Sensitivity to Test-Time Adaptation Steps

Table XIII evaluates the number of adaptation steps. Here,
Krr1, = 0 represents the non-adapted Denoiser + Transformer.

Performance improves rapidly over the first three steps and
reaches its best level at five steps. Additional updates provide
no meaningful gain and may increase latency or overfit the
reconstruction objective. Therefore, K1, = 5 is used in the
main experiments.
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Figure 4. In-chemistry parity plots under P1.
Table IX
TTL-TRANSFORMER PERFORMANCE UNDER P2.
Chemistry MAE (%) RMSE (%) R2  +3% +5%
LCO 0.53 0.71 0.993 98.6 99.5
NMC 0.56 0.76 0.992 98.2 99.3
LFP1 0.61 0.83 0.989 97.4 99.0
LFP2 0.62 0.84 0.990 97.6 99.2

F. Sensitivity to Self-Supervised Corruption

The reconstruction objective combines Gaussian noise with
random feature masking. Table XIV evaluates the Gaussian
noise level while retaining the selected masking ratio.

Moderate corruption provides a useful self-supervised adap-
tation signal without excessively distorting degradation-related
patterns. The best performance is obtained at 0.03, whereas
stronger corruption reduces SOH accuracy.

G. Sensitivity to Input Features

Table XV evaluates the effect of removing individual sensor
channels under P2.

Table XV
SENSITIVITY TO INPUT FEATURES UNDER P2.

Input setting LCO NMC LFP1 LFP2
V+I+T 0.71 0.76 0.83 0.84
Without voltage 1.46 1.58 1.82 1.87
Without current 1.12 1.20 1.39 1.42
Without temperature 0.78 0.83 0.92 0.94
Voltage + current only  0.76 0.81 0.89 0.91

Removing voltage causes the largest performance loss,
followed by removing current. Temperature has a smaller

effect but improves robustness to changing thermal conditions.

The voltage—current-only configuration remains competitive,

although all three channels give the best overall performance.

VII. CONCLUSION & FUTURE WORK

This paper proposes a denoiser-only test-time learning
framework for lithium-ion battery SOH estimation under
heterogeneous deployment conditions. The CNN denoiser
adapts using unlabelled target data, while the Transformer
encoder and SOH regression head remain fixed, preserving

Table X
RMSE COMPARISON UNDER P2.
Model LCO NMC LFPl1 LFP2
CNN 1.41 1.52 1.87 1.89
LSTM 1.28 1.33 1.65 1.68
Transformer 1.02 1.08 1.35 1.34
Mamba 0.94 1.01 1.21 1.22
TTL-Transformer  0.71 0.76 0.83 0.84
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Figure 5. TTL-adapted parity plots under P2.

the learned SOH mapping without target labels or full-model
retraining.

Under pooled multi-chemistry evaluation, RMSE decreases
from 1.20% for the plain Transformer to 1.05% with the
denoiser and 0.79% with TTL. This corresponds to a 12.1%
denoiser gain, a further 25.4% TTL gain, and a total 34.4% re-
duction. Matched-chemistry and heterogeneous multi-chemistry
RMSEs are 0.56-0.73% and 0.71-0.84%, respectively. Only
11,779 parameters (2.17% of the model) are updated during
TTL.

TTL provides lightweight adaptation but requires gradient
updates and reliable measurements. Future work will investigate
uncertainty-aware and physics-informed objectives, adaptive
update scheduling, embedded runtime, and robustness to
degraded sensors.
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