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HIGHLIGHTS

e ONET-based framework mapping degradations to the operational conditions.

e Achieving end-to-end SOH estimation using only short 0.2V charging segments.

o Integrating attention mechanism for robust performance across diverse conditions.

e Compact model (<230 KB) enabling efficient edge deployment in battery management systems.
e Evaluated on 121 cells with two chemistries under varied operating conditions.

ARTICLE INFO ABSTRACT
Keywords: Robust state-of-health (SOH) estimation is critical for ensuring the reliability and safety of lithium-ion batteries.
Batteries However, robust estimation across diverse operating conditions often necessitates computationally intensive

Health estimation
Operator learning
Charging segment
Operation condition

strategies, such as transfer learning and associated data acquisition cost and time, challenging their practical
deployment. This study presents an operator learning neural network (ONET) enabled SOH estimation, which
leverages the conditional dependencies between operation conditions and resulted battery operating data to help
explicit utilization of operation conditions as an additional information source for state estimation, which is
currently underinvestigated. The ONET consists of a trunk network captures the underlying degradation patterns
from partial charging segments, while a branch network model the impact of operational conditions on these
patterns. An attention-based multi-feature fusion (AMFF) was proposed to produce operation-condition
dependable SOH estimates, which adaptively combines outputs of the trunk and branch networks by dynami-
cally learning attention weights to assess their relative importance. Validated on a two chemistries dataset (NCA
and NCM battery chemistry) under diverse temperatures (25, 35, and 45 °C) and charging rates (0.25, 0.5, and
1C), the proposed ONET exhibits highly accurate SOH estimation using 0.2 V partial charging segments,
achieving performance to state-of-the-art models with a mean absolute error (MAE) of 0.438%, a mean absolute
percentage error (MAPE) of 0.496%, and an improved coefficient of determination (R2) of 0.991 across different
dataset splits. Practically, ONET is lightweight with a memory size of 230 KB, an 88.7% reduction in memory
compared to a reference model, making it suitable for deployment on resource-constrained edge devices.
Moreover, AMFF-ONET demonstrates robustness against noise injections, maintaining accuracy (R > 0.75)
under a low signal-to-noise ratio up to 30 dB. Broadly, proposed ONET demonstrates advantages of learning
inherited conditional matching between battery operation conditions and resulted cycling data, providing robust
while lightweight solutions to health state monitoring and evaluation of critical energy infrastructures.
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H. Hu et al.
1. Introduction

The accelerating transition toward carbon neutrality has spurred
substantial growth in the energy storage sector over the past ten years.
As a pivotal technology, lithium-ion batteries serve a vital function in
diverse fields, extending from grid-scale power applications to consumer
electronics and electric mobility [1]. Current market analyses forecast
that worldwide lithium-ion battery demand will surge to 1156 GWh by
2026 [2]. This dramatic increase underscores the critical need for ac-
curate estimation of battery health parameters, including state of charge
(SOC) [3-51, state of health (SOH) [6], and remaining useful life (RUL)
[7]. Accurate estimation of these parameters is essential to enhance
performance, prevent system failures, and mitigate safety risks associ-
ated with capacity degradation. Unlike measurable quantities such as
voltage or temperature, SOH cannot be determined by a simple sensor
reading during real-time operation. Instead, its accurate measurement
requires offline testing or time-consuming laboratory procedures, which
are unfeasible in online applications. This constraint underscores the
need for data-driven SOH estimation models capable of assessing battery
health from operational data across diverse operating conditions, while
remaining computationally efficient for online implementation.

Artificial intelligence (AI) has become a prominent method for SOH
estimation, standing out among traditional model-driven and data-
driven approaches [8-12]. Various Al-driven SOH estimation models
have been developed, such as Gaussian Process regression models
[13-16], Recurrent Neural Networks (RNNs) [17-20], Transformer
models [21], Random Forest models [22,23], and Extreme learning
machine models [24,25]. Despite their promise, the practical deploy-
ment of existing Al-driven SOH estimation models is severely
confounded by several obstacles, including reliance on hand-crafted
features, the sensitivity to shifts in operational conditions, and high
computational complexity [26]. A primary focus of research in
addressing these limitations was the development of end-to-end models
that operate on segmented charging data, thus bypassing the need for
manual feature engineering. RNNs have gained prominence as a widely
adopted approach. Li et al. [27] developed an end-to-end LSTM archi-
tecture that processes raw voltage-time sequences extracted from a
voltage range of 3.65-3.89 V. In Ref. [28], a bidirectional GRU (BiGRU)
network was employed to extract health features from partial discharge
profiles, while a Transformer architecture mapped these features to SOH
estimates. Besides, Convolutional Neural Networks (CNNs), renowned
for their superior feature extraction capabilities, have been widely
adopted for automated health feature extraction from partial sequences
for SOH estimation [29-31]. adopted convolutional neural networks to
establish a direct mapping between partial segments and SOH values.
Zhang et al. [32] introduced a model comprising 13 stacked CNN blocks
for SOH estimation, utilizing 350 mV partial Q-V sequences. In Ref. [33],
a residual CNN model was developed for SOH estimation, which accepts
any V-I sequence of length equivalent to 36% of the normal capacity as
input. In contrast to previous methods requiring sequences with speci-
fied voltage locating, CNN-based models effectively process partial
charging sequences starting from any location while preserving esti-
mation reliability. Some advanced network structures were introduced
to estimate SOH with partial segments. A deep-learning framework
based on BiGRU and structured kernel interpolation Gaussian process
regression was proposed in Ref. [34]. The proposed framework utilized
10-min segments of current-voltage-temperature (I-V-T) profiles,
randomly sampled from discharge processes, to perform accurate SOH
estimation. The proposed ensemble learning framework provides an
effective solution for partial sequence utilization, enabling robust SOH
estimation. Tian et al. [35] proposed a deep neural network to estimate
SOH value with any 0.3 V voltage segment via reconstructing the
constant-current charging curve. In Refs. [36,37], multiple base learners
were trained and estimated on a specific part of the charging curve, with
their outputs concatenated as input features for a meta-learner to
generate the final SOH estimate. The aforementioned models leverage
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partial charge and discharge segment data to achieve SOH estimation
with the end-to-end approaches. However, such models still encounter
challenges related to poor adaptability in varying battery operation
conditions, without explicitly using operation-condition and cycling
data dependencies.

This lack of robustness can be largely attributed to the fact that these
state-of-the-art models are not explicitly conditioned on operational
parameters (such as temperature, charge rate, and battery chemistry),
but instead treat them as implicit factors to be inferred from the training
data. Consequently, their ability to generalize across operational con-
ditions is impaired. To address the limited adaptability of the afore-
mentioned end-to-end models, transfer learning has emerged as a
promising strategy. Transfer learning via fine-tuning is the predominant
strategy in the SOH estimation [38-43]. In the fine-tuning strategy, parts
of the model pre-trained on the source domain are further adapted using
target domain data. For example, Sahoo et al. [44] successfully trans-
ferred the artificial neural network (ANN) model to diverse datasets,
including CALCE and NASA, by fine-tuning only the second layer of the
pre-trained network. However, the position of the input sequence is
fixed. Li et al. [45] fine-tuned a CNN SOH estimation model by
retraining convolutional and fully-connected layers, enabling the
adapted model to generalize effectively across batteries under diverse
operating conditions. Yao et al. [46] proposed a multi-domain transfer
learning strategy based on a handcrafted feature-based CNN-LSTM
model to estimate the SOH under dynamic operating conditions,
including varying charge-discharge depths and current rates. Similar to
previous approaches, only the higher-level layers were retrained and
fine-tuned online using the target domain data. Another widely used
transfer learning strategy is the feature-based method, which adapts the
representation of source-domain data to improve alignment with the
target domain task [47-49]. In Ref. [50], a feature-based transfer
strategy using ElasticNet was proposed to align the target and source
domains. Besides [48,51], adopted correlation alignment (CORAL) to fix
feature divergence across domains. In Ref. [52], Lu et al. trained ANN
models by simultaneously minimizing SOH estimation error on the
source domain and reducing distribution discrepancy. Although the
transfer learning-based method is straightforward and widely appli-
cable, it suffers from limitations, including high labor intensity and
frequent dependence on large amounts of target-domain data. More-
over, transfer learning requires considerable expert effort to optimize
hyperparameters during the secondary training phase to ensure effec-
tiveness [53].

In this study, we proposed a transfer-free ONET that presents a
unified and lightweight approach for rapid and robust SOH estimation
across diverse operating conditions. The core principle is to decouple the
learning of degradation patterns from the influence of operational
conditions. This strong foundation for generalization is further
enhanced by an attention-based multi-feature fusion (AMFF) module,
which dynamically assesses the relative importance of trunk and branch
network outputs. This adaptive weighting elevates the model's accuracy
and robustness, achieving a mean absolute error (MAE) of 0.438%, a
mean absolute percentage error (MAPE) of 0.496%, and an improved
coefficient of determination (R%) of 0.991 in diverse operation condi-
tions. The lightweight framework exhibits a compact end-to-end archi-
tecture with a model size under 230 KB, providing significant
advantages for resource-constrained edge computing applications. To
the best of our knowledge, this work constitutes the first application of a
nonlinear operator learning to the problem of battery SOH estimation
using the inherited relationship between operation conditions and
resulting operation data. It is important to note that the robustness
discussed in this study primarily refers to the framework's capability for
unified multi-condition modeling within the defined operational enve-
lope of the training data. Unlike zero-shot transfer learning, the pro-
posed ONet architecture focuses on integrating diverse operational
parameters and chemistries into a single, cohesive operator mapping.
Unlike traditional models that require specific retraining or transfer
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learning for different operating environments, the proposed ONET ar-
chitecture directly learns the conditional mapping between diverse
operational parameters and degradation patterns. This allows a single
model to provide accurate SOH estimates across the entire operational
envelope spanned by the training data, significantly enhancing its
practical utility for complex applications where diverse conditions are
encountered simultaneously.

The rest of the paper is organized as follows. Section II introduces the
dataset used in this paper. Section III describes methodologies. In Sec-
tion IV, a comprehensive analysis was conducted to evaluate the SOH
estimation performance of the AMFF-ONET framework. Finally, Section
V provides the conclusion of this study.

2. Dataset description

We utilize the Tongji Battery Dataset to simulate real-world lithium-
ion battery operating conditions [54]. The dataset includes three types
of lithium-ion battery (NCA battery with LiNig g¢C00.11Alp 0302 as posi-
tive electrode, NCM battery with LiNig g3Co.11Mng 9702 as the positive
electrode, and NCA + NCM battery with the positive electrode
composed of 42+ 3 wt.% Li(NiCoMn)O, blended with 58+ 3 wt.%
Li(NiCoAl)O,). This study employs datasets composed of the first two
types of batteries (NCA battery and NCM battery), which are noted as
Dataset 1 and Dataset 2, as they contain more extensive experimental
data. Finally, a total of 121 batteries with two chemistries and multiple
operating conditions were used in the work. The operating conditions
for the two datasets are listed in Table 1. More detailed experiment in-
formation can be found in Ref. [54].

3. Methods

This work introduces a novel operator-learning framework designed
to overcome the fundamental limitations of current SOH estimation
methods. We aim to develop a unified, end-to-end solution that directly
leverages partial AQ — V sequences to achieve robust performance
across diverse operational conditions. Fig. 1 depicts the overall frame-
work. This section first introduces the data preparation process, fol-
lowed by a detailed elaboration of the ONET-based SOH estimation
framework, illustrating its capability to estimate SOH using partial AQ—
V sequences across varying operating conditions.

3.1. Data preparation

Previous studies demonstrated that the constant-current charging
phase incorporates sufficient information for SOH estimation [17].
Furthermore, constant-current charging data are more readily obtain-
able in real-world applications, as they constitute the dominant phase in
the lithium-ion battery charging process. To ensure practical applica-
bility, our framework requires charging voltage (V) and incremental
capacity (AQ) measurements, which represent the most widely available
data in BMS. Therefore, the Q — V sequences extracted from the
constant-current charging phase are adopted in the following discussion.
The end-to-end nature of the proposed framework simplifies data
preparation work to two key steps: outlier elimination and Q— V

Table 1

Description of the two datasets.
Dataset Temperature (°C) Charge rate (C) Discharge rate (C) Pieces
1 25 0.25 1 7
1 25 0.5 1 19
1 25 1 1 9
1 35 0.5 1 3
1 45 0.5 1 28
2 25 0.5 1 23
2 35 0.5 1 4
2 45 0.5 1 28
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sequence partitioning via the moving window method. The 3-Sigma
Rule was first introduced to remove outliers. Afterwards, linear inter-
polation was used to resample the Q — V sequence.

Fig. 2 shows the resampled SOH curves of two datasets. It can be
observed that batteries operating under different conditions exhibit
significantly distinct degradation patterns, thereby substantially
complicating SOH estimation within a unified model.

Finally, a moving window method was adopted to extract partial A
Q — V sequences. The window length was set to match the length of the
partial sequence, and the window was advanced along the charging
voltage axis with a step size of 0.01 V. Unless otherwise specified, the
window length is set as 0.2 V by default. The initial and terminal volt-
ages of the moving window were collected and denoted as Vs and Vg,
respectively. Ten uniformly distributed capacity data points Q;,Qo, ...,
Q0 inside the moving window were computed using the resampling Q —
V curve, and the incremental capacity sequence was subsequently
computed using Equation (1).

AQi=Qi — Q. (€8]

Where Q; is the iy capacity data point and Q; is the first data point.
Finally, the obtained input data can be denoted as [AQ, Vsare; Vend, Crates
temp, type], AQ = [AQ1,AQ2, ..., AQ1o], Crare is the charging rate, temp is
the working temperature, and type is a categorical label denoting the
battery chemistry, where 0 represents NCA and 1 represents NCM. The
label SOH can be calculated by the following equation.

_ Capacity;

SOH; = .
'~ Capacity,

(2)

Where subscript i indicates the cycle number and Capacity denotes the
battery capacity.

3.2. SOH estimation framework

ONET is an operator approximator proposed in Ref. [55], which can
accurately approximate any nonlinear continuous operator. The math-
ematical expression of ONET is described by Equation (3). It can be
observed that the ONET comprises two distinct networks: (1) a branch
network responsible for encoding the input function, and (2) a trunk
network that approximates a set of basis functions. In the conventional
ONET, the final output is computed by the inner product of these two
networks’ outputs. The universal approximation theorem for nonlinear
operators, as demonstrated in the original work by Ref. [55], establishes
that ONET can approximate any continuous nonlinear operator to
arbitrary accuracy with sufficiently large branch and trunk networks.

P

G)(y) =~ ) b(u(x), u(xz), .-, u(Xm)) &) ©))

k=1

branch network trunk network

In our work, we aim to estimate the SOH value under different operation
conditions using partial AQ — V sequences. Therefore, the SOH estima-
tion can be modeled as a function f(AQ) conditioning on five operational
parameters: Vigre, Vend, Crate, temp, type, which can be described as the
following equation.

SOH:g(f(AQ)7 Vstartw Vend7 Cmtm temp-, l}’pe) (4)

Equation (4) can be reformulated as a composition of two functions
forming a nonlinear functional operator, where the function f encodes A
Qinto a latent space, acting as the “capacity degradation basis function”,
and g combines this latent representation with other conditioning inputs
in a nonlinear manner to estimate SOH. To effectively model this
nonlinear functional operator, we adopt the ONET framework, where f
and g are parameterized as the trunk network and branch network,
respectively. The overall architecture of our SOH estimation framework
is visually presented in Fig. 3.

In this work, the functions f and g are implemented as two fully
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Fig. 2. The resampled SOH curves of two datasets. (a) Dataset 1 and (b) Dataset 2.

connected neural networks. The trunk network takes the AQ sequence as
input, while the branch network g receives a concatenated input of Ve,
Vend; Crate, temp, type. In other words, the branch network provides the
“environment” information for the trunk network. The final result is
calculated by the inner product or the attention mechanism, which will
be described in the next sub-section.

To ensure numerical stability, all input data were normalized to the
[0,1] range. Vyqr and Vg were normalized by 2.9 and 4.21 V, and temp
was normalized by divide with 100. The remaining input data were
already within the [0, 1] range, thus requiring no additional normaliza-

tion.

3.3. Fusion network

As stated above, in the paper [55], the final result is generated by the
inner product. In this work, the attention mechanism is introduced to
enrich fusion capability. Chen et al. [56] proposed a multi-feature fusion
framework based on the attention mechanism, abbreviated as AMFF, to
elucidate the contributions of each input channel. In our work, the
attention module (AMFF) is introduced to dynamically weight and
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Batch_size x output_size

SOH estimation

Batch_size x 1

Inner product

Batch_size x output_size

Fig. 3. A schematic representation of the ONET-based SOH estimation framework.

aggregate the outputs from the trunk network and branch network, as
depicted in Fig. 4.

Algorithm 1
ONET Forward Pass Procedure

Require: x,q: Input partial incremental capacity sequence, [AQq, ..., AQio]; Xcond:
Input operating conditions, [Vsare, Vend, temp, Crate, type).

Ensure: SOH,: The estimated State of Health value.

1: procedure ONET(Xaq, Xcond)

2://Process inputs through branch end trunk networks

3: Oyrunk < TrunkNework(xxq)//Get basis functions output

4:  Opranch < BranchNework (xconq)//Get coefficients output

5://Fuse outputs using Inner Product

6 SOHu= " (Ol -Opranc[i)//N is the output sze
7: Return SOH,
8: end procedure

The outputs from the trunk and branch networks are initially
concatenated, then processed through a linear layer with tanh activa-
tion, followed by a Softmax layer that generates two normalized atten-
tion weights. The final SOH estimation is derived by transforming the
attention-weighted tensor through a multi-layer linear transformation

module. The multi-layer linear transformation module consists of four
fully-connected (FC) layers employing ReLU activation functions with
hidden dimensions of output_size, output_size/2, output_size/2, and 1,
where output_size is the output size of the trunk network or branch
network. The pseudocode implementations of the ONET and AMFF-
ONET architectures are formally specified in Algorithm 1 and Algo-
rithm 2, respectively.

The AMFF module utilizes a dynamic weighting mechanism through
trainable attention scores, effectively capturing the relative importance
of features from both the trunk and branch networks and adaptively
fusing them. Furthermore, the subsequent multi-layer linear trans-
formation module enhances the model's estimation capability. The inner
product operation exhibits superior computation efficiency and
enhanced mathematical interpretability, which can be described as a
linear combination of basis functions (Trunk network output) modu-
lated by input-dependent coefficients (Branch network output).

Algorithm 2
AMFF-ONET Forward Pass Procedure

(continued on next page)

Branch network

Vsla.r t Crale

: output
@ element-wise
multiplication
@ element-wise SOH <«—| | FClayer | ==+ | FClayer
addition

output

Trunch network

—  Softmax

FC layer

Fig. 4. A schematic representation of the AMFF-ONET module.
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Algorithm 2 (continued)

Require: x»q: Input partial incremental capacity sequence, [AQq, ..., AQ1o); Xcond:
Input operating conditions, [Viare, Vend, temp, Crate, type).
Ensure: SOH,: The estimated State of Health value.
1: procedure AMFF — ONET(xXaq,Xcond)
2://Process inputs through branch end trunk networks
3: Oyrunk < TrunkNework(xxq)//Get basis functions output
4:  Opranch < BranchNework(xcond)//Get coefficients output

5:

6://Fuse outputs using the AMFF module

7: Oconcar —Concatenate(Ogyynk , Obranch)

8: V«tanh(LinearLayer(Oconcat))

9: [w1, w2 Softmax(V)//Generate two attention weights

10:

11://Apply attention weights and process through final layers

12: Oueighted W1 Otrunk + W2 Obranch

13: SOHesteMultiLayerLinearModule(Oweigmed)//Process through4 FC layers
14:

15: Return SOH,
16: end procedure

3.4. Resampling strategy for solving data imbalance

Existing studies have identified data imbalance as a critical issue in
SOH estimation [57], stemming from the fundamentally nonlinear na-
ture of battery aging processes. Take Dataset 1 as an example, the bat-
tery under 45 °C and 0.5C charging exhibits rapid capacity degradation
during the initial 100 cycles, followed by a slower deterioration rate in
subsequent cycles. As shown in Fig. S1, the nonlinear degradation rates
result in an imbalanced distribution of data points among different SOH
ranges, leading to compromised estimation performance.

A resampling is introduced to mitigate the aforementioned data
imbalance phenomenon. During model training, the Probability Density
Function (PDF) for each SOH interval (length = 0.01) is first computed
based on the frequency of data points within that interval, and then
performs weighted random sampling using inverse-PDF-derived
weights, maintaining the original dataset size via replacement sampling.

3.5. Hyperparameter optimization

The tree-structured Parzen Estimator (TPE), an advanced Bayesian
optimization algorithm with a tree-structured paradigm, was imple-
mented to identify the optimal hyperparameters. Previous studies have
demonstrated that TPE exhibits computational efficiency in high-
dimensional parameter spaces. The hyperparameters of the framework
are listed in Table 2.

The architectures of the branch network and trunk network are
determined by combinations of two key hyperparameters: (1) the
number of hidden units per layer, and (2) the depth of hidden layers.
Following 200 iterations of TPE optimization, the optimal hyper-
parameter configurations for both ONET and AMFF-ONET models were
identified through minimal validation loss, with detailed results docu-
mented in Tables 3 and 4, respectively.

3.6. Training strategy and experimental configuration

To prevent potential information leakage, the dataset was parti-
tioned at the battery-cell level. For each sub-dataset, the number of

Table 2
Candidate hyperparameter configurations.

Hyperparameter Candidate values

Number of hidden units 8, 16, 32, 64, 128

Depth of the hidden layers 2,3,4,5

Output size 16, 32, 64, 128
Learning rate 0.01, 0.001, 0.0001
is_resampling 0,1

Batch size 64, 128, 256, 512
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Table 3
The optimal hyperparameters for ONET.

Hyperparameter Optimal value

Trunk network [128, 128]
Branch network [16,16,16,16,16]
Output size 16
Learning rate 0.001
is_resampling 1
Batch size 128

Table 4

The optimal hyperparameters for AMFF-ONET.

Hyperparameter Optimal value
Trunk network [58]

Branch network [58]

Output size 128

Learning rate 0.001
is_resampling 1

Batch size 512

batteries allocated to the training and validation sets was determined by
selecting the nearest integers corresponding to a target ratio of 5:3:2,
while all remaining batteries were assigned to the test set. For instance, a
sub-dataset containing 7 batteries was divided into 3 training, 2 vali-
dation, and 2 test cells, respectively. In extreme cases with only 3
available cells, a 1:1:1 distribution was adopted to ensure that both the
validation and test sets contained at least one unique, entirely unseen
battery ID. This cell-wise partitioning strategy guarantees that no data
windows from the evaluation units were ever encountered during the
training process, providing a rigorous assessment of the model's
robustness. To assess generalizability and reproducibility, multiple
random seeds were employed for dataset partitioning. The estimation
result is analyzed in the following section. The number of training
epochs was set to 300. To mitigate overfitting, an early stopping strategy
was implemented, wherein the model was saved only upon observing a
reduction in validation error following each training iteration. The early
stopping criterion was set with a patience threshold of 50 iterations to
ensure robust convergence. A dynamic learning rate scheduling strategy
was implemented, reducing the learning rate by half whenever the
validation loss failed to decrease over ten consecutive epochs. A lower
bound of 1 x 1078 was set for the learning rate. Root Mean Square Error
(RMSE) was employed as the loss function for both training and vali-
dation. The overall training procedure is described in Algorithm 3.

The hardware used in our work was the 12th Gen Intel(R) Core (TM)
i7-12700KF, 32 GB of memory, and NVIDIA GeForce GTX 1060 graphics
card. The model was developed using Python 3.10 and implemented
with PyTorch 2.10.

Algorithm 3
Model Training Procedure

Require: M: An initialized model; Dyqin: Training Dataset; D,q: Validation Dataset;
Emax: Maximum epochs; Pgg: Patience for early stopping; Pr: Patience for learning
rate reduction; is_resampling: Resampling flag
Ensure: Mp,;: The best trained model
1: procedure TRAINMODEL(M, Dirgin, Dyai, - -.)
2 Lpest <0
3 PEs_counts PLR_count <0, 0
4: Mpese =M

5: for epoch = 1-5Ep, do

6: if is_resampling then

7

8

9

D, 4in—Resample(Dyrqin)
else
: D/mm “Dirain
10: end if
11: for all batch (x,y) in D, do

(continued on next page)
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Algorithm 3 (continued)

12: y<M(x)

13: loss—RMSE(y,y)

14: Update M via backpropagation
15: end for 16: L,y <Evaluate(M,Dyq)
17: if L,y < Lpese then

18: Lpest<Lya

19: Mpest <M

20: Pgs_count; PLR _count <=0, 0

21: else

22: PEs_count < PEs_count + 1

23: PrR_count PR _count + 1

24: end if

25: if Pir_coun: > Prr then

26: Halve the learning rate of M
27: Prr_count <=0

28: end if

29: if Prs_coune > Pgs then

30: break

31: end if

32: end for 33: Return M,
34: end procedure

3.7. Evaluation matrices

Three evaluation metrics (Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and R2)
were employed to assess the model's performance. The above three
metrics were calculated using the following equations:

1¢ -
MAE:H;\%*)’J, 5)
_ ANy g2
RMSEf,/n;(yl ¥, 6
i)’i*yi
MAPE:li:l 7 7)
n yi
> i3
RP=1-2L ®)
S i-y)?

Il
—

Where n is the size of the test set, y; and y; represent the ground-truth
value and the predicted value for the i sample, respectively. y de-
notes the mean value of y.

4. Results

This section presents a comparative analysis of the SOH estimation
performance between ONET and AMFF-ONET.

4.1. Experimental results under different dataset splitting random seeds

To demonstrate the reproducibility of experiments, we evaluated
estimation performance under different dataset splitting random seeds

Table 5
Evaluation matrices obtained under different random seeds.
Models Random seed MAE RMSE R2 MAPE
ONET 2 0.00569 0.00810 0.985 0.00642
22 0.00658 0.00970 0.978 0.00729
42 0.00601 0.00864 0.982 0.00670
AMFF-ONET 2 0.00442 0.00636 0.990 0.00501
22 0.00434 0.00614 0.991 0.00492
42 0.00438 0.00617 0.991 0.00496
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using 0.2 V-length AQ — V sequences. The experimental results are
presented in Table 5. Furthermore, to verify that the evaluation result is
not a byproduct of data redundancy from the sliding window protocol, a
sensitivity analysis using a non-overlapping window strategy was con-
ducted, with results presented in Table S6 of the Supplementary Mate-
rial. Both ONET and AMFF-ONET demonstrate remarkable performance
consistency across three different random seeds (2, 22, 42), confirming
the experimental reproducibility of our framework. For subsequent an-
alyses, the random seed is fixed at 42.

Two models demonstrate excellent predictive performance across all
evaluation metrics (MAE, RMSE, and R%). The ONET model achieves
competitive performance, as evidenced by an R? coefficient of 0.982,
complemented by MAE and RMSE values both below 0.9%. The
enhanced AMFF-ONET model shows statistically superior performance,
with MAE = 0.438%, RMSE = 0.617%, MAPE = 0.496%, and an
improved R? of 0.991, representing a significant enhancement in esti-
mation capability. Notably, these results were obtained on a compre-
hensive test set covering distinct battery chemistries and operating
conditions, validating the models’ remarkable capability for unified
multi-scenario modeling.

Fig. 5 depicts the absolute error (AE) distributions of ONET and
AMFF-ONET. The AE distributions of both models exhibit a strong
concentration within the [0, 0.02] interval, accounting for 97.1% and
99.1% of the predictions, respectively. Meanwhile, while ONET achieves
AEs below 1% in 82.6% of its predictions, the AMFF-ONET architecture
significantly improves this high-accuracy proportion to 91.2%, repre-
senting a significant 10.4% improvement. The performance improve-
ment between ONET and AMFF-ONET stems from their distinct fusion
approaches - while ONET relies on inner product operations, the AMFF-
ONET employs attention mechanisms to more effectively capture and
weight degradation-relevant features in lithium-ion batteries.

4.2. Results on different sequence length

Table 6 presents the evaluation metrics for SOH estimation with
three distinct AQ — V sequence lengths. Notably, the 0.1 V AQ -V
sequence exhibits relatively good estimation accuracy, yielding MAE
below 0.8%, RMSE under 1.2%, and R? greater than 0.969. All three
metrics become better when the length of the AQ — V sequence in-
creases. Meanwhile, AMFF-ONET consistently achieves greater estima-
tion accuracy than ONET across all evaluated AQ — V sequence lengths.
The above results demonstrate that the proposed framework shows
robust performance with charging segments of different lengths, con-
firming its versatility in handling arbitrary charging sequences across
different application scenarios. To achieve an optimal balance between
estimation accuracy and practical applicability, the subsequent analysis
employs 0.2 V length AQ — V sequences.

4.3. Results on different starting voltage

This subsection presents experimental results of the proposed models
across varying starting voltage, which holds significant practical
importance as it evaluates the models’ robustness under different AQ —
V sequences. The results, including MAE, RMSE, R?, and data count, for
both ONET and AMFF-ONET are exhibited in Fig. 6.

It is observed that both ONET and AMFF-ONET demonstrate excel-
lent SOH estimation performance across different AQ — V sequences,
with R? values consistently above 0.95, except for ONET in the 2.9 V-3.0
V range, which will be analyzed in the following paragraph. Meanwhile,
the AMFF-ONET model demonstrates superior estimation performance
compared to the ONET across all ranges for all three evaluation metrics.
For example, the AMFF-ONET maintains MAE values below 0.5% within
the 2.9 V to 3.8 V range, while achieving a peak R? of 0.994 between 3.4
V and 3.7 V. In contrast, the ONET only achieves MAE lower than 0.5%
within the narrower range of 3.5 V to 3.6 V with a maximum R? of only
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Table 6
Evaluation results under different AQ — V sequence length.
Sequence length Model MAE RMSE R?
0.1V ONET 0.00771 0.01148 0.969
AMFF-ONET 0.00600 0.00904 0.981
0.15V ONET 0.00712 0.01105 0.971
AMFF-ONET 0.00494 0.00724 0.987
0.2V ONET 0.00601 0.00864 0.982
AMFF-ONET 0.00438 0.00617 0.991
0.991.

A particularly notable performance difference occurs in the 2.9 V-
3.0 V range. While the ONET exhibits significantly degraded perfor-
mance (MAE = 0.912%, RMSE = 1.1%), the AMFF-ONET maintains
accurate estimation (MAE = 0.424%, RMSE = 0.556%, R?> = 0.958).
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Fig. 6. Experimental results across different voltage ranges:
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This performance discrepancy can be attributed to the limited data set,
which includes only 238 test data points in this voltage range, as shown
in Fig. 6(d). Such a small data size adversely affects ONET's estimation
accuracy, whereas it exerts merely a negligible influence on AMFF-
ONET's performance. The enhanced performance of the AMFF-ONET
can be attributed to the AMFF attention module, which compensates
for data limitations while maintaining high estimation accuracy. This
demonstrates the attention module's critical role in improving both the
accuracy and robustness of SOH estimation.

Both models exhibit a noticeable performance degradation when the
starting voltage exceeds 3.7 V. This phenomenon can be explained by
the analysis presented in Fig. S2, which plots AQ — V curves at different
starting voltages. When the starting voltage is set at 3.6 V and 3.7 V, the
AQ — V curves exhibit excellent distinguishability across different cy-
cles. However, this discrimination significantly diminishes at higher
starting voltages, where the AQ — V curves from varying cycles starting
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at 3.85 V and 3.95 V become indistinguishable, clustering within a
narrow range. The minimal discernible differences between these curves
account for the observed performance decline in these voltage ranges. It
is noted that the AMFF-ONET maintains superior estimation accuracy
even under these challenging conditions, demonstrating exceptional
performance metrics: a maximum MAE of 0.614%, RMSE of 0.854%,
while maintaining an R? value of 0.983. These results further demon-
strate the robustness and excellence of the AMFF-ONET architecture.

4.4. Results on different SOH

In this subsection, the proposed models are tested under different
SOH values to ensure robust estimation performance throughout the
entire battery life. The results are plotted in Fig. 7. Since the variance of
ground-truth SOH values within the range is negligible, R? is not
employed as the evaluation metric. Consistent with the results at varying
starting voltages, AMFF-ONET achieves superior predictive performance
over ONET, with MAE consistently below 0.55% across all SOH ranges.
In contrast, ONET shows significant performance fluctuations: at high
SOH (> 0.99), its MAE (0.922%) and RMSE (1.37%) reflect degrada-
tions of 83.3% and 90.5%, respectively, relative to its optimal perfor-
mance in the (0.76, 0.77] interval.

It is noted that ONET exhibits significant performance fluctuations,
particularly the RMSE surge observed in the (0.82-0.83] SOH range,
whereas it maintains consistent MAE values. This divergence suggests its
sensitivity to a limited number of “highly deviant estimation outliers”.
This suggests that the simple inner product fusion mechanism is less
robust to unusual data points within certain SOH regions. In contrast,
the AMFF-ONET model maintains consistent and superior performance
across all SOH ranges, demonstrating its enhanced robustness. This
improvement is directly attributable to the AMFF module. By replacing
the inner product with an attention mechanism, the model can weight
features from the trunk and branch networks, mitigating the influence of
outliers and adapting to the varying information content of features at
different SOH levels. The subsequent multi-layer linear transformation
further enhances its nonlinear modeling capability, ensuring robust and
accurate estimations throughout the battery's entire lifecycle.

4.5. Results on different battery material

While prior studies typically rely on transfer learning to enable cross-
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battery-type SOH estimation, the proposed ONET and AMFF-ONET ar-
chitectures directly embed battery type information as model inputs,
eliminating the need for transfer learning while maintaining estimation
accuracy across diverse battery chemistries. Comparative estimation
results for NCA and NCM battery chemistries are summarized in Table 7.

AMFF-ONET maintains consistent performance across the different
chemistries integrated within the unified framework: MAE increased
marginally from 0.429% to 0.448% (+4.7%), RMSE rose from 0.579% to
0.662% (+13.8%), while R? changed from 0.992 to 0.990. This minimal
performance deviation confirms the model's effectiveness in capturing
chemistry-specific degradation features within a single operator map-
ping. In contrast to AMFF-ONET's consistent performance, ONET dem-
onstrates significantly higher estimation errors in NCM batteries,
yielding an RMSE value greater than 1%, revealing its limited adapt-
ability to this chemistry-specific degradation behavior.

4.6. Computational load analysis

The detailed results are shown in Table 8, which demonstrates the
model's efficiency in real-world deployment scenarios. To evaluate the
computational efficiency of our proposed model, we performed an
assessment using the following key metrics: parameter count, model
size, prediction time per sample, and memory usage. The prediction
time was determined by computing the mean execution duration across
1000 consecutive forward passes. To ensure statistical reliability, this
evaluation protocol was repeated in ten independent trials, and the final
performance metrics represent the ensemble averages across all exper-
imental repetitions.

It is noted that ONET exhibits computational efficiency and light-
weight architecture, where the inner product operation serves as a
computationally economical aggregation mechanism. Compared to
ONET, the AMFF-ONET model has twice the model size of ONET,

Table 7
Evaluation results across different battery types.

mmm AMFF-ONet

Model Battery type MAE RMSE R2
ONET NCA 0.00534 0.00709 0.988
NCM 0.00685 0.01028 0.976
AMFF-ONET NCA 0.00429 0.00579 0.992
NCM 0.00448 0.00662 0.990
s ONet

D AN
RN AP S

o

S D D S O G5 A B (B DD A B D S A D >
GG P DR LD D D G P P GNP 90)09@

Q" Q979" Q979 Q090

AT N N N AT N N NIRRT YT AT AT TN T N NN T T AT DT N g
A AR SRS A AR N KIS KN

A
AN NN

NN

NN

G

S

®]
I

Fig. 7. Experimental results across different SOH: (a) MAE, (b) RMSE, and (c) distribution of test data points.
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Table 8
Model parameter count, size, and estimation time.

Model Parameter Model size (KB)  Estimation time (ms/
count sample)
ONET 21440 91.7 0.41
AMFF- 55683 229 0.61
ONET

reflecting the additional parameters required by the attention mecha-
nism. However, the introduction of the attention module also enhances
the SOH estimation accuracy and robustness, as evidenced by the above
experimental results. Although AMFF-ONET requires higher computa-
tional costs than ONET, it remains highly lightweight compared to other
SOH estimation models. With a compact model size of 229 KB, it oc-
cupies only 11.3% of the memory footprint of the reference edge-
computing model in Ref. [38]. This footprint is well within the Flash
memory constraints of mainstream automotive-grade microcontrollers,
such as the ARM Cortex-M series, which typically offer 512 KB to 2 MB
of storage [59]. Furthermore, the inference latency of 0.61 ms is
significantly shorter than the typical Battery Management System (BMS)
control cycle of 10-100 ms, ensuring that SOH estimation can be
executed in real-time without disrupting high-priority safety functions
[60,61]. Consequently, the framework effectively addresses the hard-
ware limitations of resource-constrained edge devices while maintaining
high-frequency monitoring capabilities.

The above results demonstrate that ONET and AMFF-ONET achieve a
balance between efficiency and estimation performance. With inference
latencies consistently below 1 ms with the NVIDIA GeForce GTX 1060
graphics card, the proposed framework sufficiently meets the stringent
real-time requirements for battery management systems, enabling high-
frequency SOH monitoring. Besides, the compact model size ensures
easy deployment on resource-constrained edge devices. This combina-
tion of lightweight and computational efficient design renders ONET
and AMFF-ONET suitable for edge systems.

4.7. Comparison with other Al-driven models

The corresponding parameter settings of model benchmarking with
other methods are provided in Supplementary Note S1. The comparative
results are detailed in Table 9.

The proposed framework demonstrates competitive accuracy that is
comparable to other Al-driven approaches. Specifically, AMFF-ONET
achieves performance metrics that closely align with those of the
state-of-the-art (SOTA) R-TNet model, showing differences of just
0.00064 in RMSE and 0.00024 in MAE. In addition, AMFF-ONET ach-
ieves a higher R? value than R-TNet (0.991 versus 0.990). Furthermore,
no other models achieve SOH estimation across different battery

Table 9
Advanced SOH estimation model performance comparison.
Models RMSE MAE R2 Battery
type
CNN [62] 0.0089 0.0061 0.9845 NCM
CNN-FT [63] 0.0128 - 0.9492 NCM
QCNN [64] 0.00653 0.00474 0.988 NCA
0.0093 0.00654 0.971 NCM
PINN [58] 0.0158 - - NCA
0.0132 - - NCM
R-Tnet [50] 0.00553 0.00414 0.99 NCA
TSPINN [65] - 0.0068 - NCA
- 0.0067 - NCM
ONET 0.00864 0.00601 0.982 NCA NCM
AMFF-ONET 0.00617 0.00438 0.991 NCA NCM
ONET (evaluated under [3.55 V, 0.00859 0.00611 0.983 NCA NCM
3.94V])
AMFF-ONET (evaluated under 0.00604 0.00429 0.991 NCA NCM

[3.55V, 3.94 V])
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chemistries without transfer learning.

It is important to acknowledge that the benchmark models and our
proposed framework were evaluated under different experimental set-
tings, which may influence direct numerical comparisons. For instance,
several benchmark models were exclusively tested within limited,
highly SOH-sensitive voltage windows (e.g., [3.55 V, 3.94 V]) [50]. To
mitigate potential methodological bias and ensure a rigorous compari-
son, we implemented measures by re-evaluating our framework specif-
ically on the high-sensitivity voltage segment ([3.55 V,3.94 V]) utilized
by the R-Tnet baseline. The quantitative results reveal that AMFF-ONET
achieves an MAE of 0.00429, an RMSE of 0.00604, and an R? of 0.991 on
this specific window. This performance is not only consistent with our
randomized full-range evaluation but also remains highly competitive
against the SOTA R-Tnet. Crucially, while R-Tnet and other benchmarks
are typically optimized for single-chemistry datasets, AMFF-ONET
maintains this high precision within a unified dual-chemistry frame-
work (NCA and NCM) without the need for chemistry-specific fine--
tuning or transfer learning. These results demonstrate that AMFF-ONET
achieves superior accuracy across both the full constant-current
charging profile and the specific high-sensitivity voltage range,
thereby establishing its exceptional precision and robust performance
within a unified multi-condition framework.

4.8. Evaluation of model robustness against Gaussian Noise

In this subsection, to evaluate the robustness of the proposed
framework, we conducted an immunity test against Gaussian noise.
Zero-mean Gaussian noise with different standard deviations was
introduced into the input AQ sequences to simulate varying levels of
sensor noise in real-world applications. The experimental results for
ONET and AMFF-ONET are presented in Fig. 1, respectively.

As depicted in Fig. 8, both models exhibit a significant degradation in
performance with increasing noise intensity (i.e., decreasing SNR),
demonstrating the inherent challenge posed by sensor noise. While both
MAE and RMSE escalate for each model, the AMFF-ONET consistently
maintains a modest advantage in these error metrics. For instance, under
the most severe noise condition (SNR = 30 dB), the AMFF-ONET ach-
ieves an MAE of 0.0205 and an RMSE of 0.031, which are respectively
10.9% and 8.8% lower than the conventional ONET's MAE of 0.023 and
RMSE of 0.034.

However, this relatively small improvement in absolute error values
underscores a more critical divergence in model fidelity under noisy
conditions, which is most starkly revealed by the R? Fig. 8(c). While both
models deliver similar, high-fidelity performance at high SNRs (> 45
dB), a pronounced and rapid performance decline becomes evident as
the SNR falls. At 35 dB, the R? for the conventional ONET exhibits a
precipitous decline to 0.86, a trend that culminates in a severe collapse
to just 0.67 at 30 dB. In contrast, the AMFF-ONET, while not immune to
noise-induced degradation, demonstrates markedly greater resilience,
sustaining an R? of 0.90 at 35 dB and retaining a substantially higher
score of 0.78 even at the extreme noise level of 30 dB. At this point, the
AMFF-ONET's R? is 16.4% higher than that of the conventional ONET,
signifying a critical preservation of its estimation performance and a
mitigation of catastrophic failure modes observed in the baseline.

This enhanced robustness and superior noise tolerance are primarily
attributed to the AMFF module's attention mechanism. This mechanism
dynamically re-weights features to effectively suppress noise artifacts
and amplify the salient degradation signatures within the corrupted AQ
sequences, thus preventing a disproportionate degradation in predictive
power. However, it is crucial to acknowledge that the current framework
does not integrate dedicated modules specifically designed for advanced
noise suppression or robust feature learning in the presence of strong
perturbations. Consequently, while outperforming the baseline, the
absolute level of noise immunity in AMFF-ONET, particularly under
very low SNR conditions, still presents avenues for further improvement.
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Fig. 8. Evaluation results against Gaussian Noise with varying SNRs: (a) MAE,
scores under different levels of current sensor bias, and (e) R? scores under va

To further evaluate the model's resilience under realistic BMS con-
ditions, we extended the robustness analysis to include current sensor
bias and integration drift. Fig. 8(d) illustrates the impact of current bias,
where the input AQ features undergo linear scaling. While the perfor-
mance of the ONet degrades rapidly as the bias standard deviation
(bias_std) increases, AMFF-ONet maintains a significantly higher R2
score, staying above 0.6 even at a 5% bias level. Similarly, Fig. 8(e)
shows the results under varying integration drift (drift_severity). AMFF-
ONet demonstrates superior stability, whereas the baseline ONet's per-
formance drops sharply. The robustness of AMFF-ONet stems from the
attention mechanism, which effectively prioritizes stable electro-
chemical signatures, and the use of short 0.2 V windows that inherently
limit the time interval for error accumulation. These results confirm that
the proposed framework is well-suited for non-ideal sensing environ-
ments in practical energy storage infrastructures.

Collectively, these results provide compelling quantitative evidence
that the AMFF-ONET, despite inherent challenges of noisy data and

drift_severity

(b) RMSE, and (c) R2. And evaluation results under realistic BMS conditions: (d) R%
rying intensities of integration drift.

without specialized noise-robust architectural components, not only
achieves higher accuracy but also possesses significantly superior
robustness compared to the conventional ONET. This makes it a critical
attribute for reliable deployment in practical BMS where measurement
noise is an operational reality, though future work will explore the
integration of explicit noise-robust enhancements to further elevate its
performance in highly noisy environments.

4.9. Discussion about ONET and AMFF-ONET

As elaborated in the following subsections, AMFF-ONET demon-
strates superior estimation performance compared to ONET. Across
diverse AQ — V sequences, battery chemistries, and different Gaussian
noise intensities, AMFF-ONET consistently outperforms ONET in all
evaluation metrics. Since the architectural difference lies solely in the
fusion module, we attribute this performance enhancement to the
introduced AMFF mechanism. The AMFF module replaces the conven-
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tional inner product operation with an attention-based weighted sum-
mation that dynamically evaluates the importance of both the Branch
and Trunk network outputs, followed by four fully connected layers for
final SOH inference. While AMFF module slightly increases computa-
tional burden, AMFF-ONET remains an exceptionally compact model
size and efficient inference time. These results demonstrate that AMFF-
ONET is more suited for practical BMS implementations than ONET,
particularly in edge computing where both accuracy and efficiency are
critical.

Beyond accuracy and efficiency, the trunk-branch decomposition of
the ONET architecture offers inherent interpretability advantages for
understanding battery aging. Mathematically, the framework approxi-
mates the SOH estimation through a combination of basis functions and
their corresponding coefficients. The trunk network effectively extracts
universal degradation basis functions that represent intrinsic degrada-
tion patterns from partial AQ sequences. Concurrently, the branch
network acts as a condition-dependent modulator, learning how oper-
ational conditions weight these basis functions. Although the branch
inputs (e.g., temperature and charging rate) are static, the trunk network
processes the sequential voltage-capacity evolution, allowing the
framework to capture the time-coupled aging dynamics through the
nonlinear interaction between the two sub-networks. This decoupling
allows for a more transparent understanding of state estimation, as it
explicitly reveals how external operation conditions influence the
fundamental modes of capacity loss. Such a structure shifts the model
from a pure ‘black-box’ toward a more interpretable ‘grey-box’ para-
digm, providing researchers with insights into the conditional de-
pendencies of battery health.

To distinguish whether the observed robustness stems from the
short-window preprocessing or the architecture itself, it is emphasized
that while the 0.2 V window protocol functions as a feature extraction
filter to enhance local sensitivity, it is not the sole driver of performance.
As demonstrated in the comparative study (Section 4.7), baseline
models employing the identical data protocol exhibit significantly
higher error variance under fluctuating temperatures. This suggests that
while the data protocol ensures a high-quality input signal, the ONet
architecture functions as a robust operator mapper that effectively de-
couples condition-dependent perturbations from the underlying aging
trajectory. This distinction confirms that the model's superiority is
fundamentally rooted in its operator-learning design rather than being a
mere artifact of data windowing.

5. Conclusion

This paper addressed the critical challenge in SOH estimation: the
absence of a unified, lightweight framework that can generalize across
diverse operational conditions. By reformulating SOH estimation as an
operator learning problem, this work presents an ONET-based model
that meets all of the above-mentioned demands. The proposed frame-
work, built on an ONET architecture, successfully decouples the
degradation mapping (via a trunk network) from the operational con-
ditions (via a branch network). By incorporating the idea of operator
learning, the model directly accepts operational conditions and chem-
istries as input, enabling more flexible and generalized SOH estimation
under varying scenarios without transfer learning strategies. The inte-
gration of the AMFF module proved crucial, significantly enhancing
estimation accuracy and robustness over the standard ONET and
achieving a MAE of 0.438%, a MAPE of 0.496%, and an R%20f0.991 ona
challenging dual-chemistry multi-condition dataset using arbitrary 0.2 V
charging segments. With a compact model size under 230 KB, the
framework is exceptionally well-suited for deployment on resource-
constrained BMS. Ultimately, this work constitutes the first applica-
tion of a nonlinear operator learning paradigm to battery SOH estima-
tion, offering a promising pathway for developing the next generation of
unified and efficient energy storage diagnostics. The proposed frame-
work offers several key advantages. It achieves accurate and robust SOH
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estimation using only a short 0.2 V AQ — V sequence, making it highly
practical for real-world scenarios. This practicality is further enhanced
by its end-to-end architecture, which boosts efficiency by eliminating
the need for complex feature preprocessing. More importantly, by
directly embedding operating conditions and battery type as model in-
puts, the framework can generalize its accurate estimations across
diverse operating scenarios and battery chemistries. Moreover, these
capabilities are packaged in a lightweight architecture, with a model
size of 230 KB that enables practical deployment on resource-
constrained edge devices.

Despite the promising results, this study has several limitations that
open avenues for future research. First, our analysis in Section 4.3
revealed a performance degradation when the charging segments were
extracted from high voltage ranges. This can be attributed to the
diminished distinguishability of AQ — V curves in these regions across
aging cycles, which provides fewer degradation-related features for the
model to learn from. Future work could focus on developing feature
fusion mechanisms, integrating data from differential voltage analysis or
other sensitive parameters to compensate for the lack of information in
these high-voltage segments. Second, while the AMFF-ONET demon-
strated strong robustness across input AQ sequences, the base ONET
model showed suboptimal performance in specific data-scarce regions
and at high SOH levels. This indicates that the model's stability is sus-
ceptible to imbalanced data distributions. To address this, future im-
provements could involve incorporating physics-informed neural
networks (PINNs) to better constrain model estimations in data-sparse
regions or employing generative models for data augmentation. Third,
the proposed framework's scalability to a much larger set of operating
conditions (e.g., battery chemistries, wider temperature ranges, various
discharge protocols) remains to be explored. As noted, excessive input
dimensions to the branch network could introduce challenges in
hyperparameter tuning. Therefore, a key direction for future research
will be to enhance the branch network's architecture, for instance, by
integrating graph neural networks or specialized attention mechanisms
capable of effectively modeling the complex interactions between a
microscopic degradation evolution and macroscopic changes. Further-
more, while the current study utilizes segments from the constant-
current charging phase due to its prevalence in standard charging pro-
tocols, the proposed ONET-based framework holds significant potential
for dynamic or mixed charging profiles. The fundamental advantage of
operator learning lies in its ability to approximate continuous mappings,
allowing the model to handle input sequences of arbitrary temporal
resolution and length. In real-world applications where charging might
be intermittent or involve variable currents (e.g., regenerative braking
or opportunistic charging), the ONET architecture can be further
adapted by embedding the instantaneous current profiles into the
branch network as conditioning parameters. Future work will explore
the integration of such dynamic operational data to further enhance the
versatility of the framework in unpredictable real-world environments.
Finally, beyond the operational flexibility, the unified architecture and
consistent performance across different chemistries of the AMFF-ONET
provide a promising foundation for the health management of second-
life batteries. In these scenarios, where diverse aging histories and het-
erogeneous battery chemistries necessitate adaptive yet lightweight
monitoring solutions, the proposed framework could significantly
facilitate safe and efficient battery repurposing in large-scale energy
storage systems.
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