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Accurate and interpretable estimation of state-of-health (SOH) is critical for the safe and efficient operation of
electric vehicles (EVs). Existing data-driven methods, however, struggle to capture spatial heterogeneity across
cells and the variability introduced by user-specific charging behaviors. These limitations often lead to poor
generalizability and limited interpretability. To address these challenges, this study proposes a framework that
combines the dynamic graph attention network (DGAT) and neural basis expansion analysis for interpretable
time series forecasting (N-BEATS) to achieve spatial modeling and interpretability. The framework is evaluated
using real-world on-road operational data from 300 EVs, comprising approximately 850 million data points. The
results demonstrate that the proposed method significantly outperforms state-of-the-art baselines, achieving a
root mean square error of 1.22% and a mean absolute percentage error (MAPE) of 0.98%. Furthermore, by
incorporating an adapter-based transfer learning strategy, the model maintains a low MAPE of 1.43% using only
10% of the target domain data. Beyond estimation accuracy, the proposed relative charging preference (RCP)
metric quantifies user behavior, revealing that users with RCP greater than 0.8 exhibit 38.1% higher degradation
rates and SOH estimation errors above 20%. These findings highlight the strengths of the proposed DGAT-N-
BEATS framework in spatiotemporal modeling, generalizability, and interpretability, demonstrating its sub-
stantial potential for battery health management applications.

gradual decline in capacity and performance. State-of-health (SOH) is a
critical metric for assessing battery degradation, typically defined as the

1. Introduction

Guided by the strategic goals of “carbon peaking” and “carbon
neutrality,” the transportation sector is experiencing a fundamental shift
from internal combustion to electrification [1,2]. As a critical enabler of
transportation electrification, power battery technology serves as a vital
bridge between clean energy generation and efficient energy utilization
[3]. Lithium-ion batteries (LIBs) have been widely adopted in electric
vehicles (EVs), energy storage systems, and renewable energy integra-
tion due to their high energy density, long cycle life, and favorable
charge-discharge characteristics [4-7]. However, prolonged usage of
LIBs inevitably leads to performance degradation [8]. This degradation
process is influenced by intrinsic material properties, electrochemical
reaction kinetics, and multi-physical coupling effects, resulting in highly
complex and nonlinear degradation behavior [9-12]. Battery degrada-
tion, driven by electrochemical aging and operating stressors, leads to a

ratio of present capacity to its rated initial capacity [13]. Accurate SOH
estimation is essential for advanced battery management systems (BMS)
to ensure the operational safety of EVs and optimize energy utilization.
In real-world conditions, SOH estimation methods must exhibit high
accuracy, robustness, and adaptability—requirements that are often not
satisfied by models developed under idealized laboratory assumptions.
Therefore, developing SOH estimation methods tailored to real-world
EV batteries is essential for bridging the gap between theoretical
modeling and practical application.

Recent years have witnessed considerable progress in modeling ap-
proaches for lithium-ion battery SOH estimation, ranging from physics-
based to data-driven techniques. Physical models provide insights into
the physical and chemical changes within the battery [14,15]. Con-
ventional machine learning algorithms, such as support vector machines
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and extreme learning machines, have gained attention for their
robustness and ability to capture nonlinear patterns in battery data
[16,17]. However, physics-based models typically rely on complex
mathematical formulations and extensive parameter calibration, mak-
ing them difficult to adapt to diverse battery chemistries and operational
conditions [18,19]. In addition, conventional machine learning methods
rely on handcrafted feature engineering and struggle to efficiently
handle high-dimensional, complex datasets [20]. These limitations have
prompted a shift toward deep learning approaches. Several studies have
demonstrated the potential of deep learning to overcome the limitations
of conventional battery diagnostics, achieving high accuracy, scalabil-
ity, and generalization in modeling complex degradation patterns from
large-scale, high-dimensional operational data [21-25]. However, most
of these approaches treat battery measurements as independent se-
quences without explicitly modeling the spatial or relational de-
pendencies among cells, which motivates the use of graph-based
architectures. For example, a study developed a graph neural net-
work-based framework for data aggregation and feature fusion, signif-
icantly improving the accuracy of capacity estimation under incomplete
charging conditions [26]. Another work proposed a graph neural
network architecture that integrates temporal and spatial health in-
dicators, achieving high-precision SOH prediction across multiple public
datasets [27]. However, the non-stationarity, operational variability,
and behavioral diversity inherent in real-world conditions pose signifi-
cant challenges to model performance and generalization beyond lab-
oratory settings.

To bridge the gap between laboratory research and engineering
deployment, researchers developed a deep multimodal framework for
SOH estimation using three years of operational data from 300 EVs,
achieving a mean absolute percentage error (MAPE) of 2.83% [28].
Despite the powerful modeling capabilities of deep learning methods,
they often suffer from limited interpretability and a strong reliance on
large amounts of labeled data, which are difficult to obtain in practical
applications. Transfer learning provides a scalable alternative by facil-
itating cross-domain knowledge transfer and improving adaptability in
data-scarce scenarios [29,30]. A study developed a transfer learning-
based framework combining the Transformer and the convolutional
neural network (CNN) for SOH estimation, achieving less than 1% error
across lithium iron phosphate and nickel cobalt aluminum oxide batte-
ries [31]. Another study achieved an MAPE of 0.23% on data from 707
EVs by integrating condition alignment and deep fusion networks within
a transfer learning framework, demonstrating strong cross-domain
generalization [32]. Recent studies have proposed a driving-behavior-
aware transfer learning framework based on an exponential smoothing
Transformer to enhance real-world SOH estimation from discharging
profiles, thereby improving EV-level prediction without requiring
complete retraining [33]. In addition, by leveraging laboratory data, a
study developed a cell-to-pack transfer learning framework that esti-
mates battery pack SOH using single-cell aging knowledge and limited
pack data [34]. Hybrid modeling approaches have emerged as a key
direction for improving model performance and interpretability
[35-39]. For example, a study employing Bayesian optimization and
extreme gradient boosting with an attention mechanism achieved SOH
estimation errors below 3.2% using real-world vehicle data [40].
Additionally, a model combining natural-gradient boosting and cate-
gorical boosting (N-CatBoost), trained on 28 million EV samples, ach-
ieved an MAPE of 0.817% for SOH estimation and supported uncertainty
quantification [41].

Despite the notable progress in SOH estimation enabled by deep
learning and hybrid modeling techniques, several critical challenges
remain unresolved in real-world deployment. First, existing models
often fail to explicitly capture the spatiotemporal heterogeneity of bat-
tery degradation. Second, many frameworks rely on static graph struc-
tures that are predefined rather than dynamically constructed in real-
time, which limits their adaptability across battery systems with vary-
ing pack configurations or sensor layouts. Finally, while high prediction
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accuracy has been achieved in controlled environments, model robust-
ness and interpretability in large-scale, noisy fleet scenarios remain
limited. Furthermore, current transfer learning strategies typically
require substantial data from the target domain, hindering rapid adap-
tation to new battery systems. To address these limitations, this study
proposes an interpretable and transferable SOH estimation framework
that integrates the dynamic graph attention network (DGAT) with
neural basis expansion analysis for interpretable time series forecasting
(N-BEATS). Extensive validation on large-scale EV fleet data demon-
strates the framework's ability to achieve high accuracy, provide
transparent diagnostics, and adapt rapidly, even in highly variable user
behavior and sparse data scenarios. The principal contributions of this
study are outlined as follows:

(1) An interpretable framework is developed for EV battery health
diagnostics: By integrating DGAT with N-BEATS, the proposed
model jointly learns spatial thermoelectric dependencies and
decomposes temporal degradation trends.

(2) A real-time dynamic graph construction method based on multi-
head attention mechanisms is proposed: In contrast to conven-
tional methods relying on offline precomputed adjacency
matrices, this approach does not require a predefined battery
topology.

(3) The superior performance and interpretability of the proposed
model are validated on large-scale real-world fleet data: Opera-
tional data from 300 EVs were used for training and evaluation,
achieving an MAPE of 0.98%.

(4) An efficient transfer learning scheme based on adapter-based
fine-tuning is carefully designed: Adapter modules facilitate
rapid adaptation to new battery systems with differing specifi-
cations using only 10% of the target data, resulting in root mean
square error (RMSE) and MAPE of 2.1% and 1.43%, respectively.

(5) The impact of diverse user behaviors on battery capacity degra-
dation and model performance is analyzed: Users predominantly
employing fast charging experience up to 38.1% greater battery
capacity degradation, with maximum model prediction errors
exceeding 20%.

The rest of the paper is organized as follows: Section 2 introduces the
dataset sources, preprocessing methods, and feature construction. Sec-
tion 3 outlines the proposed framework. Section 4 presents experimental
results and discusses the influence of user behavior on degradation and
estimation accuracy. Section 5 summarizes the main contributions and
findings of this paper and provides an outlook on future research
directions.

2. Field datasets
2.1. Data source

This study uses two datasets collected during in-field LIB operation in
EVs to develop and validate a data-driven framework for SOH estimation
under realistic driving conditions. The two datasets differ in scale,
structure, and battery configuration, thereby supporting both large-scale
model training and cross-domain generalization analysis. Dataset #1
was obtained from a publicly available large-scale database, comprising
operational data from 300 decommissioned EVs equipped with nickel
cobalt manganese oxide (NCM) battery packs [28]. These vehicles
experienced a wide range of usage scenarios, with total mileage varying
from 0 to 500,000 km and service lifespans ranging from 0.5 to 4 years.
The dataset was recorded at a 10-s sampling interval, resulting in
approximately 850 million data points. Each data point contains key
vehicle and battery parameters. These include the timestamp, state of
charge (SOC), vehicle speed, cumulative odometer reading, charge/
discharge status, pack voltage and current, minimum and maximum cell
voltages, sensor temperatures, and full lists of individual cell voltages
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and probe temperatures. The battery packs in both datasets adopt a
series-connected configuration consisting of 96 and 91 cells, respec-
tively. Temperature measurements are obtained from 32 and 34 BMS-
embedded sensor probes. These sensors are installed at the module or
sub-pack level and record the local surface temperatures representative
of the overall thermal behavior during vehicle operation. Although the
exact probe locations and detailed cell specifications are not publicly
disclosed, such probe layouts are standard practice in automotive BMS
design for capturing the thermal state of series-connected packs.
Consequently, the temperature inputs used in this study reflect realistic
BMS-measured values and are representative of SOH-related thermal
analysis.

Fig. 1 summarizes the key statistical distributions extracted from
Dataset #1. Specifically, Fig. 1(a) shows the long-tail distribution of
cumulative mileage, reflecting varying usage intensity across the fleet.
Fig. 1(b) and (c) illustrates the distributions of SOC and charging power,
respectively, revealing user-dependent charging behaviors and system-
level variability. Fig. 1(d) and (e) presents histograms of the minimum
and maximum cell voltages and temperatures, respectively, which
indicate nonuniformity within the battery modules. The joint distribu-
tion of voltage and temperature in Fig. 1(f) further captures their
coupling effects under real-world operating conditions. Fig. 1(g) and (h)
displays the degradation trajectories of capacity and total energy with
respect to mileage. Linear fitting highlights the overall downward trend
associated with long-term cycling and usage. Table 1 outlines the
nominal specifications of the battery packs used across the fleet. Dataset
#2 was collected through the Guangzhou New Energy Intelligent
Vehicle Big Data Monitoring Platform. It comprises approximately 4.68
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Table 1

Nominal specifications for EV field data.
Parameters Dataset #1 Dataset #2
Number of vehicles 300 5
Nominal capacity 155 Ah 150 Ah/160 Ah
Number of cells 96 91
Number of sensor probes 32 34
Battery materials NCM NCM
Collecting period 0.5-4 years 1 year
Sampling interval 10s 10s
Number of data frames 850 million 4.68 million
Total energy 62.49 kWh 57.33 kWh /61.15 kWh

Battery pack topology Series connection Series connection

million data frames collected over a continuous one-year period from
five EVs, each sampled every 10 s. Notably, these five vehicles are
equipped with two distinct battery configurations, differing in both
nominal capacity and internal cell layout. This diversity in structural
specifications provides a valuable basis for evaluating the proposed
model's generalization ability through transfer learning experiments.

2.2. Data preprocessing

Due to the inherent complexity and variability of real-world data
collected from EV batteries, comprehensive data preprocessing was
essential to ensure data quality and reliability for accurate modeling of
battery SOH. Therefore, to ensure the reliability of the modeling, the raw
data collected from the EV battery have undergone a systematic pre-
processing workflow to address common issues such as quality
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Fig. 1. Distributions of real-world EV operation data.
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inconsistencies, sensor anomalies, and structural misalignment in the
on-site dataset. Duplicate entries were removed based on timestamp
consistency. Outlier detection was then performed using the inter-
quartile range method, targeting extreme values in cell voltages, pack
current, and temperature measurements. Observed anomalies—such as
physically implausible cell voltages exceeding 6 V, which are inconsis-
tent with the electrochemical characteristics of LIBs—were corrected
through localized temporal smoothing. Following outlier correction, the
vehicle data were segmented into charging, discharging, and idle pe-
riods using a combination of SOC gradient, current polarity, and vehicle
speed. Only charging segments were retained for subsequent modeling,
as they provide more stable operating conditions and clearer electro-
chemical signatures than dynamic driving periods, where frequent
current reversals and rapid state transitions may obscure degradation
indicators.

To ensure sufficient depth of electrochemical reaction during each
charging process, segments were further filtered by enforcing a mini-
mum threshold for SOC variation. Only charging events with a cumu-
lative SOC increase of at least 30% were retained. This criterion ensures
that each selected segment reflects a meaningful amount of electro-
chemical activity, which is critical for extracting degradation-relevant
temporal features. Incomplete charging segments with missing sensor
measurements were identified and reconstructed using linear interpo-
lation, enabling consistent temporal alignment. The cleaned charging
records were then processed using a sliding-window approach, with
each input sample comprising 20 consecutive frames. The sliding step
was set to 1 frame to preserve temporal continuity and capture fine-
grained feature transitions. This preprocessing procedure generated a
structured dataset suitable for both supervised learning and cross-
domain generalization, thereby enabling the model to learn temporal
degradation patterns with enhanced robustness, interpretability, and
scalability under real-world operating conditions.

2.3. Calculation of reference capacity labels

Battery aging is a cumulative process driven by internal electro-
chemical degradation mechanisms, such as lithium inventory loss and
active material loss. SOH is a quantitative indicator that characterizes
the extent of degradation and reflects a battery's remaining ability to
store and deliver energy. In practical applications, capacity and internal
resistance are the two most commonly used parameters for evaluating
battery SOH [42,43]. Although resistance growth is an important aging
manifestation, its practical use in EV applications is limited because
internal resistance is highly sensitive to instantaneous operating tem-
perature, current profile, and measurement protocol, all of which vary
significantly during real-world driving. Unlike resistance-based in-
dicators, capacity loss reflects the actual loss of cyclable lithium and
active material, providing a physically grounded and chemistry-agnostic
measure of performance degradation. Moreover, the maximum avail-
able capacity directly determines the vehicle's driving range and overall
energy storage capability, both of which are critical for user experience
and alleviating range anxiety. Therefore, considering the operational
priorities of electric vehicles, this study uses capacity degradation to
quantify battery SOH, as defined in Eq. (1),

G

SOH = o (€8]

where Cy represents the nominal rated capacity specified by the battery
manufacturer, and C; denotes the current maximum available capacity
of the battery pack.

Determining the precise value of C; is a prerequisite for SOH quan-
tification. Since the real-world dataset employed in this study does not
contain logged SOH estimates or capacity values from the onboard BMS,
the ground truth labels must be derived directly from the raw sensor
measurements. To achieve this, we use the high-quality charging
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segments isolated during preprocessing. Compared to dynamic driving
cycles, charging processes offer stable current profiles and consistent
electrochemical states, making them ideal for SOH estimation. For each
retained charging segment satisfying the SOC interval threshold, the
maximum available capacity C; at that aging state is computed using the
Ampere-hour integration method and is defined by Eq. (2),

- f;’ I(t)dt

= 2
‘7 ASOC @

where I represents the charging current, and ty and ¢; denote the start and
end times of the charging process, respectively. The denominator,
ASOC, denotes the corresponding proportional change in the SOC.
Physically, this ratio provides a meaningful link between partial
charging data and the battery's total capacity. By normalizing the
accumulated charge over a segment by the corresponding SOC fraction,
the ratio effectively extrapolates the measured partial energy
throughput to reconstruct the maximum available capacity of the bat-
tery pack at that specific aging state. As the equation represents a ratio,
when the ASOC is small, minor sensor noise or quantization errors in the
BMS SOC readings are disproportionately amplified, leading to severe
fluctuations and singularities in the estimated capacity C. Conversely,
imposing an excessively strict threshold (e.g., ASOC > 80%) would
discard a vast majority of real-world charging segments, leading to data
scarcity that hinders the model's generalization. To achieve an optimal
balance between estimation accuracy and data availability, this study
adopts a threshold of ASOC > 30% for selecting charging segments [44].
This selection ensures that the integration interval is sufficiently long to
suppress transient sensor noise and minimize the relative error in the
ratio, while retaining a statistically significant number of samples for
robust model training.

Notably, the SOC values estimated by the BMS and current mea-
surements in real-world settings are subject to noise and cumulative
errors, which can introduce outliers in the reference capacity labels
calculated using the above method. Furthermore, variability in opera-
tional conditions and user behavior often leads to non-negligible errors
in SOC estimation. To mitigate these disturbances and extract the robust
nonlinear trend of capacity degradation, this study adopts the locally
weighted scatterplot smoothing (LOWESS) method [45,46], as shown in
Fig. 2. Furthermore, to rigorously quantify the confidence in these la-
bels, a cluster-bootstrapping method is integrated into this calibration
process. As depicted in Fig. 2, each charging segment is treated as a
sampling cluster, and bootstrap resampling with replacement is per-
formed iteratively. For each iteration, a new LOWESS fit is computed,
generating an ensemble of degradation trajectories. From this ensemble,
pointwise 95% confidence intervals are constructed using the 2.5th and
97.5th percentiles. This calibration step effectively isolates the true
irreversible electrochemical aging signal from stochastic measurement
noise, while also providing a measure of segment-aware uncertainty. In
the subsequent prediction process, these calibrated capacity values are
used as ground-truth labels for the supervised learning framework.
Specifically, during the training phase, the model learns to map the
input multi-modal charging features to these corresponding calibrated
capacity labels. Once trained, the model can directly estimate the bat-
tery's current maximum available capacity during inference based on
short-term charging snippets, eliminating the need for long-duration
charging events or explicit external calibration procedures.

2.4. Feature engineering

As shown in Table 2, this study integrates battery aging mechanisms,
engineering practice experience, and operational characteristics derived
from real-world vehicle data. Based on these factors, a total of 11 health-
state features are constructed across thermal, electrical, and temporal
dimensions as model inputs. Accumulated mileage, serving as a direct
quantitative indicator of vehicle usage intensity, exhibits a long-term
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Fig. 2. Capacity degradation trajectories with quantified label uncertainty for four representative EVs.
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Table 2

Battery health feature description.

Serial number Feature type Health features Abbreviation
1 Temporal feature Charging capacity Ca

2 Cumulative mileage M_e

3 Charging voltage Vvt

4 Charging current Ct

5 Charging power Cp

6 Maximum temperature T_max
7 Minimum temperature T_min
8 Maximum cell voltage V_max
9 Minimum cell voltage V_min
10 Spatial feature Single-cell voltage N_cv
11 Sensor temperature N_t

correlation with capacity degradation. Its progressive increase reflects
cumulative cycling behavior and energy consumption. Charging current
and power characterize user charging strategies, indirectly representing
the variability in electrical stress conditions and thereby influencing the
evolution trajectories of battery life. Extreme values of cell voltage and
temperature highlight the inherent nonuniformity of the internal elec-
trothermal field within battery modules, which intensifies over time,
ultimately resulting in differential single-cell performance degradation.
Furthermore, the joint distribution of voltage and temperature high-
lights the coupling between extreme thermal conditions and voltage
anomalies. These features collectively capture the underlying causes and
external manifestations of battery degradation across multiple
dimensions.

The Pearson correlation strength of temporal features is illustrated in

Fig. 3, where color intensity denotes the correlation of magnitude and
direction (red for positive, blue for negative). Scatter plots and histo-
grams are embedded to reveal linear trends and feature distributions.
For spatial features, node feature vectors were constructed using single-
cell voltage and temperature probe data and subsequently encoded into
graph structures through the DGAT module. The graph feature design
aims to reflect both the heterogeneity and correlations among individual
battery cells, represented as the localized thermoelectric states of each
cell unit. Each node corresponds to a single battery cell and features cell
voltage and sensor probe temperature. The incorporation of graph-
structured spatial features allows the model to explicitly capture
spatial interactions and thermoelectric coupling among individual bat-
tery cells. Conventional methods often treat battery cells as independent
or homogeneous units. In contrast, our graph-based representation
captures local anomalies and evolving spatial nonuniformities. This
approach enables the model to identify subtle degradation signals that
manifest as inter-cell variability. By combining such detailed spatial
insights with temporal degradation patterns captured by the afore-
mentioned temporal features, the proposed DGAT-N-BEATS framework
achieves improved robustness and generalization capability under
diverse operational conditions. This integrated spatial-temporal
approach not only enhances estimation accuracy but also provides
greater interpretability by elucidating the underlying physical re-
lationships driving battery performance decay.

3. Methodology

Persistent limitations in spatiotemporal modeling, interpretability,
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Fig. 3. Pearson correlation heatmap of battery health features.

and cross-domain generalization continue to constrain the advancement
of intelligent battery management systems for electric vehicles. To
address these challenges, this work introduces a diagnostic framework
that integrates spatiotemporal learning capabilities, interpretability,
and strong generalization. Fig. 4 presents an end-to-end modeling
pipeline encompassing data preprocessing, label construction, spatio-
temporal modeling, and final prediction output. Fig. 4 (a) and (b) de-
picts the data processing pipeline and the spatial dynamic graph
construction module, respectively. Fig. 4(c) illustrates the interpretable
prediction architecture and the lightweight fine-tuning module. Fig. 4
(d) provides behavior-aware interpretation and prediction analysis. The
framework enhances graph construction by learning sample-specific,
time-varying inter-cell adjacency directly from raw voltage and tem-
perature signals. A multi-head attention mechanism replaces fixed or
heuristic graphs and enables position-aware message passing, revealing
dominant cells and critical interactions.

On the temporal side, the N-BEATS forecaster employs a blockwise
residual decomposition based on polynomial bases. The resulting co-
efficients capture global degradation trends and local deviations,
aligning predictions with established degradation behaviors and
enabling direct attribution. A gated fusion mechanism couples the
spatial encoder with the temporal predictor by modulating window-
level features using global graph context. This unified representation
allows the model to maintain trajectory consistency under heteroge-
neous usage scenarios, even when local anomalies occur. For cross-
domain deployment, the framework utilizes an adapter-based fine-tun-
ing strategy that updates only lightweight modules while keeping the
backbone architecture fixed. This design provides behavior-agnostic

generalization and maintains stable training costs across different
domains.

3.1. Overview of the EV battery health diagnosis framework

The proposed DGAT-N-BEATS framework integrates dynamic spatial
encoding, interpretable temporal forecasting, and behavior-agnostic
modulation into a unified structure for real-world EV battery capacity
estimation. As illustrated in Fig. 5, the architecture departs from con-
ventional black-box predictors by explicitly embedding interpretability
and structural flexibility in both its spatial and temporal components. As
shown in Fig. 5(a), the graph constructor generates a node feature
matrix X, derived from voltage and temperature measurements, along
with an attention-based adjacency matrix A. As shown in Fig. 5(b), these
outputs are then fed into the DGAT module, where A is used as edge
weights for multi-head message passing to produce the global graph
embedding g. Through this design, the model explicitly characterizes
localized degradation effects stemming from thermoelectric heteroge-
neity, while ensuring robust generalization across diverse battery packs
and usage patterns. Key innovations include: (1) a learnable attention-
based graph constructor that dynamically infers cell-wise interaction
graphs from raw telemetry; (2) a residual polynomial forecaster that
decouples long-term trends and localized irregularities; (3) an efficient
parameter fine-tuning strategy based on adapters; and (4) a modulation
layer that couples spatial and temporal features through global graph-
aware embeddings, enabling localized behavior to propagate across
time.

To capture the latent thermoelectric dependencies among cells,
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Fig. 4. An interpretable framework for battery capacity estimation using large-scale real-world EV operational data.
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DGAT employs a multi-head attention mechanism to dynamically
construct a directed graph based on per-cell voltage and aligned tem-
perature inputs. By representing each battery cell as a node, attention
weights are learned to quantify the influence of surrounding cells at each
timestep, yielding time-dependent, sample-specific adjacency matrices.

This dynamic behavior reflects the evolving nature of thermoelectric
coupling; for instance, cells exhibiting similar overpotential behavior at
high temperature may become increasingly correlated in their degra-
dation pathways, as captured by strengthened edges. In contrast to static
graphs that fix inter-cell relationships, the dynamic graph in DGAT
continuously updates its adjacency structure based on the instantaneous
electrothermal state. Consequently, the connectivity pattern adapts to
charging conditions, temperature gradients, and aging progression,
thereby facilitating the precise characterization of real-time in-
terdependencies. The detailed configurations of the model architecture
and its key hyperparameters used for implementation and scalability
analysis are summarized in Table 3.

3.2. Dynamic graph attention network

To capture the underlying thermoelectric interactions between bat-
tery cells, this study constructs a dynamically inferred graph represen-
tation, realized through a graph attention network (GAT) [47].
Conventional GAT-based approaches typically rely on fixed adjacency
matrices derived from offline preprocessing. In contrast, our proposed
DGAT constructs graphs in real-time by directly computing attention-
based edge weights from raw sensor inputs at each time step. Specif-
ically, the graph comprises two heterogeneous node types: 96 voltage
nodes (each corresponding to a single cell) and 32 temperature nodes
(each corresponding to a physical temperature sensor). Since the num-
ber of temperature sensors is smaller than the number of battery cells,
for each cell i, the temperature sensor k whose historical temperature
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Table 3
Model hyperparameter description.

Parameter  Description Value  Role

dr Input temperature 32 Determines the input dimension
vector dimension of thermal sensor data; supports

modeling of spatial thermal
effects and thermo-electrical
interactions.

dy Cell voltage vector 96 Specifies the spatial dimension
dimension across cell voltages; enables

modeling of inconsistency-driven
degradation relations.

w Temporal window 20 Determines the history length of
length (number of the time series; critical for
steps) modeling aging trends and usage-

dependent degradation.

dp Feature dimension per 9 Controls the expressive capacity
time step per time step (e.g., voltage

statistics, usage behavior);
influences the fidelity of temporal
modeling.

dg DGAT graph output 64 Encodes spatial dependencies
dimension among battery cells driven by

thermo-electrical coupling.

dy DGAT hidden 64 Controls the capacity of the
dimension spatial encoder to model thermo-

electrical coupling

L Number of DGAT 3 Defines the depth of spatial
layers feature extraction; deeper layers

capture long-range dependencies
among battery cells.

K Number of N-BEATS 3 Governs the decomposition of the
blocks (trend) SOH time series into trend

components; supports long-
horizon, interpretable
forecasting.

K; Number of fully 4 Determines the non-linear
connected layers inside mapping depth from modulated
each trend block features to trend-basis

coefficients

d Degree of trend 3 Specifies the degree of
polynomial basis polynomial basis for trend blocks

in N-BEATS; balances fit accuracy
and overfitting risk.

h Hidden layer size in 256 Affects model capacity for
fully-connected blocks nonlinear transformations; key

for learning complex degradation
trajectories.

p Dropout rate 0.3 Regularization to prevent
overfitting, especially important
given the scale of the input data
and model size.

Ir Learning rate 0.001  Controls training stability and
convergence speed; tuned for
large-scale EV time series.

a Activation function ReLU Introduces nonlinearity across all
fully connected layers; balances
simplicity and model
expressiveness.

B Batch size of training 256 Larger batches stabilize updates

samples and improve throughput, smaller
batches enhance regularization
but may yield noisier gradients.

E Number of training 100 Defines the maximum training
iterations horizon.

P Early stopping patience 15 Prevent overfitting by stopping
training when generalization
stops improving.

top-k Number of top k 16 Sets graph sparsity and
attention weights to computational cost.
retain

H Number of attention 2 Compute node features and
heads in dynamic adjacency matrices for GAT in
graph construction real time.

Hg Number of heads in 2 Provides multi-channel

GAT

aggregation over neighbors and
improves spatial expressiveness
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signal T exhibits the highest Pearson correlation with the cell's voltage
signal V; is selected. The corresponding sensor k is then mapped to the
cell for alignment, as formally defined in Eq. (3),

*_ )\ 4 _ 7
kK = argm’?xcorr (Vi, Ty ), T = Tki 3

where each V; denotes the voltage signal of the i-th battery cell, T{
represents the temperature measured by the k-th physical sensor, corr(-)
is the Pearson correlation coefficient computed over historical operating

data, and %i is the assigned temperature corresponding to the most
correlated sensor. When several sensors show similar correlations, we
take the average of the top 3 sensors. Following this mapping, each cell
node is represented by a two-dimensional feature vector comprising its
voltage and mapped temperature, thereby constructing the input matrix
X ¢ RQGXZ.

The DGAT module then applies a multi-head attention mechanism to
learn the dynamic coupling strength among cells, forming a dynamic
adjacency matrix that evolves with the battery's operating condition.
The dynamic nature of this graph arises from the mechanism that both
the neighborhood structure and the connection strengths between nodes
evolve over time, conditioned on the instantaneous electrothermal
states. For each node, only the top-k attention coefficients are retained to
construct a sparse yet expressive dynamic graph. In contrast, edges
associated with stable or thermally isolated cells are automatically
down-weighted. This allows the DGAT module to capture non-
stationary, condition-dependent thermoelectric coupling, going
beyond static physical layouts. Through this adaptive graph construc-
tion, DGAT provides a physically grounded yet data-driven representa-
tion of evolving heat transfer paths and electrical imbalances in the
pack, enhancing the model's ability to detect latent failure patterns and
subtle degradation dynamics under real-world conditions. Specifically,
the input matrix X, composed of voltage and temperature node features,
is fed into the multi-head attention mechanism to learn the thermo-
electric coupling relationships between each pair of nodes, as shown in
Eq. (4),

.
h h

2 — softmax. m
’ Vi

i

4

where ql@ = ng) X;, k]@ = w}? xjand h €{1, ...,H} indexes the attention
heads. The adjacency matrix is thus dynamically computed at runtime,
enabling the construction of a sample-specific, data-driven graph
structure at each forward pass. To ensure sparsity and computational
efficiency, the top-k attention scores per node are retained to form the
edge set & C 7" x 7. The resulting graph is passed through a stack of
GAT layers to perform localized feature aggregation. Each layer updates
nodes as shown in Eq. (4),

hi=o| > oW, ®)

jer (i)

where o is the learned attention weight, Wy is the value projection
matrix, and ¢ denotes a non-linear activation. To improve representa-
tion capacity, multi-head attention is employed, and the outputs from all
heads are concatenated or averaged. The final representation after L
layers, as shown in Eq. (6),

H®Y = GAT® (--GATV (X, &) - ) (6)

where HY ¢ RN*% captures high-order spatial interactions across the
battery cells. To bridge the graph encoder with the downstream N-
BEATS predictor, an attention-based pooling mechanism is adopted to
condense node-wise representations into a global embedding, as defined
in Eq. (7),
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where B; denotes the learned importance of node i, and summarizes the
spatial state of the battery system. This global feature serves as a mod-
ulation vector for time series estimation in the subsequent prediction
stage. In summary, the proposed DGAT module distinguishes itself from
traditional GAT-based architectures by performing fully dynamic,
attention-driven graph construction at each time step, rather than
relying on static or preprocessed topologies. This design ensures the
model remains sensitive to real-time changes in battery state, enabling
fine-grained, context-aware learning of spatial interactions—cap-
abilities essential for accurate and interpretable SOH estimation in real-
world EV deployments.

3.3. Interpretable temporal modeling via N-BEATS

To effectively capture the temporal evolution of battery degradation,
this study adopts a structured and interpretable architecture based on N-
BEATS [48]. This architecture fundamentally diverges from conven-
tional black-box sequence modeling paradigms by systematically
decomposing temporal signals into additive, interpretable basis func-
tions. This approach establishes an explicit mathematical framework for
characterizing long-term capacity degradation trajectories by incorpo-
rating three synergistic technical principles. The orthogonality of basis
functions enables independent analysis of degradation trends, and the
hierarchical residual structure further captures multi-scale temporal
patterns across different operational phases. Crucially, the model ach-
ieves diagnostic interpretability by quantifying component-wise con-
tributions, which associate specific basis functions with physical
degradation mechanisms. This architectural design transforms capacity
fade modeling from opaque extrapolation to mathematically traceable
component interactions. It thereby provides both predictive accuracy
and engineering-relevant degradation insights that are unavailable in
traditional end-to-end approaches.

The input to the N-BEATS module is a fixed-length sliding window of
operational features, denoted as x € R™*? where T is the window length
and D is the feature dimension. To integrate the structural information
extracted by the DGAT module, it introduces a feature modulation
mechanism based on the global graph embedding g € R%, which cap-
tures cell-level interactions within the battery pack. This modulation
applies a gated transformation to reweight the temporal input features,
enhancing the ability of the model to adapt its temporal reasoning to the
spatial state of the system. The modulation process applies a gated
transformation to reweight the temporal features based on the structural
representation extracted by DGAT, as shown in Egs. (8) and (9),

h = o(LayerNorm(W-ReLU(W;-g) )) (©))
X =x0Oh+x 9

where W; € R%*%and W, € RP*% are learnable weight matrices, and ®
denotes element-wise multiplication. The output X € R™*P is the
modulated feature matrix, enriched by global spatial information. The
temporal modeling is structured into a sequence of residual blocks. Each
block receives the modulated feature vector and produces two outputs: a
backcast component x € RT used to reconstruct the observed input
window and a forecast component ¥ € R” to estimate the forward
degradation trajectory. Formally, for block [, the outputs are as shown in
Egs. (10) and (11).

20 39] = fO(x0) (10)

D — 50 _z0 an
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Each block is configured with interpretable basis functions designed

to capture long-term degradation trends. The forecast y“> is expressed as
a weighted sum over polynomial bases, as shown in Eq. (12),

K

7" =3"60 ().t € [0,1] “

k=0

where @ (t) = t* denotes the k-th order polynomial basis, and 6,@ eRis
the learned coefficient. The use of explicit basis expansion allows the
model to link its outputs to interpretable physical phenomena—e.g.,
linear fade, accelerated decay, or plateau phases. After L residual blocks,
the final degradation prediction is obtained by aggregating the forecasts,
as shown in Eq. (13).

=Y 3" (13)

M=

||
—

The N-BEATS-based temporal module in the proposed framework
serves as a transparent and interpretable learner of degradation
dynamics.

3.4. Model training of the proposed framework

To quantify the discrepancy between the estimated battery capacity
and the ground truth, the mean squared error (MSE) is employed as the
objective function, as defined in Eq. (14),

1 -
Puse = N Z i —y)* 14
i1

where y; and y; are the actual and predicted values, respectively, and N
denotes the number of samples used in the loss computation. In the
proposed framework, the Adam optimizer [49] is employed to itera-
tively update the model weights to minimize this loss. The optimizer is
configured with its default parameter settings. To ensure stable
convergence, a dynamic learning rate schedule is implemented: the
learning rate is initialized to the value specified in Table 3. It is decayed
by a factor of 0.5 if the validation loss does not decrease for 5 consec-
utive epochs. Furthermore, to prevent overfitting and enhance gener-
alization, a dropout regularization strategy is applied alongside an early
stopping mechanism. As indicated in the training configuration, the
training loop terminates automatically if the validation metric fails to
improve after 15 epochs. Regarding the hyperparameter selection listed
in Table 3, a two-fold strategy was adopted. The structural and opti-
mization hyperparameters, including the graph embedding dimensions
(dg, dy), network depth (L), N-BEATS configuration (K, Ki, d, h),
attention heads (H, Hg), dropout rate (p), learning rate (Ir), and batch
size (B), were determined via a grid search algorithm on the validation
set. In contrast, the parameters governing spatiotemporal complexity,
specifically the sliding window length (W) and the graph sparsity
parameter (top-k), were selected based on a rigorous trade-off analysis
between computational cost and estimation accuracy, as detailed in the
ablation study in Section 4.4. The pseudocode of the training logic is
summarized in Table 4.

3.5. Transfer learning

To enhance cross-vehicle generalization under distribution shifts,
this study employs a parameter-efficient transfer learning strategy based
on adapter-based fine-tuning (Fig. 6) [50]. The DGAT-N-BEATS model is
first pretrained on a large-scale source dataset (Dataset #1), which
provides abundant historical records for a fleet of vehicles with a given
battery configuration. The resulting backbone captures generic ther-
moelectric coupling patterns and temporal degradation dynamics at the
pack level. The pretrained model is then adapted to a structurally
distinct target domain (Dataset #2), which contains EVs with different
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Table 4
Training procedures of the proposed framework.
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Algorithm 1: DGAT-N-BEATS for EV battery capacity estimation

Input data: Per-window node voltages V(;), node temperatures T, temporal features Xcemp.

Dynamic graph construction (DGAT):
(1) The correlation-based mapping constructs the input feature matrix X € R%*2;
(2) Compute attention-based edge weights between nodes (Eq. (4));
(3) For each node, keep top-k neighbors; set adjacency &;
(4) Apply stacked GAT layers on (Z, %) to obtain node embeddings H");
(5) Attention-pool HO - global graph embedding hg (Eq. (7).
Graph feature modulation:
(1) Compute the gate vector for the global embedding h (Eq. (8));
(2) Perform feature modulation using Eq. (9).
Interpretable temporal modeling (N-BEATS):
(1) Initialize residual input with x’; set the forecast accumulator to zero.
(2) For each residual block:
(a) Produce a forecast for the window using a polynomial basis (Eq. (12));
(b) Accumulate the forecasts across blocks.
(3) Aggregate all block forecasts to obtain the final prediction (Eq. (13)).
Training and validation:
Initialize network parameters .
Input: optimizer, learning-rate policy, maximum epochs.
for i epoch do

(1) Training loop: run DGAT — Modulation — N-BEATS to get Yson; compute L, = MSE (¥somn, Yson); backpropagation; update .

(2) Validation: forward on the validation set to obtain L,;

apply early stopping; save the best checkpoint @* if L, improves.

end for

Testing: Load »*; forward on the test set to obtainysop; report RMSE, MAPE, R2
Output: Estimated capacity and the best model w*.
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Fig. 6. Cross-vehicle transfer learning framework with dynamic graph construction and adapter-based fine-tuning.

battery pack configurations and usage profiles but only limited labeled
data. Instead of fine-tuning all backbone parameters on Dataset #2,
lightweight bottleneck adapters are inserted into selected DGAT layers
and N-BEATS blocks, and the transfer stage primarily updates these
adapter parameters. For an intermediate feature vector x € R%, each
adapter applies a low-dimensional transformation, defined by Eq. (15),

Adapter(x) = Wyp6(WaownX) +X (15)

10

where Wyown € R*® projects the features into a bottleneck space with
bxd, Wy, € Rdxb maps them back to the original dimension, and o(-)
denotes a nonlinear activation function. The residual connection ensures
that the adapters learn domain-specific residual corrections on top of the
pretrained representations, rather than overwriting them, which is
particularly well-suited for capturing subtle distributional shifts across
different vehicle fleets and pack configurations. During adaptation to
Dataset #2, the entire network is not fine-tuned. In particular, only the
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bottleneck adapters inserted into the DGAT and N-BEATS blocks and the
SOH prediction head are updated. At the same time, all remaining layers
of the pretrained backbone are kept frozen. In this way, more than 90%
of the original parameters are kept fixed, preserving the pretrained
knowledge from Dataset #1 and mitigating catastrophic forgetting. In
contrast, the small set of trainable modules is sufficient to capture target-
domain-specific patterns. This parameter-efficient design substantially
reduces the data requirements and computational overhead of transfer
learning, enabling stable convergence even when only 10-30% of the
target-domain samples are used for fine-tuning.

A key challenge in cross-vehicle transfer is that different EV plat-
forms may contain battery packs with varying numbers of cells and
sensor channels, leading to graphs of various sizes. The proposed DGAT-
N-BEATS framework naturally accommodates such structural variations
because the underlying graph construction and message-passing mech-
anisms are node-invariant. Specifically, the dynamic graph attention
module constructs the adjacency matrix at runtime solely from volta-
ge-temperature feature embeddings, without relying on any fixed pack
topology. Regardless of pack size, each graph node consistently repre-
sents a single cell, and its feature vector is constructed in the same
manner from voltage- and temperature-derived signals. Temperature
channels are associated with individual cells via a Pear-
son-correlation-based mapping, ensuring that the node feature defini-
tion remains consistent across datasets, even when the number of cells
differs. The adjacency structure is not inherited from the source vehicle's
physical topology; instead, it is reconstructed dynamically on the target
vehicle using multi-head attention. For any node count N, the dynamic
graph attention module computes an N x N interaction matrix and se-
lects the strongest relations to form a sparse dynamic graph. Because
DGAT message-passing weights are shared across nodes and do not
depend on N, the pretrained encoder can operate seamlessly on graphs
with different sizes. Finally, an attentive pooling operator aggregates
node-level embeddings into a fixed-dimensional pack representation,
eliminating dependence on node count before the temporal forecasting
stage. This design enables architecture-preserving transfer from a 96-cell
pack to a 91-cell pack without requiring explicit one-to-one node cor-
respondence, while adapting the model to new thermoelectric patterns
through lightweight adapter updates.

Conventional full-model fine-tuning updates all parameters in both
the DGAT encoder and the N-BEATS temporal blocks, allowing unre-
stricted changes throughout the entire representation hierarchy.
Although this can increase flexibility, it also makes optimization highly
unstable when only 10-30% of target-domain data are available, leading
to overfitting and destructive drift in the pretrained graph and temporal
representations. Low-rank adaptation (LoRA) [51] offers a more
parameter-efficient alternative by injecting trainable low-rank matrices
into the query, key, and value projections of the attention modules,
thereby modifying the weight matrices directly at the parameter level.
However, LoRA is tightly coupled with Transformer-style attention and
does not intervene at the feature-layer level; as a result, it cannot
simultaneously modulate both the graph-structure inference and the
downstream temporal forecasting pathway. Gradual unfreezing instead
begins by training only the top layers of the backbone and progressively
releases deeper layers during optimization [52]. While this strategy re-
duces catastrophic forgetting relative to full fine-tuning, it still requires
updating a large portion of the backbone parameters, leading to sub-
stantially higher variance and a greater risk of overfitting on small
target-domain datasets. By contrast, the proposed adapter-based strat-
egy performs domain adaptation through lightweight, bottleneck re-
sidual modules inserted into both the DGAT and N-BEATS feature
blocks. These adapters implement compact, low-rank feature trans-
formations without modifying the pretrained backbone parameters,
ensuring that the learned thermoelectric interaction patterns and
degradation dynamics remain intact while allowing domain-specific
corrections to be learned efficiently. This mechanism enables stable
adaptation with more than 90% of parameters frozen, jointly

11
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influencing graph construction, feature propagation, and temporal
prediction in a manner neither LoRA nor gradual unfreezing can ach-
ieve. As demonstrated in Section 4.2, this yields consistently lower
estimation errors and narrower error distributions under identical
target-domain data budgets, confirming that the proposed mechanism
offers a more suitable and robust transfer learning paradigm for cross-
vehicle capacity estimation.

4. Results and discussion
4.1. Capacity estimation results of the proposed method

To verify the effectiveness of the DGAT-N-BEATS model in capacity
estimation for real-world vehicles, this study evaluates its predictive
performance using field-operational data. Here, the dataset is split using
a vehicle-level protocol. Specifically, vehicles are divided into 70% for
training, 10% for validation, and 20% for testing. The dataset is parti-
tioned using a fixed random seed to ensure reproducibility. All models
are implemented using the PyTorch deep learning framework (Python
3.9) and executed on a hardware platform featuring an Intel Core i5-
14600KF processor with 32 GB of random access memory, supple-
mented by an NVIDIA RTX 4070 graphics processing unit (GPU)
equipped with 12 GB of dedicated video memory. To demonstrate the
advantages of the proposed DGAT-N-BEATS for battery-capacity esti-
mation, this study compares it with typical models, including CNN,
Transformer, recurrent neural network (RNN), extreme gradient boost-
ing (XGBoost), and support vector regression (SVR), as well as three
strong task-specific baselines from the literature: N-CatBoost model
[41], CNN-Transformer model [31], and deep fusion transfer learning
network (DFTN) [32]. To ensure a fair and consistent benchmarking
protocol, all compared models, including tree-based methods, are
trained and evaluated under identical data splits, preprocessing pro-
cedures, and evaluation metrics. During training, all baseline models use
the same optimizer, learning rate, hidden layer dimension, and batch
size configurations. The number of training epochs is fixed at 100, with
early stopping applied based on validation performance. No model-
specific hyperparameter tuning is performed beyond standard default
values, and the training framework remains consistent with that of the
proposed DGAT-N-BEATS model to isolate the effect of each architec-
tural modification. This controlled and unified protocol ensures that
inconsistencies do not influence performance comparisons in data pro-
cessing, training procedures, or evaluation criteria.

Fig. 7(a) shows that the predictions of the proposed DGAT-N-BEATS
model closely follow the ideal diagonal reference line. This indicates
excellent agreement between the estimated and true capacities. By
comparison, baseline methods show larger estimation deviations. The
CNN model, shown in Fig. 7(b), and the Transformer model, shown in
Fig. 7(c), demonstrate evident scatter and systematic discrepancies,
particularly at higher capacities. Similarly, predictions from the RNN
model, shown in Fig. 7(d), deviate significantly from true values,
whereas classical methods such as XGBoost, shown in Fig. 7(e), and SVR,
shown in Fig. 7(f), reveal notable prediction dispersion, reflecting dif-
ficulties in accurately capturing complex degradation behaviors.
Furthermore, Fig. 7(g)-(i) illustrate the results of several recent hybrid
and ensemble methods. The DFTN model (Fig. 7(g)) achieves moderate
accuracy but still underestimates mid-range capacities. The N-CatBoost
model (Fig. 7(h)) reduces some of the variance but struggles with high-
capacity samples. The CNN-Transformer hybrid model (Fig. 7(i)) im-
proves local trend fitting yet introduces notable overfitting artifacts,
especially near the tail of the distribution. These comparative results
underscore the superior balance of accuracy and generalization ach-
ieved by the DGAT-N-BEATS architecture. Fig. 8 presents the estimated
versus actual capacity trajectories for six representative vehicles from
the test set. These results highlight the model's ability to accurately track
the capacity degradation trends across diverse degradation patterns and
aging behaviors. Despite variations in battery aging rates and usage
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Fig. 7. Comparison of the proposed method and baseline models for EV battery capacity estimation.

dynamics, the DGAT-N-BEATS model consistently provides smooth,
accurate estimates throughout the full lifecycle, confirming its robust-
ness and transferability to unseen vehicles. To quantitatively assess
model performance, three widely used regression evaluation metrics are
adopted: RMSE, coefficient of determination (R?), and MAPE. These
metrics are defined as Egs. (16)-(18),

1N .

RMSE = H;(yi_}'i)z (16)
> -y

RP=1-5 a7
;w—ﬂz
1 yi—Y

MAPE = — | x 100% 1
n; | x 00% (18)

where y; and y; denote the true and predicted values, respectively, ¥ is
the mean of the true values, and n is the total number of samples.
Quantitative evaluation metrics are summarized in Table 5, further
confirming these visual observations. The proposed DGAT-N-BEATS
method achieves significantly superior results, exhibiting the lowest
RMSE of 1.22%, the highest R? of 0.88, and the lowest MAPE of 0.98%.
Comparatively, the SVR model underperforms substantially, yielding
the highest RMSE (3.32%), the lowest R? (0.11), and the highest MAPE
(3.37%), suggesting poor prediction reliability and limited generaliza-
tion capabilities. Transformer and RNN models, while outperforming
CNN, still lag behind DGAT-N-BEATS with higher RMSEs of 2.17% and
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2.71%, respectively, and notably lower R? values. XGBoost and CNN
exhibit markedly inferior performance, with RMSE values of 2.81% and
2.98%, respectively, and corresponding R? values that are substantially
lower than those of the proposed method. Among the advanced task-
specific models, DFTN achieves relatively strong performance with an
RMSE of 1.49% and an R? of 0.83, while N-CatBoost and CNN-
Transformer achieve MAPEs of 0.82% and 0.94%, respectively. Never-
theless, DGAT-N-BEATS consistently outperforms all of them across
multiple metrics, indicating both higher predictive accuracy and
improved generalizability under real-world conditions. The superior
performance of the DGAT-N-BEATS model stems primarily from its
hybrid structure. This design seamlessly integrates graph attention
mechanisms to capture spatial interactions with polynomial-based trend
decomposition for temporal modeling. Overall, the results clearly
demonstrate that the proposed DGAT-N-BEATS model outperforms both
traditional and state-of-the-art baselines, highlighting its strong poten-
tial for reliable and accurate battery capacity estimation in real-world
battery management systems.

To evaluate the feasibility of real-time deployment and investigate
the trade-off between accuracy and computational cost, a comprehen-
sive comparison of inference latency, floating-point operations (FLOPs),
and parameter size across deep learning models was conducted, sum-
marized in Table 6. While the proposed DGAT-N-BEATS model exhibits
higher inference latency (43.04 ms) than the CNN-Transformer (11.26
ms), this increase is primarily due to the computational overhead of
dynamic graph construction and the architecture's sequential compu-
tation. However, a deeper analysis reveals that the proposed framework
offers significant advantages in storage and energy efficiency. As shown
in Table 6, the proposed model requires only 1.69 M parameters and
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Fig. 8. The capacity estimation results of six representative vehicles in the test set.
interpretability by decomposing the degradation trajectory into an
Table 5 interpretable trend component, providing valuable physical insights for
Performance comparison of different models for EV battery capacity estimation.
battery health management.
Models RMSE (%) R? MAPE (%) Beyond standard accuracy, we further investigated the robustness of
DGAT-N-BEATS (our proposed) 1.22 0.88 0.98 the proposed architecture to sensor noise. Fig. 9 illustrates the perfor-
CNN 2.98 0.28 2.90 mance degradation of different models under Gaussian noise ranging
;;‘;Sfmmer ;;Z 8.4611 ;'22 from 0% to 10%. The results demonstrate that high-complexity models
XGBoost 281 0.36 g such as the CN.N—Tral}sformer anq Transformer experience a sharp pe1.*—
SVR 3.32 0.11 3.37 formance decline (with RMSE spiking from 1.46% to 3.35%), as their
DFTN 1.57 0.79 1.45 attention mechanisms are highly sensitive to noise and often amplify
N-CatBoost 1.69 0.76 1.54 high-frequency disturbances. Conversely, while traditional machine
CNN-Transformer 1.46 0.82 1.25

Table 6
Comparison of computational cost between the proposed DGAT-N-BEATS and
other deep learning models.

Models Parameters FLOPs Inference time
) (©)] (ms)
DGAT-N-BEATS (our 1.69 1.23 43.04
proposed)
CNN 0.40 2.05 3.25
Transformer 5.53 8.51 4.69
RNN 0.33 1.70 3.78
DFTN 2.53 7.11 2.31
CNN-Transformer 8.17 40.51 11.26

1.23 GFLOPs, which correspond to approximately one-fifth of the
parameter size and one-thirtieth of the computational load of the CNN-
Transformer (8.17 M parameters and 40.51 GFLOPs). This indicates that
although the inference time is slightly longer, the proposed architecture
is remarkably lightweight and energy-efficient, making it highly suitable
for storage-constrained edge BMS where energy consumption is a crit-
ical concern. Furthermore, unlike black-box deep learning models, the
N-BEATS backbone in the proposed architecture inherently offers
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learning models (e.g., SVR) and simple CNNs are less sensitive to noise,
their baseline accuracy is limited by their inability to capture subtle
degradation patterns. In contrast, the DGAT-N-BEATS model achieves a
superior balance, maintaining exceptional stability (RMSE increasing
only to 1.76% at 10% noise). This confirms that the proposed framework
not only achieves high precision but also possesses the critical robust-
ness required for reliable operation in complex, noisy electromagnetic
environments.

4.2. Cross-vehicle capacity estimation performance

To evaluate the cross-vehicle adaptability of the proposed DGAT-N-
BEATS model, a lightweight adapter-based fine-tuning strategy is
applied to transfer a pretrained model (on Dataset #1) to target vehicles
with different battery configurations (Dataset #2) for SOH estimation.
During transfer, only the parameters within the inserted adapter mod-
ules are updated, while the backbone network remains frozen. This
approach greatly reduces training overhead and enhances adaptation
under limited data conditions. Fig. 10(a) — (g) present the comparison
between estimated and true battery capacities under different pro-
portions of fine-tuning data, ranging from 10% to 70%. As the fine-
tuning ratio increases, the predicted values align more closely with
the ideal diagonal, indicating a significant improvement in estimation
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Fig. 9. Robustness evaluation of SOH estimation models under varying noise.

accuracy. Fig. 10(h) shows the results without any fine-tuning, where
clear underestimation and systematic deviations are observed. Fig. 10(i)
further summarizes the distribution of estimation errors under varying
fine-tuning ratios. Even with only 10% of the target data, the adapted
model significantly reduces estimation variance and bias, while higher
ratios further enhance prediction stability.

Table 7 presents quantitative evaluation metrics including RMSE, R?,
and MAPE for different fine-tuning ratios. The results show a clear trend
of performance improvement as the fine-tuning ratio increases, with
diminishing gains and convergence behavior observed once the ratio
exceeds 60%. As the fine-tuning sample ratio increases, model perfor-
mance continuously improves and tends to converge when the ratio
exceeds 60%. Specifically, with 70% data for fine-tuning, the model
achieves optimal performance (RMSE = 1.23%, R? = 0.90, MAPE =
0.94%). In comparison, the error of the model without fine-tuning is
significantly higher on the same test set (RMSE = 6.89%, R% = —2.09,
MAPE = 5.74%). In summary, the proposed adapter-based strategy
achieves a favorable balance between data efficiency and generalization
performance. With as little as 10%-30% of the target domain data, the
model achieves satisfactory accuracy, while additional data further re-
fines the performance. These results confirm the transferability of the
proposed model across battery systems with varying pack configurations
and demonstrate its potential for scalable deployment in real-world EV
fleets. Furthermore, the adapter-based fine-tuning strategy is bench-
marked against other parameter-efficient transfer methods, as shown in
Fig. 11, which compares its performance with LoRA and gradual un-
freezing using 10% of the target domain data. As shown in Fig. 11(d), the
adapter method achieves the lowest MAPE and a narrower error distri-
bution, indicating superior estimation accuracy and stability under
limited-data conditions. This comparison further validates the effec-
tiveness of the proposed strategy in achieving high transfer performance
with minimal target domain samples.

4.3. Interpretability of the proposed model

Interpretability is crucial for the practical deployment and reliability
assurance of data-driven battery health models. In contrast to traditional
black-box models that rely on post-hoc interpretability, the DGAT-N-
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BEATS architecture is designed with intrinsic interpretability built into
its computational framework. Specifically, the model leverages
attention-based spatial graph learning and polynomial-based temporal
decomposition, providing direct insights into critical battery cells,
influential features, and underlying degradation patterns without
requiring external interpretability approximations. This structural
interpretability ensures model transparency, aligns with physical intui-
tion, and facilitates practical diagnostics and decision-making in the
BMS of EVs.

At the spatial level, the DGAT learns dynamic interdependencies
among battery cells by utilizing attention mechanisms. Fig. 12(a) illus-
trates the learned attention weight matrix, quantitatively revealing
directional influences between pairs of battery cells. The distribution of
attention weights clearly indicates that certain nodes have a significant
impact on battery performance degradation. Notably, nodes that
consistently receive high attention scores across multiple samples sug-
gest that the model has learned to focus on cells that are more critical to
the degradation process, which aligns with known mechanisms of non-
uniform degradation. This explicit attention-driven graph structure
directly encodes interpretable spatial interactions, enabling immediate
identification of problematic or critical cells within the battery pack. The
attention heatmap shown in Fig. 12(b) further demonstrates feature-
level interpretability, highlighting the relative importance of input
features at each timestep within a sliding window. Specific featur-
es—particularly those related to extreme temperatures and charging
indicators—receive higher attention weights. Specifically, the model
consistently assigns higher importance to maximum temperature, tem-
perature difference, and the spread between cell-level voltage extremes.
Together, these features account for 57.6% of the attention mass,
underscoring the sensitivity of the model to thermal and electrical het-
erogeneity—two well-established factors that drive non-uniform battery
aging. Fig. 12(c) visualizes the graph structure learned from the atten-
tion module, providing another intuitive perspective on interpretability.
Nodes representing battery cells are color-coded based on their
computed attention-derived importance scores. Notably, certain nodes
exhibit higher centrality, indicating that specific battery cells are more
dominant in driving degradation trends.

Interpretability is further enhanced by the polynomial basis
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Fig. 10. Evaluation of transfer learning performance using adapter-based fine-tuning on target vehicles.
charging behaviors or transient events. As illustrated in Fig. 12 (f) and
;a]zllel 7 " g it estimati ine different method (g), the standard deviation of the linear term across 300 samples is 0.014
0de perlormance for capacity estimation using diierent Methocs. for backcast and 0.017 for forecast, indicating highly consistent
Method RMSE (%) R? MAPE (%) modeling of global degradation trends. In contrast, the cubic term ex-
Adapter fine-tuning (10%) 2.10 0.69 1.43 hibits greater variability (std = 0.045), suggesting that higher-order
Adapter fine-tuning (20%) 1.80 0.77 1.25 terms primarily capture localized deviations or behavioral perturba-
Adapter fine-tuning (30%) 1.69 0.80 111 tions. Such distinctions are physically meaningful, as long-term capacity
Adapter fine-tuning (40%) 1.53 0.84 0.98 fade i 1 h h high-f fluctuati
Adapter fine-tuning (50%) 155 0.84 1.04 ade is generally smooth, whereas high-frequency fluctuations may
Adapter fine-tuning (60%) 1.34 0.88 0.90 reflect noise, external stressors, or short-term user-induced dynamics.
Adapter fine-tuning (70%) 1.23 0.90 0.84 Additionally, the average trend curves reconstructed from multiple
Without fine-tuning (70%) 6.89 —2.09 5.70

decomposition embedded within the N-BEATS module. Fig. 12(d)-(g)
illustrate the transparent temporal modeling strategy of the model,
showing distributions and evolutions of polynomial coefficients across
multiple samples. Fig. 12(d) shows that the temporal trends are pre-
dominantly driven by lower-order polynomial terms (constant and
linear), reflecting the inherent monotonic or mildly nonlinear charac-
teristics commonly observed in battery capacity-fade mechanisms, such
as solid-electrolyte interphase growth and electrode material degrada-
tion. In contrast, the forecast branch shown in Fig. 12(e) incorporates
slightly more contributions from higher-order terms, suggesting the
ability of the model to capture localized nonlinearities or deviations
potentially induced by operational variability, such as irregular
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stacked N-BEATS blocks, as shown in Fig. 12(h), further demonstrate the
interpretability advantage of the proposed method. A decomposition
analysis indicates that Block O predominantly captures the global
monotonic trend (accounting for 72.5% of the overall trend magnitude),
whereas Blocks 1 and 2 primarily capture secondary, nonlinear com-
ponents and localized fluctuations. This block-wise separation reflects
the physical hierarchy of aging signals, ranging from slow, irreversible
capacity fade to short-term voltage or temperature-induced variations.
Analyses of polynomial coefficient distributions and trend decomposi-
tion further reinforce model transparency, explicitly aligning with
known battery aging mechanisms and operational realities. Importantly,
such layer-wise transparency is difficult to obtain from traditional black-
box models or post-hoc explanation tools, underscoring the value of
embedding interpretability into the model architecture. In summary, by
embedding interpretability directly into attention-based spatial graph
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modeling and polynomial-driven temporal forecasting components, the
proposed DGAT-N-BEATS model achieves substantial interpretability
advantages over traditional post-hoc interpretability techniques.

4.4. Ablation experiments

To isolate the contribution of each component, we compare five
variants trained under the same data split, preprocessing, optimizer,
batch size, and early-stopping protocol: Fig. 13(a) the proposed DGAT-
N-BEATS, Fig. 13(b) DGAT only, Fig. 13(c) N-BEATS only, Fig. 13(d)
static GAT, and Fig. 13(e) GAT-N-BEATS. Fig. 13(a)-(e) reports parity
plots of estimated versus true capacity, and Fig. 13(f) summarizes the
error distributions. Fig. 13(g)-(h) and Table 8 analyze the effect of the
sliding-window length W and the top-k. GPU memory and inference time
are measured on the same hardware to assess scalability. DGAT learns
and aligns inter-cell relations by recomputing multi-head attention on
node features within each window. It then forms a time-varying adja-
cency matrix by retaining the top-k neighbors for each node. The
attention scores function as a content-based relation learner, aligning
voltage-temperature dependencies and preserving the most informative
couplings at each operating state. In contrast, the GAT baseline uses a
fixed adjacency before attention reweighting, which only rescales pre-
existing edges and does not infer new connections. This limitation
weakens its ability to capture nonstationary thermoelectric interactions,
contributing to the accuracy gap. DGAT produces tighter clouds around
the identity line and narrower error distributions in Fig. 13(f).

A second benefit of DGAT is improved transfer across vehicles with
different physical layouts. Because the graph is reconstructed from
features rather than hardwired topology, DGAT can realign node re-
lations when the spatial arrangement or sensor mapping changes. The
model therefore preserves key cross-cell dependencies without manual
remapping, which supports adaptation to new packs and fleets. This
property explains why the full DGAT-N-BEATS variant retains accuracy
after transfer, while static GAT variants degrade when the underlying
layout differs from the source configuration. The N-BEATS backbone
alone (Fig. 13(c)) captures smooth degradation trends but misses spatial
interactions, leading to greater dispersion in atypical regimes. GAT-
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NBEATS (Fig. 13(e)) improves over either part alone, yet the proposed
DGAT-N-BEATS (Fig. 13(a)) produces the narrowest cloud around the
identity line and the smallest error interquartile range. These results
confirm that both temporal trend decomposition and dynamic graph
learning are necessary. Fig. 13(g) illustrates the distribution of capacity
estimation errors for five different sliding-window lengths. Extending W
from 10 to 20 samples reduces both median error and dispersion. This
suggests that a longer window can better average short-term fluctua-
tions while still preserving the trend. However, increasing the window
beyond 20 samples yields diminishing returns, as the 25- and 30-sample
windows offer only marginal accuracy gains but noticeably increase
computational cost. A 30-sample window improves RMSE to 0.97% but
requires roughly 2959 MB and 52 ms. Balancing accuracy and efficiency,
the study adopts a 20-sample window as the default configuration.

Fig. 13(h) illustrates the distribution of capacity estimation errors
analyzed under five different top-k settings. Error decreases as the
neighborhood expands, since more cross-cell interactions are captured.
However, memory and latency grow quickly because attention and
message passing scale with the number of active edges. When the top-k
value is set to 64, the model demonstrates the highest accuracy,
achieving an RMSE of 0.81%, a MAPE of 0.64%, and an R? score of 0.94.
This setting, however, incurs a computational cost of approximately
5855 megabytes of GPU memory and 74 milliseconds per inference. In
comparison, using a top-k value of 16 yields an RMSE of 1.22%, a MAPE
of 0.98%, and an R? of 0.88. It also significantly reduces memory usage
to around 2593 MB and inference time to 43 ms. Given deployment on
resource-constrained platforms, the top-k value is set to 16 by default,
preserving most of the accuracy benefit while roughly halving compute
and memory usage relative to larger neighborhoods. The ablations
demonstrate that the dynamic construction in DGAT is essential for
modeling nonstationary thermoelectric coupling. The temporal trend
decomposition from N-BEATS complements spatial reasoning, and the
moderate window length and neighborhood size provide the best
compromise between accuracy and efficiency.
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Fig. 12. Interpretability analysis of the proposed DGAT-N-BEATS model for EV battery health diagnostics.

4.5. Behavior-driven degradation and performance analysis

To further evaluate the applicability of the proposed DGAT-N-BEATS
model across diverse usage scenarios, the potential impact of differences
in user charging behavior on battery capacity degradation and model
performance is analyzed using the model's predictions. Specifically, user
behavioral profiles are constructed based on vehicle fast-charging ratios.
A unified indicator, termed relative charging preference (RCP), repre-
sents the dominance of fast versus slow charging habits and is intro-
duced to characterize behavioral tendencies. The RCP is defined by Eq.
(19),

Ny

r=— 19
Nf-‘rNx a9

€1[0,1], RCP=2r—1¢[-1,1]

where, Ny denotes the number of fast-charging segments, and Ny denotes
the number of slow-charging segments for each vehicle. The RCP serves
as a symmetric index, representing a monotonic re-parameterization of r
that preserves the original ordering and threshold relationships; RCP >
0 indicates fast-charging dominance, while RCP < 0 indicates slow-
charging dominance. Fast charging and slow charging are defined
based on engineering experience and domain knowledge. Charging
segments with a peak power greater than 30 kW are classified as fast
charging, whereas segments with a peak power equal to or below 30 kW
are classified as slow charging. By incorporating the RCP indicator into

17

the evaluation framework, the proposed method facilitates behavior-
aware SOH assessment. It highlights its strong potential to adapt to
variations in user charging behavior, thereby enabling personalized
battery health management. Fig. 14 presents the main analytical results.
As shown in Fig. 14(a), users are categorized into three groups according
to their fast-charging ratio: low (< 0.3), medium (0.3-0.6), and high (>
0.6). The distribution of capacity fade (AQ) demonstrates a clear strat-
ification across these groups. Notably, the median AQ in the high group
reaches 0.21, significantly greater than that of the Low group (0.14).
This is accompanied by more extreme degradation outliers (AQ > 0.4),
indicating that fast-charging-dominant behavior likely accelerates bat-
tery performance deterioration. Fig. 14(b) further reveals a nonlinear
relationship between fast-charging ratio and AQ. The highest density
cluster appears around a fast-charging ratio of approximately 0.9 and
AQ near 0.2, indicating that while many users frequently engage in fast
charging, their degradation levels remain moderate. Nevertheless,
localized clusters with AQ > 0.4 imply a heightened risk of severe
degradation in some cases.

On the other hand, behavior also appears to affect the accuracy of
capacity estimation. As illustrated in Fig. 14(c), the high fast-charging
group not only exhibits a slightly higher median estimation error, but
also a notably elongated error distribution tail with maximum errors
exceeding 20%. This suggests that extreme user behaviors may
compromise the stability of health estimation models. Fig. 14(d) further
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Fig. 13. Component comparisons and effects of sliding-window length and top-k on model performance.

Table 8
Effect of window length and graph sparsity on model accuracy and efficiency.
Parameter ~ Value  RMSE MAPE R? GPU Inference
(%) (%) memory time (ms)
usage (MB)
top-k 8 2.24 2.10 0.58 2061 30.56
16 1.22 0.98 0.88 2593 43.04
24 1.03 0.88 0.91 3159 54.95
32 0.94 0.76 0.92 3943 64.06
64 0.81 0.64 0.94 5855 73.69
w 10 2.05 1.69 0.65 2118 33.88
15 1.49 1.21 0.82 2364 37.92
20 1.22 0.98 0.88 2593 43.04
25 1.14 0.96 0.89 2705 45.91
30 0.97 0.80 0.92 2959 51.53

highlights a continuous relationship between fast-charging ratio and
estimation errors, exhibiting a distinct nonlinear surge in errors beyond
a fast-charging ratio of 0.85. Additionally, a regression analysis with
RCP as the horizontal axis is performed against AQ (Fig. 14(f)), indi-
cating a positive correlation between behavioral dominance and ca-
pacity fade. The fitted regression line shows a moderate upward trend,
suggesting that as fast-charging preference intensifies, overall degra-
dation risk also increases. However, inter-individual variability signifi-
cantly influences the upper and lower bounds of the trend. To further
quantify this relationship, the mean and standard deviation of AQ
within different RCP intervals are analyzed. Specifically, users with
strong fast-charging preference (RCP<[0.8, 1.0]) exhibit an average AQ
of 0.203, which is 38.1% higher than the 0.147 average AQ observed in
the slow-charging group (RCP€[—0.5, 0.0]). This highlights the adverse
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impact of aggressive fast-charging behaviors on long-term battery
health.

To test whether the RCP-quantified behavioral cue stabilizes the
estimation under fast-charging-dominant usage, an RCP prior is injected
into the first input window of N-BEATS at inference only. It is defined by
Eq. (20),

X=x+ ya(r)f(x (20)

where x denotes the original input sequence, and X represents the
enhanced input with a behavioral prior. The matrix K applies a temporal
weighting kernel based on exponential decay. The scaling factor a(r)
depends on the vehicle's fast-charging preference, activating only for
high-RCP users (r > 0.6). y is a global scaling hyperparameter control-
ling the strength of the behavioral prior. It is fixed across all users. This
RCP prior leaves the training data, loss, and parameters unchanged. It is
enabled only during evaluation and acts as a controllable robustness
knob. Specifically, for users with a high fast-charging preference, the K
slightly smooths the input window over time before it is processed by N-
BEATS. This smoothing reduces spurious sensitivity to local irregular-
ities that occur more frequently under aggressive fast-charging
conditions.

Fig. 14(e) compares SOH error across RCP groups with/without the
behavior-aware prior. In the high group, the upper-tail error is clearly
reduced, while the median changes marginally. Low/Medium groups
remain virtually unchanged. This pattern is consistent with our behav-
ioral analysis: high RCP induces short-horizon volatility that inflates tail
risk, and a small kernel mixture dampens such volatility without
affecting central tendency. The result confirms that RCP is inherently
connected to DGAT-N-BEATS via the temporal smoothness of its input
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Fig. 14. Analysis of user charging behavior, battery degradation, and model estimation error.

window and demonstrates a deploy-time, plug-and-play way to enhance
robustness under extreme user behavior. In summary, the results indi-
cate a significant association between user charging behavior diversity
and battery degradation patterns. In particular, users with strong fast-
charging preferences face greater challenges in maintaining capacity
retention and achieving stable SOH estimation. This highlights the
crucial importance of developing health management models tailored to
behavioral variability, thereby facilitating personalized battery health
management and proactive prediction of degradation risk.

5. Conclusions

This study presents a unified and interpretable framework for EV
battery SOH estimation that integrates a DGAT with the N-BEATS
forecasting model. The main conclusions and contributions are sum-
marized as follows:

(1) The proposed architecture effectively captures the spatiotem-
poral evolution of battery degradation by dynamically con-
structing thermoelectric graphs from cell-level voltage and
temperature data and by decomposing long-term SOH trajec-
tories into interpretable polynomial trends. This design over-
comes limitations in interpretability and in modeling dynamic
inter-cell dependencies.

(2) Extensive validation using operational data from 300 electric
vehicles demonstrates that the DGAT-N-BEATS framework
significantly outperforms conventional baselines, achieving an
RMSE of 1.22%, MAPE of 0.98%, and R of 0.88.

The adapter-based transfer learning strategy confirms strong

cross-system adaptability, maintaining reliable accuracy with

only 10% of the target-domain data.

The proposed RCP metric reveals the significant impact of user

charging behaviors on degradation. Specifically, fast-charging

users (RCP > 0.8) exhibit up to 38% faster capacity fade,
providing quantitative support for behavior-informed mainte-
nance strategies.

(5) The interpretability analysis shows that voltage- and
temperature-related features contribute over 50% to the predic-
tion. These findings align closely with known electrochemical
degradation mechanisms, validating that the model captures
meaningful physical trends.

3

—

(4

-

Future research will extend the proposed framework to a broader
range of battery chemistries, including solid-state, sodium-ion, and
high-nickel cathode systems, to evaluate its adaptability across next-
generation technologies. To facilitate practical deployment, efforts
will focus on optimizing the computational efficiency and memory
footprint of the framework, enabling real-time inference on embedded
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battery management hardware. Furthermore, acknowledging that the
temperature measured at the battery terminal may deviate from the
internal battery state due to aging-induced changes in thermal contact
resistance, future work will investigate methods to integrate thermal
resistance correction to further improve diagnostic precision. Finally,
integration with predictive maintenance and cloud-edge collaborative
architectures will be pursued to improve the scalability and application
potential of the framework in large-scale BMS.
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