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ABSTRACT Accurate State of Charge (SoC) estimation is essential for safe and efficient lithium-ion battery
operation in electric mobility. Although machine learning methods achieve high predictive capability,
many studies rely on laboratory cycling data and overlook deployment constraints such as latency and
embedded hardware. This paper presents a deployment-oriented evaluation of data-driven SoC estimation
using large-scale operational data from a battery electric bus. The dataset includes more than 4.3 million
field measurements of current, voltage, temperature, and SoC collected under realistic driving conditions.
Five models are compared: Random Forest, LightGBM, XGBoost, Temporal Convolutional Networks
(TCN), and Gated Recurrent Unit (GRU) networks. Models are evaluated across sampling intervals from
30 s to 210 s and multiple training-data fractions, considering accuracy, training time, and inference
latency. Results show that temporal resolution strongly affects the accuracy-efficiency trade-off. The best
configuration, LightGBM at 180 s using 75% of training data, achieved a test MAE of 6.338, RMSE of
8.495, and median inference latency of 1.10 ms. Compared with the Random Forest baseline at 30 s, it
reduced MAE by 34.4%, RMSE by 35.6%, and latency by 97.6%, supporting efficient real-time battery
management system deployment.

KEYWORDS Battery electric bus, Battery management systems, Embedded systems, Lithium-ion batteries,

State of charge estimation.

I. INTRODUCTION

The accelerating transition toward low-carbon energy sys-
tems has driven an unprecedented integration of variable
renewable energy sources into modern power grids [I1].
As centralized and dispatchable generation is progressively
replaced by decentralized and weather-dependent resources,
power systems face increased uncertainty, operational vari-
ability, and new technical demands related to frequency reg-
ulation, reserve management, and voltage stability [2]-[4].
In parallel with these changes, electric vehicles (EVs) have
become one of the most promising pathways for decarboniz-
ing the transportation sector, supported by ambitious policy
initiatives and rapid advances in battery manufacturing [5]],
[6]. A particularly relevant dimension of this transition
occurs in urban environments, where electric mobility has
expanded beyond private cars to include buses, taxis, and
shared transportation fleets. Public transportation electrifica-
tion plays a crucial role in reducing local emissions, improv-
ing air quality, and lowering operating costs, although it also
imposes new challenges related to charging infrastructure,
fleet management, and real-time battery monitoring [7], [8].
Within this broader context, energy storage technologies play

a pivotal role in mitigating renewable intermittency, enabling
energy arbitrage, and supporting the reliable operation of
both mobile and stationary applications [9].

Lithium-ion batteries (LIBs) have emerged as the dom-
inant storage technology due to their high gravimetric
and volumetric energy density, rapid cost decline, and
strong performance in diverse operational environments
[1O], [11]. Continuous progress in electrode materials,
cell design, and manufacturing processes has led to safer
chemistries, improved cycle life, and energy densities sur-
passing 300 Wh/kg. These characteristics have made LIBs
indispensable for EVs, renewable energy integration, and
grid-support applications.

A cornerstone of safe and efficient battery operation is
the accurate estimation of the State of Charge (SoC), which
represents the remaining charge relative to nominal capacity.
SoC directly influences range prediction, power availability,
charging strategies, and safety limits. Inaccurate SoC esti-
mation can accelerate degradation, reduce usable energy, and
under extreme conditions lead to critical safety events such
as lithium plating or over-potential instabilities [[12], [[13]].

Eletrénica de Poténcia, Rio de Janeiro, v. 31, €202626, 2026. 1


https://orcid.org/0000-0002-4377-6445
https://orcid.org/0000-0001-8418-1985
http://doi.org/10.18618/REP.e202626
https://orcid.org/0000-0003-0202-544X
https://orcid.org/0000-0003-1284-1096
https://orcid.org/0000-0001-6538-8569
https://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.18618/REP.e202626&domain=pdf&date_stamp=2026-08-24

Orellana-Iiniguez et al.: Real-World SoC Estimation for Lithium-lon Batteries in Electric Buses: Sampling Resolution and Machine Learning Efficiencys

Degradation
mechanisms

Degradation
modes

—

Groups mechanisms with
similar effects on battery
performance. Defined by how
they impact the battery's
thermodynamic and kinetic
behavior, its ability to
store/deliver energy and its
operational response.

\ I | l

Observable effects

The directly measurable

The physical and )
. outcomes of degradation:
chemical changes .
L capacity loss and power
occurring inside the cell.
- . loss. This is the least
This is the most detailed i i
level detailed but most easily
evel.

measured perspective.

Stoichiometric Impedance
LAM LLI -
deviation Increase
The reduction of Groups
usable material in both ) mechanisms that
o R Reduction of | |The electrodes| ,
positive and negative . affect the cell's
) available become o X
electrodes. This mode Jithium for kinetic behavior,
groups mechanisms cycling unbalanced how electrons
that .dlecreiszlthf between relative to an: ionshm:ve
material availa X e for electrodes. each other. through t e.
electrochemical electrodes during
reactions. operation.

FIGURE 1. Conceptual hierarchy of lithium-ion battery degradation.

Degradation is governed by multiphysics processes (elec-
trochemical reactions, interfacial transport, and mechanical
effects). Although SoC is a state variable at a different ab-
straction level, operating conditions associated with extreme
SoC ranges correlate with accelerated aging, as illustrated in
Fig. [I] At the fundamental scale, degradation mechanisms
(e.g., solid electrolyte interphase (SEI) formation, lithium
plating, and structural fatigue) give rise to well-established
degradation modes, including loss of lithium inventory (LLI),
loss of active material (LAM), and impedance increase.

Ultimately, these modes manifest as observable macro-
scopic effects such as capacity fade and power loss [14],
[15]. Operation at high SoC may promote electrolyte oxida-
tion and SEI growth, whereas prolonged low-SoC operation
or deep discharge events may contribute to accelerated degra-
dation depending on cell chemistry, operating history, and
voltage limits. For these reasons, precise and continuous SoC
tracking plays an important role in enabling degradation-
aware Battery Management Systems (BMS) by supporting
control strategies that avoid harmful operating conditions and
extend the operational lifetime of lithium-ion batteries.

Traditional SoC estimation techniques (ranging from elec-
trochemical models to equivalent-circuit-based observers)
encounter limitations when applied to complex, dynamic,
and aging-affected environments [[16]. This has motivated
the rapid adoption of machine learning (ML) methods,
which can learn nonlinear mappings between measurable
quantities (current, voltage, temperature) and internal states
without requiring detailed physicochemical models [17].
Kernel-based regressors such as Support Vector Machine
(SVM) models and Gaussian Process Regression (GPR)
[[18], as well as ensemble models such as Random Forest,
XGBoost, and LightGBM, have shown strong predictive

capability and robustness to noisy measurements [[19]. Op-
timization frameworks (including evolutionary algorithms
and Bayesian hyperparameter search) further enhance these
methods’ adaptability and performance [/12].

Despite significant advances in ML-based SoC estimation,
three persistent gaps limit practical deployment in real elec-
tric bus applications [20]], [21]. First, most studies rely on
laboratory datasets under controlled conditions (predefined
charge-discharge cycles and thermal regulation) [19], [22]]-
[25]. While suitable for model development, these datasets
do not capture the stochastic variability, partial SoC op-
eration, and dynamic loads of real-world bus operation.
Consequently, the transferability of reported accuracy to field
conditions remains uncertain.

Second, among studies using real-world data, the impact
of temporal sampling resolution on the accuracy-efficiency
trade-off remains underexplored. In practical BMS, the sam-
pling interval directly affects processing load, memory re-
quirements, and communication constraints. However, most
existing works adopt fixed or single temporal resolutions
without systematically analyzing their impact on both es-
timation accuracy and computational efficiency [26], [27].
As a result, there is limited quantitative guidance on how
to select an appropriate sampling rate for embedded deploy-
ment [21]].

Third, although temporal modeling techniques such as
sliding window approaches and deep learning architectures
are capable of capturing sequential dependencies, their com-
putational requirements are rarely analyzed in a systematic
manner. In particular, existing studies often focus on pre-
diction accuracy without providing a clear assessment of
training cost and inference latency, which are critical factors
for real-time embedded BMS applications.

To position the present work within the SoC estimation
literature, Table (1| compares representative studies in terms
of data source, system scale, reference SoC definition, val-
idation methodology, sampling strategy, and deployment-
oriented evaluation criteria. Direct comparison of prediction
errors across studies is often difficult because datasets differ
substantially in battery chemistry, operating conditions, data
acquisition procedures, and validation protocols. Therefore,
the objective of this comparison is not to benchmark accu-
racy values directly, but rather to highlight methodological
differences that affect practical deployment and result inter-
pretation.

The comparison reveals that most existing studies rely
on laboratory datasets collected under controlled conditions
and fixed sampling rates. Furthermore, deployment-related
aspects such as inference latency, computational cost, tem-
poral validation, and robustness-oriented metrics are rarely
reported. In contrast, the present work focuses on real
electric-bus telemetry and explicitly evaluates the trade-off
between estimation accuracy and computational efficiency
across multiple temporal resolutions.
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TABLE 1. Positioning of representative SoC estimation studies with respect to data realism, validation methodology, and deployment-oriented evaluation.

Study Data source Scale Reference SoC Validation Sampling analy-  Real-world data Deployment met-  Main limitation
sis rics
How et al. (2020) @ CALCE laboratory  Cell Coulomb counting Cross-drive-cycle Fixed (1 Hz) No No Laboratory  conditions
dataset evaluation and cell-level validation
only
Deng et al. (2020) Experimental battery-  Pack Experimental refer-  Train—test split Fixed (1 Hz) No No Controlled operating
pack test bench ence conditions and fixed
sampling rate
Chandran et al. (2021)  Panasonic 18650PF  Cell Dataset-provided Train—validation—test Fixed No No Laboratory dataset with
laboratory dataset SoC split limited deployment con-
siderations
Pranav et al. (2024) Real EV telemetry Vehicle BMS-reported SoC Random 60/40 split Fixed Yes No No temporal validation
or computational-
efficiency assessment
This work Real electric-bus  Vehicle/Pack  BMS-reported SoC Chronological 30-210 s Yes Training time, infer-  Single-vehicle study

telemetry

2021—2022 split

ence latency

To address these gaps, this paper presents a systematic,
deployment-oriented evaluation of ML-based SoC estimation
using a large-scale real-world dataset from a battery electric
bus. This work extends the conference version presented
in [30] by incorporating additional experimental analyses,
a broader evaluation scope, and a more detailed discussion
oriented toward real-world deployment constraints. The pro-
posed framework quantifies the accuracy-efficiency trade-
off across multiple models, sampling intervals, and data
availability scenarios, reporting both prediction performance
and inference latency on a central processing unit (CPU)-
based platform.

The core novelty of this work does not lie in proposing
a new machine learning architecture, but in formulating
SoC estimation as a deployment-oriented multi-objective
evaluation problem. Specifically, the proposed framework
jointly analyzes prediction accuracy, sampling resolution,
training-data availability, training cost, and inference latency
using large-scale real-world electric-bus telemetry.

Unlike prior studies that commonly evaluate SoC estima-
tors under fixed sampling rates and mainly report predic-
tion error, this work explicitly investigates how temporal
resolution and data availability affect both estimation per-
formance and computational feasibility under realistic BMS
constraints. By doing so, it provides practical guidelines
for selecting model architectures and sampling strategies
that balance accuracy and efficiency in embedded battery
management systems.

The main contributions of this work are summarized as
follows:

e A deployment-oriented evaluation framework that
jointly assesses prediction accuracy, temporal sampling
resolution, training-data availability, training time, and
inference latency under practical BMS constraints, ex-
plicitly treating the sampling interval as a design vari-
able in the accuracy-efficiency trade-off.

e A large-scale real-world validation protocol based on
more than 4.3 million measurements collected from
an electric bus, using a chronological 2021-2022 split
to preserve temporal consistency, prevent information
leakage, and assess out-of-period generalization under
real-world temporal variability.

e A controlled multi-resolution benchmark of five hetero-
geneous machine learning architectures across sampling
intervals from 30 s to 210 s under a unified experi-
mental pipeline, enabling systematic characterization of
the relationship between temporal resolution, predictive
performance, and computational requirements.

e A data-efficiency and deployment assessment that sys-
tematically evaluates multiple training-data fractions
(25%, 50%, 75%, and 100%) together with compu-
tational metrics, supporting evidence-based selection
of model and sampling configurations that balance
predictive accuracy and resource constraints in practical
BMS deployment scenarios.

Il. METHODOLOGY

A. Experimental Platform and Dataset Collection

The SoC estimation framework developed in this study
relies on real-world operational data collected from a battery
electric bus (BEB) operating at the University of Campinas
(UNICAMP) [30]. The vehicle is part of the Sustainable
Campus Living Laboratory initiative [31]], which promotes
research on electric mobility and integrated energy man-
agement systems in a real operational environment. This
platform enables large-scale battery data collection under
realistic driving conditions. The specific BEB unit used for
data acquisition is illustrated in Fig. [2]

FIGURE 2. Battery electric bus deployed for field data collection.

Operational data were collected during the vehicle’s
scheduled service on a predefined circular route within the
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university campus. The daily operating schedule consists
of approximately 20 individual trips, each lasting about
30 minutes and covering an average distance of nearly 10
kilometers. The bus is powered by a lithium iron phosphate
(LiFePOy4) battery pack and is recharged at a dedicated
charging station supplied by photovoltaic generation. An
integrated onboard monitoring system continuously records
key electrical and thermal variables at a sampling frequency
of 10 Hz (corresponding to a 100 ms sampling interval).

The reference SoC used in this study was directly obtained
from the onboard BMS of the electric bus. It is important
to note that the BMS-reported SoC is itself an estimated
quantity and may contain systematic errors. Consequently,
the proposed models are effectively trained to reproduce
the BMS-reported SoC rather than a directly measurable
electrochemical ground truth.

This limitation is inherent to real-world battery datasets,
where direct measurement of the true SoC is generally
not feasible during normal operation. Similar assumptions
are commonly adopted in field-based studies, where BMS
estimates serve as the only available reference.

Therefore, the objective of this work is not to recover the
exact electrochemical SoC, but rather to develop accurate
and computationally efficient estimators consistent with real-
world BMS operation. This perspective ensures that the
proposed approach remains directly applicable to practical
deployment scenarios.

The data acquisition period extended from March 2021
to July 2022, as illustrated in Fig. |3} resulting in an initial
raw dataset exceeding 33 million measurements. To reflect
typical operational conditions, a filtering procedure was
applied to remove records corresponding to non-service days
(weekends and holidays) and periods outside regular opera-
tion (before 07:00 and after 23:00). After preprocessing, the
refined dataset used for analysis contained approximately 4.3
million samples, including 2.63 million records from 2021
and 1.69 million from 2022.

It is important to note that the dataset used in this study
is derived from a single electric bus operating under specific
conditions. Therefore, direct generalization of the results to
other vehicles or battery systems cannot be guaranteed.

Nevertheless, the dataset captures a wide range of real-
world operating conditions over an extended period. More-
over, the proposed framework is model-agnostic and can be
applied to other datasets. Future work will explore validation
across different systems to further assess generalizability.

The analytical approach for this study is organized through
a sequential framework, graphically depicted in Fig.

B. Data Preparation and Conditioning

A data preparation pipeline was implemented to transform
raw operational records into a dataset suitable for computa-
tional modeling. First, measurements corresponding to non-
operational periods were removed to isolate representative
battery usage cycles. To enable multi-resolution analysis,

JANUARY JULY
2022 2022
E I — @ ‘
Data available from Timestamped records Time interval: 100 Data available until
January 1, 2022 of current, milliseconds July 18, 2022
temperature and
voltage
MARCH DECEMBER
2021 2021
Data available from Timestamped records Time interval: 100 Data available until
March 1, 2021 of current, milliseconds December 30,
temperature and 2021

voltage

FIGURE 3. Timeline summarizing the availability and characteristics of
the real-world battery dataset used in this study.

the dataset was resampled at intervals ranging from 30 s to
210 s using mean aggregation over non-overlapping temporal
windows. Missing values in the resampled series were subse-
quently handled through linear interpolation. This procedure
enabled systematic evaluation of how temporal resolution
influences model accuracy and computational efficiency.

C. Dataset Partitioning and Feature Engineering

The dataset was partitioned using a temporal split strategy,
where records from 2021 were used for model training,
while data from 2022 were reserved for validation and
testing. This preserves the chronological structure of the
measurements and prevents information leakage between
training and evaluation phases.

Temporal dependencies were captured using a sliding-
window representation. Each input vector F; contains a
sequence of historical sensor measurements, while the cor-
responding target f; represents the SoC to be estimated.

Feature selection was guided by exploratory data analysis
and domain knowledge. The variables most relevant for
SoC estimation were current (I), voltage (V), and battery
temperature (T). Variables with a high proportion of missing
values or weak correlation with the target variable were ex-
cluded to improve generalization and reduce computational
complexity.

To assess data efficiency, the training procedure was
repeated using four fractions of the available training set
25%, 50%, 75%, and 100%). This allows evaluating how
model performance evolves with data availability and iden-
tifying the minimum training fraction required to achieve
competitive estimation accuracy.

D. Model Development and Hyperparameter Optimization
Five machine learning models were implemented for com-
parative evaluation: three ensemble-based approaches (Ran-
dom Forest (RF), XGBoost, and LightGBM) and two tempo-
ral deep learning architectures (Temporal Convolutional Net-
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FIGURE 4. Deployment-oriented framework for ML-based SoC estimation using real-world electric bus data and practical BMS constraints.

works and Gated Recurrent Unit networks). These models
were selected to capture both static and temporal learning ca-
pabilities relevant to battery SoC estimation. All experiments
were developed in Python under a unified implementation
framework.

Hyperparameter tuning was performed using a validation-
based strategy. Optuna was employed to optimize Random
Forest and LightGBM configurations, while Particle Swarm
Optimization (PSO) was applied to XGBoost. For the deep
learning models, key architectural and training parameters
were adjusted, and early stopping based on validation loss
was used to prevent overfitting. This procedure ensures a fair
and consistent comparison across all evaluated models. All
experiments were conducted on a CPU-based system (Intel
Core i7-1065G7, 8 GB RAM) without graphics processing
unit (GPU) acceleration.

E. Machine Learning Model Formulation

This subsection summarizes the mathematical foundations
of the machine learning models evaluated in this study. The
formulations focus on the core operational mechanisms of
each method rather than exhaustive derivations, which is
sufficient to support the comparative analysis of SoC esti-
mation accuracy and computational efficiency under realistic
operating conditions.

Random Forest (RF). Random Forest is an ensemble
learning method that aggregates multiple decision trees
trained on bootstrap samples of the dataset while performing
random feature selection at each split. This randomness
reduces correlation among trees and improves generalization.

The final prediction is obtained by averaging the outputs of
all trees:

1 Z
§=7 2 fix), (1)
t=1

where f;(x) denotes the prediction of the ¢-th tree for
input vector x, and 7 is the number of trees. Its non-
parametric nature and robustness to noise make RF well
suited for battery datasets characterized by measurement
uncertainty and heterogeneous operating conditions.

Gradient boosting models (XGBoost and LightGBM).
Gradient boosting methods build predictive models sequen-
tially, where each new regression tree is trained to correct
the residual errors of the current ensemble. The additive
formulation can be written as

g = g0 o fi(x), )

where f;(x) represents the tree added at iteration ¢ and 7 is
the learning rate controlling the contribution of each learner.
XGBoost introduces explicit regularization to limit model
complexity, whereas LightGBM improves computational ef-
ficiency through a leaf-wise tree growth strategy with depth
constraints. Both approaches effectively capture nonlinear
relationships between electrical variables and SoC while
maintaining fast inference suitable for embedded systems.

Temporal Convolutional Network. Temporal Convolu-
tional Networks model sequential data using causal and
dilated one-dimensional convolutions. Causality ensures that
predictions at time ¢ depend only on present and past inputs,
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while dilation expands the receptive field without increasing
network depth. A simplified convolutional operation is given
by

K-1
hy =Y Wixiax, 3)
k=0

where h; denotes the hidden representation at time ¢,
‘W . are convolutional filters, K is the kernel size, and d is
the dilation factor. By avoiding recurrent connections, TCNs
enable parallel computation across time steps while capturing
long-term temporal dependencies in battery time-series data.

Gated Recurrent Unit. GRU networks are recurrent
neural architectures that model temporal dynamics through
gated state updates. The hidden state evolution is defined as

hy = (1 —2z;)h; 1 + z:hy (€]

where z, is the update gate and h, is the candidate hidden
state. This mechanism enables the network to selectively
retain or update past information, effectively modeling se-
quential battery behavior under varying load conditions while
maintaining moderate computational complexity.

Overall, ensemble methods emphasize robustness and low
inference latency, whereas temporal deep learning models
explicitly exploit sequential structure, providing complemen-
tary perspectives for evaluating both accuracy and real-time
feasibility in battery management systems.

lll. RESULTS AND DISCUSSION

Results are analyzed from a deployment-oriented perspec-
tive, where predictive accuracy alone is insufficient to de-
termine model suitability. Therefore, both training cost and
inference latency are evaluated to identify architectures com-
patible with real-time BMS deployment.

Table [2] summarizes the predictive accuracy, measured
using mean absolute error (MAE) and root mean square
error (RMSE), together with computational metrics including
training time and median inference latency (50th percentile,
p50) across different sampling intervals. Lower MAE and
RMSE indicate higher prediction accuracy, while training
time and latency represent the computational cost associated
with model deployment. All models in Table 2] were trained
using the full training dataset (100% of the available training
samples).

As it can be observed in Table 2} for the 30 s sampling
interval, deep learning models, particularly the TCN, achieve
competitive accuracy (MAE = 7.913, RMSE = 10.901).
However, this improvement is accompanied by a substan-
tially higher computational burden, with training times ex-
ceeding 2500 seconds. In contrast, tree-based models, partic-
ularly LightGBM, exhibit a slightly higher prediction error
but require considerably shorter training times, highlighting
their computational efficiency.

When the sampling interval increases to 60 s, the dif-
ference in predictive performance between deep learning

and tree-based approaches becomes smaller. Gradient boost-
ing methods show more consistent behavior, with XG-
Boost+PSO achieving competitive accuracy while main-
taining very low training cost (133 s). This indicates that
boosting-based models are able to exploit the additional tem-
poral context provided by longer sampling intervals without
incurring the computational overhead associated with deep
architectures.

At the 90 s sampling interval, XGBoost+PSO achieves
the lowest test MAE (7.506) and the shortest training time
(72 s), while TCN attains the lowest RMSE (10.031). Al-
though TCN remains competitive in predictive accuracy, its
substantially higher training cost limits its practicality for
scalable or embedded applications. These results highlight a
trade-off between predictive performance and computational
cost at this temporal resolution.

TABLE 2. Comparison of prediction accuracy, training cost, and inference
latency across different sampling intervals using the full training dataset
(100%).

Sampling Training Latency
interval Model MAEq¢est RMSE¢est time [s] p50 [ms]
30s RF 9.667 13.182 2047 46.74

LGBM 8.619 12.113 920 1.74
XGB 9.095 12.397 186 0.66
TCN 7.913 10.901 2523 3.01
GRU 9.008 11.868 3898 5.11
60 s RF 7.881 11.499 895 31.16
LGBM 7.984 11.236 687 1.82
XGB 7.958 11.211 133 0.41
TCN 7.680 10.542 3270 1.71
GRU 12.032 14.533 927 2.99
90 s RF 7.811 11.135 553 31.62
LGBM 7.733 10.900 439 0.99
XGB 7.506 10.492 72 0.38
TCN 7.645 10.031 1102 1.92
GRU 12.276 14.699 481 3.30
120 s RF 7.006 9.609 538 46.84
LGBM 7.296 10.014 518 1.41
XGB 6.920 9.527 73 0.41
TCN 8.326 11.240 1495 222
GRU 7.512 10.726 1646 4.40
150 s RF 7.086 9.531 251 46.87
LGBM 6.438 8.861 230 0.92
XGB 6.461 8.694 46 0.33
TCN 7.156 9.923 896 1.81
GRU 12.113 14.588 281 2.96
180 s RF 7.075 9.641 268 33.43
LGBM 6.452 8.764 298 1.13
XGB 6.495 8.872 44 0.34
TCN 7.248 10.104 620 2.29
GRU 12.072 14.563 242 3.64
210 s RF 6.949 9.395 321 89.87
LGBM 6.492 8.930 569 2.95
XGB 6.959 9.333 72 0.73
TCN 6.882 9.974 2767 5.73
GRU 12.022 14.535 519 8.21
RF: Random Forest optimized with Optuna; LGBM: LightGBM optimized

with Optuna; XGB: XGBoost optimized with PSO.

For longer sampling intervals (120 s to 210 s), the dif-
ferences between models become more nuanced. Light GBM
frequently achieves the lowest MAE values (for instance,
6.438 at 150 s and 6.452 at 180 s), while XGBoost+PSO con-
sistently maintains the lowest training times. These results
indicate that boosting-based methods provide a robust bal-
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ance between accuracy and computational efficiency across
different temporal resolutions.

Overall, the results reveal a clear accuracy-complexity
trade-off. Sampling intervals between 150 s and 180 s
provide the most favorable compromise for real-time SoC
estimation, combining low prediction error with reduced
computational burden. A plausible statistical explanation is
related to the mean-based temporal aggregation used during
resampling. At finer resolutions, real-world bus telemetry
retains substantial short-term variability from traction loads,
regenerative braking, voltage transients, and measurement
noise, while consecutive observations may remain strongly
correlated. Aggregation over longer windows attenuates
rapid fluctuations and reduces temporal redundancy, improv-
ing the statistical regularity of the input—target relationship
while preserving the slower trends relevant to SoC evolution.
Conversely, excessively coarse intervals may suppress infor-
mative dynamics and reduce the number of available train-
ing observations. The slight performance deterioration from
180 s to 210 s is consistent with this trade-off. Therefore,
the 150-180 s range should be interpreted as a dataset- and
model-dependent optimum rather than a universal sampling
interval for lithium-ion batteries.

To evaluate data efficiency, an ablation study was con-
ducted using four training fractions (25%, 50%, 75%, and
100%) of the available training set. The results are summa-
rized in Fig. [5] which identifies the configuration achieving
the lowest test MAE for each sampling interval across all
evaluated models and training fractions. Table [3| reports the
corresponding best-performing configurations, including the
model, training fraction, test MAE, and inference latency.

This ablation analysis allows evaluating how model perfor-
mance evolves with the amount of available training data and
identifying configurations that maintain competitive accuracy
with reduced training data.

TABLE 3. Best-performing configuration identified for each sampling

interval

Sampling Training Latency
interval [s] Model fraction MAE¢test  pSO [ms]

30 TCN 100% 7.9130 3.0100

60 TCN 100% 7.6800 1.7100

90 XGB 75% 7.3943 0.3693

120 TCN 75% 6.5313 1.9726

150 LGBM 100% 6.4380 0.9200

180 LGBM 75% 6.3382 1.1005

210 LGBM 75% 6.3868 1.2669

We acknowledge that the proposed framework was devel-
oped using a large-scale dataset (4.3 million measurements).
However, as demonstrated by the ablation study shown in
(Fig. [5), competitive accuracy can be achieved with reduced
training data, with several configurations reaching near-
optimal performance using 75% of the dataset.

Best model
@® XGB
@® TCN
@ LGBM

=

TCN | 100%
.P50: 3.0 ms

‘\ T
p50: 0.37 ms

TCN | 100%
p50: 1.71 ms

N
e

Best test MAE
~
o

LGBM | 100%

p50: 0.92 ms LGBM | 75%

p50: 1.27 ms

o
[

TCN | 75%

p50: 1.97 ms
LGBM | 75%
6.0 p50: 1.10 ms

30 60 90 120 150 180 210
Sampling interval (s)

FIGURE 5. Best-performing configuration at each sampling interval.
Models were trained using four training-data fractions (25%, 50%, 75%,
and 100%). Each point indicates the lowest test MAE, with annotations
showing the model, training fraction, and p50 inference latency.

This indicates that the proposed approach exhibits a cer-
tain degree of data efficiency and can be applied in scenarios
with moderate data availability. For more limited cases,
approaches such as model transfer across similar systems
or the use of synthetic data may be considered as potential
extensions. Nevertheless, the availability of representative
operational data remains an important factor for reliable
deployment.

Fig.[5] shows that deep learning models, particularly TCN,
dominate the finest temporal resolutions (30-90 s). However,
as the sampling interval increases, gradient boosting methods
such as XGBoost and LightGBM become more competitive
and achieve the best performance at coarser resolutions
(150-210 s).

Another important observation is that the optimal con-
figuration does not always require the full training dataset.
In several cases, near-optimal accuracy is already achieved
with 75% of the training data, indicating that boosting-based
models maintain strong predictive performance even with
reduced training data.

As illustrated in Fig. [ the radar charts summarize the
trade-off between prediction accuracy, training cost, and the
resulting performance index across the evaluated models.
The normalized performance index combines normalized
MAE and training cost to provide a compact indicator of
the balance between predictive accuracy and computational
efficiency.

XGBoost+PSO consistently exhibits large radar areas due
to its combination of competitive accuracy and extremely
low training cost, whereas deep learning models achieve
strong accuracy but at the expense of significantly higher
computational overhead.

Beyond training cost, real-time deployment also depends
on inference latency (p50) during online operation. XGBoost
optimized via PSO consistently achieves the lowest p50 in-
ference latency, maintaining sub-millisecond response times
across all sampling intervals. This behavior is explained by
the efficient evaluation of shallow decision trees. Light GBM
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Normalized performance by sampling interval (1 = best within each interval)
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FIGURE 6. Normalized performance comparison of the evaluated models across different sampling intervals (30 s to 210 s). All metrics are normalized
such that higher values indicate better performance. The radar charts jointly illustrate prediction accuracy (MAE), training cost, and the resulting
performance index, highlighting the trade-off between estimation accuracy and computational efficiency across models.

also exhibits low-latency performance, while Random Forest
requires higher inference time due to the sequential evalua-
tion of multiple estimators. Deep learning models (TCN and
GRU) operate within a few milliseconds, confirming real-
time feasibility but with higher computational overhead.

The similarity of latency values across sampling inter-
vals indicates that inference cost is primarily determined
by model architecture rather than the sampling interval.
When jointly considering predictive accuracy and inference
latency, XGBoost+PSO provides the most balanced solu-
tion, combining low estimation error with sub-millisecond
inference latency. This balance makes boosting-based models
particularly suitable for real-time BMS applications where
both estimation accuracy and computational efficiency are
critical.

To further evaluate the dynamic behavior of the proposed
framework, Fig. [/| presents representative time-series com-
parisons between the reference and estimated SoC signals for
the best-performing model associated with each sampling in-
terval. The selected window includes real-world charging and
discharging events, allowing qualitative assessment of track-
ing capability, transient response, and possible estimation lag
under realistic operating conditions. Overall, the results show
that the evaluated configurations are able to capture the main
SoC dynamics, with particularly consistent tracking observed
at coarser sampling intervals, where LightGBM achieved the
best overall performance.

To provide additional insight into model behavior under
different operating conditions, the best-performing overall
configuration, corresponding to LightGBM + Optuna with
a 180 s sampling interval and 75% training fraction, was
further evaluated across different SoC regions. Table 4] sum-
marizes the estimation performance for four SoC intervals.

TABLE 4. Performance of the best-performing configuration across differ-
ent SoC ranges.

SoC range [%] Samples MAEcs¢ RMSE st
20-40 1094 14.855 17.084
40-60 24138 4.473 6.297
60-80 14438 7.311 8.484

80-100 7461 9.238 12.058

Results correspond to the LightGBM + Optuna model trained with 75% of
the 2021 dataset and evaluated on the 2022 test set using a 180 s sampling
interval.

The results show that the lowest prediction error is
obtained in the 40-60% region, which also contains the
largest number of samples. Higher errors are observed at
high SoC values and particularly below 40% SoC. However,
the 20-40% interval contains only a limited number of
samples, corresponding to approximately 2.3% of the test
set, suggesting that data imbalance contributes to the reduced
performance in this region.
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Time-series comparison for the best-performing model at each sampling interval
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SoC estimation studies, consisting of a RF model trained
with a high-resolution sampling interval (30 s) using 100%
of the available training data.

It is important to note that this comparison reflects a
deployment-oriented scenario, where sampling resolution,
model architecture, and data availability are jointly optimized
rather than evaluated in isolation.

TABLE 5. Relative improvement of the best configuration against a base-
line. The baseline corresponds to RF (30 s, 100%), and the best configura-
tion corresponds to LGBM (180 s, 75%).

(9)210's - LGBM

-~ Estimated SoC

FIGURE 7. Time-series comparison between measured and estimated
SoC for the best-performing model associated with each sampling
interval. The selected window includes representative charging and
discharging events, allowing qualitative assessment of tracking
capability, transient behavior, and estimation lag under realistic operating
conditions.

Overall, this analysis shows that model accuracy is not
uniform across the SoC range, while remaining satisfactory
in the dominant operating regions of the electric bus.

From a practical deployment perspective, the measured
inference latency demonstrates that all evaluated models
are capable of generating predictions within milliseconds,
which is several orders of magnitude faster than the sampling
intervals considered (30-210 s). In particular, XGBoost+PSO
consistently operates in the sub-millisecond range, ensuring
negligible computational overhead during real-time opera-
tion. These results indicate that the proposed approach is
compatible with embedded BMS implementations, where es-
timation updates must be computed well within the available
sampling period.

Battery temperature is included as an input variable due
to its well-known influence on electrochemical behavior and
SoC estimation accuracy. The dataset inherently captures
natural temperature variations under real operating condi-
tions, including ambient changes and load-dependent thermal
dynamics.

Therefore, the reported results reflect model performance
under varying thermal conditions. A dedicated sensitivity
analysis with respect to temperature is not included in this
study, as the primary focus is on evaluating the trade-off
between estimation accuracy and computational efficiency
under realistic operating scenarios.

A. Quantitative Performance Comparison

To further illustrate the trade-off between accuracy and com-
putational efficiency, Table[5|compares a baseline model with
the best-performing configuration identified in this study.
The baseline corresponds to a commonly adopted setup in

Metric Baseline  Best config.  Improvement
MAE test 9.667 6.338 34.4% |
RMSE test 13.182 8.495 35.6% |
Inference latency p50 [ms] 46.74 1.10 97.6% |

The results demonstrate that the appropriate joint selection
of sampling resolution, model architecture, and training-
data fraction can yield substantial improvements in both
estimation accuracy and online computational efficiency. In
particular, the optimized configuration achieves a 34.4%
reduction in MAE, a 35.6% reduction in RMSE, and a 97.6%
reduction in inference latency compared with the RF baseline
at 30 s.

These results indicate that the proposed framework effec-
tively identifies configurations that maintain high predictive
accuracy while significantly reducing online computational
burden. This balance is critical for real-time embedded
BMS applications, where both estimation performance and
resource constraints must be considered.

IV. CONCLUSION

This study presented a comprehensive, deployment-oriented
evaluation of machine-learning-based State of Charge es-
timation using a large-scale real-world dataset comprising
more than 4.3 million measurements collected from an
electric bus operating under realistic conditions. By mov-
ing beyond controlled laboratory cycling data, the analysis
captures practical load variability and operating dynamics,
providing a more representative basis for assessing algorithm
performance in electric vehicle applications.

Five machine learning architectures, including ensemble
methods and temporal neural networks, were systematically
evaluated across multiple sampling intervals and training-
data fractions. The results show that sampling interval is a
key design variable, as moderate temporal aggregation can
preserve or even improve estimation accuracy while reducing
computational cost. In this context, the most favorable trade-
offs were generally observed for sampling intervals between
150 s and 180 s.

The comparative analysis also showed that model superi-
ority is not fixed across all operating conditions. Temporal
Convolutional Networks achieved the best accuracy at finer
temporal resolutions, whereas gradient boosting methods
became increasingly competitive at coarser sampling inter-
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vals. In particular, XGBoost optimized via PSO consistently
provided low training times and sub-millisecond inference
latency, while LightGBM achieved the lowest MAE in
several coarse-resolution settings. These results indicate that
boosting-based methods offer the most attractive balance be-
tween predictive performance and computational efficiency
for real-time BMS applications.

By explicitly incorporating training cost, inference la-
tency, and data-efficiency considerations into the evalua-
tion framework, this work frames SoC estimation as a
deployment-oriented multi-objective problem rather than a
purely accuracy-driven task. Overall, the results highlight
that both temporal resolution and model architecture strongly
influence the practical feasibility of data-driven SoC estima-
tors in electric mobility systems.

From a practical perspective, all evaluated models operate
within the millisecond range, with XGBoost+PSO achieving
sub-millisecond inference latency on a CPU-based plat-
form. These inference times are several orders of magnitude
smaller than the sampling intervals considered (30-210 s),
ensuring that real-time implementation in embedded BMS is
feasible with negligible computational overhead.

Furthermore, compared to conventional approaches that
primarily focus on prediction accuracy, the proposed frame-
work provides a more realistic assessment by explicitly in-
corporating computational constraints and deployment con-
siderations. This enables informed model selection and sys-
tem design for real-world electric mobility applications.

Overall, the results demonstrate that data-driven SoC
estimation can be effectively deployed in practical BMS,
provided that model architecture and sampling strategy are
jointly optimized.
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