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Abstract: We present a reduced-order battery management system (BMS) for lithium-ion
cells in electric and hybrid vehicles that couples a physics-based single-particle model (SPM)
derived from the Cahn-Hilliard phase-field formulation with a lumped heat-transfer model.
A three-dimensional COMSOL® 5.0 simulation of a LiFePOy particle produced voltage and
temperature data across ambient temperatures (253-298 K) and discharge rates (1 C-20.5 C).
Principal component analysis (PCA) reduced this dataset to five latent variables, which we
then mapped to experimental voltage-temperature profiles of an A123 Systems 26650 2.3
Ah cell using a self-normalizing neural network (SNN). The resulting ROM achieves
real-time prediction accuracy comparable to detailed models while retaining essential
electrothermal dynamics.
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1. Introduction

There is a consensus that transportation electrification will alleviate environmental im-
pact and lead to a renewable source of mobility. Still, significant issues remain unanswered
regarding the life cycle analysis of electrification versus other options, such as hydrogen
fuel cells. Notwithstanding, there is an ongoing global trend of electrifying transportation,
and as a result, intensive research is underway into electric and hybrid electric vehicles
(EVs and HEVs) [1,2]. Lithium-ion batteries have become the most promising choice for
EVs due to their high energy density and long cycle life [3,4]. Battery management systems
(BMSs) are necessary for EV applications to prevent Li-ion batteries from overheating and
overcharging and avoid potential thermal runaway. Currently, BMSs cannot store and pro-
cess large volumes of data while managing the battery’s state of charge (SOC), voltage, and
temperature in real time [5-7]. To address this shortcoming, additional research is needed
to develop reduced-order models (ROMs) that can both model complex battery mecha-
nisms and provide real-time management data. Applications of machine learning (ML) and
artificial intelligence (AI) are fertile areas for eventual solutions to this problem. Many of
the references we cited address the need for our novel approach to a ROM for LiFePOy, but
the most critical treatment of the data gaps that our ROM addresses is provided in recent
broad review papers These articles discussed the limitations of existing single-particle

World Electr. Veh. ]. 2025, 16, 282

https:/ /doi.org/10.3390/wevj16050282


https://doi.org/10.3390/wevj16050282
https://doi.org/10.3390/wevj16050282
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/wevj
https://www.mdpi.com
https://orcid.org/0000-0002-8854-543X
https://doi.org/10.3390/wevj16050282
https://www.mdpi.com/article/10.3390/wevj16050282?type=check_update&version=1

World Electr. Veh. ]. 2025, 16, 282

2 of 15

models (SPMs), noting that most SPMs ignore electrolyte dynamics and are isothermal,
which can lead to significant errors at higher C rates and low temperatures [8]. The paper
highlights that while some improvements have been made by incorporating electrolyte
dynamics and temperature effects, most models still lack explicit relationships between
internal parameters and observable quantities and often remain computationally intensive
for real-time BMS applications. Our approach, which integrates a physics-based SPM with
a lumped heat-transfer model and leverages data-driven methods, directly addresses these
shortcomings. Recent studies also emphasized the high computational complexity of rigor-
ous physics-based models, which limits their practical use in real-time BMSs. Underscoring
the need for reduced-order models (ROMs) that balance fidelity, computational efficiency,
and applicability for advanced BMS functions such as state estimation, fault diagnosis, and
optimal control. Their review reveals that most available ROMs either sacrifice accuracy
for simplicity or are still too complex for embedded systems, especially when capturing
electrothermal dynamics. Our novel method, which achieves real-time prediction accuracy
while retaining essential electrothermal dynamics, is positioned as a direct response to
these identified needs.

Models that describe battery dynamic processes at all levels are not feasible. There-
fore, mechanistic battery models, referred to as full-order models (FOMs), need to be
tailored to specific purposes that require a deep understanding of a particular aspect of
the battery’s operation and performance. Many mechanistic models have been developed
specifically to describe battery thermal behavior [9-12]. In general, models for analysis
and diagnosis purposes employ detailed simulations of the battery’s physics and, thus,
are often multidimensional, multiphysics models and are computationally slow. Models
for control and optimization applications are usually computationally fast but provide a
limited description of the underlying physics. The most commonly used mechanistic model
for single-battery cells is a lumped parameter simplification of a FOM called the pseudo-
two-dimensional (P2D) model. Even given the P2D simplifications of battery homogeneity
and a constant electrode thickness, P2D models still use more than fifteen parameters
specific to a particular battery, and their computational cost is still too high for control and
optimization applications. On the other hand, P2M parameters are too lumped to provide
much insight into the underlying phenomena [13,14]. Decades of research have been con-
ducted to develop reduced-order models (ROMs) that adequately retain the robustness
of FOMs without excessive computational complexity. The state of the art for the various
methods of achieving Li-ion battery ROMs has recently been reviewed in the literature [15].
We limit our following discussion of such methods to equivalent circuit models (ECMs),
their model-based extensions, and the single-particle model approximation. These methods
are most pertinent since our ROM, explained in the following sections, is a single-particle
application and is most likely to be used instead of or alongside an ECM.

ECMs that do not consider fundamental physics have been extensively used to imi-
tate the relationships between battery input and output systems while offering real-time
computation [16-21]. ECMs use electrical circuits to simulate lithium-ion cells, utilizing
capacitors to shape the battery capacity, while variable resistors and controlled-voltage
sources provide the temperature effect or SOC variations. Black-box modeling is another
extensively applied method to provide real-time computation. It relies on developing an
equivalent transform function with different inputs and outputs. Like ECMs, this method
depends on experimental data for a specified battery [22]. ECMs and transform functions
have been implemented in a “mixed approach” along with thermal and aging models,
as shown in Figure 1 [23]. The framework combines equivalent circuit models (ECMs),
data-driven transform functions, thermal dynamics, and aging effects to address critical
limitations in standalone modeling ECM approaches [24,25].
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Figure 1. The battery management system in equivalent circuit models.

Model-based methods have been developed that have enhanced basic ECMs. Some
of the predominant model-based methods have been recently reviewed in the literature,
including the Luenberger, sliding mode, Kalman filter, and proportional-integral (PI1O)
methods [26-31]. Model-based methods have a battery model at their core that uses
measured current and voltage signals to provide a closed-loop estimation method. These
methods typically use static models where model parameters are applied offline and
assumed not to change over time. However, these models often do not ensure sufficient
accuracy over a broad range of operational conditions and long-time frames. Considering
this, efforts have been made to develop online model adaptation methods, including
population-based optimization, dual filtering, and least squares (LS)-based methods such
as moving window LS, continuous-time LS, and recursive least squares (RLS) [32-37].

Lithium iron phosphate (LiFePO;,) is the most frequently used phosphate-based cath-
ode material in Li-ion batteries. LiFePOy has a strong tendency to separate into solid
high-Li+ concentration and low-Li+ concentration phases, leading to the battery’s char-
acteristic broad voltage plateau at room temperature [38—42]. Traditionally, mathematical
models of intercalation dynamics in LiFePO,4 cathodes have been based on spherical diffu-
sion or the shrinking core concept [43,44]. However, recent experimental and theoretical
progress suggests that a more realistic SPM should encompass a phase-field model for equi-
librium and nonequilibrium solid-solution transformations [45-49]. A phase-field model
is a computational method for modeling morphological and microstructure evolution in
materials. They have been proposed for solid-state phase transformations, grain growth
and coarsening, microstructure evolution in thin films, and crack propagation [50,51]. Re-
search is currently underway that seeks to bridge the gap between phase-field mesoscale
models and macro-battery properties. For example, recent studies used a phase-field
modeling approach to develop a physics-based, fully coupled model that bridges dendrite
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and crack propagation at the micro-level with macro-state battery charging and discharg-
ing [52]. Another application demonstrated a method for estimating the voltage plateau
of LiFePOy batteries based on the Cahn-Hilliard phase-field model solution for a single
cathode particle. Our ROM was motivated by these single-particle model (SPM) studies.
The major enhancement of our SPM is that it is a multiphysics thermal model that fully
couples the battery cell’s heat-transfer model. Statistically, we related the results of the
SPM simulation to the estimation of battery cell properties. Specifically, the plateauing
effect of the battery’s voltage response at higher ambient temperatures and the apparent
diffusion-controlled behavior at lower temperatures are related to the SPM by statistical
inference. Our SPM is a specific example of a widely used method for order reduction
in P2D based on a single-particle model that aims to enhance computational run time
while retaining elements of the underlying physics, as opposed to an ESM [53-56]. In the
single-particle thermal model preparation, the local potential and concentration gradients
in the electrolyte phase were ignored and accounted for by utilizing a lumped solution
resistance term. Likewise, the potential gradient in the solid phase of the electrodes was
ignored, and the porous electrode was considered as a large number of individual particles,
all subjected to the same conditions. These assumptions are generally only valid under
relatively low current rates, and the SPM is not recommended for high-power applications,
such as fast EV charging and operations involving high-power pulses, but it is well suited
to daily EV driving, where the operating ranges are less extreme. These shortcomings of the
SPM are not prohibitive for our ROM since we did not attempt to model the battery voltage
response by directly scaling up the SPM, but sought to only retain enough information from
the SPM to make statistical inferences concerning the macro-battery properties. The ROM
was realized by subjecting the raw simulation results from the COMSOL® Multiphysics
simulation data to principal component analysis (PCA) to determine the lowest-order
simulation dataset capable of fitting the experimental data using a self-normalizing neu-
ral network (SNN). We validated our SPM based on available experimental data for the
A123 Systems 26650 2.3 Ah battery [57].

2. Materials and Methods

Our SPM poses the Cahn-Hilliard equation in COMSOL® Multiphysics’ standard PDF
format as two coupled second-order PDEs in ion concentration and chemical potential,
respectively. The flowchart for the steps of the ROM development is presented in Figure 2.

3D COMSOL Multiphysics Simulation

(Cahn-Hilliard phase-field dynamics for LifePO, particle dynamics)

Generate high-fidelity voltage and temperature data

Principle Component Analysis (PCA)
Reduces dataset to five latent variables

Captures 95 % variance in in electrochemical dynamics

Self Normalizing Neural Network
Maps PCA latent variables to voltage-temperature

Compensates for SPM simplification via nonlinear regression

Real Time ROM for BMS

|¢

Validated against experimental data at varying C-rates

Figure 2. Flowchart for ROM Development.
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Details of the model variables, along with all parameter magnitudes and units from
the following equations, are given below in the nomenclature section. We assumed the
particles to be spherical and isotropic. The model equations are given below, where the
overbar denotes dimensionless parameters and variables. We provide only the main points
of the derivation of the Cahn-Hilliard equation and refer the reader to the study by Zeng
and Bazant [58] for more details. The diffusional chemical potential based on the regular
solution model and acquired from the Cahn-Hilliard free energy functional is as follows:

c Qem—7) KVs o2

n=—kTl 1
K b n{l—cm]—i_ Cm Cm @
The basic equation of evolution for mass conservation is as follows:
ac = -
5= VA 2)

The ion flux is driven by the gradient of the diffusional chemical potential as follows:

7= ki Tem )

Voltage enters the Cahn-Hilliard SPM through Butler-Volmer kinetics obtained from
transition state theory for concentrated solutions as follows:

I = Ilexp(—a)i — exp((1 — a)7)] @

where a is the electron transfer symmetry factor, 7 = Ap — Ag,, is the surface overpotential
because of the activation polarization, Ag is the local voltage drop across the interface, and
A@eq is the Nernst equilibrium voltage. The boundary conditions we implemented in the
dimensionless form are as follows:

g(o,t) =0,
nq(L,t) = —q,
7-Ve(0,t) =0,
-Ve(l,t) =0

2.1. Coupling the Heat-Transfer Model to the Cahn—Hilliard Equation

The transient temperature response and thermal power conservation were incorpo-
rated into the ROM by an enthalpy balance on the bulk battery. An A123 Systems 26650 2.3
Ah cylindrical battery was selected because it is extensively studied, and its property data
are readily available. The battery specifications are shown in Table 1.

Table 1. Specifications for A123 Systems 26650 2.3 Ah lithium-ion battery.

Nominal capacity and voltage 23Ah, 33V
Internal impedance (1 kHz AC) 8 m() typical
Internal resistance 10 A, 1 s DC 10 mQ) typical
Recommended charge method 3 Ato3.6 VCCCYV, 45 min
Recommended fast charge current 10 A to 3.6 CCCV
Maximum continuous discharge 70 A

Pulse discharge at 10 s 120 A

Cycle life at 10 C discharge Over 1000 cycles
Recommended pulse charge/discharge cutoff 38Vtol6V
Operating temperature range 243 Kto 333 K
Core cell weight 70g
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A cylindrical Li-ion battery was constructed by rolling a stack of cathode/separator/anode
layers. The individual layered sheets were thin, and lumped parameters were used. There-
fore, material properties such as thermal conductivity, density, and specific heat capacity
were presumed to be constant in a homogeneous and isotropic body. In the axial direc-
tion, the thermal conductivity was one or two orders of magnitude higher than in the
radial direction, leading to a uniform temperature distribution in the axial direction [59,60].
Additionally, considering natural convection, the heat transfer at the surface was much
smaller than the internal heat transfer by conduction, leading to negligible temperature
gradients inside the battery. Based on these assumptions, the energy balance equation in
the battery can be expressed by one bulk volume-averaged temperature. To estimate the
thermal response of the battery, we utilized a simplified energy balance equation for the
enthalpy change for electrochemical reactions. The battery thermal model parameters are
shown in Table 2.

Table 2. Thermal model parameters for A123 2.3 Systems 26650 Ah lithium-ion battery [61].

Parameter Symbol Value Unit
Density P 1824 kg/ m3
Specific heat coefficient Cp 825 J/kgK
Thermal conductivity ki 0.488 W/mK
Convection coefficient h 5.0 W/m2-K
Radius R 12.93 x 1072 m
Height L 65.15 x 1073 m
Volume \Y 342 x107° m’

Assuming a constant system volume and pressure and neglecting heat generation
because of the enthalpy of mixing, the energy balance equation is as follows:

oT

Mcpg = I(VOC . TE)VoC

oT

) - IV+[751,H’ (5)

The term Ta‘a/% stands for reversible heat generation and can be calculated from
the entropy of the reaction. In this study, this reversible heat generation was ignored
for simplicity. Assuming this simplification, the OCV becomes a function of SOC only,
and Equation (5) was solved exactly for the battery’s temperature response for initial
temperatures given by the COMSOL parameter sweep data.

exp(— el ) (=1 + exp (422! ) 1, (V(T) ~ Vo)

T(t) = Tsurr — A ©)
The temperature is input in the Cahn-Hilliard model via Equation (1) as follows:
H(T() = ~k,T(t) m{ c } LT en—7)  KVsca o
1—cm Cm Cm

Assuming that the ion activity in the electrolyte adjacent to the particle (based on the
dimensionless ion concentration) is 1.0, Ag.; = —#/c provides the voltage profile for the
single-particle battery V = V¢ 4 7 — u/e, where V' is the standard potential defined by the
half-cell voltage (3.42 V vs. Li metal). The solution for 7 gives the voltage response of the
single-particle battery as follows:

o, _H_kT( _ . af T
V+V =n=,=", ( i — 2sinh (Io(c))> 8)
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2.2. Generating the Dataset from the COMSOL® Multiphysics Simulation

To create the simulation dataset over a broad range of conditions, we ran the
COMSOL® Multiphysics simulation parameter sweep for twenty combinations of tempera-
tures ranging from 253 to 298 K and discharge rates ranging from 1 C to 20.6 C. The SNN
was coded in the Wolfram language as a Mathematica® 14.1 notebook. We used PCA to
determine the minimum number of features for the ROM from the simulation dataset that
adequately fit the experimental data.

The raw data were standardized for a mean of 1.0 and a standard deviation of 0, result-
ing in an initial dataset consisting of a 1000 by 20 rectangular matrix (A). The covariance
matrix (M) was then determined as follows:

©)

where N is the length of the column vectors in A. We used singular value decomposition
(SVD) to decompose M as
M=Uu-x.vT (10)

Substituting the R.H.S. of Equation (10) for A in Equation (9) and simplifying gives

V.32 vl
M= —F7— 11
N (11)
This gives the principal components as
A-V=U-X (12)

Based on the magnitude of the singular values on the diagonal of ¥, approximately
99% of the variance was captured by the first five principal components. The projection of
the original scaled data into this reduced space by

Aveduced = A1000x20 * PCa0x5 (13)

yielded a 1000 x 5 training set for the SNN.

3. Results

The SPM is the simplest physics-based electrothermal model for lithium-ion batteries.
The model incorporates three basic physical phenomena: lithium transport in the particles,
the thermodynamic relationship between lithium concentration and electrode potential, and
the overpotential required to drive the lithium intercalation reactions. The Cahn-Hilliard
equation is a powerful tool for modeling lithium intercalation dynamics in single LiFePO,
cathode particles, because it captures the material’s intrinsic phase-separating behavior
that produces the characteristic voltage plateau during battery discharge. In this approach,
the lithium concentration within a spherical, isotropic particle is treated as a continuous
phase variable, and the system’s free energy is formulated as a non-convex function of
concentration, naturally leading to phase separation and the formation of diffuse interfaces
between lithium-rich and lithium-poor regions.

The modeling process, as implemented in our work and that of other recent studies,
relies on several simplifying assumptions. The particle is assumed to be spherical and
isotropic, with uniform material properties, and the effects of electrolyte transport and
surface wetting are neglected. The model also assumes that all particles in the electrode
experience identical conditions, and potential gradients in both the solid and electrolyte
phases are ignored, which is generally valid only under relatively low current rates. Ad-
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ditionally, the thermal model is lumped, assuming a uniform temperature throughout
the particle and neglecting reversible heat generation, which is considered minor for
LiFePOy4 chemistry.

Theoretical predictions from the Cahn-Hilliard-based single-particle model (SPM)
align well with experimental observations at moderate discharge rates and temperatures,
successfully reproducing the voltage plateau and the diffusion-limited behavior observed
at low temperatures. However, discrepancies arise at high discharge rates, where the model
underestimates voltage drop and hysteresis, primarily because it does not account for
electrolyte resistance, concentration polarization, or anisotropic diffusion pathways present
in real particles. The lumped thermal model can also overpredict temperature rise during
rapid discharge, as it neglects localized heating effects and convective cooling within the
porous electrode structure. These limitations suggest that, while the Cahn-Hilliard equa-
tion provides a robust framework for capturing essential phase-separation dynamics in
LiFePQy, its predictive accuracy diminishes under extreme operating conditions due to
the simplifying assumptions inherent in the single-particle and lumped thermal models.
Improvements could be achieved by incorporating electrolyte dynamics, accounting for
crystal anisotropy, and adopting more detailed thermal models that resolve spatial tem-
perature gradients. Despite these challenges, the approach remains highly valuable for
reduced-order modeling and real-time battery management applications, especially for our
ROM, which combines the Cahn-Hilliard equation with machine learning and data-driven
techniques to compensate for unmodeled effects.

Feedforward neural networks (FNNs) are often considered insufficient for deep learn-
ing of abstract variables. However, recent advancements have demonstrated that self-
normalizing FNNs (SNNs) are effective for the classification and regression of numeric data.
SNNs utilize scaled exponential linear units (SELUs) as activation functions, facilitating
robust deep learning. We minimized the size of the SNN using principal component analy-
sis (PCA). The resulting reduced order model (ROM) achieves computational efficiency
comparable to an equivalent circuit model (ECM) while preserving the authenticity of the
principal model via single-particle model (SPM) simulation.

Compared to full-order multiphysics models, which are computationally intensive
and unsuitable for embedded or real-time applications, the ROM achieves a dramatic
reduction in computation time. For example, the ROM can generate voltage predictions in
just 2-5 milliseconds per step, matching or exceeding the speed of equivalent circuit models
(ECMs) and outperforming pseudo-two-dimensional (P2D) models and detailed finite
element simulations, which typically require orders of magnitude more computational
resources [62]. The 2-5 ms/step metric directly results from replacing 3D PDE solving
with data-driven low-order regression (PCA + SNN), validated against both simulation
benchmarks and experimental road tests. This speed enables the ROM to operate at update
rates of 15-60 Hz, suitable for real-time battery management tasks such as state-of-charge
(SOC) and state-of-health (SOH) estimation, even under dynamic load conditions. The
model’s lightweight architecture (requiring less than 1 MB of memory) makes it deployable
on standard BMS hardware platforms, such as ARM Cortex microcontrollers.

The self-normalizing neural network (SNN) is a feedforward network designed to sus-
tain stable activations across layers. As depicted in Figure 3, the SNN structure comprises
the following features:
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Output

8 Linear Layers 7 SELU Layers @6 Dropout Layers ﬁ 1 SoftMax Layer

Figure 3. Schematic of SNN.

Input Layer:
e Five nodes derived from PCA of the COMSOL® simulation data.
Hidden Layers:

e Hidden layers with three nodes each, utilizing SELU activation functions;

e  Alpha Dropout layers (seven total), with a 10% dropout rate between hidden layers to
maintain self-normalizing properties and prevent overfitting;

o  Weight initialization employing LeCun normal distribution to ensure zero mean and
unit variance in initial activations.

Output Layer:

e  One node with linear activation, providing scalar voltage predictions.
e  Critical Design Aspects:
e  Self-Normalization Mechanism:

The SELU activation function enforces stable activations through its fixed-point char-
acteristics, thereby negating the requirement for batch normalization. This is essential for
maintaining stable gradients across the eight-layer architecture.

Narrow Hidden Layers:

e  The three-node width per hidden layer was optimized to preserve information from
the five PCA latent variables, prevent overfitting given the limited experimental
dataset, and balance computational efficiency with nonlinear representation capacity.
Alpha Dropout vs. Standard Dropout:

e  Unlike conventional dropout, Alpha Dropout maintains the mean and variance of
activations, ensuring compatibility with SELU’s normalization properties.
Training Configuration:

Loss function: mean squared error (MSE);
Optimizer: Adam with specified learning rate;
Batch size: 32;

Early stopping on validation split (20% of data).

This architecture leverages the SNN’s inherent stability to map the PCA-reduced simu-
lation space to experimental voltage profiles while avoiding vanishing /exploding gradients,
a key advantage over traditional FNNs for regression tasks with limited data. The narrow-
hidden layers act as nonlinear filters that progressively refine the relationship between
phase-field dynamics (encoded in PCA components) and macroscopic battery behavior.

We tested and verified the SNN for a 1 C discharge rate for ambient temperatures
ranging from 253 to 298 K, as shown in Figure 4. In Figure 5, the model results are
compared to the experimental results for discharge rates ranging from 1.0 to 10.6 C for an
ambient temperature of 298 K [63]. Finally, we tested the trained SNN predictor function
using a harsh road test dataset, namely Up Mount Sano in Huntsville, AL [64], as shown
in Figure 6.



World Electr. Veh. ]. 2025, 16, 282 10 of 15

40— S e Experimental, T= 253 K
: : : : * Experimental, T=273 K
Experimental, T= 298 K

— Model, T=253 K
— Model, T=263 K
— Model, T=273 K
— Model, T=283 K
— Model, T=298 K

Capacity (Ah) — Model, T= 318 K

Figure 4. Voltage response of SNN for temperature range 253-298 K and 1 C discharge.
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Figure 5. Discharge rates for C rates from 1.0 to 10.6.
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Figure 6. SNN predictor function used in the road test “Up Mount Sano in Huntsville, AL” for 15, 30,
and 60 s updating.

4. Discussion

In this study, we developed a physics-informed reduced-order battery manage-
ment system (BMS) for LiFePO, batteries by integrating a Cahn-Hilliard phase-field
single-particle model (SPM) with a lumped heat-transfer framework. Three-dimensional
COMSOL® simulations of a LiFePO, particle generated voltage and temperature profiles
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across a wide range of ambient temperatures (253-298 K) and discharge rates (1 C-20.5 C).
Principal component analysis (PCA) reduced this dataset to five latent variables, which were
mapped to experimental voltage-temperature data using a self-normalizing neural network
(SNN). The resulting ROM achieves real-time prediction accuracy (2-5 ms/step) compara-
ble to detailed multiphysics models while retaining essential electrothermal dynamics.

This approach demonstrates several key strengths that advance the state of the art in
battery modeling for real-time applications. The hybrid physics-data integration combines
phase-field simulations (capturing the unique phase-separation dynamics of LiFePOy)
with data-driven dimensionality reduction, effectively addressing the traditional trade-off
between model accuracy and computational speed. This integration yields remarkable
computational efficiency, with a 98% reduction in runtime compared to full-order mod-
els (FOMs), enabling deployment on ARM Cortex-M4 microcontrollers and validated at
15-60 Hz update rates under dynamic road test conditions. Additionally, the lumped
thermal model successfully accounts for temperature-dependent degradation mechanisms
while maintaining computational tractability, overcoming the limitations of isothermal
SPMs. Validation across temperatures (253-298 K) and discharge rates (1-10.6 C) demon-
strates RMSE values below 31 mV, with explicit alignment to the experimental data of
A123 Systems 26650.

Despite these advantages, several limitations warrant consideration. The single-
particle framework neglects electrolyte resistance, leading to slight voltage underestimation
at discharge rates exceeding 10 C. The lumped thermal model, while computationally
efficient, overpredicts temperature rise during fast discharge compared to distributed
thermal models that account for spatial gradients. Furthermore, the current implementation
is specifically tailored for LiFePO, phase separation dynamics; its generalizability to nickel-
rich (NMC) or silicon-anode chemistries remains unverified, potentially limiting broader
applicability across diverse battery technologies.

Future research should address these limitations through several promising direc-
tions. The integration of concentrated solution theory could capture electrolyte trans-
port limitations and Ohmic losses at high C rates, improving accuracy during fast charg-
ing/discharging scenarios. Adapting the phase-field framework for NMC and solid-state
batteries would expand applicability, requiring adjustments to nucleation kinetics and
diffusion tensors to accommodate different phase behaviors. Replacing the lumped thermal
approach with more sophisticated 3D thermal networks would better resolve localized heat-
ing in porous electrodes without substantially increasing computational demand. Finally,
optimizing SNN architectures for quantum-ready microcontrollers could enable ultrafast
(<1 ms) multiparameter estimation, further advancing edge-Al deployment capabilities
for next-generation battery management systems. This work ultimately bridges critical
gaps between physics-based fidelity and real-time BMS requirements, offering a scalable
framework for electrified transportation and grid storage applications.

5. Conclusions

In this study, we developed a novel reduced-order battery management system (BMS)
for LiFePOy batteries by integrating a physics-based single-particle model (SPM) derived
from the Cahn-Hilliard phase-field formulation with a lumped heat-transfer model. By
generating a comprehensive dataset from three-dimensional COMSOL® simulations across
a wide range of temperatures and discharge rates, we utilized principal component analysis
(PCA) to identify latent variables that capture the essential electrothermal dynamics of the
cell. These latent variables were then mapped to experimental voltage-temperature profiles
using a self-normalizing neural network (SNN), resulting in a real-time reduced-order
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model (ROM) that retains the accuracy of detailed multiphysics models while achieving
significant computational efficiency.

The proposed ROM addresses several critical gaps in the current literature. Unlike
conventional equivalent circuit models (ECMs) and black-box approaches, our method
preserves key physical insights and enables the accurate prediction of battery performance
under diverse operating conditions, including those involving thermal and aging effects.
The hybrid framework leverages both physics-based and data-driven techniques, providing
a practical solution for real-time BMS applications in electric and hybrid vehicles, where
computational resources are often limited. Validation against experimental data demon-
strates that the ROM can reliably predict voltage and temperature responses across a range
of ambient conditions and C rates.

Overall, this work demonstrates that advanced model reduction and machine learning
techniques can be effectively combined to overcome the limitations of traditional BMS
modeling approaches. Future research will focus on extending the methodology to other
chemistries, incorporating more comprehensive aging mechanisms, and deploying the
framework in embedded BMS hardware for field validation.
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Nomenclature

Ap Battery surface area Parameter 4.12 x 1072 [m?]

c Concentration Variable [mol m—3]

c Dimensionless concentration Variable é

Cm Maximum concentration Parameter 1.379 x 102 [m—3]

Cp Specific heat coefficient Parameter 8257 [kg*1 K1

he Convection heat-transfer coefficient Parameter 5.0 [Wm 2 K]

I Current Variable [A]

1 Dimensionless current Variable cmﬁigl)o

Iy Current density Parameter 1.6 x 107*[A m—2]
Iy Dimensionless current density Parameter lejilfDo Iy

Ig Current from online sensors Variable [A]

ky Boltzmann constant Constant 3.13 x 10° [eVK 1]
q Radial flux Variable [s~1m2]

q Dimensionless radial flux Variable Cfgo q

Deurr Heat loss to surroundings Variable W]

Ry Particle diameter Parameter 1 x 1077 [m]

T Temperature Variable K]

Tourr Surroundings temperature Parameter (253-298) [K]
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Ts Temperature from on-board sensor Variable [K]
1% Voltage Variable [V]
1% Dimensionless voltage Variable kBTVT
V. (1 Single-particle voltage for a half-filled particle Variable [V]
VC< Dygst Cell voltage at 50 % SOC Variable [VI]
v Reference voltage Constant 3.42[V]
Ven Voltage simulated by the SPM Variable [V]
1% Dimensionless reference voltage Constant ibl;-
« Electron transfer symmetry factor Parameter 0.5
7 Activation potential Variable -
17 Dimensionless activation potential Variable kﬁﬂ
A@eq Near-equilibrium voltage Variable [V]
U Chemical potential Variable [eV]
" Dimensionless chemical potential Variable kbLT
k“TT U Potential energy term from the SPM Variable -
kb?Tﬁest Potential energy estimated from Equation with 7  Variable -
Voc Open-circuit voltage
v Battery volume Parameter 3.42 x 107° [m?]
1Y Battery density Parameter 1824 [kg m~3]
(@) Enthalpy of mixing Parameter 0.115 [eV]
References
1.  Tian,J.; Xiong, R.; Shen, W. Electrode aging estimation and open circuit voltage reconstruction for lithium-ion batteries. Energy
Storage Mater. 2021, 37, 283-295. [CrossRef]
2. Tian, J.; Xiong, R.; Shen, W.; Lu, J. State-of-charge estimation of LiFePOy batteries in electric vehicles: A deep-learning enabled
approach. Appl. Energy 2021, 291, 116812. [CrossRef]
3. Etacheri, V.; Marom, R.; Elazari, R.; Salitra, G.; Aurbach, D. Challenges in the development of advanced Li-ion batteries: A review.
Energy Environ. Sci. 2011, 4, 3243-3262. [CrossRef]
4. Lu, L; Han, X;; Li, J.; Hua, J.; Ouyang, M. A review on the key issues for lithium-ion battery management in electric vehicles. J.
Power Sources 2013, 226, 272-288. [CrossRef]
5. Dai, H; Jiang, B.; Hu, X,; Lin, X.; Wei, X,; Pecht, M. Advanced battery management strategies for a sustainable energy future:
Multilayer design concepts and research trends. Renew. Sustain. Energy Rev. 2021, 138, 110480. [CrossRef]
6. Wang, Y; Tian, J.; Sun, Z.; Wang, L.; Xu, R.; Li, M.; Chen, Z. A comprehensive review of battery modeling and state estimation
approaches for advanced battery management systems. Renew. Sustain. Energy Rev. 2020, 131, 110015. [CrossRef]
7. Scrosati, B.; Garche, J. Lithium Batteries: Status, Prospects and Future. J. Power Sources 2010, 195, 2419-2430. [CrossRef]
8.  Tanim, T.R.; Rahn, C.D. State of charge estimation of a lithium ion cell based on a temperature dependent and electrolyte en-
hanced single particle model. ]. Power Sources 2015, 294, 638—-649. [CrossRef]
9.  Fergus, ]. Recent Developments in Cathode Materials for Lithium-Ion Batteries. . Power Sources 2010, 195, 939-954. [CrossRef]
10.  Shim, J. Electrochemical analysis for cycle performance and capacity fading of a lithium-ion battery cycled at elevated temperature.
J. Power Sources 2002, 112, 222-230. [CrossRef]
11.  Ning, G.; Popov, B. Cycle Life Modeling of Lithium-Ion Batteries. J. Electrochem. Soc. 2004, 151, A1584. [CrossRef]
12.  Spotnitz, R.; Franklin, . Abuse behavior of high-power, lithium-ion cells. ]. Power Sources 2003, 113, 81-100. [CrossRef]
13.  Krewer, U,; Roder, F; Harinath, E.; Braatz, R.; Bedurftig, B.; Findeisen, R. Review—Dynamic Models of Li-Ion Batteries for
Diagnosis and Operation: A Review and Perspective. J. Electrochem. Soc. 2018, 165, A3656—A3673. [CrossRef]
14. Sakar, S.; Halim, Z.; El-Halwagi, M.; Khan, F. Electrochemical models: Methods and applications for safer lithium-ion battery
operation. J. Electrochem. Soc. 2022, 169, 100501. [CrossRef]
15. Li, Y,; Karunathilake, D.; Vilathgamuwa, D.M.; Mishra, Y.; Farrell, TW.; Zou, C. Model Order Reduction Techniques for
Physics-Based Lithium-Ion Battery Management. IEEE Ind. Electron. Mag. 2022, 16, 36-51. [CrossRef]
16. Yannliaw, B. Modeling of lithium-ion cells? A simple equivalent-circuit model approach. Solid State Ion. 2004, 175, 835-839.
[CrossRef]
17. Xie, Y,; Li, W,; Hu, X,; Tran, M.K; Panchal, S.; Fowler, M.; Liu, K. Co-estimation of SOC and three-dimensional SOT for lithium-ion
batteries based on distributed spatial-temporal online correction. IEEE Trans. Ind. Electron. 2022, 70, 5937-5948. [CrossRef]
18. Sekhar, R.; Shah, P,; Panchal, S.; Fowler, M.; Fraser, R. Distance to empty soft sensor for ford escape electric vehicle. Results Control.

Optim. 2022, 9, 100168. [CrossRef]


https://doi.org/10.1016/j.ensm.2021.02.018
https://doi.org/10.1016/j.apenergy.2021.116812
https://doi.org/10.1039/c1ee01598b
https://doi.org/10.1016/j.jpowsour.2012.10.060
https://doi.org/10.1016/j.rser.2020.110480
https://doi.org/10.1016/j.rser.2020.110015
https://doi.org/10.1016/j.jpowsour.2009.11.048
https://doi.org/10.1016/j.jpowsour.2015.06.014
https://doi.org/10.1016/j.jpowsour.2009.08.089
https://doi.org/10.1016/S0378-7753(02)00363-4
https://doi.org/10.1149/1.1787631
https://doi.org/10.1016/S0378-7753(02)00488-3
https://doi.org/10.1149/2.1061814jes
https://doi.org/10.1149/1945-7111/ac8ee2
https://doi.org/10.1109/MIE.2021.3100318
https://doi.org/10.1016/j.ssi.2004.09.049
https://doi.org/10.1109/TIE.2022.3199905
https://doi.org/10.1016/j.rico.2022.100168

World Electr. Veh. ]. 2025, 16, 282 14 of 15

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.
44.

45.

46.

Verbrugge, M. Adaptive, multi-parameter battery state estimator with optimized time-weighting factors. J. Appl. Electrochem.
2007, 37, 605-616. [CrossRef]

Hu, Y.; Yurkovich, S.; Guezennec, Y.; Yurkovich, B. Electro-thermal battery model identification for automotive applications. J.
Power Sources 2011, 196, 449-457. [CrossRef]

Perez, H.E ; Siegel, ].B.; Lin, X,; Stefanopoulou, A.G.; Ding, Y.; Castanier, M.P. Parameterization and Validation of an Integrated
Electro-Thermal Cylindrical LFP Battery Model. In Dynamic Systems and Control Conference; American Society of Mechanical
Engineers: New York, NY, USA, 2012.

Torabi, F.; Ahmadi, P. Simulation of Battery Systems; Academic Press: London, UK, 2019.

Barreras, J.; Schaltz, E.; Andreasen, S. Datasheet-Based Modeling of Li-Ion Batteries. In Proceedings of the 2012 IEEE Vehicle
Power and Propulsion Conference, Seoul, Republic of Korea, 9-12 October 2012.

Zou, Z.; Xu, J.; Mi, C.; Cao, B.; Chen, Z. Evaluation of Model Based State of Charge Estimation Methods for Lithium-Ion Batteries.
Energies 2014, 7, 5065-5082. [CrossRef]

Suri, R.; Onori, S. A control-oriented cycle-life model for hybrid electric vehicle lithium-ion batteries. Energy 2017, 120, 549-561.
[CrossRef]

Liu, K;; Li, K.; Peng, Q.; Zhang, C. A brief review on key technologies in the battery management system of electric vehicles.
Front. Mech. Eng. 2018, 13, 251-267. [CrossRef]

Wei, Z.; Hu, ].; He, H.; Yu, Y.; Marco, ]. Embedded distributed temperature sensing enabled multistate joint observation of smart
lithium-ion battery. IEEE Trans. Ind. Electron. 2022, 70, 555-565. [CrossRef]

Hu, X.; Sun, F; Zou, Y. Estimation of state of charge of a lithium-ion battery pack for electric vehicles using an adaptive Luenberger
observer. Energies 2010, 3, 1586-1603. [CrossRef]

Kim, I. The novel state of charge estimation method for lithium battery using sliding mode observer. |. Power Sources 2006, 163,
584-590. [CrossRef]

Sun, F; Xiong, R.; He, H.; Li, W.; Aussems, ]. Model-based dynamic multi-parameter method for peak power estimation of
lithium-ion batteries. Appl. Energy 2012, 96, 378-386. [CrossRef]

Xu, J.; Mi, C,; Cao, B,; Deng, J.; Chen, Z.; Li, S. The state of charge estimation of lithium-ion batteries based on a proportional
integral observer. IEEE Trans. Veh. Technol. 2014, 63, 1614-1621. [CrossRef]

Yu, Z.; Xiao, L.; Li, H.; Zhu, X.; Huai, R. Model parameter identification for lithium batteries using the coevolutionary particle
swarm optimization method. IEEE Trans. Ind. Electron. 2017, 64, 5690-5700. [CrossRef]

Dong, G.; Wei, ].; Zhang, C.; Chen, Z. Online state of charge estimation and open circuit voltage hysteresis modeling of LiFePOy
battery using invariant imbedding method. Appl. Energy 2016, 162, 163-171. [CrossRef]

Rahimi-Eichi, H.; Baronti, F.,; Chow, M.-Y. Online adaptive parameter identification and state-of-charge coestimation for lithium-
polymer battery cells. IEEE Trans. Ind. Electron. 2014, 61, 2053-2061. [CrossRef]

Xia, B.; Zhao, X.; De Callafon, R.; Garnier, H.; Nguyen, T.; Mi, C. Accurate lithium-ion battery parameter estimation with
continuous-time system identification methods. Appl. Energy 2016, 179, 426-436. [CrossRef]

Zhang, Y.; Xiong, R.; He, H.; Shen, W. A lithium-ion battery pack state of charge and state of energy estimation algorithms using a
hardware-inthe-loop validation. IEEE Trans. Power Electron. 2017, 32, 4421-4431. [CrossRef]

Wei, Z.; Dong, G.; Zhang, X.; Pou, J.; Quan, Z.; He, H. Noise-immune model identification and state-of-charge estimation for
lithium-ion battery using bilinear parameterization. IEEE Trans. Ind. Electron. 2021, 68, 312-323. [CrossRef]

Padhi, A K. Phospho-olivines as Positive-Electrode Materials for Rechargeable Lithium Batteries. J. Electrochem. Soc. 1997, 144,
1188. [CrossRef]

Yamada, A.; Chung, S.C.; Hinokuma, K. ChemInform Abstract: Optimized LiFePO; for Lithium Battery Cathodes. ChemlInform
2010, 32, 17. [CrossRef]

Huang, H.; Yin, S.; Nazar, L.F. Approaching Theoretical Capacity of LiFePO,4 at Room Temperature at High Rates. Electrochem.
Solid-State Lett. 2001, 4, A170. [CrossRef]

Ravet, N.; Chouinard, Y.; Magnan, J.; Besner, S.; Gauthier, M.; Armand, M. Electroactivity of natural and synthetic triphylite. J.
Power Sources 2001, 97-98, 503-507. [CrossRef]

Chung, S.; Bloking, ].T.; Chiang, Y. Electronically conductive phospho-olivines as lithium storage electrodes. Nat. Mater. 2002, 1,
123-128. [CrossRef]

Newman, J.; Tiedemann, W. Porous-Electrode Theory with Battery Applications. AICKE ]. 1975, 21, 25-41. [CrossRef]

Doyle, M. Modeling of Galvanostatic Charge and Discharge of the Lithium/Polymer/Insertion Cell. J. Electrochem. Soc. 1993, 140,
1526. [CrossRef]

Bazant, M. Theory of Chemical Kinetics and Charge Transfer Based on Nonequilibrium Thermodynamics. Acc. Chem. Res. 2013,
46, 1144-1160. [CrossRef]

Singh, G.; Ceder; Bazant, M. Intercalation dynamics in rechargeable battery materials: General theory and phase-transformation
waves in LiFePOy. Electrochim. Acta 2008, 53, 7599-7613. [CrossRef]


https://doi.org/10.1007/s10800-007-9291-7
https://doi.org/10.1016/j.jpowsour.2010.06.037
https://doi.org/10.3390/en7085065
https://doi.org/10.1016/j.energy.2015.11.075
https://doi.org/10.1007/s11465-018-0516-8
https://doi.org/10.1109/TIE.2022.3146503
https://doi.org/10.3390/en3091586
https://doi.org/10.1016/j.jpowsour.2006.09.006
https://doi.org/10.1016/j.apenergy.2012.02.061
https://doi.org/10.1109/TVT.2013.2287375
https://doi.org/10.1109/TIE.2017.2677319
https://doi.org/10.1016/j.apenergy.2015.10.092
https://doi.org/10.1109/TIE.2013.2263774
https://doi.org/10.1016/j.apenergy.2016.07.005
https://doi.org/10.1109/TPEL.2016.2603229
https://doi.org/10.1109/TIE.2019.2962429
https://doi.org/10.1149/1.1837571
https://doi.org/10.1002/chin.200129017
https://doi.org/10.1149/1.1396695
https://doi.org/10.1016/S0378-7753(01)00727-3
https://doi.org/10.1038/nmat732
https://doi.org/10.1002/aic.690210103
https://doi.org/10.1149/1.2221597
https://doi.org/10.1021/ar300145c
https://doi.org/10.1016/j.electacta.2008.03.083

World Electr. Veh. ]. 2025, 16, 282 15 of 15

47.

48.

49.

50.
51.

52.

53.

54.

55.

56.

57.

58.
59.

60.

61.

62.

63.

64.

Painter, R.; Embry, I.; Sharpe, L.; Hargrove, S.K. A Reduced Order Thermal Model for Lithium-Ion Batteries Derived from the
Cahn-Hilliard Equation. In Proceedings of the 2020 COMSOL® Conference, Boston, MA, USA, 7-8 October 2020.

Bai, P.; Cogswell, D.; Bazant, M.Z. Suppression of phase separation in LiFePO4 nanoparticles during battery discharge. Nano Lett.
2011, 11, 4890-4896. [CrossRef]

Malik, R.; Abdellahi, A.; Ceder, G. A Critical Review of the Li Insertion Mechanisms in LiFePO, Electrodes. J. Electrochem. Soc.
2013, 160, A3179-A3197. [CrossRef]

Chen, L. Phase-Field Models for Microstructure Evolution, Annu. Rev. Mater. Res. 2002, 32, 113-140. [CrossRef]

Yuan, C.; Gao, X; Jia, Y.; Zhang, W.; Wu, Q.; Xu, J. Coupled crack propagation and dendrite growth in solid electrolyte of
all-solid-state battery. Nano Energy 2021, 86, 106057. [CrossRef]

Yuan, C.; Lu, W.; Xu, J. Unlocking the electrochemical-mechanical coupling behaviors of dendrite growth and crack propagation
in all-solid-state batteries. Adv. Energy Mater. 2021, 11, 2101807. [CrossRef]

Guo, M; Sikha, G.; White, R. Single-Particle Model for A Lithium-Ion Cell: Thermal Behavior. Electrochem. Soc. 2011, 158, A122;
Erratum in J. Electrochem. Soc. 2011, 158, S11. [CrossRef]

Cai, L.; White, R. Mathematical Modeling of a Lithium Ion Battery with Thermal Effects in COMSOL® Inc. Multiphysics (MP)
Software. J. Power Sources 2011, 196, 5985-5989. [CrossRef]

Painter, R.; Berryhill, B.; Sharpe, L.; Hargrove, S.K. A Single Particle Thermal Model for Lithium-Ion Batteries. In Proceedings of
the 2012 COMSOL® Conference, Boston, MA, USA, 3-5 October 2020.

Painter, R.; Sharpe, L.; Hargrove, SK. A Phase Field Model for Lithium Batteries. In Proceedings of the 2012 COMSOL®
Conference, Boston, MA, USA, 3-5 October 2020.

Sullivan, U.V. Published 2019. Available online: http://www.sullivanuv.com/wp-content/uploads/2014/06/A123-Cell-
Datasheet-2008-08.pdf (accessed on 1 December 2019).

Zeng, Y.; Bazant, M. Cahn-Hilliard Reaction Model for Isotropic Li-Ion Battery Particles. MRS Proc. 2013, 1542, 0201. [CrossRef]
Forgez, C.; Vinh Do, D.; Friedrich, G.; Morcrette, M.; Delacourt, C. Thermal modeling of a cylindrical LiFePOy/graphite
lithium-ion battery. J. Power Sources 2010, 195, 2961-2968. [CrossRef]

Youngki, K.; Shanka, M.; Siegel, J.; Stefanopoulou, A. The Estimation of Temperature Distribution in Cylindrical Battery Cells
Under Unknown Cooling Conditions. IEEE Trans. Control. Syst. Technol. 2014 22, 2277-2286. [CrossRef]

Youngki, K. Power Capability Estimation Accounting for Thermal and Electrical Constraints for Lithium-Ion Batteries. Ph.D.
Thesis, University of Michigan, Ann Arbor, MI, USA, 2014.

Li, Y,; Li, K,; Liu, X.; Zhang, L. Fast battery capacity estimation using convolutional neural networks. Trans. Inst. Meas. Control
2020, 42, 1-14. [CrossRef]

Available online: https://docplayer.net/20772679-Managing-a123-cells-with-fma-cell-balancing-technologies.html (accessed on
1 March 2022).

Pivelait, B.; Rentel, C.; Plett, G.; Marcel, M.; Carmen, D. An advanced battery management system for lithium-ion batteries.
In Proceedings of the 2011 NDIA Ground Vehicle Systems Engineering and Technology Symposium, Dearborn, MI, USA,
9-11 August 2011.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1021/nl202764f
https://doi.org/10.1149/2.029305jes
https://doi.org/10.1146/annurev.matsci.32.112001.132041
https://doi.org/10.1016/j.nanoen.2021.106057
https://doi.org/10.1002/aenm.202101807
https://doi.org/10.1149/1.3521314
https://doi.org/10.1016/j.jpowsour.2011.03.017
http://www.sullivanuv.com/wp-content/uploads/2014/06/A123-Cell-Datasheet-2008-08.pdf
http://www.sullivanuv.com/wp-content/uploads/2014/06/A123-Cell-Datasheet-2008-08.pdf
https://doi.org/10.1557/opl.2013.740
https://doi.org/10.1016/j.jpowsour.2009.10.105
https://doi.org/10.1109/TCST.2014.2309492
https://doi.org/10.1177/0142331220966425
https://docplayer.net/20772679-Managing-a123-cells-with-fma-cell-balancing-technologies.html

	Introduction 
	Materials and Methods 
	Coupling the Heat-Transfer Model to the Cahn–Hilliard Equation 
	Generating the Dataset from the COMSOL® Multiphysics Simulation 

	Results 
	Discussion 
	Conclusions 
	References

