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ARTICLE INFO ABSTRACT
Keywords: Accurate and computationally efficient battery models are essential for battery management systems and battery
Battery ageing digital-twin workflows. However, model selection requires careful evaluation of the trade-off between dynamic

Battery management systems (BMS)
Digital-twin workflow
Equivalent-circuit models

voltage fidelity, computational effort, energy accounting, and ageing representation. This paper presents a
reproducible MATLAB-based benchmarking workflow for comparing equivalent-circuit models (ECMs) at
Lithium-ion batteries battery-pack scale under common parameterisation and ageing assumptions. A SAFT-type RC model and first-,
Model benchmarking second-, and third-order Thevenin models are evaluated using open-access state of charge (SoC)/state of health
State of health (SoH)-dependent parameter surfaces, an empirical calendar-cycling ageing law, and automated post-processing
through the DATTES toolbox. The benchmark is performed on a 64s29p LiFePO4 battery pack under a repeated
synthetic 24-h current profile over a three-year equivalent operating horizon at fixed 25 °C. The results show that
higher-order ECMs improve agreement with the third-order Thevenin internal reference, but the incremental
benefit diminishes beyond the second-order model. Within the investigated model family, duty cycle, and
MATLAB implementation, the second-order Thevenin model provides the most favourable compromise between
internal-reference voltage fidelity and per-step computational cost. The ageing outputs show identical SoH and
internal-resistance-growth trajectories across ECMs because the adopted ageing law is driven by common daily
stress metrics rather than ECM-specific polarization states or transient overpotential histories. Therefore, these
ageing results should be interpreted as a property of the implemented modular ageing-coupling strategy, not as a
general proof that ECM order has no influence on degradation in real batteries. The study provides a transparent
and reproducible benchmarking workflow for controlled ECM comparison, while experimental validation,
electro-thermal coupling, and estimator-in-the-loop testing remain necessary before predictive deployment in
operational BMS or digital-twin systems.

horizons [1,3].

Among the available modelling approaches, equivalent-circuit
models (ECMs) remain widely used because they offer a favourable
balance between physical interpretability and computational efficiency.
Charge-based formulations, such as SAFT-type RC networks, provide a
compact representation of surface-bulk charge redistribution, whereas
voltage-based Thevenin models describe polarization dynamics through
one or more RC branches. Foundational ECM formulations by Chen and
Rincon-Mora [4] and Tremblay and Dessaint [5] established compact
nonlinear models suitable for control-oriented simulation. Subsequent
experimental and simulation-based comparisons by He et al. [6] and Hu
et al. [7] showed that first- and second-order Thevenin models often
provide favourable accuracy—complexity trade-offs for voltage model-
ling and state estimation. More recent surveys on parameter estimation
and ECM usage confirm that these model families continue to form the

1. Introduction

The global transition toward sustainable mobility, distributed energy
storage, and large-scale electrification has increased the demand for
accurate, interpretable, and computationally efficient models of lithium-
ion (Li-ion) batteries. In electric vehicles, hybrid systems, and stationary
storage applications, battery management systems (BMS) must estimate
and control internal states such as State of Charge (SoC), State of Health
(SoH), available power, and degradation under dynamic operating
conditions. Recent reviews highlight that model fidelity directly impacts
safety, lifetime prediction, and energy management in electric-vehicle
and grid-connected applications [1,2]. At the same time, embedded
BMS and battery digital-twin workflows require models that remain
numerically robust and computationally tractable over long operating
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Nomenclature

Abbreviations

BMS Battery management system

DATTES Data Analysis Tools for Tests on Energy Storage
DoD Depth of discharge

ECM Equivalent-circuit model

EoL End of Life

FEC Full equivalent cycles

LFP Lithium iron phosphate (LiFePO4)

NRMSE Normalised root-mean-square error

ocv Open-circuit voltage

PDE Partial differential equation

RC Resistor—Capacitor (SAFT-type dual-capacitor model)

RC-SAFT SAFT-type resistor-capacitor surface-bulk charge-
redistribution model

RMSE Root-mean-square error

SoC state of charge

SoH state of health

SoHg,s SoH coordinate used for parameter-surface interpolation

Thl, Th2, Th3 First-, second-, third-order Thevenin model

TVE Total vector error

ZOH Zero-order hold

pp percentage points

Latin symbols

Aca Calendar-ageing pre-exponential factor [day ']

a b Empirical SoC-dependence coefficients of calendar ageing

Cp Bulk-domain capacitance [F]

C. Surface-domain capacitance [F]

Ci Capacitance of the i-th polarization branch, i = 1,2,3 [F]

Cn Nominal capacity, updated with SoH [Ah]

Crot Total electrochemical capacitance [F]

E, Activation energy of calendar ageing [J mol ']

Ein, Eoue Daily charge / discharge energy [Wh]

I Terminal current, positive in discharge [A]

L, I. Bulk / surface branch currents [A]

keal Calendar degradation rate [day’l]

keye Cycle degradation coefficient [% cycle™]

keye,scale  Multiplicative scale factor applied to the cycling-loss term
in the ageing sensitivity analysis

Keint Resistance-growth proportionality factor [%]

M, Relative static storage index

Mid-SoC Mean state of charge over the daily cycle [%]
Full equivalent cycles in a day
Number of series / parallel cells (64s29p)

N, cycles
N N,

np Thevenin model order (1, 2, 3)

Quom Nominal charge [C]

R Universal gas constant, 8.314 J mol ! K™?

Ry Series resistance of the Thevenin models equivalent to Ry,
[Q]

R, Interfacial resistance, lumped into R, [Q]

Re Coupling (exchange) resistance, surface-bulk [Q]

R; Resistance of the i-th polarization branch [Q]

Rint Terminal ohmic (internal) resistance [Q]

T Absolute temperature [K]

Teycle Tstorage Cycling / storage temperature [°C]

Ts Sampling period [s] (Ts = 60s)

tstorage Rest (storage) time [days]

v Terminal voltage [V]

18 Bulk-domain voltage [V]

Ve Surface overpotential [V]

Voc Open-circuit voltage [V]

Vpi Polarization voltage of the i-th branch [V]

b'e Model state vector

Greek symbols

o RC-SAFT capacity-splitting factor, C./(C. + Cp); baseline
o = 0.20

o Exponential-filter coefficient, o; = exp g:?{fb)

ACcq), ACqye Daily calendar / cycling capacity loss [%]

ACgay Total daily capacity loss [%]

ARjnt Cumulative internal-resistance growth [%]

AVief Reference voltage swing used for C_tot [V]

n Coulombic efficiency

Ncharge Charge-side coulombic efficiency used in the synthetic
profile definition

Nday Daily round-trip efficiency [%]

pp Pearson correlation coefficient used in Section 3.7

ps Spearman rank-correlation coefficient used in Section 3.9

Pw Current-weighted Spearman rank-correlation coefficient
used in Section 3.9

c Standard deviation of the Gaussian standby-current
perturbation [A]

T Time constant [s]

T Kendall rank-correlation coefficient used in Section 3.9

Tw Current-weighted Kendall coefficient used in Section 3.9

T1 Time constant of the first polarization branch, R1C1 [s]

Teal Local calendar lifetime [days]

Tmin, Tmax Admissible bounds on the RC-SAFT diffusion time
constant [s]

backbone of modern BMS implementations [8].

The selected ECM structure also affects the performance of state-
estimation algorithms. Reviews on SoC and SoH estimation show that
estimator robustness, convergence speed, and numerical stability are
inherently constrained by the observability and identifiability properties
of the underlying model [9-12]. Waag et al. [13] highlighted the risk of
estimator degradation under controlled scenario-based operating con-
ditions when the model structure is not appropriate, while Berecibar
et al. [14] and Barillas et al. [15] stressed the importance of consistent
model parameterisation for meaningful comparison of estimation algo-
rithms. Classical Extended Kalman Filtering developments for Li-ion
battery packs [16-18] and subsequent robustness studies [19] further
illustrate the central role of ECM quality in model-based estimation.
Recent applications continue to rely on Thevenin-type ECMs for real-
time SoC estimation and BMS implementation [20], even as hybrid
physics—machine learning methods are increasingly explored for

improved state estimation under variable operating and ageing condi-
tions [21].

In parallel, substantial progress has been made in Li-ion battery
ageing mechanisms and lifetime prediction. Recent reviews summarise
degradation mechanisms such as capacity fade, internal-resistance
growth, and open-circuit voltage drift, and highlight the need for
ageing-aware models suitable for system-level analysis [2,3]. Long-term
experimental datasets, including the multi-stage ageing dataset reported
by Stroebl et al. [22], provide valuable references for degradation-model
validation, while second-life ageing studies further emphasise the need
to represent ageing beyond first-life operation [23].

Open-data initiatives have also enabled combining empirical ageing
laws with experimentally derived parameter surfaces. The Batteries2020
project introduced empirically validated calendar-plus-cycling ageing
laws suitable for long-term simulations [24]. Seger et al. released open
ageing models and SoC-SoH-dependent ECM parameter surfaces for
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second-life lithium-ion batteries [25,26]. In addition DATTES (Data
analysis tools for tests on energy storage) provides standardised tools for
battery data analysis and reproducible post-processing [27], while
recent digital-twin architectures illustrate the growing interest in inte-
grating battery models, data streams, and analytics for battery-state
awareness [28,29].

Although ECMs, ageing laws, open-parameter datasets, and battery-
data analysis tools have each been investigated independently, their
integration into a transparent, reproducible workflow for long-horizon,
pack-level model comparison remains limited. In particular, controlled
benchmarking studies are needed to evaluate how ECM family and order
affect voltage response, energy throughput, round-trip efficiency,
degradation indicators, and computational effort under identical
parameterisation and ageing assumptions. This need is especially rele-
vant for BMS development and digital-twin-oriented workflows, where
model fidelity must be balanced against numerical stability, imple-
mentation cost, and reproducibility. Recent work on electro-thermal
pack modelling, real-time BMS control, and ageing-aware battery
simulation further confirms the practical importance of this balance
[30-32].

It is important to clarify that the objective of the present work is not
to introduce a new ECM topology or to establish the general superiority
of a specific Thevenin order. Previous studies have already shown that
first- and second-order Thevenin models often provide favourable
accuracy—complexity trade-offs for battery modelling and state estima-
tion [6,7]. Instead, the contribution of this work lies in integrating
established model structures, open SoC-SoH-dependent parameter sur-
faces, an empirical calendar-cycling ageing formulation, and stand-
ardised post-processing into a single MATLAB-based benchmarking
workflow. This enables a controlled and reproducible comparison of
model-family behaviour under identical operating, parameterisation,
and ageing assumptions.

The main contributions of this work are as follows:

e A reproducible MATLAB workflow is developed for benchmarking a
SAFT-type RC model and first-, second-, and third-order Thevenin
ECMs at battery-pack scale.

e A common parameterisation procedure is implemented using open
SoC-SoH-dependent parameter surfaces with explicit boundary
handling for the available second-life SoH domain, allowing consis-
tent comparison across model families and orders [25,26].

e An empirical calendar-cycling ageing update is coupled to the ECM

simulation workflow to support long-horizon scenario analysis under

common degradation assumptions [24].

Automated post-processing is performed using the DATTES toolbox

to evaluate voltage response, energy throughput, round-trip effi-

ciency, degradation indicators, and computational performance

[27].

e A scenario-specific comparison is conducted for a 64s29p LiFePOa
battery pack under fixed-temperature operation and a repeated
synthetic 24-h current profile over a three-year equivalent horizon.

The scope of the study is intentionally defined as a model-based
benchmarking exercise. The results quantify the relative behaviour of
the tested ECM configurations within the adopted parameter surfaces,
ageing law, current profile, pack configuration, and MATLAB imple-
mentation. They should not be interpreted as experimental validation of
absolute voltage accuracy, efficiency, or degradation prediction for a
real battery pack. Experimental validation against measured dynamic
current-voltage data, electro-thermal coupling, multi-chemistry testing,
and estimator-in-the-loop implementation are identified as necessary
extensions before predictive BMS or operational digital-twin
deployment.

The remainder of the paper is organised as follows. Section 2 de-
scribes the ECM formulations, parameterisation procedure, ageing
coupling, simulation workflow, and reproducibility considerations.
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Section 3 presents result on voltage, energy, ageing, computational
performance, and fidelity. Section 4 summarises the main findings,
limitations, and future extensions of the proposed benchmarking
workflow.

2. Modelling framework and methodology
2.1. Framework overview and simulation workflow

This study proposes a unified simulation framework that integrates
SAFT-type RC and multi-order Thevenin equivalent-circuit models
(ECMs) with an empirical ageing module and automated post-processing
via the DATTES toolbox. The platform is designed to simulate lithium-
ion battery ECMs under a controlled synthetic 24-h current profile
designed for controlled benchmarking, capturing both short-term dy-
namics and long-term degradation. Each simulation run covers a 24-h
current profile that includes moderate and high-power discharge pha-
ses, constant-current and fast charging segments, and idle periods. This
daily profile is repeated over a three-year equivalent operating horizon
using a fixed 60-s sampling interval, resulting in approximately 1.5
million time steps.

Parallel execution enables the simultaneous evaluation of multiple
ECM families and model orders, facilitating direct comparisons in terms
of dynamic fidelity, computational efficiency, and degradation trends.
The overall workflow, ranging from parameter initialization to stand-
ardised post-analysis, is summarised in Fig. 1.

2.2. Equivalent-circuit models

This study implements four equivalent-circuit model (ECM) config-
urations, grouped into two distinct families: a SAFT-inspired RC topol-
ogy describing bulk-surface charge redistribution, and first-, second-,
and third-order Thevenin models capturing voltage-based polarization
dynamics.

The RC model adopts a dual-capacitor topology originally developed
by SAFT for vehicle-level simulations [6]. The classical network includes
two capacitors C., Cp and three resistors: the terminal resistance Ry, a
coupling resistance R., and an interfacial resistance R..

In this work, we adopt a reduced 2C-2R formulation (Fig. 2) where
R. is lumped into the terminal ohmic resistance Rjy;, whose SoC-SoH
dependence is taken from the same interpolation surfaces used for the
Thevenin models, and the coupling resistance R, governs charge ex-
change between the surface and bulk domains. All resistances and
voltages are defined with respect to the open-circuit voltage (OCV)
node.

In this phenomenological framework:

e The surface domain represents fast interfacial phenomena (e.g.,
double-layer capacitance, charge-transfer resistance), modelled via a
small capacitor C. and overpotential V,;

e The bulk domain captures slower charge redistribution within the
porous electrode and active material, using a larger capacitor C, and
voltage Vy;

The coupling resistor R, mimics diffusion-like relaxation between
domains without requiring PDE-based electrochemical models, retain-
ing physical interpretability with low computational cost.

The state vector is x = [SoC, V., Vb]T, where SoC € [0,1] is the nor-
malised state of charge.

The terminal current I is defined positive in discharge, i.e., flowing
out of the positive terminal. With this convention, the output voltage
equation is

V = Voc(SoC) — Rind — V., )

The ohmic and surface polarization terms reduce the terminal
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Fig. 1. Overview of the unified simulation framework, from parameter initialization to data analysis and model comparison.
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Fig. 2. Schematic of the reduced SAFT-type RC battery model.

voltage during discharge (I > 0) and increase it during charge (I < 0),
consistent with physical behaviour.
The SoC evolution follows Coulomb counting:

dSoC nl

dt ~  3600C, 2

where 7 is the coulombic efficiency and C, the nominal capacity (Ah)
updated with SoH.
The inter-domain dynamics are governed by:

av, 1 1

@ ~c.erVe
av, 1
dt ~ CyR. (Ve = V). )

The Thevenin models use voltage-based RC ladder networks to
capture multi-time-constant polarization dynamics. Each branch con-
sists of a parallel resistor-capacitor pair (R; || C;), which generates a

polarization voltage V,,. Unlike the RC model, Thevenin configurations
do not differentiate between bulk and surface domains but offer tunable
fidelity via model order:

e Thl: Ry + (R1]|C1), capturing a dominant polarization mode.

® Th2: Rin; + (R1]|C1) + (R2||C2), resolving medium and slow dynamics.

e Th3: Ry + (R1]|C1)+ (R2||C2)+ (Rs||C3), offering high-fidelity
transient response.

The terminal voltage is given by:
p
V = Voc(SoC) — IRinc — Y _ V), 4
i=1

where n, = 1, 2,3 denotes the model order.
Each polarization voltage is updated via a first-order exponential
filter:

T
Vpiks1 = @i Vp ke +Ri(1 — o)L, o; = exp ( - ﬁ) 5)
1™~

The SoC is updated using the same Coulomb-counting equation as in
the RC model. This discretization ensures long-term numerical stability
across millions of time steps.

A schematic representation of the generalised Thevenin structure is
shown in Fig. 3 and Table | summarises the four model structures and
their associated state vectors.

To ensure consistency across ECM families, the RC-SAFT model re-
uses the same Vo and Rjy surfaces employed in the Thevenin models.
Its internal parameters are derived analytically to match the dominant
time constant 7; = R;C; of the Th1 configuration, as detailed in Section
2.3.

2.3. Parameterisation and interpolation

The experimentally derived electrical parameters used as the com-
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Fig. 3. Generalised Thevenin equivalent-circuit model of order n.

Table I

Model components and state vectors.
Model Components State vector x
RC-SAFT Rine,Re, Ce, Gy [SoC; Ve; V]
Thevenin 1st order (Thl) Ro,R1,Cy [SoC; V), 1
Thevenin 2nd order (Th2) Ro,R1,C1,R2,Co [SoC; Vp, ;sz}

Thevenin 3rd order (Th3) Ro,R1,C1,R2,C2,R3,C3 [SoGC; Vp,; Vi, ; Vi, 1

mon basis for the equivalent-circuit models are obtained from the open-
access parameterisation dataset reported in [26]. The available two-
dimensional interpolation surfaces provide the open-circuit voltage
Voc, the ohmic resistance Riy, and the first two polarization branches
(R1,C1) and (Rz, C2) as functions of SoC and state of health. Each surface
maps values over the SoC domain (SoC € [0,1]) and the second-life SoH
domain (SoH € [0.5, 0.8]), with separate datasets for 25 °C and 0 °C and
for charge and discharge conditions.

During the simulation, cell-level parameters are extracted at runtime
via bilinear interpolation according to the instantaneous SoC, the
ageing-dependent SoH coordinate, temperature, and current direction.
Since the source parameter surfaces are available only over the second-
life SoH interval (SoH € [0.5, 0.8]), the SoH coordinate used for inter-
polation is constrained to this admissible range. In the three-year sce-
nario analysed in this work, the simulated physical SoH decreases from
1.00 to approximately 0.835 and therefore remains above the upper
bound of the available surface domain. Consequently, the interpolation
coordinate is kept at the upper boundary, SoHgf = 0.8, throughout the
reported simulations. As a result, Voc, R1,C1, Rz, and C, are evaluated at
the SoH = 0.8 surface, while ageing affects the electrical simulation
through the capacity update C, (SoH) and the empirical internal-
resistance-growth update described in Section 2.4. The resulting cell-
level parameters are then analytically scaled to the 64s29p pack
configuration by applying the corresponding series—parallel resistance,
capacitance, and voltage scaling factors.

For the first- and second-order Thevenin configurations, the inter-
polated internal resistance Rj,; provides the baseline ohmic resistance,
while the polarization branches are defined directly by the interpolated
(Ri, C;) pairs. The effective series resistance is then updated according to
the empirical resistance-growth formulation described in Section 2.4.
The third-order Thevenin configuration is treated as an internal higher-
order numerical extension of the same parameterisation framework.
Since the source dataset does not provide independently identified Rs
and Cs surfaces, the third branch is derived analytically from the
available second-branch parameters and is used only as an internal
higher-order reference within the model-based benchmark, not as an
experimentally identified ground truth.

The RC-SAFT model shares the same Voc and Ry surfaces used for
the Thevenin models, ensuring a common open-circuit-voltage and
ohmic-resistance basis. However, no dedicated lookup tables are avail-
able for C., Cp, or R,. These quantities are therefore computed analyti-
cally so that the reduced surface-bulk charge redistribution dynamics
are harmonised with the dominant time scale of the first Thevenin
branch.

Specifically, the time constant of the first polarization branch 7; =
R1Cq is used as a reference diffusion-like timescale. At each simulation
step, this value is constrained within a physically admissible interval
[Zmin, Tmax| to avoid unrealistically fast or slow charge redistribution. For

the reduced two-capacitor RC-SAFT model, the surface-bulk redistri-
CG
Cc+gb'
the RC-SAFT redistribution timescale with the first Thevenin time
constant, the exchange resistance is selected as:

C.+ Gy
C.Cp

bution time constant is given by tgc = R, Therefore, to harmonise

R.=11

(6)

The total electrochemical capacitance is linked to the nominal charge
capacity and to a reference voltage swing according to:

)

where Qnom is the nominal charge expressed in coulombs. The capaci-
tance is then partitioned between the surface and bulk domains as

Ce = aCiot, Gy, = (1 - a)Ctot
where a = cc%cb is the RC-SAFT capacity-splitting factor. The baseline

value a = 0.20 was selected to represent a reduced fast surface storage
region coupled to a dominant slower bulk reservoir. This choice is
consistent with the phenomenological interpretation of the RC-SAFT
model, where the surface domain captures fast interfacial charge
redistribution, while the bulk domain represents the larger charge-
storage contribution.

The parameter « is not treated as an independently identified elec-
trochemical parameter in the present framework. Rather, it is used as a
phenomenological capacity-partitioning factor that enables the reduced
RC-SAFT model to reproduce a diffusion-like redistribution time scale
consistent with the first Thevenin branch. To verify that the bench-
marking conclusions are not driven by this choice, a robustness check
was carried out by varying a over the range 0.10-0.50 while keeping all
other inputs, ageing laws, parameter surfaces, and numerical settings
unchanged. The corresponding effect on energy throughput, round-trip
efficiency, and voltage response is discussed in Section 3.3.

This parameterisation strategy ensures that all ECMs share the same
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open-data basis for Vo, Rint, and the available polarization elements,
while allowing the RC-SAFT parameters and the third Thevenin branch
to be derived without dedicated additional identification. The explicit
boundary handling of the SoH coordinate also ensures consistency be-
tween the available second-life parameter surfaces and the ageing tra-
jectory simulated in the present benchmark.

2.4. Integration of calendar and cycling ageing models

Lithium-ion battery degradation is modelled using a hybrid ageing
law that combines both calendar and cycling mechanisms, following the
empirical formulation proposed in [24]. This coupling allows the ECM
simulations to account for capacity fade and effective internal-resistance
growth over time, reproducing the gradual loss of capacity and the in-
crease in internal resistance under realistic storage and usage
conditions.

The rate of capacity fade due to storage is governed by a tempera-
ture- and SoC-dependent expression:

1

E,
kcal(T7 SOC) = Acalexp ( — ﬁ") m (8)

where A, is the pre-exponential factor (day_l), E, the activation energy
J mol’l), R the universal gas constant (8.314 J mol ! K’l), T the ab-
solute temperature (K), and a,b are empirical SoC-dependence
coefficients.

The resulting daily capacity loss due to calendar ageing is:

tstorage
— 9
Tcal(T-, SOC) ( )

ACcal =
where tgorage is the time spent at rest and 7.y = 1/kcq is the local cal-
endar lifetime (in days) under given T, SoC conditions. Cycling-induced
degradation is modelled as a function of depth of discharge (DoD), mean
SoC, and temperature:

ACcyc = Ncycles kcyc (DOD, T7 Mid — SOC) (10)

where Ny is the number of full-equivalent cycles in the current day,

keyc is the cycle degradation coefficient evaluated on interpolated maps

or fitted surfaces and where Mid — SoC is the mean SoC during the cycle.
Each simulated day, the total capacity fade is computed as:

ACday = ACca + ACcyc an

and the daily internal-resistance-growth increment is updated according
to:

ARint.day = krint'ACday (12)

where kyine is an empirical proportionality factor relating internal-
resistance growth to capacity loss. The cumulative internal-resistance
increase is then obtained by summing the daily increments over the
simulated horizon.

In the reported three-year simulations, the ageing update affects the
electrical model through two channels: the reduction of the available
nominal capacity Cp, used in the SoC update, and the empirical increase
of the effective internal resistance through Eq. (12). Since the simulated
SoH remains above the upper bound of the available parameter-surface
domain, the SoH coordinate used for Voc, baseline R;, and polarization-
parameter lookup is clamped at SoHgyf = 0.8. Therefore, the lookup-
based values of Vo, baseline Ry, Ry, C1, Ry, and C, remain fixed at
their upper-bound second-life values in this specific scenario, while the
effective internal resistance evolves through the empirical resistance-
growth update. Simulations extending into the available SoH < [0.5,
0.8] interval would activate continuous SoH-dependent surface updates
for the corresponding electrical parameters.

Because the empirical ageing formulation contains fitted calendar,
cycling, and resistance-growth coefficients, an additional one-at-a-time
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sensitivity analysis was performed to assess the robustness of the long-
horizon ageing outputs. The cycling-loss scale factor, resistance-
growth coefficient, calendar activation energy, calendar pre-
exponential factor, and SoC-dependence coefficients were perturbed
around their baseline values while keeping the current profile, tem-
perature, pack configuration, and numerical settings unchanged. The
corresponding impact on final SoH and cumulative internal-resistance
growth is reported in Section 3.4.

2.5. Simulation setup and automated data analysis

The entire simulation framework was implemented in MATLAB
using a modular architecture that supports sequential execution of
model initialization, parameter loading, dynamic simulation, and
automated post-processing. Each simulation begins by initialising the
model state vector, comprising the SoC and polarization voltages, and
loading the relevant parameter surfaces as functions of SoC, SoH, tem-
perature, and current direction. The simulation then iterates over a
repeated 24-h duty cycle, applying the empirical ageing model (Section
2.4) to update the cell's capacity and internal resistance at the end of
each simulated day.

After every cycle, voltage, current, SoC, SoH, and energy data are
processed using a standardised analysis pipeline based on the DATTES
framework. This ensures consistent computation of ageing and perfor-
mance metrics across all model variants.

Simulation results are aggregated over a three-year equivalent
operating horizon (=1.5 million time steps), and daily performance
metrics are computed, including:

e Energy throughput (Wh/day),
e Round-trip efficiency (%),
e Capacity fade and internal resistance evolution.

This automated analysis environment enables reproducible bench-
marking of the four ECM topologies and supports direct comparison of
their dynamic fidelity, ageing behaviour, and computational efficiency
under identical operating conditions.

2.6. Numerical stability and reproducibility considerations

All ECMs were evaluated under the deterministic 24-h current pro-
files described in Section 3.1 and simulated over a three-year equivalent
horizon, comprising approximately 1.5 million discrete time steps. The
adopted time-discretisation strategy combines scalar exponential up-
dates for the Thevenin polarization-voltage states with explicit time
integration for the RC-SAFT surface-bulk redistribution states and the
SoC update, using a fixed sampling period of 60 s.

This discrete-time formulation proved numerically stable across all
model orders. No divergence, overflow, or undefined states (e.g., NaN
values) were observed during any simulation, confirming the robustness
of this formulation under prolonged execution and dynamic ageing
updates.

The entire computational workflow was designed to ensure full
reproducibility. The workflow is structured to generate reproducible
MATLAB and CSV outputs, and simulation settings are documented to
support independent verification. Each model variant relies exclusively
on public datasets and analytically derived quantities, enabling inde-
pendent verification and facilitating comparative studies. Moreover, the
use of a standardised post-processing pipeline (DATTES) ensures
consistent evaluation of energy, efficiency, and ageing metrics across
different ECM topologies.
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3. Results and performance analysis
3.1. Simulation setup and operating conditions

A modular simulation environment was developed to evaluate the
dynamic and ageing behaviour of a 64s29p LiFePOs battery pack under
controlled scenario-based operating conditions. The main cell-level pa-
rameters are summarised in Table II.

All simulations were performed at a fixed ambient temperature of
25 °C, using a one-minute sampling resolution and a repeatable 24-h
current profile shown in Fig. 4, designed to represent a full char-
ge—discharge cycle with controlled rest, discharge, and recharge phases.

The 24-h current profile was designed as a controlled benchmark
rather than as a direct reproduction of a specific measured EV, hybrid-
storage, or grid-service duty cycle. Its timing illustrates a daily oper-
ating schedule comprising overnight charging from 23:00 to 07:00, a
dominant morning discharge from 07:00 to 09:00, a shorter midday
discharge from 12:00 to 13:00, and extended low-current rest periods
that represent standby and balancing operations. These time intervals
were selected to provide, within one repeatable cycle, both sustained
charge/discharge operation and clearly separated relaxation intervals
for comparing ECM dynamics.

Smooth half-sinusoidal current segments were used instead of ideal
step changes to generate well-defined but numerically smooth transi-
tions and to excite voltage-drop and relaxation dynamics over different
time scales. Under the nominal 60-Ah, 90%-DoD condition, the morning
discharge is scaled so that, together with the 5-A peak midday pulse, the
total nominal discharged charge is approximately 54 Ah. This resultsina
morning peak current of approximately 40 A. The eight-hour nighttime
charging segment has a peak magnitude of approximately 11 A and
restores an equivalent effective charge after accounting for the assumed
charge-side coulombic efficiency of 0.95. These current magnitudes
remain below the continuous and peak limits reported in Table II. The
detailed definitions of the operating intervals are reported in Table III.

The resulting profile provides approximately balanced daily charge
throughput under nominal conditions, thereby limiting artificial SoC
drift. During the long-horizon simulation, however, SoC is not externally
reset at the end of each day; it evolves dynamically through Coulomb
counting using the ageing-updated capacity (C,). The profile is repeated
1095 times, corresponding to a three-year equivalent operating horizon.
After each daily cycle, the ageing laws in Eqgs. (11)-(12) update the
available capacity and effective internal resistance.

All four ECM configurations (RC-SAFT, Th1, Th2, and Th3) were
simulated in parallel using identical current and temperature inputs.
Voltage, current, SoC, SoH, and resistance trajectories were post-
processed through the DATTES analysis framework to extract daily
performance metrics such as energy throughput (Wh/day), round-trip
efficiency (%), SoH, and internal-resistance variation (AR).

These daily aggregates feed back into the ageing model to compute
degradation increments for the following cycle. The complete workflow
is shown in Fig. 5.

Table II

Module technical data (datasheet values).
Parameter Value
Chemistry LiFePO4 (LFP)
Nominal capacity 60 Ah
Nominal voltage 2048V
Operating voltage range 172.8-233.6 V
Nominal energy 12.3 kWh
Usable energy (90% DoD) 11.7 kWh
Recommended continuous current 30-60 A
Peak current (1 s) 70 A
Nominal temperature 25°C
Guaranteed cycles > 2000 (0.5C, 70% EoL (End of Life))
Weight ~ 175 kg
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Simulation outputs are cumulatively stored in dattes_output.mat,
including all signal traces, figures, and performance summaries. This
dataset forms the basis for the comparative analysis presented in the
Sections 3.2-3.6.

3.2. Voltage dynamics and transient behaviour

The terminal-voltage dynamics of the ECM configurations were
compared over the final 24-h cycle

of the simulation horizon. Fig. 6 presents the voltage trajectories
produced by the RC-SAFT, Th1l, Th2, and Th3 models on day 1095 under
identical current and temperature inputs.

The “final simulated day” corresponds to the last day of the three-
year equivalent simulation horizon,

after the maximum cumulative capacity fade and internal-resistance
growth reached in the investigated

scenario have been applied. This day was selected to assess the
models under the most aged condition

considered in the benchmark and to emphasise end-of-horizon dif-
ferences in voltage drop, recovery, and relaxation behaviour. The
comparison should therefore be interpreted as an end-of-horizon
internal-

reference assessment, rather than as a fresh-cell or arbitrarily
selected representative-day result.

Each model uses a discrete-time formulation to update its internal
states, namely, the SoC and polarization voltages, according to the dy-
namics described in Section 2.2. A fixed one-minute timestep was
applied across all simulations, ensuring comparability in temporal res-
olution and numerical integration.

The RC-SAFT model captures the dominant voltage trends but ex-
hibits a systematic underestimation during high-power transients and
post-discharge relaxation. This limitation arises from its reduced ca-
pacity to model diffusion-related polarization with sufficient time-scale
separation. The first-order Thevenin model (Th1), which introduces a
single RC branch for voltage recovery, improves transient tracking but
still shows delayed settling and minor overshoots, especially during the
transition from rest to discharge.

Relative to the internal higher-order Thevenin reference, the second-
order Thevenin model (Th2) provides the closest agreement among the
non-reference models over the tested operating segments. It follows both
the main voltage drops and the subsequent relaxation phases more
closely than RC-SAFT and Th1, indicating that the addition of a second
polarization branch improves the representation of multiple voltage-
relaxation time scales under the adopted current profile.

The third-order Thevenin model (Th3) introduces an additional RC
branch and is used in this study as an internal higher-order numerical
reference. However, as discussed in Section 2.3, the third branch is
analytically derived from the available second-branch parameters rather
than independently identified from dedicated third-order parameter
surfaces. Therefore, its response should not be interpreted as experi-
mentally validated ground truth. Under the adopted one-minute sam-
pling resolution and synthetic 24-h current profile, the incremental
difference between Th2 and Th3 remains limited.

These findings suggest that, within the present model-based bench-
mark, Th2 provides a favourable compromise between internal-
reference voltage fidelity and model complexity. This conclusion is
scenario-specific and should be interpreted in conjunction with the
computational-performance results in Section 3.6 and the limitations
discussed in Sections 3.9 and 3.10.

3.3. Energy throughput and round-trip efficiency

The energy processed by each equivalent-circuit model (ECM) was
evaluated by numerically integrating the product of terminal voltage
and current over each simulated day. Input (charging) and output
(discharging) energies were tracked separately, and round-trip effi-
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Fig. 4. Synthetic 24-h current profile used for the controlled benchmark. Positive current denotes discharge and negative current denotes charge. The profile in-
cludes a nighttime charging interval, a main morning discharge, a light midday discharge, and low-amplitude idle-current fluctuations that represent standby and

balancing effects.

Table III
Synthetic 24-h Current Profile.

Operating Time Description / formula
period interval
Morning 07:00-09:00 Ahmorning = Cn*DoD — Ahmidday
discharge
Morning rest 09:00-12:00 The module rests at nearly zero current, with
small Gaussian noise (¢ = 0.1 A) to emulate
balancing and standby losses.
Mid.day 12:00-13:00 Ahigday = z < 5Ah
discharge r
Afternoon idle  13:00-23:00 The module rests at nearly zero current, with
small Gaussian noise (c = 0.1 A) to emulate
balancing and standby losses.
Night charge 23:00-07:00 A, =" Cn-DoD
716 Neharge
ciency was computed as the ratio 74,y = Eout/Ein, Using a one-minute

resolution consistent with the dynamic simulation.

Fig. 7 shows the evolution of daily energy throughput (charge +
discharge) over the full three-year equivalent period. While all models
follow similar trends, minor but systematic differences emerge. The
RC-SAFT and Thl models process slightly more energy than Th2 and
Th3, especially during the early ageing phase (days 0-400), when
increased resistance begins to affect charge acceptance and discharge

efficiency.

The total energy processed over the three-year horizon is summar-
ised in Fig. 8, confirming the order RC-SAFT > Thl > Th2 > Th3. Since
this quantity is computed as the sum of cumulative charge and discharge
energies, the values are approximately twice the total discharged en-
ergies reported in Table IV. The total processed energy ranges from
about 24.81 MWh for Th3 to about 25.09 MWh for RC-SAFT. The cor-
responding total discharged energy ranges from 11.69 MWh for Th3 to
12.06 MWh for RC-SAFT, as reported in Table IV. These small dis-
crepancies reflect differences in transient overpotentials and internal
losses under the same ageing law and final SoH.

Table IV reports the main energy and ageing metrics for all models
under nominal conditions (25 °C, approximately 90% daily depth of
discharge).

Average round-trip efficiency shows a similar trend: RC-SAFT and
Thl achieve higher efficiency (approximately 91.5-92.5%) than Th2
and Th3 (approximately 89-90%). This apparent inversion, where
simpler models appear more efficient, is attributable to their reduced
ability to resolve long-tail voltage relaxation, which would contribute to
dissipation but is only partly represented in lower-order topologies.

These results suggest that lower-order models may be adequate for
aggregate energy accounting, whereas higher-order ECMs become more
relevant when detailed voltage dynamics or control-layer accuracy is
required.

Inputs

*real profile daily.csv
(I(). (1))

« Init params (SoHo, Rinto, Cno)

ECM Simulation (day k)
RC/Th1/Th2/Th3
V(t), I(t), SoC(t)

Daily signals
* V(t), I(t), SoC(t)
* Eout,, Ein,, N,

Daily DATTES metrics
« Eff, FEC, DoD, Mid-SoC
- Aggregations/CSV

A
!

I
Day k — k+1
I
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Solid arrows = data flow
Dashed arrow = parameter feedback
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Fig. 5. Simulation and data pipeline. Each day:

Inputs —» ECM simulation — Post-processing (V, I, SoC) — DATTES metrics — Ageing update —

New parameters — Next day.
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Fig. 6. Overlay of simulated terminal-voltage trajectories for the tested ECM configurations on the final simulated day, corresponding to day 1095 of the three-year
equivalent horizon after cumulative ageing updates. All models are evaluated under the same 24-h current profile and fixed-temperature conditions. The comparison
highlights end-of-horizon differences in voltage drop and relaxation behaviour among the RC-SAFT, Thl, Th2, and Th3 models.

N )
el vy
o =
1 L

23.4

23.2 1

Daily energy throughput [kWh/day]
(3]

N N ]
L ¢
- =) o0
1 1 1

—— RC-SAFT
——— Thl

Th2
—— Th3

1 1
100 200 300 400

500
Day

I
600 700 800 900 1000

Fig. 7. Scenario-specific daily energy throughput over the three-year equivalent simulation horizon for the tested ECM configurations. Daily throughput is computed
as the sum of charge and discharge energy for each repeated 24-h cycle. The small differences among models reflect their different representations of transient
overpotentials and voltage-relaxation losses under the same current profile and ageing assumptions.

To verify that the RC-SAFT energy indicators were not biased by the
selected capacity-splitting factor, an additional robustness check was
performed by varying a from 0.10 to 0.50. The results confirmed that the
long-horizon energy metrics are practically insensitive to this param-
eter. With respect to the baseline value a = 0.20, the average round-trip
efficiency varied by only about 0.0005 percentage points, while the total
discharged energy changed by less than 0.012%. The main influence of «
was observed in the voltage redistribution dynamics: a = 0.10 increased
the RMSE relative to the internal Th2 reference, whereas values a >
0.20 produced an almost flat RMSE plateau. This confirms that the ef-

ficiency and energy-throughput conclusions are robust with respect to
the RC-SAFT capacitance split.

3.4. Ageing behaviour and state of health (SoH) evolution

Long-term battery degradation was simulated by applying the
empirical ageing model described in Section 2.4 at the end of each daily
cycle. Both calendar and cycling contributions were updated based on
the operating temperature, SoC trajectory, and daily depth of discharge,
resulting in a progressive loss of capacity (SoH) and increase in internal
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Fig. 8. Scenario-specific total energy processed over the three-year equivalent simulation horizon for each ECM configuration. Total processed energy is computed as
the sum of the cumulative charge and discharge energies over all repeated 24-h cycles. The small differences among models arise from their different representations
of transient overpotentials and voltage-relaxation losses under the same current profile and ageing assumptions.

Table IV
Energy and ageing indicators (three-year equivalent operation, 25 °C, ~90%
DoD/day).

Model Avg. efficiency Final SoH ARine Total discharged energy
(%) (%) (%) (MWh)

RC-SAFT 9251 83.47 +19.83 12.057

Thl 91.53 83.47 +19.83 11.948

Th2 89.90 83.47 +19.83 11.775

Th3 89.09 83.47 +19.83 11.689

resistance (ARjnt).

As shown in Fig. 9 and Fig. 10, all ECM configurations exhibit
identical ageing trajectories, with SoH declining smoothly from 100% to
~83.47% over the three-year equivalent horizon, and internal resistance
increasing by +19.83%. These identical trajectories reflect the modular
structure of the implemented ageing update. In the present framework,
the ageing law is driven by common daily stress indicators and empirical
coefficients, rather than by ECM-specific polarization states, transient

overpotential histories, or local electrochemical variables. Therefore,
the identical SoH and resistance-growth trajectories should be inter-
preted as a consequence of the adopted ageing-coupling strategy, not as
a general proof that ECM order has no influence on degradation in real
batteries.

3.4.1. Sensitivity of ageing outputs to empirical coefficients

To assess whether the ageing outputs depend strongly on the selected
empirical coefficients, a one-at-a-time sensitivity analysis was per-
formed on the main ageing-law parameters. The cycling-loss scale fac-
tor, resistance-growth coefficient, calendar activation energy, calendar
pre-exponential factor, and SoC-dependence coefficients were per-
turbed around their baseline values while keeping the current profile,
temperature, pack configuration, and numerical settings unchanged.
The stand-alone ageing-sensitivity calculation gave a baseline final SoH
of 83.56% and a cumulative internal-resistance increase of 19.73%,
which is consistent with the full ECM simulations. Table V reports the
resulting parameter-dependent ranges and the maximum deviations

100 -

95 4 -
S
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All ECMs
80 L 1 1 1 T 1 I 1 1 1 1 -
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Fig. 9. State-of-health trajectory over the three-year equivalent simulation horizon. The single curve represents all tested ECM configurations, which overlap because
the empirical ageing update is driven by common daily stress indicators rather than by ECM-specific polarization states or transient overpotential histories.
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Fig. 10. Cumulative internal-resistance growth over the three-year equivalent simulation horizon. The trajectories overlap for all ECM configurations because the
empirical ageing update is driven by common daily stress indicators, rather than by ECM-specific polarization states or transient overpotential histories.

from this sensitivity baseline. The baseline values in Table V are ob-
tained from the stand-alone ageing-sensitivity routine and therefore
differ slightly from the full ECM simulation values reported in Table IV.

The sensitivity results show that the final SoH is mainly governed by
the cycling-loss scale factor. This parameter modifies the accumulated
cycling-related capacity loss and therefore directly affects the final ca-
pacity fade. By contrast, the resistance-growth factor ki, does not affect
final SoH, but it directly scales the cumulative internal-resistance in-
crease. As expected, ARy is therefore sensitive both to the cycling-loss
scale and to k. The calendar-related coefficients have a smaller in-
fluence under the adopted fixed-temperature, daily-repeated cycling
scenario, whereas the SoC-dependence coefficients exhibit negligible
variation.

These findings clarify two distinct aspects of the ageing analysis.
First, the relative comparison among ECMs remains unchanged because
the same ageing law is consistently applied across all model configura-
tions. Second, the absolute degradation values remain conditional on the
selected empirical ageing coefficients. Consequently, the reported final
SoH and resistance-growth values should be interpreted as scenario-
specific outputs of the adopted empirical ageing model, rather than as
experimentally validated predictions for a specific real battery pack.

3.5. Internal resistance growth and efficiency degradation

Although all simulations were conducted at a fixed temperature of
25 °C, the gradual increase in internal resistance observed across all
ECMs, reaching +19.83% after three years, demonstrates the cumulative
impact of ageing-induced ohmic losses. This resistance growth reduces

Table V

the effective voltage during discharge and increases losses during
charge, thus directly degrading the round-trip energy efficiency.

Fig. 11 illustrates the monthly average correlation between round-
trip efficiency (n) and internal resistance increase (ARj,) for each
ECM configuration. A clear, nearly linear trend is observed: as ARjy
increases, efficiency declines systematically. Under the adopted fixed-
temperature scenario, the fitted monthly trend corresponds to an
apparent efficiency decrease of approximately 0.09 pp. per 1% increase
in ARjnt.

While this correlation is captured under isothermal conditions, it is
expected to intensify under realistic, non-isothermal operation. In such
cases, the ageing rate, particularly calendar ageing, would follow an
Arrhenius-type exponential dependence on temperature, as per Eq. (8).
Consequently, temperature fluctuations would accelerate both capacity
fade and resistance growth, further penalising efficiency.

The modular structure of the proposed framework enables seamless
integration of temperature-dependent ageing models, paving the way
for fully coupled thermal-electrical simulations. This extension would
be useful for future digital-twin-oriented studies tasked with real-time
lifetime prediction under variable ambient and internal thermal
conditions.

3.6. Computational performance

The computational cost of each ECM configuration was assessed
using two complementary timing benchmarks, with all runtimes nor-
malised to the RC-SAFT baseline. The primary and most repeatable
metric is a per-step micro-benchmark, in which each model advances a

One-at-a-time sensitivity of the final ageing indicators to the empirical ageing-law parameters. Each parameter is perturbed individually about its baseline value while
all other inputs, parameter surfaces, and numerical settings are kept fixed. Deviations are reported with respect to the sensitivity baseline SoHgp, = 83.56% and ARjy¢

= +19.73% (pp = percentage points).

Perturbed parameter Perturbation Final SoH range [%]  ARirange [%]  Max | ASoHfinql| Max |ARpn Main effect
range [pp] [pp]

Cycling-loss magnitude keycscate +20% 79.84-87.10 15.48-24.19 3.72 4.46 Dominant effect on capacity
fade

Resistance-growth factor ki, +20% 83.56 (unchanged) 15.79-23.68 0.00 3.95 Direct effect on resistance
growth

Calendar activation energy E, +10% 82.92-83.79 19.45-20.49 0.64 0.76 Moderate calendar sensitivity

Calendar pre-exponential factor +20% 83.47-83.62 19.66-19.84 0.09 0.11 Weak effect

Acal
SoC coefficient a +20% 83.53-83.58 19.70-19.76 0.03 0.03 Negligible effect
SoC coefficient b +20% 83.51-83.61 19.67-19.79 0.05 0.06 Negligible effect

11
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Fig. 11. Monthly correlation between round-trip efficiency and cumulative internal-resistance growth across the tested ECM configurations over the three-year
equivalent simulation horizon. Symbols indicate monthly averaged values and dashed lines indicate linear regression fits. The trend shows the progressive effi-
ciency reduction associated with ageing-induced resistance growth under the fixed-temperature repeated-cycle scenario.

fixed-length current sequence using fixed parameters and no parameter-
surface interpolation. This benchmark isolates the cost of the electrical
state-update equations. As an implementation-level cross-check, a 100-
day simulation workflow benchmark was also performed, with SoH-
indexed parameter interpolation and the daily ageing update included
inside the timed loop.

The two computational benchmarks serve different interpretive
purposes. The per-step micro-benchmark is used as the primary
computational index for the fidelity-runtime comparison because it
isolates the electrical state-update cost of each ECM under identical
input length and fixed parameter conditions. This makes it the most
direct measure of the electrical state-update burden associated with each
ECM implementation. By contrast, the 100-day workflow benchmark
includes parameter interpolation, daily ageing updates, data handling,
and loop-management overheads. It is therefore useful as an
implementation-level robustness check, but it mixes ECM-specific costs
with common workflow operations. For this reason, Fig. 14 uses the per-
step runtime index, while the 100-day workflow benchmark is reported
to demonstrate that the same qualitative runtime ordering is preserved

Table VI

when the full simulation workflow is considered. Each benchmark was
repeated seven times after one warm-up run. Table VI reports the mean
relative runtime and the run-to-run spread, computed as the standard
deviation normalised to the mean RC-SAFT runtime of the corre-
sponding benchmark. All measurements were obtained using MATLAB
R2025b on a 64-bit Windows platform equipped with an Intel(R) Core
(TM) i7-6560U CPU @ 2.20 GHz and 16 GB installed RAM. MATLAB was
configured to use up to 2 computational threads during the benchmark.

Table VI summarises the resulting computational indices. In the per-
step benchmark, the mean computational cost increases monotonically
within the Thevenin family, following the expected order Thl < Th2 <
Th3. This trend is consistent with the addition of one polarization state
at each model order. The corresponding relative per-step runtimes are
0.48, 0.50, and 0.54 for Th1, Th2, and Th3, respectively. The RC-SAFT
model is the most expensive configuration in this benchmark, with a
relative runtime of 1.00.

This result indicates that topological simplicity does not necessarily
imply a cheaper numerical update. In the present MATLAB imple-
mentation, the RC-SAFT update recomputes the equivalent electro-

Relative computational cost and static storage index of the equivalent-circuit models, normalised to the RC-SAFT baseline (= 1.00). The per-step runtime is the
primary repeatable index and isolates the electrical state-update equations using fixed parameters and no parameter-surface interpolation. The 100-day simulation-
workflow runtime includes SoH-indexed parameter interpolation and the daily ageing update inside the timed loop. Runtime values are means over seven repeats; the

spread is the standard deviation normalised to the mean RC-SAFT runtime of the corresponding benchmark.

Model Per-step runtime, mean Per-step spread [% Full-workflow runtime, mean Full-workflow spread [% Static storage State
rel. baseline] rel. baseline] index dimension
RC-SAFT 1.00 29.3 1.00 27.5 1.00 3
Thl 0.48 13.1 0.61 6.9 0.89 2
Th2 0.50 16.2 0.66 13.3 1.22 3
Th3 0.54 9.8 0.75 29.7 1.33 4

12
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chemical capacitance terms, the clipped diffusion-like time constant, the
exchange resistance (R.), and the surface/bulk capacitance split, and
then advances the two coupled charge-redistribution states. By contrast,
the Thevenin models use compact scalar exponential updates for the
polarization voltages. Therefore, the larger per-step arithmetic associ-
ated with the RC-SAFT formulation outweighs its lower conceptual
order.

The 100-day simulation workflow benchmark preserves the same
mean ordering. The RC-SAFT baseline remains the most expensive
configuration, while the Thevenin models show increasing relative cost
with order: 0.61 for Thl, 0.66 for Th2, and 0.75 for Th3. Since param-
eter interpolation and daily ageing updates are common workflow op-
erations, they introduce shared overheads that partially compress the
relative differences observed in the isolated per-step benchmark.
Nevertheless, the same qualitative ordering is maintained.

The static storage requirement is small for all configurations and is
not a limiting factor in the present simulations. As expected, the state
dimension increases from two states in Th1 to four states in Th3. The
static storage index reported in Table VI is a coarse implementation-
level proxy based on the number of state variables and parameters
held at each step; it is not a measured MATLAB memory profile.

These computational indices should be interpreted as indicative,
implementation- and platform-dependent software benchmark results
rather than intrinsic properties of the model equations. They depend on
the specific MATLAB implementation, coding style, scalar/vectorised
operations, and hardware configuration, and could change under
different programming languages or processor architectures. This is also
reflected in the run-to-run spread reported in Table VI, which is
appreciable for the RC-SAFT baseline and for the full-workflow Th3
case. Within these limits, the benchmark supports the scenario-specific
conclusion that the second-order Thevenin model provides a favour-
able internal-reference voltage-fidelity—cost compromise: its per-step
cost is close to that of Thl and substantially lower than that of the
RC-SAFT formulation, while its voltage fidelity is much closer to the
internal higher-order Thevenin reference.

3.7. Internal reference fidelity and transient accuracy assessment

To quantify the internal-reference fidelity of each ECM configura-
tion, we evaluated the simulated terminal voltage against the third-
order Thevenin model (Ths), which is used as an internal higher-order
numerical reference. The analysis focuses on the final day of simula-
tion, where cumulative ageing effects are most pronounced.

The following fidelity metrics were computed:

e RMSE (Root Mean Square Error): average magnitude of voltage de-
viation from the reference (Th3).

e NRMSE (Normalised RMSE): RMSE expressed as a percentage of the
nominal voltage (204.8 V), to enable scale-independent
comparisons.

e p (Pearson Correlation Coefficient): measures linear correlation
between model and reference voltages (p = 1 indicates perfect
correlation).

e TVE (Total Vector Error): a composite metric (%) that accounts for
both amplitude and phase mismatches.

These metrics were computed over the full 24-h voltage waveform of
the final simulated day. Results are shown in Table VII.

In addition to global metrics, Fig. 12 presents a zoomed comparison
of two representative transient segments:

1. Post-discharge voltage recovery (=~ 09:00), where surface-bulk
redistribution dominates;

2. End-of-charge relaxation (=~ 07:00), highlighting short-time po-
larization effects.
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Table VII

Dynamic fidelity metrics for each ECM compared to Th3 on the final day.
Model RMSE [V] NRMSE [%] p TVE [%]
RC-SAFT 1.886 0.962 0.9905 0.452
Thl 1.353 0.690 0.9952 0.327
Th2 0.451 0.230 0.9995 0.109

The RC-SAFT model exhibits underdamped behaviour and residual
offset, while Th1 resolves only the dominant polarization mode. Th2, in
contrast, closely matches the Th3 reference in both transients, con-
firming its ability to resolve multiple time constants with minimal
computational overhead.

These results support the use of Th2 as a favourable internal-
reference fidelity-complexity compromise within the present
benchmark.

3.8. Reproducibility and data integrity

Ensuring reproducibility and transparency was a primary design
objective throughout the development of the proposed simulation
framework. A dedicated post-processing environment, DATTES (Data
analysis tools for tests on energy storage), automatically computes, or-
ganises, and exports key ageing and performance indicators for each
simulated day.

For every 24-h cycle, the framework generates structured records
that map raw time-series data (current, voltage, and temperature) to
high-level quantities such as SoC, SoH, charge/discharge energies,
round-trip efficiency, and internal resistance growth. These metrics are
computed through a consistent and standardised pipeline, which in-
cludes time alignment, noise filtering, energy balance estimation, and
resistance tracking based on empirical ageing laws.

All results are saved both as structured MATLAB objects and as
interoperable CSV exports, such as daily_ summary.csv, energy_metrics.
csv, rint_growth.csv, and soh_trajectory.csv, supporting traceability,
independent inspection, reproducibility checks, and integration with
third-party analysis tools.

Fig. 13 illustrates this reproducibility-oriented workflow, showing
how raw electrical inputs are transformed into concise daily summaries
that enable robust comparison across models and scenarios.

3.9. Discussion: model-selection implications and scope of the benchmark

The comparative results highlight that the relevance of ECM order
depends strongly on the performance indicator considered. Energy-
related quantities, such as daily energy throughput, total discharged
energy, and average round-trip efficiency, vary only moderately across
the tested ECMs. These differences arise from the way each model rep-
resents transient overpotentials and voltage relaxation, but they remain
limited compared with the overall long-horizon energy processed by the
pack. The robustness check on the RC-SAFT capacity-splitting factor
further confirms that the RC-SAFT energy indicators are not sensitive to
the selected value of a, since round-trip efficiency and total discharged
energy remained practically unchanged over the investigated range.

By contrast, ECM order has a more visible impact on voltage dy-
namics. To summarise this behaviour in a BMS-relevant way, rank-based
waveform similarity indicators were computed by comparing each
model voltage trajectory with the internal Th3 reference on the final
simulated day. The Spearman coefficient pg measures the monotonic
agreement between the ranked voltage sequences, thereby reducing
sensitivity to small absolute voltage offsets. The weighted Spearman
coefficient p,, is computed as a weighted rank-correlation indicator, with
weights proportional to the absolute current magnitude |I|, so that high-
current charge and discharge intervals contribute more strongly than
idle periods. Similarly, Kendall's 7, measures pairwise concordance be-
tween the model and reference voltage sequences, while the weighted
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Fig. 12. Zoomed comparison of terminal-voltage transients for the tested ECMs on the final simulated day: (a) post-discharge relaxation around 09:00; (b) end-of-
charge transition around 07:00. The comparison highlights the different voltage-recovery and relaxation behaviour of the RC-SAFT, Th1, Th2, and Th3 models under

the same current profile.

Raw inputs
+ (1), U(Y), T(t)
« model ID / metadata
* raw CSV / MAT

DATTES analysis core
« Time alignment & filtering
» Compute SoC(t), SoH(t)
* Compute Echarges Edischarge: N
+ Compute ARjy, Chom check
» Save daily_struct

Daily exports
« daily_summary.csv
* energy_metrics.csv
* rint_growth.csv
* soh_trajectory.csv

)

|

Example daily report
Day|SoC avg SoH| n |ARint|Chom
1 56.7 99.8/93.4|+0.02| 60.0
2 582 99.7|93.5|+0.03| 60.0

Fig. 13. DATTES data-processing pipeline from raw I-V-T inputs to structured daily indicators.
The framework generates consistent daily reports used for post-analysis and reproducibility validation.

A sample report is shown at the bottom.

Kendall coefficient 7, applies the same current-based weighting concept
to emphasise dynamically relevant operating segments [33].

Table VIII reports these internal-reference fidelity indicators
together with the relative per-step runtime taken from the computa-
tional benchmark in Table VI. The results show a progressive improve-
ment in voltage-fidelity indicators from RC-SAFT to Thl and Th2, with
Th3 serving as the internal higher-order numerical reference. In
particular, Th2 achieves a weighted Spearman coefficient of p,, =0.991,
indicating that it preserves the current-weighted voltage-ranking
structure of the internal Ths reference, while retaining a relative per-
step runtime of 0.50 with respect to the RC-SAFT baseline. This in-
dicates that, within the adopted benchmark, adding a second polariza-
tion branch substantially improves the representation of transient
voltage recovery and relaxation, whereas the additional gain associated
with the third branch is comparatively small under the tested one-
minute sampling resolution and current profile.

The fidelity-runtime landscape is summarised in Fig. 14. The figure
uses the per-step runtime benchmark as the computational index,
consistently with Table VI and Table VIII. In this representation,
RC-SAFT lies outside the Pareto frontier because it combines lower
internal-reference voltage fidelity with a higher per-step cost than the
tested Thevenin configurations in the present MATLAB implementation.
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Table VIII

Internal-reference fidelity and per-step runtime metrics for the ECM configura-
tions. Runtime values are taken from the per-step micro-benchmark in Table VI
and are normalised to the RC-SAFT baseline. Thj is used as the internal higher-
order numerical reference for the fidelity metrics.

Model Ps Pw Tx Tw Relative Interpretation
per-step
runtime
RC-SAFT  0.980 0.865 0.933  0.903 1.00 Interpretable
surface-bulk
model, lower
internal-
reference fidelity
Thl 0.992 0.945 0.959 0.935 0.48 Lowest-cost
Thevenin
configuration,
moderate fidelity
Th2 0.999 0.991 0.987 0.980 0.50 Favourable
fidelity—cost
compromise in
this benchmark
Th3 1.000 1.000 1.000 1.000 0.54 Internal higher-

order numerical
reference
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Fig. 14. Current-weighted Spearman voltage-fidelity indicator versus relative per-step runtime for the tested ECMs. The runtime axis uses the isolated per-step
micro-benchmark from Table VI, since this benchmark directly reflects the electrical state-update cost of each ECM, without parameter-interpolation or daily-
ageing workflow overheads. The 100-day workflow benchmark is reported separately in Table VI as an implementation-level cross-check. Runtime values are
normalised to the RC-SAFT baseline, and the Pareto frontier highlights the scenario-specific fidelity—cost trade-off within the adopted MATLAB implementation.

Within the Thevenin family, runtime increases with model order,
following the expected sequence Thl < Th2 < Th3. Thl provides the
lowest per-step cost but lower voltage fidelity; Th3 provides the internal
reference waveform but at the highest Thevenin cost; and Th2 lies be-
tween them, providing the most favourable scenario-specific compro-
mise between internal-reference fidelity and per-step computational
effort.

The computational results should therefore be interpreted as
implementation-level indicators rather than intrinsic properties of the
model equations. As discussed in Section 3.6, the per-step benchmark
isolates the electrical state update, whereas the 100-day simulation-
workflow benchmark includes SoH-indexed parameter interpolation
and daily ageing updates. Both benchmarks preserve the same mean
ordering, but their absolute relative values depend on the MATLAB
implementation, coding style, vectorisation choices, and hardware
configuration. The runtime values should therefore not be generalised as
universal computational rankings across programming languages or
embedded platforms.

The ageing results require a separate interpretation. All ECMs pro-
duce identical SoH and internal-resistance-growth trajectories because
the adopted ageing module is driven by common daily stress indicators,
such as calendar conditions and cycling-related quantities, rather than
by ECM-specific polarization states, transient overpotential histories, or
local electrochemical variables. Consequently, the identical degradation
trajectories should be interpreted as a property of the implemented
modular ageing-coupling strategy. They do not prove that ECM topology
is generally irrelevant to ageing in real batteries. A different ageing
formulation explicitly dependent on overpotential, temperature gradi-
ents, local SoC distribution, or estimator-derived internal states could
lead to model-dependent degradation predictions.

From a BMS and digital-twin workflow perspective, these findings
suggest a practical model-selection hierarchy within the adopted
benchmark. The RC-SAFT formulation remains useful when an inter-
pretable surface-bulk charge-redistribution structure is desired,
although in the present MATLAB implementation it is not the least
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expensive option. Thl is the lowest-cost Thevenin configuration and
may be suitable for applications where moderate transient fidelity is
sufficient. Th2 offers the most balanced result in the present study
because it captures the main voltage-relaxation features while retaining
a per-step cost close to that of Th1 and substantially lower than that of
the RC-SAFT baseline. Th3 is useful as an internal higher-order nu-
merical reference for offline comparison, but its third branch is not
independently identified from dedicated third-order parameter surfaces
and its incremental benefit is limited under the tested conditions.

These implications are intentionally scenario-specific. The bench-
mark was performed for a 64s29p LiFePO4 pack, fixed 25 °C operation,
open SoC-SoH-dependent parameter surfaces, an empirical calen-
dar—cycling ageing law, and a repeated synthetic 24-h current profile.
The conclusions therefore quantify relative behaviour within this
controlled MATLAB workflow. They should not be interpreted as
experimental validation of absolute voltage accuracy, efficiency, or
degradation prediction for a real battery pack. Extending the workflow
to measured dynamic current-voltage data, electro-thermal coupling,
multi-chemistry datasets, and estimator-in-the-loop operation is neces-
sary before drawing predictive conclusions for operational BMS or field-
deployed digital twins.

3.10. Limitations of the present benchmarking study

This study has several limitations that must be considered when
interpreting the results. First, the benchmark does not include direct
experimental validation against measured dynamic current-voltage
data from a real cell or pack under the same operating profile. Therefore,
the voltage-fidelity metrics quantify agreement among model variants,
using the third-order Thevenin model as an internal reference, and
should not be interpreted as absolute accuracy with respect to real
battery behaviour.

Second, the simulations are restricted to a single 64s29p LiFePO4
battery pack configuration, fixed 25 °C operation, and a repeated syn-
thetic 24-h current profile. The profile was designed for controlled
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comparison and does not represent a measured EV drive cycle or grid-
storage duty cycle. Thermal variation, electro-thermal coupling, multi-
chemistry comparison, and heterogeneous pack behaviour are not
included.

Third, the ageing law is driven by common daily stress metrics and
does not explicitly use ECM-specific polarization voltages, transient
overpotential histories, local SoC gradients, or internal thermal states.
Consequently, the identical SoH and ARint trajectories observed across
ECMs are a consequence of the implemented ageing-coupling strategy
and should not be generalised to all ageing-aware battery models.

Fourth, the computational-performance results are specific to the
implemented MATLAB workflow, hardware platform, coding style,
interpolation handling, and benchmark configuration. They are useful
for evaluating the present implementation but should not be treated as
intrinsic model-order scalability measures.

Accordingly, the proposed framework should be interpreted as a
reproducible model-based benchmarking platform for controlled ECM
comparison. Experimental validation, electro-thermal ageing coupling,
ECM-state-sensitive degradation modelling, multi-chemistry testing,
and estimator-in-the-loop implementation are required before predic-
tive deployment in operational BMS or battery digital-twin systems.

4. Conclusion and future work

This study presented a reproducible MATLAB-based benchmarking
workflow for comparing a RC-SAFT model and first-, second-, and third-
order Thevenin equivalent-circuit models at battery-pack scale under
common parameterisation, operating, and ageing assumptions. The
workflow combines open SoC-SoH-dependent parameter surfaces,
explicit boundary handling of the available second-life SoH domain, an
empirical calendar-cycling ageing update, and standardised post-
processing through the DATTES toolbox.

Within the investigated 64s29p LiFePO4 benchmark, fixed-
temperature operation, repeated synthetic 24-h current profile, and
MATLAB implementation, the results show that ECM order has a
stronger influence on voltage dynamics than on long-horizon energy
indicators. The second-order Thevenin model provided the most
favourable compromise between internal-reference fidelity and cost
among the tested configurations. It approached the voltage-ranking
behaviour of the internal higher-order Thevenin reference while
retaining a per-step runtime close to that of the first-order Thevenin
model and substantially below the RC-SAFT baseline in the adopted
implementation. The third-order Thevenin model was useful as an in-
ternal higher-order numerical reference, but its additional branch was
not independently identified from dedicated third-order parameter
surfaces and provided limited incremental benefit under the tested
conditions.

The ageing results must be interpreted within the adopted modular
coupling strategy. All ECM configurations produced identical SoH and
internal-resistance-growth trajectories because the empirical ageing law
was driven by common daily stress indicators and empirical coefficients,
rather than by ECM-specific polarization states, transient overpotential
histories, or local electrochemical variables. Therefore, these results do
not demonstrate that ECM topology is generally irrelevant to degrada-
tion in real batteries. They show that, within the implemented frame-
work, ageing stress can be held constant while the dynamic and
computational behaviour of different ECM topologies is compared. The
ageing-parameter sensitivity analysis further confirmed that the abso-
lute degradation values are conditional on the selected empirical co-
efficients, with the cycling-loss scale and resistance-growth factor
having the largest influence on the final SoH and cumulative resistance
increase.

The proposed workflow is therefore best interpreted as a transparent
and reproducible model-based benchmarking platform, rather than as
an experimentally validated predictive battery digital twin. Its main
value lies in enabling controlled comparison of ECM family and order
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under common assumptions, with traceable post-processing and
scenario-specific performance indicators. Future work should extend the
framework through validation against measured dynamic cur-
rent-voltage data, electro-thermal coupling, ageing laws that depend
explicitly on internal ECM states or local electrochemical variables,
multi-chemistry and heterogeneous-pack testing, and estimator-in-the-
loop implementation. These extensions are necessary before the work-
flow can be used for predictive deployment in operational BMS or field-
level battery digital-twin applications.
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