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Abstract

This paper presents a modeling framework for large-capacity lithium-ion battery energy
storage systems (BESSs), developed within the Modelica LIBSystems library and focused
on system-level integration. The framework builds on a combined analysis of the electrical,
thermal and degradation behavior at the cell level to model the BESS interconnection to the
electrical grid. A semi-empirical aging model was incorporated following its validation
at the cell level against capacity loss experimental measurements. Two case studies were
conducted for a 10.5 MW/15 MWh BESS installed in the isolated power system of Terceira
Island. The first analyzed the short-term response to a 5% load step decrease under 60% and
80% renewable penetration scenarios, yielding a frequency nadir improvement of 3 mHz
and 21 mHz, respectively. The second projected long-term degradation under two dispatch
strategies: one derived from historical time series, and another synthetically constructed to
induce more frequent and deeper cycling. After 1000 days of operation, the state of health
declined to 95.2% in the historical-based case and to 93.5% under the aggressive profile. The
proposed framework establishes a unified, cross-domain modeling workbench for Li-ion
BESS applications, enabling evaluation of the system design, control strategies, operation
conditions, and system-level performance across both dynamic and long-term horizons.

Keywords: lithium-ion battery; dynamic simulation; power systems; energy storage; Modelica

1. Introduction
Grid-scale lithium-ion (Li-ion) battery energy storage systems (BESSs) can be consid-

ered as a key element of modern and future power systems. The benefits from their use
include an increase in renewable energy utilization and critical grid-support services, such
as frequency regulation, load balancing and voltage control. Given their size relative to
smaller storage applications, dynamic simulation is essential for planning and operation
assessments of their interconnection with electrical grids. Stable operation requires verifica-
tion of the system adequacy and dynamic stability following perturbations, tasks that rely
on time-domain simulations with accurate, computationally efficient representations of all
grid components, including the storage subsystem.

A number of works address broader modeling challenges of grid-connected BESSs.
Rancilio et al. [1] modeled the broader BESS configuration, including the pack, power
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converters and auxiliary systems. Their approach tracked the state of charge (SoC), power
exchange and control output power via a droop controller for a 250 kW/570 kWh NMC
BESS connected to a low-voltage (LV) network. Amini et al. [2] presented a dispatch
optimization approach that is not suitable for coupling behaviors within multi-domain
simulations. Biroon et al. [3] examined, for a large-scale system, the linearization of a
dynamic inverter and battery circuit model in the d-q axes, suitable for studies of power
system dynamics. Qu et al. [4] modeled the BESS with emphasis on the power converter
representation through a dq transformation, while Krishnamoorthy et al. [5] suggested a
hybrid transmission/distribution co-simulation framework to identify the optimal BESS
integration for frequency regulation—though without analyzing the BESS dynamics. Other
studies have focused solely on the AC-side integration of BESSs via inverter models and
associated control blocks [6,7].

Complementary efforts analyze field operation and degradation of stationary systems.
Grimaldi et al. [8] conducted measurements on a utility-scale Li-ion BESS integrated
with a multi-MW PV plant and connected to a medium-voltage (MV) network. They
developed a data-driven model that estimated a 4.1% drop in the state of health (SoH) after
three years of operation and concluded that primary frequency regulation is the service
with a lower aging effect. Their analysis applied the Rainflow Counting algorithm to SoC
time series to estimate calendar and cycle stress factors of empirical relationships in the
literature. Yet, only power exchange and the SoC were considered, without a model of the
electrical or thermal behavior. Reiter et al. [9] analyzed a 14s2p module of 64 Ah NMC
cells, accounting for electrical cell-to-cell variation (CtCV), a dimension often neglected in
previous BESS studies, and showed that leveraging statistical distributions of the capacity
and internal resistance can reduce the computational effort by a factor of 27 compared to
the original model.

Despite these contributions, the literature on equivalent circuit model (ECM) applica-
tions for grid-scale BESSs remains limited, especially for studies considering degradation
effects [10,11]. In [12], a simplification of the first-order ECM was proposed, reducing it
to a single open-circuit voltage (OCV) source and a series resistance for BESSs dedicated
to a grid frequency response. In [13], an ECM was utilized for the dynamic simulation of
a BESS with 50 kW peak power, along with its power conversion and control systems, in
MATLAB/Simulink, although the analysis was restricted to a very short 35 s simulation
window. Another study [14] presented an MV network model comprising wind power,
photovoltaics (PVs) and a 388.5 kWh BESS, without modeling the battery’s electrical, ther-
mal or aging behavior. The authors included a second-order ECM and the associated power
electronics in [15], while in [16], they examined the same system using a second-order ECM,
a monitoring SoC, terminal voltage and temperature trajectories, but the focus remained
on the power exchange defined by the energy management system (EMS). The authors
further extended their work in [17] by introducing an active network management algo-
rithm incorporating an aging-aware P-control layer, though only the number of completed
cycles was considered. In [18], a BESS was integrated into a distribution network (DN)
using Modelica, focusing on the power converter, controller and transformer, but without a
battery model, while in [19], the authors propose a generalized ECM for studying CtCV,
which, however, was of the zeroth order. Lucaferri et al. [20] studied the effect of the C-rate
in the parameter extraction of ECMs developed for small BESS units (2.4, 4 and 40 kWh).
Namor et al. [21] experimentally investigated the accuracy of assessing second-order ECM
parameters with measurements retrieved from the terminals of a 720 kVA/560 kWh BESS,
achieving a root mean squared error (RMSE) below 0.55%. In [22], a negative resistive
RC branch was added to the topology of a first-order ECM to capture the polarization
enhancement during grid inertia support, while Misyris et al. [23] proposed a first-order
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ECM for online SoH estimation applications for two medium-sized battery packs (54 kWh
and 63.4 kWh). However, most of these studies do not link the ECM to dynamic thermal or
aging mechanisms.

Research addressing aging in utility-scale BESS remains comparatively sparse. Gwayi
et al. [24] reviewed aging models suitable for off-grid renewable energy source (RES)
applications and emphasized the limited availability of experimental measurements and
case studies. A recent study [25] conducted experiments on eight 220 Ah, 25.6 V LFP
battery modules over 16 months and fitted a semi-empirical capacity fade model, though
only the cycle aging term was considered, expressed as a linear expression between the
charge throughput and capacity loss. Swierczynski et al. [26] presented field tests from
a 1.6 MW/0.4 MWh BESS installation, including degradation trajectory of the available
capacity and internal resistance. Ref. [27] discusses practical challenges in scaling aging
models from the cell level to the BESS scale. Although some studies have focused on
incorporating the increase in the ECM resistance value due to aging, these are limited to
cell-level analyses [28–30].

Broader challenges specific to grid-scale BESSs are summarized in [31], including
the presence of auxiliary systems (e.g., thermal management systems, power converters)
that follow their own degradation behaviors, a large number of packs rather than a single
electric vehicle (EV) pack, and the inherently stochastic nature of BESS charge/discharge
patterns. The authors argued that degradation models derived for EV applications should
not be directly applied to utility-scale BESSs and that new experimental measurements
coming from grid-scale BESS operations are needed. However, even this is challenging,
since rapid charging and discharging experimental campaigns for large and expensive
BESSs are not cost-effective. Other works [32,33] have attempted to integrate Li-ion battery
(LIB) degradation effects in equation-based modeling languages such as Modelica, though
without coupling to a full system-level BESS representation.

Only few studies have followed a holistic approach. In [34], Barcellona et al. presented
a pack model coupling electrical and thermal behavior, considering Joule heat generation
and internal thermal distribution in a pack of 10 Ah NMC pouch cells, demonstrating
a modular and reusable approach. However, the electrical domain model focuses on a
steady-state response through a simplified topology of an OCV and a series resistance. A
comprehensive system-level analysis was performed by Reniers et al. [35], who developed
a coupled electrical, thermal and degradation model for a 1.12 MWh BESS to investigate the
CtCV under varied degradation parameters and non-uniform temperature fields. Despite
covering the most important aspects, the study relied on the single-particle model (SPM),
which neglects electrolyte dynamics and can accumulate significant errors under dynamic
conditions. In [36], Petit et al. presented an empirical capacity fade model coupled with an
electrothermal model for two Li-ion chemistry types, introducing dynamic expressions for
calendar and cycle degradation terms. This model switches between calendar and cycle
aging modes, but relies on a quasi-static ECM and is applied for studying vehicle-to-grid
(V2G) synergies, demonstrating a chemistry-dependent reduction in the capacity loss for
NCA compared to LFP, between 20 and 63%. Wang et al. [37] introduced a lifecycle aging
model combining decoupled calendar and cycle aging terms as functions of temperature,
time, charge throughput and C-rate, which is widely used in dynamic BESS studies. Najera
et al. [38] extended this model by introducing dynamic calendar and cycle aging expressions,
validating the cycle term against experimental data for a 2.8 kWh pack under constant
operating conditions, i.e., temperature, charging and discharging C-rates and SoC window
(20% to 80%), achieving a maximum error below 5% after 545 equivalent full cycles (EFCs).
Although this variation in aging models is highly promising, it has not yet been integrated
in a grid-scale BESS study.
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To address these gaps, the present work introduces LIBSystems library, a modular ECM
framework for grid-scale Li-ion BESS dynamic simulations, developed using the Modelica
language. The following approach incorporated a semi-empirical aging model along with
an electrical and thermal domain analysis. Two complementary case studies demonstrate
the framework’s capabilities in the 30 kV isolated power system of Terceira Island in
Azores. First, a short-term disturbance analysis examined the advantages offered by BESSs
to support dynamic frequency responses under varying renewable penetration levels.
Second, a long-term operational analysis was conducted over 1000 days that captured
degradation trajectories under realistic and aggressive duty profiles. Overall, the proposed
approach provides a unified and reproducible environment for analyzing the electrical,
thermal and aging behavior of utility-scale BESSs across multiple temporal scales.

The proposed approach offers the following contributions:

1. Development of a unified BESS model that couples electrical, thermal, and aging
behavior using configurable ECM topologies, a semi-empirical degradation model,
and thermal calculations accounting for temperature dynamics and thermal loads.

2. Incorporation of grid-relevant system components, including dynamic models of
power conversion systems and open-source parameter datasets representative of
industrial BESS diversity, supporting reproducibility and adaptation to various de-
ployment contexts.

3. Validation of a semi-empirical aging model utilizing a wide range of test conditions,
namely 16 calendar and 16 cycle aging tests.

4. Quantitative assessment of system-level benefits through application of the developed
framework to the isolated power system of Terceira Island, demonstrating improve-
ments of up to 21 mHz (17%) in the frequency nadir and reduced settling times with
the integration of a 10.5 MW/15 MWh BESS unit.

5. Evaluation of long-term degradation under two operating strategies; a realistic profile
based on historical data and a more aggressive constructed profile, highlighting the
effectiveness of current dispatch strategies in limiting aging rates over 1000 days of
continuous operation.

The paper is organized as follows. Section 2 presents the modeling methodology of
LIBSystems, including the integrated aging and thermal models, and the inverter interface.
Section 3 validates the aging model against experimental data. Section 4 focuses on a
short-term dynamic disturbance analysis and explores long-term degradation trends in
the power system of Terceira. Finally, Section 5 summarizes the key findings and outlines
perspectives for future development and applications.

2. Modeling Framework
The LIBSystems library was developed in Modelica as a unified and extensible frame-

work for the dynamic simulation of LIBs as part of broader systems of multiple scales. It
consolidates and generalizes the modeling approaches that were previously applied by
the authors in domains such as electric mobility [39,40], V2G applications in distribution
grids [41], and behind-the-meter storage in microgrids [42]. These earlier studies employed
customized battery and converter models integrated into the broader INTEMA.grid simu-
lation framework [43,44]; the present work introduces LIBSystems as a modular, reusable
and standalone library.

Implemented using a Modelica object-oriented and acausal paradigm, the library en-
ables hierarchical model composition and cross-domain coupling. Its architecture separates
the electrical, thermal, and aging domains into dedicated submodels, which communicate
through structured interfaces. This modular design supports independent development
and validation of subsystems, while enabling integration into larger power system studies.
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The approach ensures transparency, scalability, and adaptability across both short-term
electrothermal dynamics and long-term degradation analyses, from cell-level behavior to
utility-scale BESS operation.

2.1. Power System

Accurate models that minimize complexity and computational requirements are es-
sential for analyzing large-scale power system dynamics. Time-varying phasor models are
commonly employed [45–48], relying on the assumption that voltage and current wave-
forms remain nearly sinusoidal. Under this assumption, slow variations in the amplitude
and phase can be represented effectively, making these models suitable for stability studies
and for capturing relatively slow transient responses. Their applicability, however, is
limited to cases where the amplitude and phase evolve gradually. An alternative is the
dq0 transformation, which maps three-phase sinusoidal quantities into constant values in
a rotating reference frame. Although conceptually similar to phasor representations, the
dq0 approach introduces no approximations because its mapping is exact. This allows for a
more accurate analysis of fast transient phenomena and supports advanced control strate-
gies such as field-oriented control. The dq0 framework is also widely used in modeling the
dynamic behavior of synchronous machines.

Through dq0 transformations, quantities expressed in the abc reference frame are
converted into equivalent variables in the rotating dq0 reference frame. The forward and
inverse forms of the transformation are defined as follows [49]:

Tθ =
2
3


cos (θ) cos (θ− 2π

3 ) cos (θ+ 2π
3 )

−sin (θ) −sin (θ− 2π
3 ) −sin (θ+ 2π

3 )

1/2 1/2 1/2

 (1)

T−1
θ =

2
3


cos (θ) −sin (θ) 1

cos (θ− 2π
3 ) −sin (θ− 2π

3 ) 1

cos (θ+ 2π
3 ) −sin (θ+ 2π

3 ) 1

 (2)

where the angle θ is the reference angle or the reference phase.
For xabc = [xa, xb, xc]

T and xdq0 =
[
xd, xq, x0

]T :

xdq0 = Tθxabc (3)

xabc = T−1
θ xdq0 (4)

where the subscripts d, q, and 0 represent the direct, quadrature, and zero components,
respectively.

2.2. Power Conversion System

Another key component of the system model is the power converter, which couples
the DC side of the EV battery with the AC side of the grid. From a modeling perspective, the
operation of a BESS is primarily determined by the control strategy of its power converter.
BESS operation control is typically classified into grid-connected, off-grid, and dual-mode
(on/off-grid) configurations. For stationary applications, the inverter may operate in
either a voltage-controlled (V/f) mode or a current-controlled (P/Q) mode, depending on
whether the system functions in a grid-forming or grid-following role. An overarching
requirement is that the converter model must integrate seamlessly with the full power
system representation, and therefore must remain consistent with the dq0 framework
introduced in Section 2.1.
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In this work, the P/Q control described in [50] and shown in Figure 1 was developed
using Modelica. A closed-loop proportional–integral (PI) modulation strategy was used,
consisting of two nested loops. The outer loop maintains system stability, while the inner
loop improves the dynamic performance and enforces the current limits for protection
purposes. The output of the outer loop provides the reference input current for the inner
loop. The error signal, representing the mismatch in the electrical current, is calculated and
regulated using a PI controller. Once the voltage components are obtained in the dq0 frame,
the inverse transformation is applied to convert them back to the abc coordinate system.
This control strategy maintains the active (P) and reactive (Q) power of the BESS close to
their respective reference values.

Figure 1. Block diagram of the power converter P/Q control.

Pre f and Qre f denote the reference active and reactive power values, while P and Q
represent the corresponding measured values during the simulations. idre f and iqre f are
the reference dq0-axis components of the AC-side current and id and iq are their measured
counterparts. ud and uq denote the measured values of the dq0-axis inverter output voltages
and ud1 and uq1 are the inverter output reference values, following the notation adopted in
the reference source. L is the AC-side coupling inductance and θ is the initial phase angle
of the voltage.

The decoupled equations for the inverter power output are:

P = udid + uqiq (5)

Q = udiq − uqid (6)

The model follows the detailed guidelines in [50] for representing power converters in
energy storage systems, ensuring an appropriate dynamic response.

2.3. Battery Cell Model

The foundation of the developed library lies in the accurate and modular representa-
tion of Li-ion cell behavior, suitable for integration in broader energy systems. The cell-level
model was structured around three interacting subdomains:

1. Electrical performance, capturing the voltage response and SoC.
2. Thermal dynamics describing the heat generation, temperature evolution, and

heat exchange.
3. Degradation effects, representing the capacity fade and resistance growth.

These domains are interconnected through acausal equations and cross-domain
physical connectors.
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An overview of the integrated structure is shown in Figure 2. The electrical submodel,
in the middle, is represented by an equivalent circuit with SoC- and temperature-dependent
parameter lookup tables (LUTs). The thermal submodel (top) describes heat flow and
thermal management operation. The aging submodel (bottom) computes the capacity
and resistance evolution as functions of the operating conditions. This architecture allows
refinement of individual domains (for example, replacing the thermal model or introducing
a more detailed degradation formulation) without modifying the main electrical model.
Each of the following subsections presents the corresponding domain model and discusses
its structure, assumptions, and coupling strategy.

 

Figure 2. Integrated cell model schematic showing the interaction between the electrical (middle),
thermal (top), and degradation (bottom) subdomains. The signals of the electrical, thermal and
degradation quantities and metrics are exchanged between domains.

2.3.1. Electrical Domain

The electrical behavior of the Li-ion cell is represented using an ECM of a configurable
order that captures both the steady-state and transient voltage response. This approach
offers balance between the computational efficiency, accuracy, and physical interpretability,
making it well suited for system-level applications. The topology of the generalized ECM
implemented in the LIBSystems library consists of the following elements:

• An OCV source, reflecting the cell equilibrium electrochemical potential;
• A series resistance (Rs) representing instantaneous ohmic losses;
• A variable number of RC branches, capturing transient voltage dynamics delays due

to charge transfer and internal diffusion effects.
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The number of RC branches is reconfigurable following the concept introduced in [51],
using a loop-based component. Each RC pair is parameterized in the form of LUTs of
varying temperature and SoC. The SoC is computed via Coulomb counting:

SoC = SoC(0) −
∫ t

0 Idt
Cavailable

(7)

where Cavailable incorporates the aging-related capacity loss and I is the current, positive for
discharge. The coulombic efficiency was assumed to be at unity, which is consistent with
Li-ion cells under typical operating conditions. Temperature- and SoC-dependent LUTs are
imported through external records, allowing for straightforward switching between cell
chemistry types or sizes.

2.3.2. Thermal Domain

The thermal domain models heat generation and temperature evolution at the cell
level. Heat flows are considered from the electrical elements through dedicated heat ports
attached to all resistive elements. Joule losses are computed at the cell level as:

.
Qloss = I2·Rtotal(T, SoC) (8)

Reversible heat effects associated with entropy changes during electrochemical reac-
tions are not explicitly modeled in the present framework, although this contribution may
be significant at certain SoC ranges or cell chemistry types. The thermal model consists
of a heat capacitor representing the cell’s thermal mass, a heating and cooling flow input
connector linked to the thermal management unit, a convective heat transfer component, a
temperature sensor providing feedback to other domains, and a PI controller that regulates
the temperature based on a defined setpoint and calculates thermal or cooling loads, acting
as a simplified thermal management system. The thermal parameters, including the geo-
metric properties, heat capacities, convection coefficients, and environmental conditions,
are defined in the Modelica record class.

2.3.3. Degradation Domain

Li-ion battery aging effects can be modeled using physics-based or semi-empirical
approaches. Extended work has been carried out in the first category, focusing on the
degradation mechanisms in high detail, spatially and temporally [52]. The focus of the
LIBSystems library is to efficiently capture long-term trends in the capacity and resistance
evolution, and therefore, a semi-empirical approach was followed. These models are
validated against experimental data in Section 3.

The semi-empirical dynamic model that was utilized accounts for calendar and cycling
degradation. The structure is modular, allowing for standalone SoH estimation or dynamic
coupling with thermal and electrical domains. Dependencies on key operating variables
were considered, as introduced in detail in [37,53]. The total capacity loss is expressed in
% as:

Qloss,total = Qloss,calendar + Qloss,cycling (9)

with the cycle aging term as:

Qloss,cycling = (a·T2 + b·T+ c)·e(dT+e)·C-rate·Ahthroughput (10)

and the calendar aging term as:

Qloss,calendar = f ·eg·SoC·e
h
T ·tz (11)
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where t is the time in days, T is the temperature in K, the SoC was considered in %, z was
commonly assumed as 0.5 to express the time square-root dependence, the C-rate is the
average of the charging and discharging rates, Ahthroughput denotes the total throughput
charge, and a, b, c, d, e, f , g, and h are the model fitting parameters.

For dynamic simulations, the differential form of both degradation terms was
adopted [36]. Under the assumption that the temperature- and C-rate-dependent stress
factors evolve slowly compared to the charge throughput and time variables, they can
be treated as locally constant within each simulation time step. Considering this time-
scale separation and noting that the differential of the charge throughput is equal to
the absolute value of the current multiplied by the time differential, the application of
the chain rule yields the following differential expressions for the calendar and cycling
degradation components:

dQloss,cyc = (a·T(t)2 + b·T(t) + c)·e(dT(t)+e)·C-rate(t)·|I(t)|·dt (12)

dQloss,cal = f ·eg·SoC(t)·e
h

T(t) ·z·tz−1·dt (13)

and the total accumulated capacity loss is:

Qloss,total =
∫ t

0
(dQloss,cyc + dQloss,cal)dt (14)

This quasi-dynamic formulation captures the influence of variable operating condi-
tions more effectively than static lookup models. Resistance growth was also considered,
reflecting solid electrolyte interphase (SEI) formation, contact degradation, and other mech-
anisms. Two options are supported within LIBSystems: an empirical formulation based on
temperature, time, and SoC, and a simpler adaptation to SoH evolution. For the purposes
of this study, the first method was utilized with the relationship extracted in [54]. Overall,
the degradation block, developed in Modelica, calculates the calendar and cycle aging
terms, the SoH, and the resistance increase factor.

2.4. Cell-to-BESS-Level Configuration

At the pack or higher level, the LIBSystems framework provides a flexible configu-
ration environment that supports various series–parallel topologies. Two main modeling
strategies are supported:

1. Simple upscaling represents the pack behavior by scaling a single cell model and
assuming uniform temperature and aging trajectories across the entire battery system.
This approach significantly reduces the computational cost and is therefore widely
adopted in system-level studies, digital twin applications, and design-phase anal-
yses, where fast simulations and numerical robustness are required [9]. However,
simple upscaling inherently neglects CtCV in the capacity, internal resistance, thermal
conditions, and aging behavior, which are known to arise even among cells from
the same production batch. Such variations can lead to current and voltage imbal-
ances, a reduced usable energy, and accelerated degradation in large battery systems,
particularly under stressed operating conditions [35].

2. A dynamic-size array instantiates a configurable array of individual cell models,
enabling an explicit analysis of CtCV effects in the SoC, thermal distribution and
SoH. This approach allows for a more detailed and physically accurate representa-
tion of pack-level behavior, especially when thermal gradients, aging heterogeneity,
or imbalance effects are of interest. Nevertheless, the computational burden asso-
ciated with simulating large numbers of individual cells limits its applicability to
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small- or medium-scale systems, or to studies where a detailed cell-level resolution is
essential [19].

Both strategies remain compatible with the electrical, thermal, and aging domains de-
fined at the cell level, ensuring physically consistent behavior across scales. This hierarchical
composition (from cell- to pack- and up to system-level integration) maintains the modu-
larity and interpretability of LIBSystems while enabling scalability toward grid-scale BESSs
through an appropriate trade-off between computational efficiency and modeling fidelity.

2.5. Parameter Records

To ensure compatibility with a wide range of Li-ion cell types and applications, the
library includes a set of parameter records providing literature-based data for various
chemistry types and capacities. Each dataset contains LUTs and scalar values describing the
electrical parameters required for ECM operation, while thermal properties are included
only when reported in the original sources; parameters for the aging model selected in this
study are not available and must therefore be obtained through separate calibration using
aging measurements for each cell.

Parameter datasets are stored using Modelica record classes for each case, allowing
the same modeling approach to be reused across multiple cells without modification. Each
cell type is characterized by a distinct parameter set derived from experimental data. Open-
access datasets are therefore essential for reproducible battery modeling and comparative
analyses. Table 1 summarizes the main characteristics and data sources for each parameter
set currently included in the library.

Table 1. Summary of cell electrical parameter datasets included in the LIBSystems library.

Reference Chemistry Capacity [Ah] Nominal Voltage [V] Voltage Range [V]

[53] NMC 3.2 3.6 2.5–4.2

[53] LFP 2.6 3.2 2.0–3.65

[53] NCA 3.2 3.6 2.5–4.2

[53] LMO 2.6 3.7 2.5–4.2

[55] NCA 48 3.6 2.5–4.2

[56] NCA 3.4 3.6 2.5–4.2

[57] NMC 40 3.7 2.7–4.2

[58] LFP 2.3 3.3 2.0–4.2

[59] LFP 105 3.2 2.0–3.65

[60] NMC 3.0 3.68 2.7–4.15

[61] NMC 2.75 3.6 2.5–4.2

[62] NMC 2.5 3.6 2.5–4.2

[63] NMC 63 3.7 3.0–4.2

[64] NMC (4 cells) 2.8 and 3 3.6 2.5–4.2

[21] Unknown (large BESS) 810 690 510–810

[65] NMC 20 3.7 2.5–4.15

[66] NCA 3.35 3.6 2.5–4.2

[67] LFP 14 3.3 2.0–3.6

[66] LFP 25 51.2 40–59.2

[68] LCO 8 3.7 2.5–4.2
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3. Aging Model Validation
3.1. Dataset Description

To validate the aging model presented in Section 2.3.3, the extensive dataset published
by Luh et al. [69] was employed because it provides long-term degradation trajectories
under a wide range of controlled temperature, SoC, and cycling conditions. The dataset
contains aging measurements for 228 commercial Li-ion cells aged over a period exceeding
one year under a wide variety of conditions, and, more specifically, comprises 64 distinct
test configurations: 16 for calendar aging and 48 for cycle aging. Each configuration
involved three identical cells, offering statistical reliability and enabling model fitting and
validation across a wide set of test conditions.

The tested cells were LG INR18650HG2 cylindrical cells, with a nominal capacity of
3000 mAh and a nominal voltage of 3.6 V. They feature a graphite–silicon oxide (SiO) com-
posite anode and an NMC cathode. The dataset provides detailed aging trajectories across
varying temperatures, SoC levels, C-rates, and the depth of discharge (DoD), enabling
robust model calibration. The aged capacity is reported at regular intervals for all cells,
allowing for the extraction of SoH trends over time. A summary of the test conditions
is presented in Tables 2 and 3. The following subsections present the calibration of the
semi-empirical aging model to these data, followed by the validation results.

Table 2. Summary of calendar aging test conditions defined in [69]. Each configuration corresponds to
a unique combination of the storage SoC (idle) and temperature. The number 3 in each cell indicates
that three identical cells were tested under each condition to ensure statistical consistency.

SoC (Idle) 10% 50% 90% 100%

Te
m

pe
ra

tu
re 0 ◦C 3 3 3 3

10 ◦C 3 3 3 3

25 ◦C 3 3 3 3

40 ◦C 3 3 3 3

Table 3. Summary of cyclic aging test conditions defined in [69]. Each test condition corresponds
to a unique combination of the charging C-rate, discharging C-rate, SoC window, and temperature.
The numbers in the table indicate the number of cells tested under each condition (i.e., 3 cells per
configuration), enabling statistical consistency.

Charging Rate 1/3 C 1 C 5/3 C

Discharging Rate −1/3 C −1 C

SoC Lower Limit 10% 10% 0% 10% 10% 0% 10% 10% 0% 10% 10% 0%

SoC Upper Limit 90% 100% 100% 90% 100% 100% 90% 100% 100% 90% 100% 100%

Te
m

pe
ra

tu
re 0 ◦C 3 3 3 3 3 3 3 3 3 3 3 3

10 ◦C 3 3 3 3 3 3 3 3 3 3 3 3

25 ◦C 3 3 3 3 3 3 3 3 3 3 3 3

40 ◦C 3 3 3 3 3 3 3 3 3 3 3 3

3.2. Model Validation
3.2.1. Pre-Processing and Parameter-Fitting Procedure

As a first step, the raw dataset was pre-processed to extract SoH degradation tra-
jectories in terms of the capacity loss as a function of time and EFCs. The calendar and
cycling contributions were then identified following the sequential fitting methodology
adopted in [38,70,71], consistent with the degradation model described in Section 2.3.3. The
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calendar aging parameters were calibrated first using storage tests, and the resulting contri-
bution was subsequently removed from the total degradation to isolate the cycling-induced
capacity loss.

3.2.2. Calendar Aging Fit

The calendar aging parameters were identified using the 16 storage tests listed in
Table 3, each repeated across three identical cells. The fitting procedure aimed to identify a
single triplet of coefficients ( f , g, h) that minimized the prediction error across all test condi-
tions. For this purpose, nonlinear least-squares minimization was applied, implemented in
Python (version 3.10.8) using the scipy.optimize.least_squares solver [71]. The objective
function was the sum of the squared residuals between the measured and modeled values
of Qloss across all 16 calendar aging trajectories.

Figure 3 presents the fitted model curves against measured data across the selected
calendar aging conditions. The model reproduces the dominant time-dependent degra-
dation trend across the examined operating range, capturing both the relative influence
of temperature and the separation between different SoC levels. Deviations between the
measured and predicted trajectories increase at an elevated temperature and a higher SoC,
particularly at longer storage times, reflecting the inherent limitations of a semi-empirical
formulation under conditions where aging mechanisms may evolve. The resulting optimal
coefficients were:

• f = 4.634·10−1 [1/day1/2].
• g = 4.917·10−1 [-].
• h = −1.416·103 [1/K].

Figure 3. Calendar aging model term fit to selected cell-level degradation trajectories. Data points
show measured capacity fade for three cells for each condition, and solid lines show the fitted model.
Each color corresponds to a unique (T, SoC) combination, as indicated in the legend.

To quantitatively assess the global quality of the calendar aging fit, standard error
metrics were computed over all the storage trajectories. The resulting coefficient of de-
termination was R2 = 0.88, indicating that the model explains the dominant variance of
the measured degradation data. The corresponding normalized root mean squared er-
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ror (NRMSE), computed with respect to the data range, was below 6%, confirming that
the identified formulation provides an adequate representation of the calendar-induced
capacity loss across the investigated temperature and SoC conditions.

3.2.3. Cycling Aging Fit

In the next step, the cycling aging term of Equation (10) was fitted to the experimental
data. To isolate cycling-induced degradation, the calendar aging contribution predicted by
the model calibrated in the previous subsection was subtracted from the total measured
capacity loss. This procedure follows the methodology proposed by Wang et al. [37], in
which the total degradation is treated as the additive sum of the decoupled calendar and
cycling components.

For each cycling test, the calendar degradation term was computed based on the
elapsed time and the test temperature. As time-resolved SoC profiles were not available
for each test, a constant, average SoC value was assumed. Based on a sensitivity analysis
performed, an average SoC of 100% was adopted. The estimated calendar contribution was
then removed from the measured capacity loss to obtain the cycling-related degradation
component, expressed as a function of the ampere-hour throughput.

To ensure consistency across the operating conditions and compatibility with the
assumptions of the adopted model formulation, only cycling tests corresponding to a full
0–100% SoC window were retained in the fitting procedure. Cycling cases with different
SoC windows were excluded, as they would require the explicit modeling of additional
dependencies. Furthermore, data points corresponding to advanced aging stages, i.e.,
SoH values below 80%, were filtered out, since nonlinear degradation behavior becomes
dominant at such levels and the assumed linear dependence of the cycling-induced capacity
loss on the charge throughput is no longer valid. The investigation of this late-life operating
regime is considered outside the scope of the present work.

The remaining cycling degradation data were fitted using the semi-empirical relation
introduced in Section 2.3.3, following the parameter identification strategy proposed by
Wang et al. [37]. For each temperature and C-rate combination, the cycling-induced capacity
loss was assumed to scale linearly with the ampere-hour throughput, and the corresponding
degradation rate was extracted. The dependence of this rate on the C-rate was subsequently
modeled using an exponential relation, yielding temperature-dependent pre-exponential
and exponential coefficients. Finally, the temperature dependence of these coefficients was
captured using a second-order polynomial and a linear fit, respectively. This resulted in a
compact global expression for cycling aging as a function of the temperature, C-rate, and
charge throughput. The resulting coefficients were:

• a = 1.398 · 10−8 [1/(Ah·K2)]
• b = −1.131 · 10−5 [1/(Ah·K)]
• c = 2.239 · 10−3 [1/Ah]
• d = −2.033 · 10−2 [1/(K·C-rate)]
• e = 7.106 [1/C-rate]

Figure 4 presents a comparison between the measured and model-predicted cycling-
induced capacity loss for a selected subset of experimental tests, grouped by temperature.
For each temperature level (0 ◦C, 10 ◦C, 25 ◦C, and 40 ◦C), four representative cycling condi-
tions corresponding to different C-rates are shown within the same subplot. Experimental
data points denote the cycling-related capacity loss extracted after removal of the calendar
aging contribution, while solid lines indicate the predictions of the proposed cycling ag-
ing model. The figure illustrates that, across all temperatures, the model reproduces the
approximately linear dependence of the cycling-induced capacity loss on equivalent full
cycles within the investigated aging range. In addition, the relative impact of the C-rate is
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consistently captured, with steeper degradation trends observed at higher current rates.
The agreement between the measurements and model predictions was particularly strong
at low to moderate EFC values.

Figure 4. Measured vs. predicted cycling capacity loss for selected representative test cases. Each
plot shows capacity fade as a function of equivalent full cycles (EFCs) after removal of the calendar
aging contribution. Markers denote experimental data, while solid lines correspond to predictions of
the identified global cycling aging model.

Quantitative goodness-of-fit metrics were also evaluated for the cycling-induced
degradation component. For temperatures up to 25 ◦C, the proposed formulation achieved
coefficients of determination exceeding R2 = 0.85, indicating a good agreement between
the measured and predicted cycling-induced capacity loss within the calibrated operating
domain. At 40 ◦C, the extracted cycling degradation exhibited increased dispersion and a
reduced variance relative to lower temperatures, leading to lower statistical fit indicators.
In particular, a negative R2 value was observed for the isolated cycling component at this
temperature. This behavior does not indicate model divergence, but rather reflects that
the residual error exceeds the variance of the extracted cycling-only signal, which was
obtained after subtraction of the calendar aging contribution. Under thermally stressed
conditions, error propagation from the calendar term and transitions in the dominant
degradation mechanisms amplified the deviation in the isolated cycling component. These
effects are inherent to the adopted sequential decomposition methodology and highlight
the limitations of linear-throughput cycling formulations at elevated temperatures.
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The observed deviations at 40 ◦C can be attributed to three distinct factors. First,
high-temperature operation accelerates temperature-activated degradation mechanisms
and may induce transitions in the dominant aging mode, leading to nonlinear behavior
that cannot be fully captured by a simplified semi-empirical formulation with a single
global parameter set. Second, the sequential separation of calendar and cycling aging
introduces additional uncertainty under thermally stressed conditions. Although the
calendar contribution was modeled using a square-root-of-time dependency, the residual
degradation after subtraction still exhibited nonlinear characteristics at 40 ◦C, whereas the
cycling aging formulation assumed a linear dependence on the charge throughput. Third,
the use of a unified parameter set fitted across all temperatures and operating conditions
involved an inherent trade-off between global consistency and local accuracy, limiting the
model’s ability to precisely reproduce extreme operating conditions.

3.2.4. Total Degradation Model

Following the independent calibration of the calendar and cycling aging components,
the two contributions were combined into a unified model for predicting the total capacity
loss. The resulting formulation estimates the cumulative degradation as the additive
superposition of calendar- and cycling-induced losses, expressed as a function of the
operating temperature, C-rate, charge throughput, elapsed time, and assumed average
SoC. The performance of the integrated model was evaluated by comparing the model
predictions against the measured total capacity loss for a selected subset of cyclic aging tests.
For consistency with the cycling aging calibration, only tests conducted over a 0–100% SoC
window and data points corresponding to SoH values above 80% were retained.

The predictive performance of the combined degradation model was further quanti-
fied using standard statistical indicators. Across all temperatures, the total degradation
model achieved coefficients of determination exceeding R2 = 0.83, with normalized root
mean squared errors below 15% when evaluated with respect to the data range. These
results confirm that, despite local deviations in the isolated cycling component at elevated
temperatures, the combined calendar-cycling formulation provides a robust and coherent
representation of the total capacity loss over the investigated operating envelope.

Figure 5 presents representative results grouped by temperature (0 ◦C, 10 ◦C, 25 ◦C,
and 40 ◦C), where each subplot includes four cycling conditions at different C-rates. The
measured total capacity loss is shown as a function of EFCs, together with the corresponding
model predictions obtained by combining the calibrated calendar and cycling terms.

At low and intermediate temperatures (0 ◦C and 10 ◦C), the model reproduced the
overall degradation trends with a good accuracy across the examined C-rates. Both the
slope and relative separation of the degradation curves were well captured, indicating that
the superposition of the calendar and cycling effects provides a consistent description of
the total aging behavior within this operating range. Minor deviations appeared at higher
EFC values, but the predicted trajectories remained aligned with the measured evolution.

At 25 ◦C, which represents a typical reference operating condition, the agreement
between the measured and predicted total capacity loss remained strong for most cases. The
model accurately reflected the combined influence of the cycling intensity and the accumu-
lated throughput, with deviations remaining limited across the investigated degradation
range. These results confirm that the calibrated aging formulation preserves predictive
consistency when both degradation mechanisms contribute comparably.

At 40 ◦C, the impact of an elevated temperature became more pronounced, leading
to steeper degradation curves and increased dispersion between operating conditions.
While the model continued to capture the dominant degradation trends and relative or-
dering of C-rates, larger discrepancies emerged at higher EFC values for some cases. This
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behavior reflects the increasing influence of temperature-driven nonlinear aging mech-
anisms and possible interactions between calendar and cycling effects, which were not
explicitly resolved within a single-parameter semi-empirical formulation. In addition,
small instantaneous modeling errors may accumulate over extended operation under
thermally stressed conditions, leading to larger deviations in the estimated SoH. Never-
theless, within the defined validity domain, the integrated model provides a physically
consistent and computationally efficient representation of the total capacity loss suitable
for system-level analyses.

Figure 5. Comparison of the measured and predicted total capacity loss for selected cycling tests
at 0 ◦C, 10 ◦C, 25 ◦C, and 40 ◦C. The total capacity loss is shown as a function of equivalent full
cycles (EFCs) for different C-rates, considering only 0–100% SoC window tests. Filled circles denote
experimental measurements, while solid lines correspond to model predictions obtained from the
combined calendar and cycling aging formulation.

Despite the overall good agreement between the measured and predicted degradation
trends, some deviations were inevitably observed when comparing the model predictions
against individual experimental trajectories. Even under identical operating conditions,
Li-ion cells may exhibit substantial dispersion in their aging behavior, particularly at
advanced cycling stages. Such variability reflects the intrinsic stochasticity of battery
degradation processes, which can arise from manufacturing tolerances, local material
heterogeneities, or the early activation of nonlinear aging mechanisms in specific cells.
As a result, the proposed semi-empirical formulation is not expected to reproduce every
individual degradation path with a high fidelity, but rather to capture representative
average trends across a given operating envelope.
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At the same time, the empirical nature of the cycling aging formulation implies that
parameter identification must be carried out for each specific cell type. When extended
to large-scale BESS applications involving thousands of cells, this calibration effort can
become costly and time-consuming, especially if the cell-to-cell variability is to be explicitly
considered. Moreover, while the present work validates the aging formulation under static
operating conditions, no dedicated validation of the model under fully dynamic operating
profiles was performed.

In this context, it should be noted that the aging formulation was calibrated using
constant C-rate experiments, whereas grid-scale BESS operation typically involves highly
dynamic power profiles. Although the degradation model is expressed in differential
form and can therefore be evaluated under time-varying operating conditions, the use of
parameters identified under static regimes may introduce small instantaneous errors when
applied to strongly dynamic profiles. Over long-term operation, such local deviations
may accumulate and result in an increased uncertainty in the estimated SoH. Physics-
based aging models are better suited to explicitly capture condition-dependent degradation
mechanisms under dynamic operation, but their significantly higher computational cost
limits their applicability for large-scale BESS simulations. Within this context, the adopted
semi-empirical formulation represents a cost-efficient compromise that provides adequate
degradation trend estimation for system-level analyses.

Within these limitations, the integrated aging model demonstrates a strong capability
to reproduce the dominant degradation trends across a wide range of temperatures and
C-rates. For many operating conditions, the agreement between the measured and pre-
dicted capacity loss is high, indicating that the model formulation is sufficiently accurate for
system-level simulations, where aggregate behavior and relative performance differences
are of primary interest. The model provides consistent and physically meaningful degrada-
tion estimates across a broad operating space, capturing average degradation trends rather
than exact cell-specific trajectories. This balance between interpretability, numerical effi-
ciency, and predictive robustness makes the proposed approach well suited for integration
into dynamic energy system studies, grid-scale BESS assessments, and control-oriented
simulations, where reliable average trends and degradation envelopes are required rather
than an exact reproduction of individual cell trajectories.

4. Application to the Terceira Isolated Power System
4.1. System Description and Model Setup

The modeling framework was applied in a real-world power transmission network
(TN). The system under study is located on Terceira Island, part of the Azores complex and
Portugal. The power system operates in an isolated mode at 30 kV (medium voltage—MV).
Table 4 lists key specifications of the available generation plants. The network also included
five substations, five common buses, aerial and underground lines, and five loads, one at
each substation. Recently, a large-scale BESS (10.5 MW/15 MWh) was installed. All the
required technical and network topology information, including the single-line diagram,
were retrieved from [72].

The system model within the Dymola graphical user interface is presented in Figure 6.
The main attributes of the developed network model include the generation plants, the
substations and the common buses, the transmission lines and the loads at each substation.
The electricity production system consists of six power plants, a thermoelectric plant, a
geothermal one, an urban waste plant, and two wind farms, whereas the hydro power
plant is considered a single cluster. The five substations are included in the model, as well
as five other common buses. All of them were at 30 kV. Aerial lines and cables were all
modeled as concentrated RX-impedances with varied resistance (Xs) and reactance (Xm)
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parameters. There were five loads in total, one at each substation. Their specified power
demand can vary dynamically and is determined by signal inputs (time series). Regarding
the BESS unit, an LFP chemistry type was considered based on information and technical
specifications provided by the local system operator for the installed BESS. The parameters
for the degradation model of the LFP cells were retrieved from [38]. A cell with a 3.0 Ah
and 3.2 V nominal capacity and voltage, respectively, was considered to build an equivalent
15 MWh capacity through a configuration of 300s5210p.

 

Figure 6. System model of Terceira power system.

Time series data measured during 2024 and provided by the site operator are plotted
in Figure 7 for a 30-day period, from 17 October to 15 November. The contribution of each
generation asset is shown in the upper subplot, overlaid with the system load. BESS data
refer to the aggregate power exchange of six physically distributed units, here represented
as a single equivalent system. The bottom subplot displays the net BESS power (filtered),
with positive values indicating charging. While most assets operate continuously or
seasonally, BESS activity is characterized by intermittent spikes and long idle periods. The
combined dataset, including the hourly load and 15 min generation records, was used to
construct a representative operational profile. This profile formed the basis for subsequent
dispatch simulations and a long-term degradation analysis.
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Table 4. Generation plants of Terceira power system.

Name Type Rated Capacity (MW)

Belo Jardim (CTBJ) Thermoelectric 58.1

Pico Alto (CGPA) Geothermal 4.7

Tera Waste Plant (TERA) Waste-to-energy 2.6

Serra do Cume (PESC)
Wind

9.0
Serra do Cume Norte (PESN) 3.6

City Water Power Plants (CHCD)
Hydro

0.3
Nasce d’Água (CHNA) 0.7

São João (CHSJ) 0.5

Figure 7. Power time series during 30 days of system operation (17 October–15 November 2024).
Top: generation assets and system load. Bottom: net BESS power (positive and negative correspond
to charging and discharging, respectively).

4.2. Short-Term Operation: Ancillary Services Under Disturbance

This section presents the dynamic simulation results assessing the capability of the
BESS to support frequency stability under a sudden load disturbance in the Terceira isolated
power system. Two renewable penetration levels were considered:

• High-RES (approximately 60%);
• Very high-RES (approximately 80%).

The system was subjected to a 10% step increase in the aggregated load at t = 5 s.
The pre-disturbance load value was set to 19.95 MW, a typical operating point sampled
from the measured load time series. This disturbance mimics a realistic event such as a
sharp load ramp or renewable generation drop. In both cases, the BESS is initially fully
charged and idle, ready to respond under P–Q control. Figure 8 illustrates the applied
disturbance. The simulations tracked the response over 30 s, capturing the frequency
dynamics, BESS participation, and interaction with the thermal unit acting as a grid-
forming generator. It was noted that the aging states were not evolved on the sub-minute
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time scale shown here; however, the dynamic electrical response was indirectly influenced
by aging through degradation-dependent parameters that reflect the long-term operational
history of the BESS.

Figure 8. Step increase in Terceira’s aggregated load at t = 5 s.

Figure 9 presents the power output of the thermal unit (top) and BESS (bottom) for
both RES penetration levels, comparing cases with and without battery support. In the high-
RES scenario, the BESS delivered a peak injection of 380 kW, improving the frequency nadir
by 3 mHz (14%) and reducing the settling time by approximately 3 s. In the very-high-RES
scenario, due to lower system inertia, the BESS injection rose to 400 kW and was sustained
for longer, reflecting the increased role of energy storage under high renewable conditions.
These results demonstrate that, even with a moderate power output, a well-sized BESS can
significantly enhance the frequency resilience in low-inertia isolated grids. The benefits are
more pronounced under higher renewable shares, where conventional synchronous units
offer limited support for short-term disturbances.

Figure 9. Active power output of the thermal unit (top) and BESS (bottom) during a 10% load
disturbance at t = 5 s, under two renewable scenarios: high-RES (60%) and very-high-RES (80%).
The presence of the BESS reduces the response burden on the thermal plant and provides immediate
active power support, with larger and more sustained injections under higher RES conditions.
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The resulting system frequency evolution presented in Figure 10 following the load
disturbance for both renewable penetration levels. The inclusion of the BESS resulted in a
noticeable improvement in the frequency nadir and settling behavior. In the 60% RES case,
the frequency nadir improved from 49.978 Hz (without BESS) to 49.981 Hz (with BESS),
while in the 80% RES case, it improved more significantly, from 49.879 Hz to 49.900 Hz.
This demonstrates the increasing role and necessity of fast-acting storage systems as the
system inertia decreases. The improvement was more pronounced under very-high-RES
conditions, where traditional synchronous inertia was limited, underscoring the value of
BESS in maintaining frequency stability.

Figure 10. Frequency response of the Terceira system to a 10% load step at t = 5 s for two renewable
penetration scenarios: 60% (top) and 80% (bottom).

4.3. Long-Term Operation: Degradation Under Extended Cycling

To evaluate long-term battery degradation, a 1000-day simulation was performed
using two distinct operational profiles:

• A historical profile, built by repeating a representative annual dispatch synthe-
sized from a measured three-month dataset of the Terceira power system (as de-
scribed in Section 4.1). This profile reflects typical battery usage under current
operating conditions.

• An aggressive profile, created to emulate intensified cycling conditions with deeper
and more frequent charge/discharge events, representing a future scenario with
heavier reliance on the BESS for grid services.

Both profiles were applied to a semi-empirical battery aging model that accounts for
calendar aging and cycle-related degradation. This approach enabled an assessment of
the SoH decline over prolonged use, under contrasting operational stress levels. Figure 11
illustrates the weekly dispatch behavior of the aggressive profile. The pattern was fully
periodic and designed to maintain continuity in power and SoC across weekly boundaries,
making it suitable for extended simulations.
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Figure 11. Weekly BESS power profile in the aggressive scenario used as a periodic dispatch cycle for
long-term simulations.

Figure 12 presents the evolution of SoH under both scenarios. After 1000 days, the
aggressive profile resulted in a greater capacity fade, dropping to 93.5% SoH, compared
to 95.2% under the historical profile. This highlights the sensitivity of degradation to the
cycling depth and frequency, and reinforces the need to balance operational benefits with
asset longevity.

Figure 12. Battery state of health (SoH) over 1000 days for historical (blue) and aggressive (orange
dashed) usage.
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5. Conclusions
This work presented the LIBSystems library, a modular and extensible modeling

framework developed in Modelica for the dynamic simulation of grid-scale Li-ion BESSs.
The framework integrates electrical, thermal, and degradation behavior within a unified
structure, supporting analyses across both fast transients and long-term operation. Its
capabilities were demonstrated through application to the isolated power system of Terceira
Island, where a 10.5 MW/15 MWh Li-ion BESS was evaluated under realistic disturbance
and operational conditions. The study included short-term frequency support under
varying RES scenarios and degradation modeling over a 1000-day horizon using two
distinct cycling profiles.

The results highlight the technical value of BESS integration in low-inertia islanded
systems. Under a 10% load disturbance, the BESS improved the frequency nadir from
49.978 Hz to 49.981 Hz in the high-RES case (60%) and from 49.879 Hz to 49.900 Hz in
the very-high-RES case (80%), while reducing the settling time by approximately 3 s. In
the long-term simulation, the aggressive cycling scenario led to a faster capacity fade
(to 93.5% SoH), compared to 95.2% under the historical-based dispatch. These findings
confirm that both the dynamic and aging performance of the BESS depend critically on
system-level usage, and underscore the need for integrated modeling approaches that
account for the cycling cost and thermal behavior.

To support these simulations, the aging model was independently validated using
32 controlled tests across calendar and cycling conditions. This step strengthens the credi-
bility of the long-term degradation results and highlights the importance of linking experi-
mental data with system-level models.

The proposed framework supports cell-level dynamics and degradation-aware simu-
lations, making it suitable for large-scale systems where thermal effects and aging carry
an even greater economic impact than in small-format applications. Its modular structure
enables future extensions to more detailed thermal modeling, CtCV and equalization strate-
gies. Expanding the validation of the aging model under variable operating scenarios is
also a key direction for future work.
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Abbreviations
The following abbreviations are used in this manuscript:

BESS Battery Energy Storage System
CtCV Cell-to-Cell Variation
DoD Depth of Discharge
DN Distribution Network
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ECM Equivalent Circuit Model
EMS Energy Management System
EV Electric Vehicle
LIB Li-Ion Battery
LCO Lithium Cobalt Oxide
LFP Lithium Iron Phosphate
LMO Lithium Manganese Oxide
LUT Lookup Table
LV Low Voltage
MV Medium Voltage
NCA Lithium Nickel Cobalt Aluminum Oxide
NMC Lithium Nickel Manganese Cobalt Oxide
OCV Open-Circuit Voltage
RES Renewable Energy Sources
RMSE Root Mean Squared Error
SEI Solid Electrolyte Interphase
SoC State of Charge
SoH State of Health
SPM Single-Particle Model
TN Transmission Network
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