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Battery Energy Storage Systems are playing a central role in the energy transition, thanks to their ability to
integrate non-programmable renewable sources and ensure stability and flexibility in electricity grids. However,
repeated charge and discharge cycles cause degradation processes that reduce the available capacity and useful
life of the system. Understanding and predicting the evolution of the State-of-Health is therefore essential to
optimising their use and planning their replacement. Several degradation models have been proposed in the
scientific literature, generally based on controlled cyclic tests or electrochemical parameters that are not always
accessible during normal operation. Conversely, this study presents an energy-based degradation model derived
from experimental data collected from batteries operating under actual residential load conditions. The model
uses charge and discharge power, cumulative energy, and State-of-Charge as input variables. This approach
allows the evolution of State-of-Health to be accurately estimated, obtaining an R? value of 96.55% and a Root-
Mean-Square-Error of 0.0015 from comparison with real residential data. The model is therefore an effective tool
for predictive monitoring and intelligent management of Battery Energy Storage Systems, promoting greater

reliability and sustainability in the context of the energy transition.

1. Introduction

The energy transition required to achieve climate neutrality by 2050
is driving a profound transformation in electricity production, distri-
bution, and consumption [1]. The increasing penetration of non-
dispatchable renewable energy sources, such as solar and wind, in-
troduces challenges related to intermittency, grid stability, and energy
balancing. In this context, Battery Energy Storage Systems (BESSs) are
recognised as key enabling technologies for flexibility, reliability, and
efficiency in modern power systems [2,3], enabling renewable integra-
tion, grid resilience, and ancillary services such as peak shaving and load
leveling.

Despite their strategic role, batteries are inherently affected by
degradation processes that progressively reduce usable capacity and
performance [4,5]. Battery degradation impacts both technical reli-
ability and economic viability, influencing investment decisions, main-
tenance planning, and overall profitability [6,7]. Consequently,
accurate assessment of State-of-Health (SoH) evolution under real
operating conditions is essential for optimal energy management, life-
time extension, and reliable replacement planning.

* Corresponding author.
E-mail address: mose.rossi@staff.univpm.it (M. Rossi).

https://doi.org/10.1016/j.est.2026.123884

From a system-level perspective, inaccuracies in degradation
modelling directly affect dispatch optimisation, lifetime cost evaluation,
and replacement strategies of BESSs. Application-specific operating
profiles can significantly alter battery utilisation and aging behaviour:
indeed, aggressive strategies may accelerate degradation, whereas
conservative assumptions can lead to underutilisation and increased
system costs [8]. However, most degradation models are derived from
laboratory tests under controlled conditions, which do not capture the
variability and irregularity of real-world operating profiles of grid-
connected BESSs. Therefore, the use of realistic operating profiles is
necessary for reliable technical and economic assessments.

The scientific literature generally distinguishes between calendar
aging, driven by temperature, State-of-Charge (SoC), storage duration
[9], and cyclic aging associated with cycling intensity, Depth of
Discharge (DoD), and charging and discharging regimes [10]. While this
separation is appropriate under controlled conditions, it often breaks
down under real operating profiles, where high average SoC, frequent
micro-cycling, and daily energy throughput coexist.

Indeed, real operating conditions can lead to the failure of traditional
degradation models, as stated by Vetter et al. [11]. In stationary appli-
cations, linear degradation assumptions are not valid, since dominant
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Nomenclature

R? Goodness of fit 6goc

SoC variability

€ Total error

ARERA TItalian Regulatory Authority for Energy, Networks and
Environment

BESS Battery Energy Storage System

BMS Battery Management System

DoD Depth-of-Discharge

EIS Electrochemical Impedance Spectroscopy

EVs Electric Vehicles

GAM generalised additive models
MAE Mean Absolute Error

PV PhotoVoltaic
RF Random Forest
RMSD  Root-Mean-Square Deviation

RMSE Root-Mean-Squared Error

SEI Solid Electrolyte Interphase
SoC State-of-Charge

SOH State-of-Health

X Normalised cumulative energy

mechanisms evolve and operating conditions are non-constant.
Compared to automotive use, grid-connected BESSs are characterised
by frequent micro-cycles, long residence times at high SoC driven by
PhotoVoltaic (PV) self-consumption, and ambient temperatures that are
not actively controlled [11,12]. As a result, degradation modelling in the
BESS sector spans empirical, semi-empirical, and physicochemical ap-
proaches, with hybrid formulations increasingly adopted to handle
complex and non-stationary operating profiles [13]. Experimental evi-
dence confirms the relevance of these effects. Collath et al. [5] identified
temperature, average SoC, and storage duration as dominant stress
factors for calendar aging in stationary batteries. Sordi et al. [13]
showed that capacity losses exceeding 10% can occur after approxi-
mately one year at high temperature and near-full SoC, while losses
remain limited at moderate temperature and mid-range SoC. Keil et al.
[14] demonstrated that Solid Electrolyte Interphase (SEI) growth fol-
lows a power-law dependence on time, with extended SoC plateaus
exceeding 20-30% of the usable capacity. Temperature-dependent
transitions in dominant degradation mechanisms were further identi-
fied by Waldmann et al. [15].

Under repeated cycling, cyclic degradation overlaps with calendar
aging and modifies its evolution. Schuster et al. [16] reported a transi-
tion to non-linear capacity fade at residual capacities of approximately
80%. Barcellona and Piegari [17] showed that, when cell temperature is
actively controlled, cycle aging is not directly dependent on current rate,
highlighting the dominant role of thermal conditions. To address the
interaction between calendar and cyclic mechanisms, combined and
semi-empirical models have been proposed. De Hoog et al. [18] and
Schimpe et al. [19] demonstrated that such models can accurately
reproduce degradation under realistic operating profiles, achieving low
prediction errors over extended validation periods. However, many
datasets exhibit a degradation trajectory characterised by a knee point,
after which capacity loss accelerates sharply [20], thus challenging the
validity of linear or quasi-linear formulations commonly adopted in
dispatch and optimisation models. Micea et al. [21] proposed a SoH
estimation model based on a second-order polynomial regression, which
enables simple and efficient prediction of the remaining capacity and the
battery's useful life. The SoH estimation error approached zero starting
from the 60" cycle, with a maximum Root-Mean-Square Deviation
(RMSD) of 10.5 cycles. This empirical approach is particularly useful in
contexts with limited computational resources, where simplicity and
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computational efficiency are essential. Intermediate modelling ap-
proaches aim to balance physical fidelity and operational usability.
Energy-based models proposed by Liu et al. [22], Maheshwari et al.
[23], and Seger et al. [24] incorporate non-linearity through simplified
formulations derived from experimental data. While these models
improve lifetime prediction and economic assessment compared to
linear approaches, they typically rely on limited scalar indicators and do
not fully capture the combined effects of energy throughput, Crqe in-
tensity, and SoC distribution under uncontrolled operating profiles. In
parallel, data-driven approaches based on machine learning techniques
have been increasingly adopted for SoH estimation. These methods,
such as the integrated multiphysics feature-based framework proposed
by Son et al. [25], exploit operational or diagnostic variables to capture
complex nonlinear degradation patterns and can achieve high predictive
accuracy in Li-ion battery applications. For instance, the framework
demonstrated an impressive Root-Mean-Squared Error (RMSE) of
0.494% for SOH estimation across various datasets, significantly out-
performing traditional methods. By integrating mechanical and
impedance features, this approach improves accuracy compared to
mechanical-only features (RMSE = 3.38%) and impedance-only features
(RMSE = 1.44%). Moreover, recent efforts have specifically aimed at
improving the interpretability of data-driven SoH models by relying on
physically meaningful features, feature-selection strategies, or explain-
able machine-learning tools. Bao et al. [26] proposed an interpretable
machine-learning framework for Li-ion battery SoH prediction based on
Electrochemical Impedance Spectroscopy (EIS) and temporal features,
using explainability tools to analyse the influence of degradation-related
features on model predictions. Using EIS features, the model achieves a
Mean Absolute Error (MAE) of 0.17 and an RMSE of 0.40. When
combining features, the XG-Boost model improves significantly, reach-
ing a MAE of 0.05. In addition, Tang et al. [27] developed an innovative
aging prediction method for Li-ion batteries using a model migration
approach combined with Bayesian Monte Carlo algorithms. This data-
driven method significantly reduces the need for experimental tests,
providing accurate predictions of aging trajectories by adapting models
derived from accelerated aging data to real-world operating conditions.
The proposed method was validated on three types of commercial bat-
teries, with the results demonstrating its effectiveness. Specifically,
when using data from the first 30 cycles of normal-speed aging, the
method achieved predictions of the entire aging trajectories (up to 500
cycles) with an RMSE of less than 2.5% for all tested batteries.
Furthermore, even when only using the first five cycles of data for model
training, the prediction error remained below 5% across all the battery
types tested. These contributions represent a significant step towards
reducing the gap between purely black-box predictors and physically
interpretable degradation models. However, it is important to note that
such methods may not always offer a closed-form, continuous, and
monotonic degradation law that is directly compatible with optimiza-
tion frameworks and long-term system-level analyses.

Table 1 summarises a selection of representative degradation
models, including both energy-based formulations and data-driven ap-
proaches, with particular focus on methods that are relevant for com-
parison with the approach proposed in this work and for system-level
applications under real operating conditions. Within each of these cat-
egories, a wide range of alternative formulations has been proposed in
the scientific literature, often differing in terms of parameterisation,
required inputs, and level of physical detail.

It should be noted that this table does not aim to provide an
exhaustive overview of all modelling approaches available in the sci-
entific literature, but rather to highlight representative methods rele-
vant for comparison and system-level applications.

Despite the extensive scientific literature on battery degradation
modelling, there remains a clear gap between the complexity of aging
phenomena and the need for accurate, computationally efficient models
that can be applied to real-world operating profiles of BESSs. To the best
of the authors' knowledge, this gap has not yet been fully addressed in
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Table 1
Representative lithium-ion battery degradation models for real-world
applications.

Reference  Model type  Required data Advantages Notes
[21], Empirical Real-world Simple; No explicit SoC,
[22] energy- cycling data; suitable for Crate OT
throughput  energy operational temperature
throughput datasets; dependence;
captures simplified
global assumption
nonlinear
ageing
[23] Nonlinear Lab tests at High Requires
empirical, controlled SoC accuracy; extensive
MILP- and Cyqre captures SoC experiments;
compatible and current complex
effects; degradation
suitable for surface
scheduling
[24] Simplified SoC series; Lightweight; Linear
empirical, Rainflow suitable for approximation;
energy- counting; energy  long-term partial loss of
based exchange planning and cycle-depth
sizing information;
SoC implicit
[20], Physics- Electrochemical Highest High
[28] based and thermal physical computational
characterisation fidelity; cost; not suited
captures local  to system-level
degradation optimisation
mechanisms
[25], Data- Operational Captures Limited
[26] driven data: SoC, complex interpretability;
(ML-based)  current, voltage, nonlinear limited direct
temperature degradation integration into
behaviour optimisation
frameworks
[271 Data- Accelerated High Accelerated
driven aging data (over prediction degradation
(Bayesian charging, over accuracy with  tests; requires
Monte discharging, minimal data migration of
Carlo) large current requirements models to match
rates) for training normal-speed

aging data

the context of real-world BESSs operation. In particular, few models
simultaneously satisfy the key requirements for system-level applica-
tions, namely continuity, monotonicity with respect to both utilisation
intensity and cumulative stress, physical interpretability of parameters,
and direct integrability into operational and optimisation frameworks.

Empirical models often exhibit limited generalisation beyond their
calibration conditions, whilst semi-empirical approaches typically rely
on variables that are not always accessible during operation. Physico-
chemical models, although highly accurate, are generally unsuitable
for annual or multi-year simulations due to their computational cost.
Formulations based on energy and SoC-current variables offer prom-
ising alternatives; however, their ability to jointly capture the effects of
energy throughput, C,q., and SoC variability under uncontrolled oper-
ating conditions remains largely unexplored. In addition, alternative
techniques based on regression and machine learning have been pro-
posed to enforce structural properties such as smoothness, mono-
tonicity, and interpretability. These include multivariate fractional
polynomial regression, Generalised Additive Models (GAMs) with shape
constraints, and monotonic machine learning models. Such approaches
can effectively represent nonlinear degradation trends while ensuring
well-behaved functional forms. However, they typically rely on pre-
defined basis functions or constrained fitting procedures, which may
reduce their flexibility in capturing complex interactions among multi-
ple stress factors under highly variable real-world operating conditions.

In this context, there is a clear and strong need for an energy-based
degradation model, specifically designed for residential BESSs groun-
ded in both real operational data and models investigated in the
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literature to date, that extends beyond cumulative energy alone and
explicitly incorporates real operating conditions, including current in-
tensity and SoC variability; indeed, such a model would offer a more
comprehensive representation of aging mechanisms, making it suitable
for system-level optimisation and long-term planning. The main con-
tributions of this work can be summarised as follows:

e development of a purely energy-based degradation model that
explicitly accounts for cumulative energy, dynamic current stress,
and SoC variability under real operating conditions.

e introduction of a distillation-based calibration strategy to transfer
knowledge from a data-driven model to a continuous and physically
interpretable empirical formulation.

e validation of the proposed approach on independent real-world
BESSs datasets, including a quantitative comparison with state-of-
the-art energy-based degradation models.

Compared with recent energy-based and optimisation-oriented
degradation models, the proposed method advances the state-of-the-
art in three main aspects. First, it extends conventional energy-
throughput or rainflow-based formulations by incorporating dynamic
current stress and SoC variability through variables directly available
from Battery Management System (BMS) data. Second, unlike purely
data-driven SoH estimators, the final output is a closed-form degrada-
tion law that preserves continuity, monotonicity, and physical inter-
pretability, making it suitable for optimisation and long-term techno-
economic analyses. Third, validation on independent real-world BESSs
datasets demonstrates improved accuracy with respect to representative
scientific literature models. Building on these contributions, the pro-
posed approach combines a non-parametric data-driven teacher with an
empirical energy-based formulation through a distillation mechanism.
This allows nonlinear degradation patterns to be extracted from opera-
tional data without imposing a priori assumptions on their structure,
while retaining an analytical form suitable for system-level applications.

The remainder of this document is organised as follows. Section 2
presents the combined data-driven and empirical energy-based model,
which accounts for the non-linear degradation behaviour of Lithium-ion
batteries. This section also describes the methodology and the real
dataset used for model validation. Section 3 presents the results and
discusses the comparison with real data and with other models available
in the scientific literature. Finally, Section 4 concludes the paper by
summarising the main findings and outlining possible future
developments.

2. Materials & methods

This section describes the development, calibration, and validation
phases of the proposed degradation model specifically designed for
residential BESSs, informed by real operational data and existing liter-
ature, and able to account for current intensity and SoC variability
rather than relying solely on cumulative energy. Subsection 2.1 presents
the hybrid architecture of the model. This architecture combines a data-
driven approach with a non-linear empirical formulation based on
physical variables. Subsection 2.2 describes the operational data used in
this study. It also details the pre-processing and feature extraction pro-
cedures, as well as the methodology adopted to train the data-driven
model and to identify the parameters of the empirical model through
the distillation mechanism.

Fig. 1 illustrates the methodological workflow adopted in this study.
Starting from real operational data, the procedure includes data pre-
processing and feature extraction. It then involves the parallel devel-
opment of a data-driven model and an empirical energy-based model,
followed by an optimisation phase based on distillation. Finally, the
resulting hybrid model is validated on independent datasets and
compared with degradation models available in the scientific literature.
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tific literature models

Seger, Maheshwari, Liu

Fig. 1. Methodological workflow of the proposed hybrid energy-based battery
degradation model.

2.1. Model development

This section describes the development of the proposed hybrid
degradation model, detailing its mathematical formulation, the
distillation-based calibration strategy, and the real-world dataset used
for validation. The methodology is designed to ensure physical consis-
tency, computational efficiency, and direct applicability to residential-
scale system-level studies.

This work proposes a hybrid model of Lithium-ion battery degrada-
tion, which synergistically combines a data-driven approach, based on
Random Forest (RF), and a non-linear empirical model constructed from
physical variables observed during actual storage operation. This hybrid
structure enables the capture of complex non-linearities emerging from
the experimental data through RF, while providing a continuous and
interpretable representation of the degradation mechanisms through
empirical formulation. Unlike constrained regression approaches (e.g.,
GAMs or monotonic regression), the proposed framework does not
require explicit specification of the functional structure of interactions
among variables, as these are implicitly learned from data through the
distillation process. The model allows for estimating the SoH of batteries
during their operation.

The empirical contribution of the model has been formulated (see Eq.
1) to describe the SoH as an exponential decay:

SoHpe. = exp[ — Z(x, Crus, Osoc) | (@)

The empirical degradation model uses only physical terms, which are
defined as follows:

e x represents the cumulative energy normalised with respect to the
nominal capacity of the battery. This variable is a direct measure of
the energy use of the system and can be interpreted as a continuous
equivalent of charge/discharge cycles. As x increases, the battery
accumulates electric work performed, which correlates with cyclic
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aging and progressive loss of capacity. Eq. 2 shows how the value of x
is calculated:
P(t) |At

Enom (2)

where P (t) is the instantaneous power at time t, At is the time interval,
and E, o, is the nominal energy capacity of the battery.

e Crys is the root mean square value of Cpaee, calculated over a time
window of sufficient amplitude to describe dynamic stresses. The
Crate is defined as the ratio between the instantaneous power and the
nominal energy capacity of the battery:

3

The use of a root mean square measurement, rather than an
average Crate Value, allows the actual electrical stress experienced by
the cell to be captured, making it more sensitive to power peaks and
impulsive fluctuations that have a significant impact on aging
mechanisms. This indicator summarises the average intensity of
short-term electrical stresses, reflecting the effects of rapid electrical
stress, power transients, and impulsive load variations, which are
known to accelerate degradation.

e ogoc represents the standard deviation of the SoC in the same moving
window. It acts as a mixed proxy that incorporates both the effect of
microcycles induced by rapid power variations and the influence of
remaining at certain SoC levels. A high value of ogo¢ indicates an
operating profile with repeated and aggressive variations, typical of
applications with high power variability, e.g., PV coupled with bat-
tery, which contribute significantly to cell aging.

ea b c dy, e 1 f, gare the empirical parameters to be identified
through optimisation. They determine the relative weight of the
various physical contributions to degradation:

- a, b, c regulate the part of degradation associated with cumulative
energy, linear and non-linear components.

— d, y model the sensitivity to dynamic power stress via Crys.

— e, 17 describe the contribution due to SoC variability.

— f, g are coupling terms that do not represent independent direct
physical mechanisms, but model non-linear interactions observed
in experimental data between cumulative energy and dynamic
stresses, allowing for improved descriptive capacity of the model
in the presence of combined aging phenomena.

The choice of an exponential formulation for the description of SoH
is based on the interpretation of degradation as a process of irreversible
cumulative damage. In this context, the exponential term allows for a
compact representation of the progressive accumulation of aging effects,
while ensuring a monotonic decrease in SoH and asymptotic behaviour
consistent with the experimental evidence reported by Hennessy et al.
[29] for Lithium-ion cells. The total degradation function was defined by
Eq. 4:

Z = ax® + cx + dClyys + €0l + f(XCrus) + g(x0soc) (C))

To improve the robustness of the model and constrain empirical
learning to physically plausible regions, a distillation mechanism based
on the predictions of the data-driven RF model was adopted. Distillation
is a technique widely used in machine learning to transfer knowledge
from a complex and non-interpretable model, referred to as the teacher
(in this case, the RF), to a simpler, continuous, and physically inter-
pretable model, referred to as the student (in this case, the empirical
model).

In this work, the RF model is trained independently using key
operating variables as inputs, namely SoC, normalised power, and cu-
mulative energy. Owing to its non-parametric nature, the RF can capture
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highly non-linear relationships present in real operating data. As a
result, it provides a particularly accurate estimate of SoH on the training
dataset. However, despite their statistical robustness, these predictions
do not guarantee continuity, monotonicity, or behaviour consistent with
the physical mechanisms of degradation. For this reason, the RF model
cannot be used directly as the final degradation model. It is important to
stress that the RF model is not used as the final degradation model in
operational dispatch or optimisation studies. Its role is strictly limited to
the identification of parameters based on distillation, guiding the cali-
bration of the empirical formulation while ensuring that the final model
remains continuous, monotonic, and physically interpretable. The
adopted solution consists of using the RF model as a guiding signal
during the identification of the empirical model parameters. In practice,
the RF outputs inform the empirical model about which regions of the
solution space are plausible based on the available data, without
enforcing strict adherence. It is worth noting that the RF model does not
introduce any physical causality into the process. Instead, it acts solely
as a data-driven regulariser, providing a statistical constraint derived
from observed data. This is achieved by introducing an additional term
proportional to the distance between the empirical model prediction and
the RF prediction. The total error minimised during optimisation
therefore takes the following form:

&= <.yemp _ytrue) + Arr (yemp __yRF) (5)
where:

® Yirue is the actual measured SoH.

e ygr is the RF model prediction.

® Yemp is the empirical model prediction.

e Jgr is a weighting coefficient that balances the contribution of
distillation; it does not bias the empirical model towards the RF es-
timations but penalises unstable regions of the solution space where
data-driven estimates are inconsistent.

The first term of Eq. 5 enforces that the empirical model accurately
approximates the experimental data. The second term introduces a
regularisation constraint based on the RF predictions. In practice, the
empirical model is guided towards regions of the prediction space where
the RF model exhibits consistency and stability. At the same time, it
retains sufficient freedom to preserve a physically meaningful structure
and a causal interpretation.

The optimisation of the empirical parameters is performed by min-
imising a quadratic error function. This optimisation is subject to
physical constraints on the parameters, including positivity of the co-
efficients and monotonicity with respect to cumulative energy. The
iterative procedure is terminated when the objective function converges
or when no significant improvement is observed after a predefined
number of iterations. This strategy leads to a hybrid solution. On the one
hand, the data-driven component captures complex patterns that cannot
be directly represented by a simple analytical formulation. On the other
hand, the empirical model ensures continuity, monotonicity, and
physical interpretability. These properties are essential for a degradation
model intended for use in real engineering and operational applications.

2.2. Methodology and real data

The degradation model was calibrated with real operating data from
three Lithium Iron Phosphate (LiFePO4) batteries under actual resi-
dential load conditions. The main characteristics of these batteries are as
follows: nominal power of 2.56 kVA, energy capacity of 5.0 kWh, and a
round-trip efficiency of 90%. Each battery has dimensions of 188 x 550
x 980 mm and a weight of 78.9 kg. Operating data from battery 1 were
used for the training phase, data from battery 2 for validation, and data
from battery 3 for testing.
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Fig. 2. Dataset partitioning across batteries.

Specifically, each battery was part of an independent residential PV-
BESS, as shown in Figs. 3, 4, 5, and they were not connected to form a
single unified system. However, although the batteries were physically
distinct and used for training, validation, and testing, their operating
conditions were representative of the same application class. In partic-
ular, all systems experienced daily charge/discharge patterns driven by
PV production and household demand, with comparable consumption
peaks and frequent power fluctuations typical of residential PV-coupled
storage operation. During the monitored operation, the batteries never
discharged below 20% of their total capacity. Additionally, it is impor-
tant to note that the proposed model is specifically designed for resi-
dential PV-BESS systems and does not consider Electric Vehicles (EVs),
as their charge and discharge cycles are highly variable and largely
determined by user behaviour. EV charging often occurs within a few
hours via fast charging, and discharging occurs during vehicle use,
resulting in operational profiles that are very different from those of
residential BESS-PV systems. Therefore, the analysis focuses solely on
integrated PV-BESS systems, and the findings should be interpreted
within this scope.

Figs. 3, 4, and 5 show representative operating profiles of the inte-
grated PV-BESS systems for a significant day in each season, illustrating
the relationship between PV production, consumption, and battery
operation. These profiles are broadly similar across different batteries
and days, with only minor variations, reflecting the standardized pat-
terns of residential consumption reported by the Italian Regulatory
Authority for Energy, Networks and Environment (ARERA) [30]. The
charge and discharge cycles are almost always consistent: charging oc-
curs mainly during daytime hours, when PV production generates an
energy surplus and consumption is moderate, while discharging is
concentrated in the evening, in the absence of PV generation, to meet
residual demand. As shown in the figures, consumption peaks mostly
occur in the evening, while battery charging follows the typical PV
generation profile. Apart from some variations between users, these
profiles are therefore highly repeatable and representative of residential
PV-BESS systems.

Additionally, Fig. 6 displays the individual power profiles of the
three batteries, highlighting their operating ranges and the recurring
charge/discharge cycles, which are consistent across all three batteries.
The values presented in these profiles are aggregated with an hourly
resolution.

Together, these figures confirm that the datasets used in this analysis
align with a typical, similar residential PV-BESS usage profile, while still
capturing the inherent variability specific to each battery.

The datasets were used for parameter identification, selection of
optimal configurations, and independent verification of model perfor-
mance, respectively. Each dataset consists of a time series with a sam-
pling interval of 5 min. For each time step, the dataset includes the
following main variables: SoC, electrical power exchanged with the
battery expressed in kW, exchanged energy expressed in kWh, and SoH.

The variables such as SoC, electrical power, and exchanged energy
are directly provided by the BMS of the BESSs under investigation;
therefore, these quantities represent real-time measurements, which are
typically available in real-world operating systems.

In contrast, the SoH is not directly measured by the BMS but is
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Fig. 3. Representative operating profiles of the integrated PV-BESSs for Battery 1: (a) Spring, (b) Summer, (c) Autumn, (d) Winter.

periodically assessed through a full charge-discharge test conducted
monthly. This procedure enables the accurate measurement of the bat-
tery's actual available energy capacity, providing a reliable reference
value for the SoH. While these tests are not continuously available
during operation, they offer a high-precision benchmark for model
calibration and validation. The full charge-discharge operations are
represented in Fig. 6; however, since the time is shown along the X-axis,
the exact timing of these operations is not explicitly indicated.

During the pre-processing phase, the datasets are standardised and
cleaned. The columns are mapped to a set of standard names, and non-
numeric or missing values are removed. The SoC and SoH variables are
scaled to the range [0,1]. Electrical power is also converted to its ab-
solute value. This operation is required to estimate the total energy
exchanged, regardless of the charge or discharge direction. For each
dataset, the quantities required by the empirical model are then derived:

o the elementary energy exchanged in the sampling step:

AE(t) = |P (t)| At (6)

o the cumulative energy as a sum over time:

t) = AE(r) )
=0

o the dimensionless variable x, defined as cumulative energy normal-
ised with respect to the nominal capacity of the battery, assumed to
be 5 kWh, in accordance with Eq. 4;

e the instantaneous Crgge:

P®1

Enom (8)

Cinst (t) =

e the root mean square value of Cq,, calculated on a moving window of
288 samples, corresponding to 24 h, which summarises the average
intensity of dynamic power stresses. It is worth noting that sensitivity
analyses on shorter and longer windows showed no significant
improvement in predictive accuracy, while increasing computational
burden or reducing physical interpretability:

©)

where N = 288, the choice of a 24-h rolling window is consistent with
the typical daily cycle of PV-BESS. Specifically, several window sizes
have been tested, namely 72, 144, 228, 576, and 864 samples, to assess
the stability and performance of the model. The results indicate that the
model remains robust across these different window lengths, with slight
improvements in performance metrics as the window size increases.
However, the 288-sample window provided the best performance
improvement when compared to other window sizes. Fig. 7 shows how
the performance metrics evolve with different rolling window sizes. The
percentage improvement in performance metrics was evaluated using
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Fig. 4. Representative operating profiles of the integrated PV-BESSs for Battery 2: (a) Spring, (b) Summer, (c) Autumn, (d) Winter.

the following formula, according to the equation:

Xn+1 — Xn

n

Percentage = x 100 (10)

where X, represents the value of a sample, and X, ; represents the value
of the next sample. This graph shows that the 288-sample window
maximises performance improvements, demonstrating its suitability for
capturing the day-night cycle, solar generation profiles, and energy
management strategies typical of PV-BESSs.

e the standard deviation of SoC, calculated on the same moving win-
dow, which measures the amplitude of charge state oscillations and
therefore the presence of internal micro—cycles:

Osoc(t) = _1 Z (SoC(k) — SoC ) an

k=t—N+1

Unlike traditional cycle-counting approaches, these indicators cap-
ture degradation-relevant information directly from continuous power
and SoC trajectories, without requiring offline rainflow analysis. These
features constitute the inputs of the empirical formulation in Eq. 2, from
which the exponential degradation term in Eq. 1 is derived. To improve
numerical stability during the optimisation process, the variables Crys
are further normalised with respect to their 95th percentile in the
training dataset. This scaling reduces differences in magnitude among
the individual contributions. Temperature is not explicitly included
among the model input variables.

This choice is deliberate and motivated by the objective of main-
taining applicability in real-world scenarios with limited sensor avail-
ability. The batteries used in this study were operated under passive
thermal control, where natural convection was employed to dissipate
heat, with the ambient temperature maintained within a range of
15-45 °C. No significant thermal stress was observed, contributing to the
temperature secondary to the electrical effects analysed.

In parallel, an RF regression model is trained on the same operational
dataset and used as the teacher in the distillation process. The RF model
takes as input key quantities that are readily available during operation,
namely, instantaneous SoC, normalised power with respect to a refer-
ence value, the 95th percentile of power in the training set, and cumu-
lative electrical energy. It returns a point estimate of SoH. The RF is
trained independently to maximise statistical accuracy on real data,
without imposing constraints related to monotonicity or the physical
structure of degradation. The empirical parametersa, b, c, d, v, e, 1, f,
are identified using the training dataset for the primary fit, while the
validation dataset is used to mitigate overfitting. The objective function
minimised during calibration is the total error defined in Eq. 5. This
error combines the distance between the empirical prediction and the
measured SoH with a regularisation term that penalises deviations from
the RF prediction. The regularisation term is weighted by the coefficient
ARE-

In this study, Agg is set equal to 0.85. This value assigns a predomi-
nant weight to the ground truth data, while still exploiting the structural
information provided by the data-driven model in regions where its
predictions are most stable. The value of Agr was selected based on a
sensitivity analysis. In this analysis, the weight of the distillation term
was varied, and the model performance was evaluated in terms of R? on
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Fig. 5. Representative operating profiles of the integrated PV-BESSs for Battery 3: (a) Spring, (b) Summer, (c) Autumn, (d) Winter.

the validation dataset. Fig. 8 shows the trend of R? as the distillation
weight varies. It is worth noting that the ground-truth data remains
dominant in the hybrid model, thereby preserving physical interpret-
ability and preventing an overemphasis on the data-driven predictions.
This choice aligns with the model's goal of maintaining a balance be-
tween empirical knowledge and data-driven insights, ensuring that the
underlying physical principles are not overshadowed by the predictions
of the RF model.

Optimisation is performed in two stages. First, an initial global
search is conducted in the parameter space, subject to physically plau-
sible bounding constraints. This step is followed by a local refinement
phase based on robust non-linear least-squares minimisation. The test
dataset, corresponding to battery 3, is used exclusively for the final
model validation. Performance indicators, including RMSE and R?, are
computed on the training, validation, and test datasets. In all cases, the
measured SoH is compared with the estimates provided by both the
distilled empirical model and the RF model. The joint analysis of error
metrics and the temporal evolution of the SoH curves allows verification
that the hybrid model achieves high predictive accuracy. At the same
time, it preserves physically consistent and monotonic behaviour, which
is essential for real engineering applications.

Finally, the effectiveness of the proposed model is assessed through a
comparison with degradation models available in the scientific litera-
ture. These models are tested using the operational data from all three
batteries. The models presented in [22], [23], and [24] are selected
because they are energy-based formulations calibrated on real opera-
tional data. This choice ensures consistency with the datasets and con-
ditions considered in the present study.

3. Results & comments

This section presents the key results obtained with the proposed
model, including the identified parameters of the empirical formulation,
its validation against real residential operating data, and a comparison
with existing models reported in the scientific literature. These results
demonstrate the effectiveness of the proposed hybrid approach.

3.1. Identification and interpretation of parameters

The parameter identification problem was formulated as a con-
strained non-linear optimisation task. The objective was to minimise the
discrepancy between the measured SoH and the value predicted by the
empirical degradation model on both the training and validation data-
sets. Due to the highly non-linear and non-convex nature of the expo-
nential degradation formulation, a two-stage optimisation strategy was
adopted.

In the first stage, a global optimisation algorithm based on differ-
ential evolution was used to explore the parameter space and identify a
physically plausible initial solution. This approach is effective in
avoiding convergence to local minima and ensures robustness with
respect to the initial parameter estimates. In the second stage, the so-
lution obtained from the global search was refined using a local non-
linear least-squares optimisation. During this phase, a robust loss func-
tion was adopted to limit the influence of outliers and measurement
noise, which are commonly present in real battery datasets. This
refinement step improves the accuracy of the parameter estimates while
preserving numerical stability. During optimisation, each parameter was
constrained within predefined bounds. These bounds were introduced to
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ensure the physical consistency of the degradation mechanisms, the in Table 2. In particular, positive lower bounds on the exponents b, y,
numerical stability of the exponential formulation, and robustness and 5 ensure physical monotonicity of degradation. Symmetric bounds
against overfitting. The selected limits reflect plausible ranges on the interaction terms f and g allow both amplifying and compensating
commonly adopted in empirical battery aging models and are reported effects to be captured. Moderate upper bounds are used to prevent

10



F. Onori et al.

Table 2
Bounds imposed on the empirical model parameters during the optimisation
process.

Parameter Lower bound Upper bound
a 1x10°® 1x107"

b 0.2 3.5

c -0.5 2.0

d 0.0 5.0

v 0.5 4.0

e 0.0 5.0

n 0.5 4.0

f -1.0 2.0

g -1.0 2.0

instability of the exponential term and reduce the risk of overfitting.

The optimisation procedure led to the identification of the parame-
ters listed in Table 3.

The parameters obtained show the dominant role of cumulative
energy x in the degradation process: b > 1 confirms a super-linear
behaviour, consistent with the acceleration of degradation in the
advanced stages of life. The contribution linked to dynamic stresses,
described by Crys and the parameters d and y, is significant and reflects
the battery's sensitivity to intense power regimes and rapid transients.
On the contrary, the term associated with the SoC variability has a very
low weight, indicating that, under the operating conditions observed,
SoC oscillations contribute less than cumulative energy throughput and
current intensity. Finally, the presence of coupling terms allows the
model to capture the interaction effects between energy throughput,
load intensity, and SoC variability, improving the flexibility of the model
while preserving physical interpretability.

3.2. Model accuracy on real data

Table 4 lists the performance of the proposed model in the three
datasets (e.g., training, validation, test), expressed by RMSE and coef-
ficient of determination R2.

The model's performance is stable and consistent across all phases:
the RMSE remains around 1.5 x 10~% and the coefficient of determi-
nation R? remains close to 0.965. This indicates high predictive power
and excellent generalisation with respect to data not used in the cali-
bration phase. For completeness, the performance of the RF teacher
model was also explicitly quantified. On the test dataset, the RF model
obtained an RMSE of 2.8 x 10~* and an R? equal to 0.9989, compared
with an RMSE of 1.5 x 1072 and an R? equal to 0.9655 for the proposed
hybrid empirical model. As expected, the RF teacher achieves higher
purely statistical accuracy; however, it does not provide a closed-form,
continuous, monotonic, and physically interpretable degradation law.
The proposed distilled empirical model, therefore, sacrifices a limited
amount of predictive accuracy in exchange for optimisation-readiness,
physical consistency, and direct applicability to long-term residential-
scale system-level analyses.

Fig. 9 shows the comparison between the measured SoH and the SoH
estimated by the proposed model. The two curves are almost

Table 3
Numerical values of the parameters identified for the empirical model.
Parameter Value Description
a 3.69 x 1072 Non-linear component of cumulative energy
b 1.95 Exponent of cumulative energy
c —~1.40 x 1072 Linear correction on x
d 1.53 x 1072 Weight of the term Crys
7 1.69 Exponent of the term Crys
e 2.38 x 10720 Weight of the term o6soc
n 3.41 Exponent of the term ogoc
f 1.78 x 1072 Coupling term x Crys
g -1.50 x 1073 Coupling term Xosoc
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Table 4

Performance of the empirical model on experimental datasets.
Dataset RMSE (-) r2 (=)
Training 0.001585 0.9649
Validation 0.001522 0.9651
Test 0.001530 0.9655

superimposed over the entire observation period. The model accurately
reproduces the actual behaviour, without introducing non-physical os-
cillations, and maintains a monotonic trend consistent with degradation
phenomena. It is worth noting that the RF model, which is used as the
teacher in the distillation process, achieves even higher accuracy.
However, it produces discontinuous trajectories that are not suitable for
engineering applications. The distilled empirical model, therefore, rep-
resents an effective compromise between predictive accuracy and
physical interpretability, and the comparable performance across three
physically distinct batteries confirms that the proposed formulation
captures general degradation trends, rather than battery-specific
artifacts.

3.3. Comparison with other degradation models from the scientific
literature

For further assessment of the proposed formulation, the identical
residential operating dataset was employed to evaluate five degradation
models reported in the literature. These models are based on cumulative
energy or energy-related metrics and were originally calibrated on real,
residential operating profiles such as the models proposed by Micea
etal. [21], Liu et al. [22], Maheshwari et al. [23], Seger et al. [24], and
Tang et al. [27].

Specifically, they were evaluated on the used dataset by applying
their empirical equations, enabling a direct comparison with the pro-
posed model. In contrast to the lab-based settings of the original studies,
this work investigates a real-world PV-BESS system, incorporating
practical operational complexities. Fig. 11 compares the monthly evo-
lution of the SoH obtained with these models and with the proposed
formulation against the measured reference curve.

From a quantitative perspective, the performance indices reported in
Table 5 show a clear advantage of the proposed model over those
available in the scientific literature. This improvement can be attributed
to the ability of the proposed formulation to jointly account for cumu-
lative energy throughput, dynamic stress, and SoC variability within a
single analytical framework. In contrast, degradation models from the
scientific literature often rely on a limited set of stress indicators or
implicitly assume linear degradation trends. As a result, they struggle to
capture the combined and non-linear effects of operating conditions,
which become dominant during the middle and final stages of battery
life. Furthermore, the distillation process based on the RF teacher con-
strains parameter identification to physically meaningful regions of the
solution space. This improves generalisation capabilities and reduces
systematic bias when the model is applied to real operating profiles.

It is worth noting that these models were applied to the used dataset
using their empirical equations, allowing for a direct comparison with
the proposed model. Unlike the lab-based environments of the refer-
enced studies, our analysis focuses on a real-world PV-BESS setup, which
introduces additional complexities and operational variability.

In addition to global metrics, the absolute mean annual error SoH
provides a complementary and intuitive measure of model accuracy.
This indicator, shown in Table 5, was evaluated monthly and is shown in
Fig. 10.

Furthermore, Fig. 11 graphs the real SoH trend, comparing it with
the SoH trend estimated using the proposed model and models from the
scientific literature.

Seger et al. [24] and Liu et al. [22] models tend to underestimate the
degradation in the intermediate phase and overestimate it in the final
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bl trends observed during the actual operation of BESS, where an accurate
Table 5

Quantitative comparison between the proposed degradation model and scien-
tific literature models.

Model R? RMSE (-) Mean annual SoH error (%)
Proposed model 0.9655 0.00153 0.12
Micea et al. [21] 0.9266 0.00259 0.13
Maheshwari et al. [23] 0.8426 0.00327 0.30
Tang et al. [27] 0.7533 0.00409 0.16
Seger et al. [24] 0.6643 0.00527 0.45
Liu et al. [22] 0.6384 0.00495 0.42

phase, resulting in a SoH trajectory that is too linear and unable to
reproduce the curvature of the real curve. Maheshwari et al.'s [23]
model improves the representation of the first part of life, thanks to the
explicit dependence on SoC and current, but still fails to fully capture the
accelerated degradation observed in the last months, where the empir-
ical model shows the greatest advantage. Micea et al. [21] tends to
follow a similar trend to Maheshwari et al. [23], with more accurate
representation during the earlier phases of degradation but showing
more deviation during the final months. On the other hand, the Tang
et al. [27] model exhibits a more pronounced error in the intermediate
phase, where it significantly overestimates the degradation rate. The
superior performance of the proposed model can be attributed to two
key aspects. Firstly, the use of normalised cumulative energy x, dynamic
stress Cryms, and SoC variability osec in a unified analytical structure
allows the combined effect of cycle depth, current intensity, and oper-
ating profile to be captured, without separating calendar and cyclic
contributions. Secondly, the distillation mechanism from the RF teacher
guides the parameter identification towards regions of the solution
space that are well supported by the data, improving the representation
of nonlinearities while preserving physical interpretability.

Overall, the results demonstrate that the proposed energy-based
hybrid model is capable of accurately reproducing the degradation

12

representation of the degradation curve is crucial. The high accuracy
and physical interpretability make the proposed approach a strong
candidate for integration into techno-economic analyses, optimal
dispatch strategies, and estimates of the service life of storage systems in
real-world, residential-based applications.

From an implementation perspective, the computational cost of the
compared empirical models is similar, with running times on the order
of seconds, meaning that computational time is not a distinguishing
factor between the approaches. The model is not designed as an online
diagnostic or real-time control tool, but as a system-level degradation
model for techno-economic optimization and planning studies. The au-
thors have clarified that the 24-h rolling window used for dynamic stress
indicators aligns with the typical operational cycle of residential PV-
BESS systems. Sensitivity analyses have shown that the model remains
stable when the rolling-window length is adjusted, although this
parameter should be recalibrated for systems with significantly different
operating profiles, such as grid services or fast-cycling industrial storage.

4. Conclusions

This study presents and validates an empirical energy-based degra-
dation model for Lithium-ion batteries, calibrated with real residential
operating data from three independent 5 kWh BESS units. The model
describes SoH evolution as an exponential function of three measurable
operational indicators: normalised cumulative energy throughput, Crys,
and osoc. By integrating these variables into a unified formulation, the
model captures the combined effects of energy usage, current stress, and
operational variability without relying on the conventional separation
between calendar and cycle aging.

A key contribution is the combination of a distillation-based cali-
bration procedure with an interpretable empirical structure. First, a
data-driven RF model is trained on the available data and then used to
guide the identification of a closed-form degradation law. This
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Fig. 11. Comparison between the real SoH trend and estimates obtained by applying five models found in the scientific literature (Seger et al. [24], Maheshwari et al.
[23], Liu et al.[22], Micea et al. [21], Tang et al.[27]) and the proposed model.

procedure enables the resulting model to retain part of the predictive training, validation, and testing phases, with an RMSE on the order of
capability of the RF teacher while ensuring monotonicity, numerical 1.5 x 1072 and R% = 0.965, while producing smooth and physically
stability, physical plausibility, and low computational cost. Validation consistent SoH trajectories. Compared with existing energy-based
on unseen systems confirms its good generalisation capability. models, including those by [21-24,27], it reduces the RMSE by more

The proposed formulation achieves consistent performance across than 50% and provides a significantly improved representation of
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nonlinear degradation, particularly in the end-of-life region.

The model is intended as a system-level tool for direct integration
into optimisation and techno-economic frameworks. In this respect, it
helps bridge the gap between highly accurate data-driven approaches,
including recent interpretable machine-learning models, and
optimisation-oriented empirical formulations. Although interpretable
data-driven models may achieve excellent predictive accuracy, they do
not necessarily provide a closed-form, continuous, monotonic, and
directly embeddable degradation law. The proposed approach, there-
fore, prioritises optimisation-readiness and physical consistency, while
preserving part of the predictive strength of the RF teacher through
distillation. Since the available dataset includes a limited number of
physically independent systems, the proposed model should be inter-
preted as specifically applicable to integrated PV-BESSs operating under
real-world conditions. Although the identified parameter values are
application-specific, the model structure is transferable and can be
recalibrated for different battery technologies and operating contexts.

It is worth noting that temperature, which is a well-known driver of
battery degradation, was intentionally excluded to maintain the model's
applicability in real-world scenarios with limited sensor availability.
While this choice enhances practical usability, it may reduce accuracy
under conditions where temperature has a significant impact on aging.
Furthermore, the model is specifically tailored for residential PV-BESS
systems; its application to other contexts, such as EVs or large grid-
connected storage systems with markedly different charge-discharge
profiles, falls outside the scope of this work. Future research will aim to
extend the formulation to incorporate temperature effects, refine the
model for integrated PV-BESS systems, and explore its adaptation to
other variable load applications, including EVs.

Overall, the proposed approach offers a concise, robust, and scalable
framework for degradation-aware operation and planning of BESSs.
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