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ABSTRACT Efficient power management in Hybrid Energy Storage Systems (HESS) for off-grid PV
inverters remains a challenge, particularly in terms of energy efficiency and battery degradation mitigation.
In this context, this paper proposes a Model Predictive Control (MPC) based power management designed to
mitigate Li-ion battery degradation while improving the overall system efficiency. To validate this proposal,
extensive experimental results are presented. The proposed formulation aims to minimize battery stress by
smoothing the current profile and reducing cycling effects. The performance of the MPC power management
is verified through a comparative experimental analysis of four distinct strategies: rule-based, frequency-
filtering, a benchmark MPC, and the proposed MPC. Evaluation is based on four key metrics: RMS current,
total power losses, Equivalent Full Cycles (EFC), and State of Health variation (ASOH). Experimental results
demonstrate that the proposed method outperforms the compared strategies across all evaluated criteria,
significantly reducing battery stress in terms of cycling and current distribution. Furthermore, long-term
simulations corroborate these findings, showing a substantial reduction in battery degradation compared to
other established methods. These results confirm that the proposed method, provides a robust solution for
mitigating battery degradation in hybrid inverter applications.

INDEX TERMS Off-grid photovoltaic hybrid inverter, hybrid energy storage system, li-ion battery, superca-
pacitor.

1, GUSTAVO WEBER DENARDIN

Growing concerns about environmental sustainability have
accelerated the adoption of renewable energy sources. In this
context, dc microgrids, as well as hybrid inverters integrating
photovoltaics and energy storage, have emerged as innovative
solutions, due to their ability to enhance the reliability of

energy systems [1], [2]. In particular, isolated dc microgrids
have emerged as a key option for increased reliability, re-
silience, and autonomy in energy systems [3], [4].

In the context of off-grid systems with energy storage,
including microgrids and residential installations [5], Li-ion
batteries are often preferred due to their numerous advantages.
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Their high energy density and superior discharge capabil-
ity make them well-suited for systems requiring reliable and
efficient energy storage [6], [7]. Additionally, they offer high
efficiency, a long lifespan, and low internal resistance [8].
Furthermore, ongoing advances in battery technology and
manufacturing processes have resulted in continuous cost re-
ductions. In the last few years, the price of Li-ion batteries was
reported as $139 kWh with a gravimetric energy density of
270 Wh/kg. Projections for 2030 estimate a price reduction to
$54 kWh and an increase in gravimetric density to 600 Wh/kg
showing a significant advance in batteries technology [9].

Therefore, the integration of Li-ion batteries with photo-
voltaic (PV) systems has increased in recent years, as their
complementary characteristics enable more efficient and re-
liable energy system, particularly in islanded or off-grid
applications [10]. In addition, Li-ion batteries can also be
combined with supercapacitors to further enhance energy
utilization: the battery provides high energy density, while
the supercapacitor offers high power density. For example,
a hybrid photovoltaic inverter can utilize both batteries and
supercapacitors to maintain a constant output power. During
short-term power fluctuations, the supercapacitors can absorb
or supply energy, while for sustained variations, the Li-ion
battery provides the necessary energy support. Therefore, the
HESS configuration (batteries and supercapacitors) can re-
duce battery usage by providing a proper Power Management
System (PMS) [11].

A PMS is required to ensure the proper coordination of
the storage elements and the efficient operation of dc micro-
grids, or even simpler systems such as hybrid photovoltaic
inverters. The four most common power management meth-
ods for HESS are rule-based, frequency-based, data-driven,
and optimization-based [12].

The rule-based approach establishes power management
rules based on experience and user needs. The frequency-
based approach decomposes the HESS power demand into
low and high-frequency components, distributing them based
on the characteristics of the storage elements. The opti-
mization method aims to determine the optimal power man-
agement solution based on specific objective criteria. The
data-driven approach uses concepts of artificial intelligence
(AI) to solve the power management problem [12].

In [13], a rule-based approach was implemented for a hy-
brid inverter employing a battery and a supercapacitor. The
primary objective is to prioritize the supercapacitor for charg-
ing and discharging whenever possible. However, a significant
limitation is that the power management strategy renders the
supercapacitor unavailable too quickly. Consequently, the bat-
tery is forced to handle all power demand variations, including
high-frequency fluctuations, which is undesirable. In [14], a
different approach was demonstrated, using a virtual price
concept that varies with the DC bus voltage level. A voltage
above a specific threshold indicates excess energy, while un-
dervoltage represents an energy deficit. The storage elements
charge or discharge in response to these price variations. How-
ever, a key limitation of this approach is its lack of support
for battery state-of-charge (SOC) management, as the strategy
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does not discourage unnecessary Li-ion battery cycling and
may even lead to increased cycling.

A frequency-based approach is presented in [15]. A low-
pass filter is used to dynamically distribute energy between
the lithium-ion battery and supercapacitor in an off-grid hy-
brid inverter. To calculate the filter’s cutoff frequency, the
SOC and State of Power (SOP) of the battery are used. The
approach reduces the battery’s Root Mean Square (RMS) cur-
rent, thereby decreasing stress on the battery and increasing its
lifespan. Similarly, in [16], a frequency-based management is
proposed for an off-grid hybrid inverter, which differs in the
power management. The proposal employs a Fractional-Order
Proportional-Integral (FOPI) controller to regulate the DC bus
voltage. The controller’s output determines the total reference
current for the storage system, which is then decomposed by
a fixed low-pass filter to allocate power between the battery
and the supercapacitor. A significant issue with the frequency-
based strategy is power loss in the HESS and Li-ion battery
cycling, as this approach does not directly address these fac-
tors.

In [17], a data-driven approach is presented utilizing a Long
Short-Term Memory (LSTM) network trained via Proximal
Policy Optimization (PPO). The system can learn charging
and discharging policies from historical data. This manage-
ment strategy governs the allocation of energy between the
grid, the storage system, and local loads. However, the limita-
tions of this approach include the assumption that the system
is a fixed model, the need for a large volume of training
data, and constraints on the optimization window. Further-
more, battery lifespan can be compromised when the strategy
prioritizes profit maximization. In [18], a Robust Variational
Physics-Informed Neural Network (RVPNN) is presented.
This machine learning strategy leverages physics concepts re-
lated to the system, which comprises a fuel cell, a battery, and
a supercapacitor. The RVPNN regulates the system’s DC bus
voltage by predicting control signals. However, this approach
is highly complex, and the degradation of the Li-ion battery is
not accounted for in the formulation.

In the optimization approach, Model Predictive Control
(MPC) has been used for Hybrid Energy Storage Systems
(HESS). It is used in Electric Vehicles (EVs) [19], in iso-
lated microgrids with Li-ion batteries and fuel cells [20],
and a hybrid inverter grid-connected [21] to reduce electricity
costs. However, few studies using MPC for off-grid microgrid
systems using Li-ion batteries and supercapacitors are avail-
able. In [22], [23], the authors present a formulation of the
MPC where only the SOC of the supercapacitor is considered
in the cost function. In [24], a dual-layer MPC strategy is
proposed for a PV-based microgrid, where a primary MPC
calculates the power balance and a secondary MPC provides
current references for the HESS. In [25], an MPC is pre-
sented for calculating the necessary current for regulating the
power balance of the HESS, and this current is decomposed
using fuzzy logic to set the references for the battery and
supercapacitor. These previous works do not experimentally
validate the management strategies or do not use real case
scenarios.
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To address the drawbacks of previous strategies, this pa-
per proposes a new power management system based on
Model Predictive Control (MPC). This concept was initially
introduced as preliminary work in [11]. However, the com-
plexity of the subject and the availability of additional exper-
imental results motivate an extended version for this journal
publication. Therefore, the main contribution of this work is
to expand the controller formulation presented in the confer-
ence paper, specifically by incorporating the HESS power loss
terms into the MPC cost function. These additional variables
aim to mitigate operational degradation of Li-ion batteries
by minimizing usage cycles and reducing power dissipation,
thereby enhancing the system’s overall energy management.
Furthermore, all results presented in this paper are obtained
from an experimental test bench that has not been previously
reported.

This work contributes both an MPC formulation and a
comprehensive experimental framework for power manage-
ment in HESS. The proposed strategy is evaluated against
three established approaches: a rule-based strategy [26], a
frequency-based strategy [15], and a benchmark MPC [23].
This latter method was selected because it represents a re-
cent contribution that focuses on the supercapacitor’s state of
charge within the MPC formulation, providing a clear contrast
to the strategy proposed in this work. Unlike studies limited
to theoretical analysis, this research provides a comparative
study based on four distinct experimental implementations,
analyzing performance through RMS current, power losses,
Equivalent Full Cycles (EFC), and State of Health variation
(ASOH). The proposed cost function is designed to mit-
igate operational battery degradation. Experimental results
highlight a significant reduction in battery stress and cycling
compared to the benchmark strategies. These findings are
further supported by seven-day simulations, which confirm a
substantial mitigation of battery degradation. This combina-
tion of an optimized cost function and rigorous experimental
validation confirms the effectiveness of the proposed system
in minimizing the physical stress factors that lead to Li-ion
battery degradation.

The remainder of this paper is organized as follows:
Section II details the system description. Section III dis-
cusses the battery modeling and the battery’s State of
Charge (SOC) determination using an Extended Kalman
Filter (EKF), which are both required by the MPC.
Section IV presents the mathematical formulation of the
MPC power management and explains how the controller
interacts with the overall system. Section V provides the
experimental results and a comparative analysis of the
MPC against other strategies. Finally, Section VI presents
the conclusions and discusses the implications of this
work.

1. SYSTEM DESCRIPTION

Fig. 1 illustrates the structure of the hybrid photovoltaic in-
verter, which is composed of four converters. The first is the
Photovoltaic (PV) system converter. This converter extracts
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FIGURE 1. Schematic diagram of the hybrid photovoltaic inverter system.
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FIGURE 2. 1RC equivalent circuit model for the Li-ion battery.

power from the PV system using a Maximum Power Point
Tracking (MPPT) or Limited Power Point Tracking (LPPT)
algorithm [27].

The second converter is a bidirectional converter interfac-
ing the supercapacitor bank and the dc bus capacitor. This
converter manages the charging and discharging cycles of the
supercapacitor. The third converter is another bidirectional
converter associated with the battery. It regulates the DC bus
voltage by charging or discharging the battery. Finally, the
inverter supplies AC power to the load by converting the
DC power from the bus. The complete system structure is
explained in more detail in [28], where all control loops and
the design are demonstrated.

1Il. BATTERY MODELING AND SOC DETERMINATION
To implement the proposed MPC strategy, a battery’s equiv-
alent circuit model (ECM) representation of the battery
dynamics is required, along with the State of Charge (SOC),
which represents the battery’s available energy. Since the SOC
is a non-measurable variable, it is provided by an Extended
Kalman Filter (EKF) that also uses the battery’s ECM. The
EKF is adopted as a reliable tool to handle the nonlinearities of
the battery model, particularly the relationship between SOC
and Open Circuit Voltage (OCV'). The methodology used to
provide de SOC at each sampling time is described in [29].
The ECM of the battery is represented in Fig. 2. The fol-
lowing equation characterizes the battery dynamics:

T T
VCPk T 1=
+ CrRp

) VCP/\, + Fpibatk’ (1)
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where T is the sampling time, and the electrical parameters
are defined according to the model in Fig. 2.
The battery terminal voltage is given by

Vpar, = OCV (SOCy) — Vep, — Roipar, » 2

where OCV (SOCy,) is a polynomial representing the OCV as
a function of the State of Charge [30]. While third or seventh
order polynomials are frequently utilized in the literature, a
fifth-order model is adopted in this work to balance accuracy
and computational complexity. Consequently, the battery ter-
minal voltage vy, is expressed as:

5

Vhat, = Y, aiSOC; — Ve, — Roipa, - 3)
i=0

The OCV (SOCy) function is linearized using a Taylor series
expansion around the operating point SOCy, yielding:

OCV (SOCy) ~ 01,SOC; + 03,

n
i1
o1, = ZaﬂSOC;C ,
i=1

n
03, = »_a;SOC; — 61, SOCy.
i=0

Finally, vp,, can be written in its linearized form:
Vpay, = (01,80Ck + 02,) — Vep, — Rolbar - “4)

The coefficients o1, and oy, are updated at each time step
based on the current SOC observation.
The battery SOC is described as:

T ibatk

SOC, =S0C;, — —————.
e ¥ 3600 - Qmax

&)
Positive values of iy, indicate the battery discharges, while
negative values represent the battery charging.

IV. MPC POWER MANAGEMENT

This section discusses the proposed power management
strategy of the hybrid photovoltaic inverter during off-grid
operation. The primary objective of this management sys-
tem is to ensure power delivery to the load, regardless of
whether the generated power is insufficient or exceeds de-
mand, while extending the life span by mitigating lithium-ion
battery degradation and conserving energy within the storage
elements.

The proposed PMS employs Model Predictive Control
(MPC). This optimal control technique predicts the system’s
output using a cost function and a system model to deter-
mine the most effective control action, while accounting for
constraints on predicted outputs and control actions [31].
Therefore, to implement the proposed MPC power man-
agement system, an adequate cost function and a dynamic
model of the system must be developed. Additionally, phys-
ical restrictions on the outputs and control actions must be

762

considered. Finally, the optimization problem is solved, yield-
ing the optimal control action. These topics are discussed in
the following sections.

A. COST FUNCTION

The cost function determines how the MPC calculates control
actions to meet the desired objectives, enabling the system to
operate considering predefined constraints. The cost function
used in this work is expressed as:

2
Jmpck = o] [(Plk - PPUk) - (Pbatk + Psck )]

18t term
+ a2 (Bsoc — SOC)* +a3 (Bsoc,. — SOCse, )
21 rerm 31 term

+ g (IBPRO — Rol%atk )2 +os (’BPRsc - Rscifck )2

4t form 5t rerm

T .
+ AthkaAlhe”k . (6)
[ —
6t term

In the first term of the cost function presented in (6), the
difference between the load power (P, ) and the power from
the photovoltaic panels (P, ) acts as the reference power
for the total power the HESS must provide to balance the
power in the system, that is, Py, + Pse,, Where Py, and
Py, are the power provided by the battery and supercapacitor,
respectivelly. When (P, — Py, ) is positive, the photovoltaic
power generation (P, ) is lower than the load demand. The
HESS must discharge to supply the power difference through
the battery (Py4;) and the supercapacitor (P, ). Conversely,
when the term is negative, the generated power exceeds the
load demand, and the HESS is charged accordingly.

The second and third terms of the cost function are asso-
ciated with the desired State of Charge (SOC) of the battery
(SOCpy) and the supercapacitor (SOC;.). These terms pro-
mote charging the battery and discharging the supercapacitor
when the reference values are set to Bsoc, = 1 and ,BSOCW =
0.01. Since the battery has a high energy density while the
supercapacitor has a low energy density, it is suitable to use
the battery as an energy backup during periods of low irra-
diance or at night. In contrast, due to its high power density,
the supercapacitor is better suited for compensating for power
fluctuations during the day.

The fourth term addresses two key concepts: first, it mini-
mizes the irreversible power dissipation in the Li-ion battery
to enhance system efficiency and, second, it aims to extend
the battery’s lifespan. By minimizing this term, the MPC re-
duces current stress and cycle usage. Specifically, this term
represents the Joule heating (Roiiat), which is the primary
controllable driver of the battery’s thermal behavior. Although
heat generation also includes a reversible (entropic) compo-
nent, it is not explicitly modeled here due to its secondary
impact on control decisions at the low C-rates investigated and
the high uncertainty in its parametrization.
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Within this MPC framework, the internal temperature is
treated as a physical consequence of the dissipated power
rather than a directly controlled state; therefore, by minimiz-
ing this term, the controller indirectly mitigates thermal stress,
undesirable internal reactions, and structural electrode degra-
dation, while maintaining high Coulombic efficiency through
low internal polarization [32]. Similarly, the fifth term ac-
counts for the power dissipated in the supercapacitor, ensuring
that the combined minimization of these terms reduces the
total power dissipation within the HESS and improves the
system’s overall energy efficiency.

The sixth term corresponds to the variation of control ac-
tions. It represents the variation in battery and supercapacitor
currents (HESS currents). By controlling these variations, the
MPC can manage the system’s power while adhering to the
formulation in the cost function (6). The HESS current varia-
tion vector calculated by the MPC is defined as:

T
Aihessk = [Aibazk Aisck] > (7

where Aip,, and Aig, are the battery and the supercapaci-
tor current variations, respectively. The MPC computes these
variations to determine the updated control actions:

ibal]H,l = Aibatk + ibatk» (8)
ixck_H = Aisck + isck- )

The weights o, ..., a5 and the matrix K are adjusted to
penalize specific terms in the cost function. When a weight
is increased, the MPC gives the associated term greater im-
portance in the optimization, thereby restricting its use. The
opposite occurs when a weight is reduced. As previously
discussed, the strategy prioritizes the use of the supercapac-
itor over the Li-ion battery to extend the latter’s lifespan.
Consequently, the weight associated with the battery (a4) is
assigned the highest significance, as it directly penalizes the
battery’s power dissipation and dictates its current profile.
This weight is chosen after heuristic tests and improves the
metrics compared in Section V.

Each term in the cost function possesses a distinct physi-
cal significance and influences the MPC optimization process
differently. The first term represents the HESS power balance
and inherently exerts a higher impact on the total cost due to
its larger numerical magnitude, especially when compared to
the second and third terms (battery and supercapacitor) state
of charge, which are normalized between O and 1. The fifth
and sixth terms represent power dissipation and control effort,
respectively, and are assigned secondary importance within
the optimization priority.

To ensure the controller effectively addresses battery
longevity, the weighting factor a4 is set to 200. This choice
serves to normalize and augment the relative contribution of
the battery power loss term, ensuring that degradation miti-
gation is prioritized alongside power tracking. Consequently,
while the MPC seeks to satisfy all objectives, the tracking of
secondary references (such as the 2nd, 3rd, and Sth terms)
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may not be perfect, reflecting the inherent trade-offs of the
multi-objective HESS power management.

The proposed MPC does not account for the State of Health
(SOH) of the supercapacitor because its high power density
allows a high variation in the current profile. Compared to the
battery, the supercapacitor has numerous cycles, on the order
of 10°.

B. SYSTEM MODELING

To implement the MPC, the 1%, 2", 374 4% and 5" terms
in (6) must be expressed using a state-space representation of
the form

(10)
(1)

X1 = Axy + Buy,
Yk = Cx + @,

where ¢, represents the constant terms required to formulate
the output equation.
For this purpose, the state vector is defined as:

T

Xmpe, = [VCpk SOCy ihatk isck Usck:| . (12)
The variable chk represents the voltage across the polariza-
tion capacitor in the battery model defined in (1). The SOC
denotes the battery State of Charge, as defined in (5). The bat-
tery current (i, ) and supercapacitor current (iy.) are defined
by (8) and (9), respectively. Consequently, the state equations
for these currents are expressed as:

ibal]H,l = ibatk + Aibatk»

13)

scpyy = Lsep + Alsck-

The voltage of the supercapacitor evolves according to the
following equation:

T .
Uscpr1 = Usep — C_lsck~ (14)
sc
Therefore, the state equation of the system is given by:
Ty Ty
Ver., T= o, 0 0 ven
SOCyy1 0 1 o O 0f][S0C
ibatk+| 0 1 0 0 0 ibatk
isck+1 0 0 1 0 0 ixck
Uscry 0 0 0 E—Zj 1 Uscy,
xmprk+ 1 Ampc meck
0 0
0 0
+ 11 0| Aigkss, (15)
0 1
0 0
— —
Bmpc
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To define the output state-space equation, initially, its first
output, that appears in the first term of (6), is defined as:

Phatk + Py, = Ubaty ihatk + Userlsey » (16)

where ipq, , ise,, and vy, are directly measured state variables,
while vy, , as defined in (4), is a function of the states SOCy,
ipay, » and Vep,, and needs to be linearized with respect to the
state variables to be written in the form of (11).

The second defined output, present in the second term of
(6), represents the state of charge of the battery (SOC) and is
defined by (5). It is linear with respect to the state variables.

The state of charge of the supercapacitor (SOCj.), appear-
ing in the third term, is given by:

Eactk

§0Cse, = £+
max

a7)

where E,, represents the instantaneous energy stored in the
supercapacitor and E,,,, is its maximum energy capacity.
Considering that the energy stored in a capacitor is defined as
E = %C v2, the SOC of the supercapacitor can be expressed
as:

2

Ve
SOCYck _ 2st )

SCmax

(18)

The fourth and fifth terms represent the power dissipation in
the battery and supercapacitor of the HESS. They are given by
Pro, = Roil%atk and Pgy, = RSCiECk, respectivelly. Since both
terms are non-linear with respect to the states ipy, and ig,,
they must be linearized as functions of these states.

The linearization of the aforementioned equations is based
on the Taylor expansion, and it is given by:

f)~ f@+ f@a)x - a), 19)

where a is the operating point used for linearization.

At each sampling time k, Ppuy, Psep, SOCyey, Pro, and
Prye, are linearized around the current operating point
[Vcp, SOC, ipgt, ise, Uscl. Consequently, the linearized ex-
pressions are defined as:

Phatk + chk

SOCx
SOCy,
Pro,
P, Rscy
Ympey,
- lTbat o1y lTbat Qp Use lTsc VCPk
0 1 0 0 0 SOCy
= 0 0 0 0 v?z,au Ibary
0 0 2Roipw O 0 ise,
0 0 0 2R, lTSC 0 Uscy,
——
Cm, PC Xmpey
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Vepipar + Roiz,, — 01,SOClpy
0

=2

+ e (20)

Pk

where Q; = _VCP + o2, + O‘lkSOC - 2R()lTbal.
Using (15) and (20), the final state-space representation for
the MPC has the following format:

Xmpcgy1 = Ampckxmpck + Bmpck Aihessk >

Ympey = Cmpckxmpck + ¢x, (21)

where ¢, represents the constant terms resulting from the
linearizations.

C. OUTPUT PREDICTION

In the MPC strategy, outputs are predicted using the current
state vector X, ¢, and the system matrices Ape, , Bpe,» and
Cinpe, - The predicted output vector is given by:

Y,

mpcy

=F

‘mpcXmpcy + qupck Aihessk + Pmpey > (22)

where Fjpe, and &), are the output prediction matrix and
the dynamic prediction matrix, respectively, derived from the
state-space matrices Appce,, Bmpe,» and Cppe, of the MPC
model:

CmpckAmpck
2
CmPCkAmpck
Enpck = . s
NI’
CmpckAmpck

mpcy
Cinpe, Bimpe, 0 e 0

CmpckAmpckBmpck CmpckBmpck U 0

Ny—N,

Np—1
e CmpckAmpck

CmpckAm[;)ck Bmpck Bmpck

(23)

where N, is the prediction horizon and N, is the control hori-
zon.

The term @y, represents the constant components that
arise from the linearization process described in (20), defined
as:

Pmpcy, = le Q Pk, (24)

where 1y, is a column vector of ones with dimension N, ®

denotes the Kronecker product.

D. CONSTRAINS DEFINITION
In the MPC framework, the constraints for the optimization
problem are applied to the control action increments, the
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control action magnitudes, and the predicted outputs. These
constraints are expressed in a compact linear inequality form
as:

MAihess =V, (25)

where M is the coefficient matrix that defines the linear rela-
tionships of the constraints, and y is the vector representing
the respective upper and lower bounds for all constrained
variables throughout the prediction horizon.

The control action variations in the formulated MPC cor-
respond to changes in the HESS currents: the battery current
(Aipg ) and the supercapacitor current (Ais.). The constraints
on current variation are defined as:

—Ai Ai
.hatmax = [Aihess] = .bmmax s (26)
_Alscmax Alscmax
where Aip,, . and Aig, . represent the maximum allowable
current variations for the Li-ion battery and the supercapaci-

tor, respectively.
The current magnitude constraints for the HESS are defined

as:
—i 1}
{ﬂﬂmax = I:ihess] = .batmax ’
—Lscipax Lscimax

where iy, and iy, represent the maximum current mag-
nitudes for the Li-ion battery and the supercapacitor, respec-
tively.

The system outputs comprise the HESS power demand
(Ppay, + Psc;)> the state of charge of the battery (SOC) and
supercapacitor (SOCy.) and the power dissipated within the
HESS, as demonstrated in output (20) of the state-space
model. Consequently, the constraints on the predicted outputs
are given by:

@7

Py — Py, Ppar, + Psey Py — Ppy,
SOCpin SOCy. SOCax
SOCse,in SOCye, < | SOCs,,.. (28)
0 Pro, )
0 Prye, Iemas Rsc
Ympepin, Ympey Ympemax,

Finally, the predicted output constraints can be formulated as:

Ympcmink = Ympck = Ympcmaxk ’ (29)
where
Ympcmink = le ® ympcmink ’
YmPCmaxk = INP 02 ymPCmaxk .

Combining the equations that describe the restrictions in the
magnitude of the variation of the HESS currents, the magni-
tude of HESS currents, and the magnitude of the predicted
outputs, given by (26), (27), and (28), respectively, in restric-
tions forms for the MPC (25), the final restriction is given
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by
— | 0 -
0 1
—1 0
0 -1 .
Alhessk
1 0 :
i | A ihestC 1
-1 0
—1 -1
q)mpck
L - cbm PCk i
——
Mmpc
A ihessmw
A ihessmw
A ihessmwC
A ihessmwc

Lhesspay — lhessy_;

IA

, (30)

Lhesspay — lhessy_;

Lhessmar + Lhess;_;

Lhessmax + Lhess;_4

Ympcmaxk - FmPCkmeCk - (ﬂmpc

__Ympcmink + EnpeyXmpey, + Pmpe |

Ympc

where Ay, Tepresents the maximum allowable variation
in the HESS current, and ij;,,, denotes the maximum cur-
rent amplitude. The signs associated with these variables are
arranged within matrices M,pc and Vype.

E. SOLVING THE MPC
The MPC is solved using Quadratic Programming (QP),
transforming the cost function in (6) into a linear tracking
problem [33], given by:

Jmpck = (Rsmpck - Ympck)TX(RSmpck - Ympck)

+ Ai;{esskKAihemk (3 1)
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where Yy, denotes the predicted output vector, Ry, is the
reference trajectory, and K is the weighting matrix for control
action variations. Although the matrix x typically defines
tracking weights, as demonstrated in (20), the outputs already
include the weighting factors from the initial cost function. To
ensure consistency, the output references must also incorpo-
rate these weights. Consequently, the system reference vector
is defined as:

R

Sk =
T

[011 (P —Ppy) Bsoc @sPsoc, aaBr, asﬂPRSC]

(32)

and the reference trajectory for the predicted outputs is given
by:

Ry, =1y, ®Ry,. (33)

Smpcy,
By doing this, the matrix y in (31) becomes an identity matrix
and can be omitted from the formulation.

The cost function in (31) must be rewritten in the QP format
to solve the MPC problem using the QP algorithm. To achieve
this, the following process is applied:

JQPmpz‘k = Ai}{essk HmPCkAihESSk + Ai;exskfmpck’ (34)
where
Hmpck =2 (q)z,;pck cbmpck + K) ,
Jmpe, = _2q>r7r;pck (Rsmpck = FnpeXmpey, — ¢mp6k> SN ER)

To efficiently solve the QP problem in real-time applications,
the Hildreth’s Quadratic Programming Algorithm [33] is em-
ployed. The solution of the MPC is given by

T
Aihessy, 1| - (36)

where N, is the control horizon. The control horizon defines
the window over which the MPC optimizes the sequence of
future control actions.

Au = [Aihmk

F. OVERVIEW OF THE SYSTEM OPERATION USING THE
MPC

The system operates in conjunction with the MPC. The MPC
functions as a high-level controller, determining the system’s
power operating point by defining the HESS current refer-
ences: the battery current (i) and the supercapacitor current
(i%.). This operation is illustrated in Fig. 3. Initially, the sys-
tem acquires measurements such as ipy,, Vpy,, lac,» and Vge, .
These measurements are essential for enabling the operation
of the low-level controllers that regulate the converters and for
calculating the HESS power demand, which is required by the
first term in (6).

Other measurements are necessary. The ip,, and vy, are
acquired for the determination of the State of Charge (SOC)
of the lithium-ion battery using an Extended Kalman Filter
(EKF). The MPC uses this SOC in the second term of the cost
function (6). Finally, v, is an input to calculate the SOCy, for
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FIGURE 3. Hybrid photovoltaic inverter with supercapacitor and Li-ion
battery: a system overview of the operation.

the third term and the supercapacitor power for the first term
of the same equation.

The MPC needs some HESS parameters. For the battery,
the MPC requires the parameters of the battery’s Equivalent
Circuit Model, such as OCV (SOC), Ry, Rp, Cp, and Qj,ax.
Methodologies for determining these parameters are demon-
strated in [34]. These values are essential for calculating the
battery voltage (vp) given in (4) and, consequently, the bat-
tery power in the first term. Finally, the series resistances Ry
(for the Li-ion battery) and Rgc (for the supercapacitor) are
used to compute the power dissipated within the HESS, as
defined in the fourth and fifth terms.

The low-level controllers regulating the system’s converters
are illustrated in Fig. 3. The first control stage governs the
boost converter, which extracts energy from the PV system.
To achieve this, the MPPT/LPPT algorithm generates the PV
voltage reference (U;v)' This reference serves as the input
for the voltage controller (PI,),), whose output provides the
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current reference (i;v). This reference then feeds the inner cur-
rent controller (Pl;y,,), which adjusts the duty cycle to ensure
the boost converter tracks the target voltage. Both controllers
are of the Proportional-Integral (PI) type. The LPPT mode is
activated when the HESS (battery and supercapacitor) is fully
charged and the available PV power exceeds the load demand,
requiring the generated power to be curtailed to match the
consumption. The second control stage manages the inverter.
This controller (PR,,.) regulates the AC bus voltage (vg),
maintaining it at 127 Vgys and 60 Hz; it is implemented as
a Proportional-Resonant (PR) controller.

The third converter is the bidirectional buck-boost converter
associated with the battery. This converter is responsible for
regulating the bus voltage (vp,s). To achieve this, the volt-
age controller (Plyp,s) generates the current reference (i;,,)
required to regulate this voltage. This reference feeds the
inner current controller (Pl ), whose output adjusts the duty
cycle to maintain the bus voltage at its reference value. Both
controllers are of the Proportional-Integral (PI) type. The final
controller manages the supercapacitor’s bidirectional buck-
boost converter. To ensure the supercapacitor current tracks
the reference i}, a Proportional-Integral (Pl;s.) controller is
implemented, and its output determines the duty cycle re-
quired to maintain the current at the reference value.

A crucial consideration must be addressed regarding the
system’s control hierarchy. Since the battery’s bidirectional
buck-boost converter is responsible for regulating the DC
bus voltage (vp,s), the battery current is not under the direct
control of the MPC. As illustrated in the control structure in
Fig. 3, the vy, voltage controller (P1,,,) generates the battery
current reference (izm) as its output. While the MPC calcu-
lates optimal current references for both the battery and the
supercapacitor to balance power generation and load demand
as defined in the first term of (6), only the supercapacitor
current controller (Pl;s) is dedicated to directly tracking its
respective reference. Nevertheless, when the Pl drives the
supercapacitor current to the MPC calculated reference (i}.),
the battery current implicitly converges to its own reference
(izm). This occurs because, by regulating vp,s, the battery
converter inherently compensates for any remaining power
imbalances on the DC bus.

Once all parameters and measurements used by the MPC
as inputs are available, as presented in Fig. 3, the sequence
of procedures presented in Algorithm 1 is used to define the
current references for the battery (i, atk+1) and supercapacitor
(i;kck+1 )-

Initially, in step 1, the state-space model described by (15)
and (20), which comprise the matrices A pc, Binpe, and Gy, pe is
updated. These matrices are used to construct @, ,c and Fype,
as defined in (23). With these matrices, the system outputs
can be predicted in step 2. Also, using these matrices, the
constraints are defined, and the constraint matrices M, and
Ympe presented in (30) are constructed in step 3.

In Step 4, the quadratic programming (QP) prob-
lem is formulated using the Hessian matrix Hyp., and
the gradient vector fy), defined in (35). To solve this
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Algorithm 1: MPC Power Management Strategy.

Require: Parameters: Ry, Rp, Cp, Rsc, Vs, Np, Nc¢
Require: Measurements: SOCy, ipay, , ige, > Vsc, »
P, boosty » Plk
. Step 1: Model Update
Build discrete state-space matrices A,,pc, Byype, Cupe based
on (15) and (20).
Step 2: Output Predictions
Compute prediction matrices @y, s Fupe, and @ppe,
defined in (23) and (24).
Step 3: Constraints
Construct constraint matrices My, and ¥, from (30).
Step 4: Quadratic Programming Setup
Calculate Hessian H,,,., and gradient f,,,., presented in
(35).
9:  Step 5: QP Hildreth Solver
10:  Solve the optimization problem using the matrices H,, ., ,
Smpey» Minpe, » and ¥y, defined in (35) and (25).
11:  Obtain the optimal control action from the solution vector
[AiZex:k’ Tt Ai;e:sN 1 ]T'
12:  Step 6: Obtaining the HESS current references
13:  Using the first solution from Step 5 (Aij, ) and (13), the
optimal current references for the HESS are obtained.
14:  Step 7: Applying the HESS current references
15:  With the HESS current references, the low-level controllers
drive the system toward the optimal operating point.

B w

e A

optimization under constraints, the Hildreth algorithm ex-
plores the primal-dual relationship, where the control action
Aljeg, is analytically linked to the Lagrange multipliers A
by:

Ainessy = ~Hypey (fupey +Mipe, %) (37)
The dual problem is then constructed using the following
matrices:

Purper = Mupe, Hpppe, Mype, (38)
dmpck = MmpckHr;;ckfmpck + Ympey, - (39)

The algorithm iteratively updates each component of the mul-

1 m+1 .
tiplier vector w;"™" through:

| i-1
1 1
w,m+ = P - |:dmpck,i + mepck,ij)\;'rl+
mpcy,ii =1
n
+ > Puperi ,x;ﬂ]. (40)

J=i+1

To satisfy the Karush-Kuhn-Tucker (KKT) conditions for in-
equality constraints, the multipliers are projected onto the
non-negative orthant:

AP = max (0, w"t). (1)
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FIGURE 4. Experimental setup of the hybrid photovoltaic inverter: (1) PV system emulator and boost converter; (2) battery’s bidirectional buck-boost
converter and Li-ion pack; (3) inverter and AC load; (4) supercapacitor’s bidirectional buck-boost converter and SC bank; (5) DC bus; and

(6) TMS320F28379D microcontroller.

The optimal vector A* is reached when the variation between
iterations falls below a tolerance €:

A= st max AT - < e (42)
]

Finally, the optimal control increment Aiy, . is recovered as:
k

—Hpp e Jonper, — Hope Mo A5

mpe " mpey

AiZESSk = (43)

Once the variations in battery and supercapacitor currents are
determined using the Hildreth QP solver, the optimum solu-
tion is evaluated in Step 6. This stage describes the variation of
the HESS current using (7) and updates the current references
as:

(44)

lbatk_H = Albatk + lbatk’

o o .
L = Ao, + ey -

(45)
In Step 7, the PI;,, controller tracks the supercapacitor current
reference (ijc’ X +1) calculated by the MPC. Consequently, the
Li-ion battery is guided to its current reference by the Pl

controller.

V. RESULTS

This section presents the experimental results of the proposed
MPC-based power management strategy. The algorithm was
implemented using the TMS320F28379D dual-core micro-
controller; the first CPU (CPU1) is used for the low-level
converter control, while the second CPU (CPU2) is dedicated
to the high-level MPC power management. The experimental
setup, illustrated in Fig. 4, is organized into six primary areas:
(1) the boost converter connected to an ITech IT6018C-800-
60 power supply used to emulate the PV system; (2) the
battery’s bidirectional buck-boost converter and the Li-ion
battery pack; (3) the inverter connected to the load; (4) the
supercapacitor’s bidirectional buck-boost converter and the
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TABLE 1. System Parameters and Specifications

PV Array
Parameter Specification
Model 4x CS6U-330P (Series)
Vinp 148.8 V
Lingp 8.88 A

Supercapacitor Bank

Parameter Specification
Model 6x XTM-18R0626-R
Cse 10.283 F
Vsemasn 108 V
lseman 20 A
ESR (Rsc) 0.132 Q
Emaz 16.66 Wh
Battery Pack
Parameter Specification
Model ICR18650-22F (26S9P)
Vbatpom 96 V/
Thatmas 20 A
Inverter & DC Bus
Parameter Specification
Vac 127V
fae 60 Hz
Vius 250 V/
Chus 1200uF

bank of six series-connected supercapacitors; (5) the DC bus;
and (6) the TMS320F28379D microcontroller, which coordi-
nates the entire system. The system specifications described
in Section II are presented in Table 1.

The MPC parameters, detailed in Section IV, were con-
figured with a prediction horizon of N, = 10 and a control
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FIGURE 5. Experimental results for the different power management strategies: (a) rule-based; (b) frequency-based; (c) benchmark MPC. (d) Proposed

MPC.

horizon of N. = 2. The MPC operates with a sampling inter-
valof Ty, . = 1s (1 Hz), resulting in a total prediction window
of 10 seconds. The weighting factors for the cost function (6)
were assigned as follows: o) = 1, 0 = 1, a3 = 1, aq = 200,
and a5 = 1. The weight o4 is intentionally prioritized because
it governs the power dissipation within the Li-ion battery. By
heavily penalizing this term, the MPC prioritizes minimizing
battery losses, thereby reducing current demand and mitigat-
ing operational stress. Additionally, the weighting matrix K
for the control action increments is set to the identity matrix,
ensuring equal penalties for the variation of the control actions
across both storage elements.

The proposed MPC power management is compared to
three other strategies. The first one uses a rule-based approach
proposed in [35], which prioritizes the supercapacitor over
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the battery. The second strategy used for comparison is a
frequency-based approach that employs an adaptive cutoff
frequency to filter the power demand [15]. The third strat-
egy also uses MPC [23], where the main idea is to set the
supercapacitor’s SOC reference to 50% to keep it available
for transient responses.

The powers of all four converters of the hybrid photovoltaic
inverter can be seen in Fig. 5. Fig. 5(a) presents the results
of the rule-based power management, Fig. 5(b) presents the
results of the frequency-based power management, Fig. 5(c)
represents the compared MPC and Fig. 5(d) presents the pro-
posed power management using the MPC.

It is possible to observe the boost converter power (Ppy)
changing in response to the irradiance profile. This profile
remains the same for the three results. These results also show
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FIGURE 6. State of Charge of the Li-ion battery (SOC) and the
supercapacitor (SOCs): (a) rule-based management; (b) frequency-based
management; (c) benchmark MPC. (d) proposed MPC.

the load power (P;), which was intentionally varied to test
the robustness of the power management strategies. The load
varies between 474 W and 823 W, changing every 300 s. Fi-
nally, it is possible to see the battery (P, ) and supercapacitor
(Ps) powers varying between positive and negative values.
Negative power indicates that the HESS is charging, while
positive power means it is discharging.

Fig. 6 illustrates the SOC of the HESS for the four ex-
perimental tests. It is evident that SOC;. fluctuates more
significantly than the battery SOC due to the supercapacitor’s
high power density and low energy density. In the rule-based
management strategy, the battery SOC varied from 60.31% to
71.56%. Conversely, in the frequency-based management, the
variation ranged from 60.37% to 72.71%. In the benchmark
MPC, the SOC changed from 60.39% to 72.55%. Finally,
in the proposed power management strategy, the SOC varied
from 60.37% to 72.34%.

Using the Equivalent Full Cycles (EFC) metric presented
in [36], it is possible to analyze which method results in the
lowest battery cycling. The EFC is represented by:

! (/tfr old +ftf|' ()|d)
Lpat,, (I t Lpaty,;, (T t),
2Qnom 1o el 0 d

(46)

EFC =
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FIGURE 7. Power dissipated in the Li-ion battery and the supercapacitor:
(a) rule-based management; (b) frequency-based management;
(c) benchmark MPC. (d) proposed MPC.

where Q0 1s the nominal capacity of the battery, while iy ch
and ipygis represent the battery’s charging and discharging
currents, respectively. The Ah throughput of charging and
discharging is summed to obtain the EFC.

The rule-based management yields a partial cycle usage
of 17.15%, the frequency-based management yields 16.59%,
and the benchmark MPC strategy yields 18.58%. In compari-
son, the proposed MPC achieved only 14.38%. The proposed
MPC significantly reduces battery cycling, thereby mitigating
degradation.

Fig. 7 illustrates the power losses within the HESS (Li-
ion battery and supercapacitor). Comparing the supercapac-
itor’s energy dissipation across the four strategies, the rule-
based management dissipated 0.652 Wh, the frequency-based
method dissipated 0.518 Wh, the benchmark MPC dissipated
0.085 Wh, and the proposed MPC dissipated 0.597 Wh. The
proposed MPC does not exhibit the lowest supercapacitor
power loss. This occurs because the MPC is formulated to
prioritize the reduction of battery stress over supercapacitor
losses by setting the weighting factor a4 = 200 in the cost
function, as detailed in Section IV.

Regarding the battery’s energy dissipation, the proposed
MPC power management strategy demonstrates superior
performance. The battery energy loss using the rule-based
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FIGURE 8. Currents of the Li-ion battery and the supercapacitor:
(a) rule-based management; (b) frequency-based management;
(c) benchmark MPC. (d) proposed MPC.

strategy is 1.583 Wh, identical to the benchmark MPC
(1.583 Wh), whereas the frequency-based strategy results in
1.473 Wh. In contrast, the proposed MPC strategy achieves
an energy loss of only 1.387 Wh. This represents a reduction
in battery energy losses of 12.38% when benchmark to both
the rule-based and benchmark MPC strategies, and a 5.84%
improvement over the frequency-based approach.

Finally, regarding the total HESS energy losses (the sum
of battery and supercapacitor dissipation), the proposed MPC
does not exhibit the most efficient global indicators. The
rule-based management results in a total loss of 2.235 Wh,
while the frequency-based approach dissipates 1.99 Wh. The
benchmark MPC achieves the lowest total loss at 1.668 Wh,
whereas the proposed strategy results in 1.984 Wh. Compared
to the rule-based strategy, the proposed MPC achieves an
11.23% reduction in total energy loss. However, compared to
the benchmark MPC, the proposed method results in a 18.94%
increase in total dissipation. This performance degradation
in global efficiency is a deliberate trade-off. As previously
discussed, the proposed strategy prioritizes battery health and
lifespan by mitigating operational stress and shifting power-
demand transients to the more robust supercapacitor.

Fig. 8 displays the current profiles for the Li-ion battery
(ipar ) and the supercapacitor (i) across the four experimental
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tests. Notably, the peak supercapacitor current reaches 10 A
in the rule-based, frequency-based, and proposed MPC sce-
narios. This does not compromise system performance, given
the supercapacitor’s high power density. To evaluate the op-
erational stress on the battery, the Root Mean Square (RMS)
current of i, is analyzed, as it directly reflects the thermal
and structural degradation of the cells [37]. The proposed
MPC strategy achieves the lowest RMS current at 2.356 A.
Compared to both the rule-based and benchmark MPC strate-
gies (2.517 A), this represents a 6.40% reduction; compared
to the frequency-based method (2.427 A), the reduction is
2.93%. Consequently, the proposed MPC provides a smoother
current profile, significantly mitigating the impact on the bat-
tery’s lifespan.

To determine which strategy minimizes battery degrada-
tion, the State of Health (SOH) loss (ASOH) is calculated
using (47) [38]. This factor accounts for the non-linear nature
of degradation across the SOC range; specifically, operating
near 50% SOC results in lower degradation than operating
near the charge or discharge extremes. The Li-ion battery’s
SOH degradation is quantified in the four experimental tests
using

100

ASOH(%) = —————
0 2 Onom - Nlife

k
D U@ At ysoc(t)

t=1

ysoc(t) =1 +0.5- (SOC(t) — 0.5)%. 47)

The proposed MPC exhibits the lowest Li-ion battery degra-
dation (ASOH). Specifically, the rule-based strategy resulted
in a ASOH of 0.0003478%, while the frequency-based ap-
proach yielded 0.0003370%. The benchmark MPC showed
the highest degradation at 0.0003773%. In contrast, the pro-
posed MPC achieved the lowest value of 0.0002920%. These
results demonstrate that the proposed strategy successfully
mitigates battery degradation when employed in the hybrid
photovoltaic inverter.

Fig. 9 illustrates the superior performance of the proposed
MPC compared to the other three strategies. In this analysis,
lower values indicate better performance. It is evident that the
proposed MPC outperforms the others in terms of Equivalent
Full Cycles (EFC), RMS current, and battery degradation
(ASOH). However, it does not yield the lowest power losses
in the HESS. This outcome is expected, as the cost function
weights are tuned to minimize battery usage by shifting the
load to the supercapacitor. Consequently, the power losses
in the supercapacitor are higher than those observed in the
benchmark MPC.

While the experimental results spanned two hours, a
seven-day simulation was conducted to facilitate a long-
term comparison using real irradiance profiles from 08:00
to 18:00. The SOC of the storage elements was reset at the
beginning of each day throughout the simulation. Fig. 10
presents these results: Fig. 10(a) displays the Li-ion battery
cycle usage (EFC), Fig. 10(b) illustrates the total energy
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losses in the HESS, Fig. 10(c) depicts the daily RMS cur-
rent, and Fig. 10(d) illustrates the resulting battery degrada-
tion (ASOH). Regarding the battery cycling, the proposed
MPC demonstrated reductions of 1.13% compared to the
rule-based strategy, 2.92% compared to the frequency-based
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FIGURE 11. Experimental results of the system under the Limited Power
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strategy, and a significant 6.17% reduction compared to the
benchmark MPC. In terms of energy losses, the proposed
strategy yielded reductions of 2.39%, 6.23%, and 1.14%
relative to the rule-based, frequency-based, and benchmark
methods, respectively. Concerning the RMS current, the pro-
posed MPC achieved a reduction of 2.15% compared to
the rule-based strategy, 2.51% compared to the frequency-
based strategy, and 3.26% compared to the benchmark MPC.
Finally, regarding the battery degradation (ASOH), the pro-
posed MPC achieved reductions of 2.30%, 2.75%, and 4.44%
compared to the rule-based, frequency-based, and benchmark
methods, respectively.

The results presented in Fig. 11 illustrate the activation of
the LPPT mode. When power generation exceeds the load
demand, and the HESS is fully charged, the excess energy
cannot be stored. Consequently, the only viable solution is to
activate the Limited Power Point Tracking (LPPT) algorithm.
However, this activation occurs externally to the MPC, as the
MPC’s scope is limited to managing the battery (i, ) and su-
percapacitor (isx.) currents. The power reference for the LPPT
is set to the load power (P;), a variable that is already available
and required by the MPC. Initially, the system charges the
supercapacitor and the battery. Once fully charged, the PV
power generation (P,,) is curtailed to match the load power
(P;), maintaining the HESS current near zero. Since LPPT is
an iterative algorithm, the match between P, and P; is not
perfect; consequently, the battery compensates for the result-
ing power difference.

The final results illustrate the transient response of the four
management strategies during a load step change, specifically
analyzing the HESS currents (ip,; and i), the bus voltage
(vpus), and the load current (iy.). These results are crucial
for interpreting the interaction between control layers with
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FIGURE 12. Experimental results showing the transient response of HESS currents (ipq. isc), bus voltage (vp,s), and load current (igc) during a load step
change. Black circles indicate the immediate low-level voltage regulation response, while red circles mark the high-level PMS update delay. (a) rule-based
management; (b) frequency-based management; (c) benchmark MPC. (d) proposed MPC.

different time scales; for instance, the low-level controllers
shown in Fig. 3 operate at 100k Hz, whereas the proposed
power management strategies operate at 1 Hz. As highlighted
by the black circles in Fig. 12(a), 12(b), 12(c), and 12(d),
when the load changes, the low-level bus voltage controller
reacts immediately. Consequently, the battery inherently com-
pensates for the power difference by adjusting its current.
This phenomenon occurs in all four tests and is an intrinsic
behavior of the low-level voltage regulation loop.

Following the load change (black circles), the high-level
power management system updates its control action after
a delay of some milliseconds (indicated by red circles). In
the rule-based and frequency-based strategies, this decision
results in a significant step change in battery current. In con-
trast, both MPC strategy behaves differently. When the load
changes and the algorithm updates its decision, the current
demand is effectively distributed between the battery and the
supercapacitor. However, the proposed strategy utilizes the
battery less intensely, as evidenced by its lower current am-
plitude. This distribution significantly reduces the magnitude
of the step change in the battery current, thereby mitigating
battery stress.

VI. CONCLUSION

This paper presented an enhanced power management strat-
egy based on Model Predictive Control (MPC) for an off-grid
hybrid photovoltaic inverter integrated with a Hybrid En-
ergy Storage System (HESS). The work introduced two
primary contributions: a novel controller formulation that ex-
plicitly penalizes battery internal power dissipation within

VOLUME 7, 2026

the cost function and an extensive experimental validation
framework. The proposed strategy was designed to priori-
tize mitigating physical stress and operational degradation
in Lithium-ion batteries by optimizing power-sharing with
supercapacitors.

The performance of the proposed MPC was rigorously
evaluated through a comparative analysis with three estab-
lished strategies: rule-based, frequency-based, and a bench-
mark MPC. Results were analyzed across four key met-
rics, including RMS current, total power losses, Equivalent
Full Cycles (EFC), and State of Health variation (ASOH).
Experimental results demonstrated that the proposed MPC
significantly reduces battery stress, outperforming the bench-
mark strategies in terms of cycling and current distribu-
tion. Furthermore, the proposed method yielded lower RMS
current values, confirming its ability to provide a well-
behaved and less aggressive operating regime for the battery
cells.

Long-term simulations utilizing real irradiance profiles cor-
roborated the experimental findings, showing a substantial
reduction in battery degradation compared to the benchmark
approaches. While the strategy focuses on mitigating bat-
tery degradation, it also maintains a balanced performance
regarding total power losses across the HESS, demonstrating
robustness for high-performance oft-grid applications. In con-
clusion, the combination of an optimized cost function and
rigorous experimental evidence confirms that the proposed
MPC is an effective tool for mitigating battery degradation.
This work demonstrates that penalizing internal dissipation
is a viable approach to enhancing the reliability of hybrid
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energy storage systems without compromising overall system
efficiency.
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