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Abstract

AC battery systems (ACBSs) based on multilevel converters (MLCs) have gained consid-
erable attention in recent times for the provision of grid services due to high-power (HP)
and high-energy (HE) capabilities. In a hybrid ACBS, multiple low-voltage ports provide
DC interfaces for battery modules from the same or different chemistries, enabling flexible
operation across a wide range of grid services. However, the design complexity increases
substantially, due to (i) higher electrothermal coupling between heterogeneous battery
modules and power electronic (PE) switches, (ii) grid compliance constraints and (iii) power
quality requirements, which often leads to conservative oversizing and, consequently, in-
creased total cost of ownership (TCO). To address these challenges, this paper proposes
a co-design optimization framework for the sizing and selection of battery modules, PE
components, and MLC architecture. A multi-fidelity modeling approach is presented to
co-simulate the battery modules and MLC. The model captures electrochemical behavior,
degradation dynamics, and power losses to enable accurate estimation of system-level
energy efficiency. The framework then leverages a multi-objective nondominated sort-
ing genetic algorithm (NSGA-II) to perform optimal cell-to-module sizing across different
chemistries and MLC levels, while incorporating the inter-module balancing and AC power
quality constraints. Comparative simulation studies show that the proposed co-design
framework achieves life-cycle TCO reduction of 3.5%, 4.5% and 20% relative to non-hybrid
(single chemistry) configurations based on LFP, NMC and LTO chemistries, respectively.
The test results validate the effectiveness of the proposed co-design methodology for the
optimal design of grid-tied AC battery systems.

Keywords: multilevel inverters; multi-fidelity modeling; multi-objective optimization;
TCO; optimal sizing; NSGA 1II; life cycle; hybrid AC battery system

1. Introduction

In the context of the European Green Deal, the EU has set a goal to achieve climate
neutrality by 2050. Decarbonizing the energy sector, which is responsible for over 75% of the
EU’s greenhouse gas emissions, is essential to achieving this target. BESSs are recognized
as a key enabler in this transition, offering enhanced reliability, operational flexibility, and
integration of variable renewable energy sources into the grid. In recent years, many
countries initiated the replacement of gas-fired reserve generators with utility-scale BESS
solutions, accelerating the decarbonization of electricity systems.
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According to the International Energy Agency (IEA), more than 85 GW of BESS
capacity had been deployed globally in the power sector as of 2023 [1]. This capacity is
projected to increase fourteen-fold, reaching nearly 1200 GW by 2030. Among the various
electrochemical storage technologies, Li-ion batteries currently dominate the market due to
their competitive cost (USD 140/kWh in 2023), high gravimetric and volumetric energy
densities (265 Wh/kg and 693 Wh/L, respectively), favorable safety characteristics, and
long cycle life exceeding 9000 cycles [2]. Forecasts indicate an approximately 40% reduction
in battery costs by 2030 relative to 2023 levels, with the TCO projected to decline to around
80 €/kWh in 2030 [2,3].

MLC-based battery systems are increasingly used for grid-connected applications
due to their superior power quality, higher conversion efficiency, and improved DC-side
fault-ride-through capability over two-level VSIs [4-9]. The MLC unifies the bidirectional
power conversion and BMS functionality within a single architecture constituting an AC-
coupled battery system (ACBS). In the literature [9-12], a wide range of multiport MLC
topologies are reported for ACBSs. Ref. [13] ranks several state-of-the-art configurations
using a standardized performance matrix. The symmetric CHB scores better across different
matrices and is selected as the baseline architecture.

A major challenge for a grid-connected ACBS is the high TCO, which remains a
significant barrier to widespread adoption. Although Li-ion battery cost has decreased
by 85% since 2010, it continues to account for more than 50% of the system life-cycle
TCO [1,14]. It becomes more significant when ACBSs are required to fulfill both HP and
HE requirements. For instance, grid ancillary service FRR demands HP with limited energy
requirements, whereas FCR requires both HP and HE capacity to sustain longer activation
periods. Conventionally, battery packs based on a single chemistry (mostly LFP) are scaled
by extending modules in parallel, often resulting in oversizing, underutilization, and
reduced cost-effectiveness [15].

A promising solution is the hybridization approach, which combines the battery
modules of different chemistries sized individually for either HP or HE application within
a single architecture. Common Li-ion chemistries used for hybridization include LCO,
LMO, LEP, NCA, NMC, and LTO. While hybridization enables improved battery utilization
of complementary battery characteristics, it introduces significant design complexity due to
higher electrothermal coupling between battery modules and PECS. Such coupled systems
require multi-objective optimization to minimize TCO without compromising system
efficiency, lifetime, or grid-code compliance.

BESS optimization methods reported in the literature aim at either technological objec-
tives (battery degradation, PECS efficiency, lifetime enhancement) or economic objectives
(TCO, operating profits). In [16,17], BESS sizing for microgrids is formulated as a nonlinear
optimization problem, balancing investment cost and lifetime using the BPSO method.
GA is reported in [18] to optimize BESS capacity in co-located photovoltaic plants for
dispatchable output smoothing. Multi-objective approaches based on NSGA-II are adopted
in [18] to optimize the BESS size in co-located wind and photovoltaic plants. The use case
focuses on mitigating power fluctuations from both plants and delivering a stable output.
To minimize battery degradation and idle energy consumption while maximizing annual
net profit, NSGA-II is utilized in [19,20].

In [15] a TCO optimization is extended to include (two-level VSI-based) PECS sizing
for a grid-connected hybrid BESS using a combination of HP and HE battery packs by
selecting a global solution from multiple Pareto fronts. Refs. [21,22] aim at control-oriented
BESS sizing by integrating subcomponents and advanced control strategies. Ref. [23]
summarizes the BESS optimization methods, including GA, NSGA-II, simulated annealing,
BPSO and ant colony optimization.
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Despite extensive literature, ACBS optimization remains largely unaddressed. Existing
sizing methods [15] are limited to two-level PECS, where AC and DC sides are effectively
decoupled, and battery modules within a single pack are assumed to share energy uniformly.
These assumptions are no longer valid for ACBSs.

First, AC-side power quality is governed not only by the cumulative pack voltage but
also by the voltage of individual battery modules [16,17]. Second, the energy exchanged
by each battery module is a function of its port position within the MLC stack, leading to
non-uniform energy flow across the pack due to asymmetrical energy distribution among
the ports [5]. Furthermore, hybridization introduces an additional layer of constraints, as
each ACBS port can integrate battery modules of different capacities and chemistries.

In view of these constraints, this paper presents a multi-fidelity model and an in-
teroperable COF for co-simulation and techno-economic sizing of hybrid ACBSs. Using
a real grid FCR service as a mission profile, the proposed framework simultaneously
targets three objectives: (a) improving energy efficiency, (b) maximizing operational life-
time, and (c) minimizing the life-cycle TCO, while ensuring compliance with the grid
code requirements.

In this study, cells from three different chemistries, LFP, NMC and LTO, are used to
construct HP and HE battery modules interfaced with a MLC realized using SiC MOSFETs.
The framework explores the combined design space of battery chemistry selection, module
sizing (voltage, capacity) via a combination of series and parallel cells, DC port allocation,
and number of MLC voltage level selection to identify an optimal solution. The main
contributions of this paper are highlighted as follows.

(i) A multi-fidelity electrothermal model is developed for battery modules from differ-
ent chemistries and MLCs, enabling real-time co-simulation of hybrid ACBSs and
estimation of power losses under various mission profiles.

(ii) A TCO model is formulated to evaluate life-cycle cost by accounting for battery
degradation, replacement, and energy losses.

(iii) A co-design optimization framework (COF) is developed to perform (i) cross-
chemistry cell-to-module sizing, (ii) module balancing, (iii) allocation of HP and
HE chemistry on the DC ports within a single architecture and (iv) MLC voltage level
selection while satisfying the grid constraints.

The remainder of this paper is structured as follows: Section 2 presents the system
overview and the mission profile selection for the proposed framework. Section 3 highlights
the co-design challenges for the hybrid ACBS and builds the problem foundation. Section 4
provides a high-level flow chart and an overview of the methodological stages. Section 5
details the electrothermal modeling of the PECS and battery modules. It also introduces the
life-cycle TCO modeling for the ACBS. Section 6 describes the implementation of the COF,
including the definition of design variables, system constraints, and objective functions.
Section 7 presents the optimal solutions derived from the different Pareto fronts and the
corresponding sensitivity analysis. It also highlights the FEC evolution of the various
battery modules in the global optimal configuration. Section 8 concludes the paper while
Section 9 outlines the study limitations and directions for future work.

2. Hybrid ACBS Description
2.1. System Overview

Figure 1 depicts the schematic of the hybrid ACBS considered for the proposed COF.
On the DC side, the battery pack consists of a combination of HP and HE battery modules
based on three Li-ion chemistries: LFP, NMC and LTO.
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Battery modules PECS AC Grid
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Figure 1. Schematic illustration of the hybrid AC battery system.

On the AC side, a cascaded full-bridge-based MLC realizes the multiport PECS con-
figuration. Each battery module is connected to the DC port of the PECS via a pre-charge
resistor and two interfacing relays constituting a submodule.

Figure 2 illustrates the per-phase implementation of a hybrid ACBS where battery
modules are cascaded in series using low-frequency PE switches in the MLC. The output
AC voltage (Vi c) and number of levels (Nyy c) can be expressed as follows [18]:

VMLC—max= h'Vmodule—max|h:NFB @)
Nupic =2h+1 2

where Vi1 c_mqx represents the maximum value of the AC voltage, V041 is the bat-
tery module voltage and / is the maximum number of full bridges connected in se-
ries. The MLC output voltage consists of 2k 4+ 1 levels in total, with magnitudes
Vi, Vi to Vir + Voo oo+ Vo, [—Vm1 , = Vmto—Vuyi— Vypoo. — th] in posi-
tive and [negative] half cycles.

Each submodule comprises a full bridge circuit with four switches (Sy1 — Sy4) and is
governed by an independent modulation index m; where i = {1,2,...h}. The choice of m;
determines connectivity or bypassing of a battery module in the MLC circuit and therefore
regulates the value of the instantaneous MLC voltage by controlling the number of battery
modules cascaded at each step.
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Figure 2. Per-phase illustration of ACBS.

2.2. Mission Profile

A nominal power rating of 100kW, with a 95% design DoD (DoD) is considered
for the hybrid ACBS to provide symmetric FCR at 200 mHz to the Belgian TSO. A four-
hour real-field grid FCR profile is adopted as a mission profile for the hybrid ACBS [19].
Historical frequency measurements over the calendar year 2024 are analyzed to capture the
worst-case mission profile.

The worst-case operating scenario is extracted using a sliding-window algorithm
applied to the year-long frequency dataset. For each four-hour window, the measured
frequency deviations are converted into a proportional power response according to the
TSO specifications [24] and normalized to the rated system power of 100 kW. Two sever-
ity metrics are evaluated for each window: (i) the maximum root-mean-square (RMS)
current over the window, representing peak power demand, and (ii) the cumulative
charging/discharging energy throughput, representing sustained energy exchange and
deep DoDs.

The selected mission profile corresponds to the window that simultaneously exhibits a
high score on both matrices, thereby constituting the most demanding operating condition
for hybrid HP/HE sizing. These frequency deviations are then re-synthesized into a
proportional power response normalized to the peak system power of 100 kW.

Figure 3a,b illustrates the year-long frequency measurements, while Figure 3c shows
the selected four-hour worst-case window (April 2025, 08:00-12:00), which ranks highest
according to the combined power—energy severity criteria. Figure 3d depicts the ENTSO-E
power—frequency characteristic used to synthesize the power profile, with a temporal
resolution of 10 s, resulting in 1440 samples stored as a *.mat mission profile within the
COF framework.
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Figure 3. Belgian grid FCR mission profile overview for the proposed COF: (a) Frequency variation
during the first half of 2024.; (b) Frequency variation during the second half 2024; (c) a representative
four hour window extracted from the year long profile; and (d) the corresponding active power
profile applied to ACBS.

During the FCR provision, the hybrid ACBS is assumed to operate at unity power
factor, in line with the TSO specifications [24], which mandates the active power response
under frequency deviations. Reactive power injection and voltage support are governed
by separate grid-connection requirements (RFG) under the ENTSO-E and are therefore
considered outside the scope of this study.

Under the 95% DoDg,s and C-rate of 0.5, the ACBS nominal energy is calculated
as 210 kWh. For lifetime assessment and battery cycle calculations, an effective DoD
(DoDE ff) is employed by applying a safety factor to DoD, in order to account for the
operational margins (further explained in Section 5.3).

3. Co-Design Challenges and Problem Foundation

In MLC-based systems, level-shifted (LS) PWM is widely adopted due to its favorable
efficiency characteristics and lower harmonic distortion [20,21]. In LS-PWM, a single sinu-
soidal modulating signal generated by the high-level current controller is compared against
multiple carrier signals that are vertically shifted within the modulation space [25-28]. Each
carrier signal corresponds to one full-bridge (FB) submodule, and the vertical position of
the carrier determines the insertion interval of the associated battery module within each
grid cycle [21].

Referring to Figure 2, the participation of the battery modules in the AC voltage
building process is based on the relative position of their carrier signals. Due to discrete
level shifting, each battery module is inserted into the MLC stack for a different cumulative
duration during one fundamental AC voltage period. This duration, denoted as the switch-
in time Tgp; determines the energy exchanged between the grid and battery module as
expressed below.
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Tg
Esm,i = /0 Omod,i (1) Ig(t)dt =~ VyoqilgrmsTsmi (3)

where V4 ; denotes the nominal voltage of the iy, battery module, Ig s is the RMS grid
current, Egyy; represents the absolute energy of the iy, submodule, T is the time period of
the fundamental AC voltage and Tgy;; is the cumulative insertion time of the iy, battery
module within one grid cycle.

Tsp,; is a function of the carrier position, and for & cascaded submodules, it can be
expressed as follows.

Towi o [ (Flmsinten) = 50 o @

where f(-) denotes the indicator function. Simplifying Equations (3) and (4) yields the
monotonic relationship

Tsma > Tsma--- > Tsmp |y il 5)
ili=12,.h
Esmi > Esmp2--- > Esmpn '

To quantitatively characterize the imbalance, the normalized energy contribution of
each submodule is defined as follows

Esmi  Tsmi
Esmup — Tsmpu

(6)

ES Mi —
7
SM,i SM,h

Equation (6) provides a quantitative metric to compare module-level energy utiliza-
tion and to compute normalized ratios (E;/Ey,) for different MLC voltage levels. It also
highlights how the variation in Tsys can lead to asymmetric energy exchange between the
AC grid and battery modules.

Figure 4a illustrates the resulting energy mapping for different MLC configurations,
where the number of AC voltage levels increases from nine to seventeen, and the number
of cascaded submodules increases from four to eight. Figure 4b depicts the stepped AC
voltage waveform for a nine-level configuration. The corresponding normalized energy
ratios (E;—Ej,) demonstrate that submodules located in the lower region of the modulation
space experience significantly higher energy throughput.

Looking at Figure 4b, the battery modules located in the lower region of the modula-
tion space get a higher switch-in time compared to those positioned in the upper region.
Consequently, during each cycle of the AC voltage, the lower-positioned battery modules
contribute more significantly to the AC voltage building process.

For a nine-level MLC, battery module-1 supplies two times higher energy than battery
module-3 during the grid injection mode and therefore discharges twice as fast as battery
module-3. Conversely, during the offtake mode, battery module-1 charges twice as fast as
battery module-3, leading to an energy imbalance after a few cycles.

Conventionally, a single battery pack has identically sized modules, and modulation
strategies are adjusted to mitigate this imbalance by repositioning the SMs within the mod-
ulation space every few cycles [29]. In these techniques, SoC and V; are used as feedback
signals to reorder the stack [20,21]. However, the frequent reordering introduces nonlinear
loading, increases switching transients, leading to higher switching losses (>5%) [29-33]. In
addition, HP modules are pushed down the stack due to temporarily low SoC/Vt, further
exacerbating inefficiencies and THD.

In contrast, by employing a hybrid configuration, the proposed COF intentionally
exploits the deterministic energy mapping imposed by LS-PWM. HE battery modules are

https://doi.org/10.3390/en19041093


https://doi.org/10.3390/en19041093

Energies 2026, 19, 1093

8 of 35

N vic

________________________________ :
MLC output Voltage Energy

(SM)

(4)

1
®)

13

(6)

15
(7)

17
(@)

VML (o

Vi+Va+V3+V,

l

ViV, + Vo4V, +

|

Vi +V,+V,+V, +

|

ViV, + Va4V, +
7

+
<

Vi+ V4V, +V, +
+V,+V,

|

sized with higher nominal capacities and are assigned to lower positions in the stack, while
HP modules with smaller nominal capacities are assigned to the upper positions.

Throughput

e ———
- ~~
~

(f"E1 = 11E, E, = 1.16E"
A

e E; = 1.15E, -1 One period
___________ v, : E —_—
Vs Vs ’

E1 = 1.1E2,E2 = 116E3
VZ El

E3 = 1.15, E4 = 1.4‘E5 l
Vv )
' I maiq 45332»81*
L |

a, ay @ @y By By By By |
v

Vi+V
ST U% B =11E, E, = 1.13E,

Es = 1.16E,, E, = 1.2E;
E4, — 14E6

1

1

I

|

1

I

I

I

1

I

Vs +V, : (b)

Ey = 1.1E;,E; = 1.12E; |

E3 - 1.4E4, E4 - 1.2E5 |

Es = 1.3Eq, Bs = 1.7E; !
1
I
1
1
1
1
I
1
1
I

Ve+V

P B Z11E,E, = 125,

Es = 1.15E,, E, = 1.1E;

Ee = 1.6E,, Eg = 1.7E,
E7 = 13E8

Figure 4. Energy mapping overview of each ACBS port for different MLC levels: (a) tabulated output
voltage and energy values for MLC levels ranging from 9 to 17; and (b) illustrative case of a nine level
MLC highlighting the asymmetric energy contribution for four battery modules.

The correctly sized modules improve the MLC dynamic response and mitigate the
drawbacks of conventional reordering every few cycles. The SoC of different modules
increases/decreases linearly as each module undergoes the same FEC for a given mission
profile, leading to a minimal imbalance.

4. Methodology

Figure 5 presents the high-level flow chart of the proposed modeling strategy, which
is divided into three stages.

In the first stage, the system topology is selected (as described in the preceding
subsections), resulting in a CHB-based architecture and battery modules from LFP, NMC
and LTO chemistry. FCR-based grid service is selected as the mission profile, which defines
the nominal energy capacity and power rating of the hybrid ACBS.

In the second stage, detailed electrothermal battery models and high-fidelity PECS
models are developed to co-simulate both subsystems and quantify power losses for the
ACBS. However, executing the high-fidelity model over the four-hour mission horizon
within the COF is computationally intensive and time-consuming, as it requires a large
number of iterative simulations.

To improve the execution time, this paper adopts a loss-mapping approach. In this
approach, relevant quantities are precomputed and stored as lookup tables, enabling rapid
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f Stage-1

processing during system-level simulations. These lookup tables are then embedded in
low-fidelity (Lofi) models used in the third stage for system-level simulations within the
CO. Energy mapping is then performed for each ACBS port (N ¢ ranging from nine to
seventeen), considering a LS-PWM-based modulation strategy.

ﬁ T Stage-2 — e Stage-3 R

k

Topology Selection Hifi --» Lofi Map COF implement
Input Input Input
Data sheet, Experimental FCR profile Stage 2
' ' Lofi Map
v \/
Output Output » ]
° v
sm-nt] Vi : Batt: Ouput
r__lL PECS Module
J Ry TCO
@:Vm @% $Q Efficiency
Life time
CHB-MLC Batt Chem:

) N / _ J

Figure 5. High-level flow chart for the modeling strategy.

The PECS Lofi model incorporates three 2D lookup tables: (i) Active power losses,
(ii) voltage and current THD and (iii) MLC voltage and module RMS current, all as a
2D function of MLC levels and input power. Similarly, the Lo-fi model for the battery
module consists of 2D lookup tables relating (i) battery power losses (Pjoss_patt) and
(if) module voltage, both as a function of Nyic, Prcr. Stage 2 evaluates the cumulative
energy efficiency of the battery and the PECS over the four-hour mission profile, while
Stage 3 integrates the results into the COF framework to compute TCO, system efficiency,
and lifetime metrics. The individual stages of the proposed modeling framework are
detailed in the next subsections.

5. System Modeling for COF
5.1. Battery Model (Cell to Module)

The electrical behavior of a Li-ion battery cell is represented using a second-order
electrothermal model that integrates both electrical and thermal dynamics, as reflected
in Figure 6 [34]. It combines a constant RC-based electrical equivalent circuit with a
thermal model. The circuit contains a DC voltage source (Vocy) that captures the cell OCV
variations with respect to SoC in series with a variable resistor R, that accounts for the
cell’s internal resistance in steady state. The parallel RC branches (Ry,C1) and (Rp, Cp)
are connected in series to account for the cell’s dynamic voltage response, as illustrated in
Figure 6. Each RC block is characterized by a time constant 7, that corresponds to a specific
dynamic behavior under varying current profiles [27,28]. The OCV and internal resistance
parameters (Rs, Ry, R;) are derived through the open-source experimental data reported
in [35-38], while the additional cell parameters are extracted from the CCT database
available in [36].

Figure 7 illustrates the family of OCV and internal resistance curves for LFP, NMC
and LTO chemistries at an ambient temperature of 25 °C. The curves are obtained for the
full range of SoC and C-rate (0-100%) and (0.1C-5C) respectively. The family of curves
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highlights the nonlinear dependence of cell OCV and internal impedance on operational
C-rate and SoC. As shown in Figure 7, this effect is particularly significant for LFP chemistry
compared to NMC and LTO. The internal resistance parameters overlap during the low
SoC range for all C-rates (Rs_oc = R;_5¢). However, beyond SoC > 60%, R;_5c decreases,
whereas R;_,c increases significantly.

R 1 R 2
R S AN A\
A —®

—— I +

Cq C;
<'t> Vocy Vi

Icell
—»

Figure 6. Second order equivalent circuit based model of battery cell.

LFP 150Ah
36| € o6
>34} Yos5
& &
8 32 §_ 0.4
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28 :
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LTO
=03
E
$0.2
[
m
e
Q
o R B
E
. ' : : 0.1 - - : ‘
0 20 40 60 80 100 0 20 40 60 80 100
SoC (%) SoC (%)

Figure 7. OCV and impedance of LFP, NMC and LTO cells for different C rates and SoC values.

To account for these nonlinearities, a lookup-table-based representation is used, where
OCV and internal impedance are defined as two-dimensional matrices indexed by SoC
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and C-rate. Table 1 presents the overview of the LFP, NMC and LTO cell specifications
considered for the COF. Based on this dataset, a parameterized cell-to-module model is
developed for each of the three chemistries.

Table 1. Cell specifications of three chemistries considered for the COF.

Cell Chemistry NMC LFP LTO
Nominal capacity (Cps,) [Ah] 66 150 20
Make [OEM] Samsung SDI CATL Toshiba SCiB
Voltage range (V) [Vi,i,*, Vinax*] 2542 2.5 < 3.65 1527
Nominal voltage V¢, [V] 3.65 3.2 2.35
C-rate ** [parametrized, C,,;;;, Cnax] —4C < +4C —4C « +4C —4C < +4C
Format Prismatic Prismatic Prismatic
Mass [kg] 0.840 0.5 0.373
Maximum cycle life [0.5C] 6000 9000 21,000
Power density [W/kg] 220 200 1400
Energy density [Wh/kg] 205 166 81
Cell volume (L) 0.37 0.17 0.169
Self-discharge (% of nominal Ah) 5.5 5 2
Nominal depth of discharge [%] 90% 95% 98%
Cost (€/kWh) 160 95 300
Heat dissipation * (mQ*Ah) 55 <+ 97 3570 25+ 29
Safety & stability (fault/incident) Low (fire, off-gassing) Med to high smoke Med to high smoke

release release

Climate effect (capacity deration) 0% (at 0 °C) 20% (at 0 °C) 10% (at 0 °C)

* These values are indicative and based on averages from references [36-38]. ** Varies per cell and OEM dependent.

The model aggregates electrothermal cell behavior to the module level by accounting
for the series (Ns) and parallel (N;) cell connections. Using ambient temperature (Tj,;)
andmodule current profile (i,y4,1¢) as inputs, it first calculates the actual C-rate and SoC
per chemistry. The terminal voltage is then computed using two-dimensional spline in-
terpolation of OCV and internal resistance maps as functions of SoC and C-rates, without
fitting to time-domain experimental current profiles. The model evaluates ohmic and
entropic heat generation, cooling requirements under forced-air conditions, and the result-
ing thermal equilibrium. This formulation enables consistent estimation of module-level
losses, including cooling power demand, and charge/discharge efficiency under realistic
mission profiles.

From the model inputs, the cell-to-module voltage, heat generation, losses and effi-
ciency can be calculated as follows.

Cr(t) — ICﬂ’ll(t) (7)
CVlOﬂl
_ o Imodule(t)'At
SoC(t) = SoCjnir + 7N5'Np'cn0m 8)
Vocv (t) = Spline interp(C,(t), SoC, T) )
R;(SoC,C,, T
Vinodute(t) = N+ (Vocv - Imodule(t)'W) (10)
P
. 2 )
Qohmfmodule(t) = NS'NPZ Icell(t)Ri(SOCr Cr, T) (11)
i=0
I t
e () = ’”N’p() (12)
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Pmodule(t) = Vmodule(t)' Imodule(t) |+ive~)chg,five~)Dishg (13)
: Vocv
Qenhmodule(t) = NS'NPIcell(t) oT (SOC, T, Cf’) (14)
Qin—module(t) = Qohm—module(t) + Qent—module(t) (15)
Qout—module(t) = h's'[T(t) - Tﬂmb} |30§h§80 (16)

where V0410 (t) represents the terminal voltage of the battery module. C, [h~'] is the
instantaneous C-rate calculated per individual cell using the nominal value (Cyop;) from
Table 1. Vocy (V) denotes the module OCV. Qohm—modu le [W] accounts for the heat genera-
tion inside the cell due to ohmic losses. I..;; [A] denotes the cell current. SoC;,;; represents
the initial SoC of the battery module at the beginning of the mission profile. Qent—module
[W] denotes the entropic/reversible heat generation inside the module calculated using
the Bernardi Equation (14). h [W/m?K] is the module plate’s convective heat-transfer
coefficient. For forced air cooling, h is considered in the range 30 to 80. S [m?] is the
module plate’s area exposed to forced air flow. The variables m and C, denote the module
mass [kg] and specific heat capacity [J/kgK] respectively. Qi module [W] provides the
total internal heat of the module, while Qout—module [W] provides the heat evacuated out of
the module.

Under thermal equilibrium conditions, Q,_ modute(t) = Qout—modute(t). Therefore,
Equations (15) and (16) can be equated considering the peak value of Qin—module(t) during
the four-hour window. By enforcing the desired temperature of 25 °C, a fixed value is
obtained for the product hS from where S can be calculated. Finally, the cooling power
(Peooting) is calculated considering the coefficient of performance (COP) of 15 [38].

mC
p
h-S 0.3<5<1
Qout—madule
Fauding = cop 10<COP<20 o

where T is the module thermal time constant governing temperature response under
convective cooling conditions and is distinct from the RC time constants of the electrical
circuit in Figure 5. The instantaneous power losses of the battery module and AC battery
pack can be expressed as follows:

Prnodute—1oss = Ponm-+ent + Pcooling

Nrp ) (19)
Pyatt—10ss = .21 Pmodule—loss(l)
=
Ppcs
Cche = 20
Toatt—chg Ppecs + Ppatt—ioss 20
P
Nbatt—dischg = ot (21)

Pbutt + Pbatt—loss

where P41 10ss 1S the sum of the module internal losses ( P,y 1 0n¢ ) and the required cool-
ing power. Py, o5 denotes the total losses of the AC battery pack. #past—cng and Hpatt—dischg
represent the charging and discharging efficiency of the AC battery pack respectively.
Compared to discharging efficiency (92-95%), the battery module exhibits slightly
better efficiency (96-98%) during the charging process. The difference is mainly due to
higher values of V; resulting in smaller ohmic loss during the charging process [39-41].
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(a) MLC Model

Piodute—chg and Pyodule—dischg represent the output power of the module during charging
and discharging respectively.

The battery model outputs comprise (i) Poduie—1oss, (1) Umodule (@ Vector of Npp signals)
(iii) SoC, (iv) module active power (Po4,1.) and (v) auxiliary power requirement ( Payy ).

5.2. PECS

The PECS interface in the hybrid ACBS consists of a MLC architecture, where mul-
tiple FBs are cascaded in series to synthesize the desired AC voltage. To obtain PECS
power losses, a high-fidelity switching model for the CHB-MLC is developed in C and
parameterized using the SiC MOSFET datasheet specifications.

The model is compiled via the MATLAB R2022b MEX interface and integrated into the
SIMULINK environment. Figure 8 depicts the structure of the coupled battery module and
PECS switching model. For clarity, both the models are distinguished using separate colors.

b) Battery Module
C-Func (b) Y

s-Func
P"'iSS‘Peak imomomomomomoo N Py i Pmodule—loss
: Cond:Loss | vy P 'C-rate: Eq. (7) |
?DS 5 ¢ Ea.(22) p N; " §0C: Eq.(8) |
PECS : :
T : > o Vimodute: Eq.(9) p
VR’F’ - Lnodute  Npp Rl (i ' aux
daf Sw: Loss | | gl l
; s 1 Eq.(24) ! o o —»SoC
Iie W7 '.___(:I_.(-__)__.' Tomp > K Pcooling |
m; —p | Eq.(18 I
T ! . AP, A , —> VTHD ______ q (___)____l
amb : P : cell >l
; loss [ > P
. . Eq.(26) | I pata l 7777777 modulee
mLc (Table-1) i Ponodule—loss E Vmod’ule
---------------- : . Eq.(19 !
—? Pl Vmie than » Pppcs.ioss Lo B
FB ]
~» o _Table.3
ln PpEcs—toss Vmodule
s WNMAW 9. QPm: Nyic $Q Pin, Nuic
@ Vrup i SoC
Q P, Nyic Q Pin Nmic
T P
]” Itup III module—loss
? ? ? 9. Q Pin. Nyic 9. Q Pin Nmic
Nue fowm CRef
2D-LUT 2D-LUT
(c) (d)

Figure 8. Switching model and interconnecting signals for PECS and battery modules comprising
(a) MLC switching model, (b) detailed battery module model, (¢) LS-PWM-based modulator for
generating gating signals and (d) Lofi models comprising lookup tables to store 2D maps of detailed
loss models.
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The model accepts parameters and vectorized inputs through the high-level block
in SIMULINK, which are then passed to the lower-level C-based FB models. The input
vector consists of (i) Npirc, (ii) Vinoduie (2 vector of Nrp signals obtained from the battery
model), (iii) instantaneous AC side current (i4¢), (iv) gating signals (G; — Gn), (V) Typ,
(v) m; and (vi) the MOSFET parameters. The input vector values and parameters used are
summarized in Table 2.

Table 2. Parameters and values for PECS model (P: parameter, V: run-time value).

No Input Vector/Parameters Value (Range)
1-P Type of switch SiC MOSFET
2-P Switch model IMBG65R010M2H
2-V MLC levels (min—-max) 11-21
3-V DC link voltage 150 V
4-P Drain current (maximum) 158 A
5-P Switching frequency 1.1 kHz
6-V Ambient temperature 25°C
7-V Mission profile power (Prcr) 100 kW (33 kW /phase)
8-P On resistance Rps_on 10 mQ)
9-P Body-diode forward voltage 0.88 V
10-P Rise/fall dead times 24ns, 9 ns
(Trises Tfall) (Tdeiser Ty fall)
11-pP Rise/fall slew rates (Sgijse, S fall) 24 ns,9 s
13-P Total gate charge Q¢ 112nC

The switching model is executed at a single-phase peak power (Pmiss— peak) of 33 kW
selected from the mission profile in Figure 3. To capture the switching dynamics, the
simulation step time of 1 ps is considered. The RMS value of the inductor current is
extracted from the instantaneous i 4c waveform and subsequently used to calculate the
MOSEFET power losses according to Equations (22)—(26).

The model outputs include (i) vpsrc, (ii) iyodure (@ Vector of Nrp signals reflecting
instantaneous battery module current waveforms, (iii) Vrup, (iv) ITap, (v) active power
(Ppecs) and (vi) power losses ( Ppecs_joss)-

5.2.1. Modulation Scheme

The switching model integrates LS-PWM for gate signal generation, as illustrated
in the modulation block. The modulator receives reference modulating signal, switching
frequency, and the number of MLC levels as inputs. Based on the specific number of
levels, the corresponding carrier waveforms (C; — Cy) are generated, vertically shifted and
linearly arranged within the modulation space. A comparison between the modulating
reference and set of carrier waveforms produces the gate signals (G; — Gy ), which serve
as inputs to the switching model.

5.2.2. Loss Modeling

Table 3 presents the operational modes of a single SM (depicted in Figure 2) as a
function of the modulation index. Modes 1-2, {3, 4} represent charging, discharging
and {bypassing} of each battery module respectively. For CHB topology, modes 5 and 6
(highlighted in Table 3) are not used as a negative value of the modulation index (reverse
cascading) is not applicable for LS-PWM.

The FB losses include the MOSFET losses (conduction and switching) and gate driver
losses as expressed below:
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Peona—rs = 2-Rps(Tj) - } Cond : losses (22)
Pmiss—peak }
Ip_yms = ——— 23
D—rms 3‘\B‘VLL ( )
Eon = 3-Vpslp-(Ta—on + tr)
Eoff = %‘VDSID-(T,]I,OFF + tp) Switching losses (24)
Psy—rp = 4(Eon + Eoff)'fsw
Pey rp = 0-5'Cisch2;G } Gate driver losses (25)
Pjyss = Npp- ( Peond—rB + Psw—rB + Pgd—FB) (26)

where P,,,,;_rp and Py,_rp denote the MOSFET conduction and switching losses respec-
tively. Rpg is the drain to source resistance of MOSFET during the ON state. It is the
function of junction temperature (T;) and remains the dominant source of loss due to low
switching frequency (1.1 kHz), as illustrated in Figure 9¢c. T;_on and T;_orf are turn-on
and turn-off delays respectively. Pg; rp denotes the gate driver losses and is ignored as it
constitutes less than 0.1% to the total PECS losses ( Ppgcs_1oss)- Psw—rp denotes switching
losses and is estimated from the turn-on energy (E,,) and turn-off energy (EO ff) as per
Equation (21).

Table 3. Operational modes of SM as a function of modulation index.

SM Op: Mod: SM Output FB Switches Battery Module Grid
M dp' Index Voltage Module Current Current
ode m; (Vo) S11 S12 S13 S14 State (ipate) (iac)
1 1 +Vinodule — 2V4 1 0 0 Charging Negative Negative
2 1 4V imodule — 2V 4 Discharging Positive Positive
3 0 0 1 1 0 0 Bypassed 0 Positive
4 0 0 0 0 1 1 Bypassed 0 Negative
5 -1 —Vmodule + 2V4 0 1 1 0 Charging Positive Positive
6 1 V module +2V4 Discharging Negative Negative
400 ; . . T T T 600 Ty
V. (V) 300r  Module g 4 totl p) o
MLC . . cond( )
current(A) i, i;] 500 1
200} 250} i i
3 6
200} _ 1 4001
/ /
0 150} { 300f
100 1 200}
-200}
S0 100}
-400 . . : 0 . o : 0
0 0.005. 0.01 0.015 0.02 0 0.005 0.01 0.015 0.02 1 2 3
time(s) time(s)
(a) (b) ©

Figure 9. Output waveforms of PECS switching model under Ny; ¢ = 13, P =33 kW, (a) instantaneous
voltage (V) and current (A), (b) instantaneous battery module currents SM1-SMg and (c) conduction
and switching losses.
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400

200}

-200+

-400

Figures 9a and 10a illustrate the output waveforms (instantaneous MLC voltage

and current) of the PECS switching model for Ny values of thirteen and twenty-one

respectively. For Njs.c = 13, there are six (Npp = 6) output battery module current vectors

(i1 — i), as reflected in Figure 9b, whereas for Ny;c = 21, there are ten (Npp = 10) output

battery module current vectors iy — iy, as reflected in Figure 10b.

VMLC(V)

0 0.005 0.01 0.015
time(s)

C)

400

| 300} 2 8 0] | soof
I3 I7
i4 i8
600}
200+ A A)
\module
400}
| 100t ]
200}
0
002 ¢ 0005 001 0015 002 g

1000

PiotW)

Pcond(w)_

time(s) T2 3
(b) ©

Figure 10. Output waveforms of PECS switching model under Ny - = 21, P = 33 kW, (a) instan-

taneous voltage (V) and current (A), (b) instantaneous battery module currents i1—i1g depicted as

different colored lines and (c) conduction and switching losses.

Looking at Figures 9c and 10c, MOSFET switching losses remain a relatively small frac-

tion (<10%) of P_pEpcs—10ss, Whereas conduction losses contribute a significant portion [42].

A range of N1 c values between 13 and 21 is considered to derive different lookup

tables. The lookup tables include 2D mapping for (i) Pprcs—_10ss VS- Numrc, (i) Vrup vs.

Nyrc and (iii) Itgp vs. Nprc over the entire range of input power (1 kW to 33 kW) at

a step change of 0.5 kW. The 2D lookup tables are saved in the memory layer and then

re-used in the fast (non-switching) Lofi model as explained in the next Section 5.3.

5.3. System Implementation

Figure 11 depicts the overall block diagram of the system implemented in the MATLAB

Simulink environment. It integrates the Lofi models for PECS and battery modules. The

input, output and interconnecting signals are also depicted in Figure 11.

The PECS and battery Lofi models estimate the respective power losses using 2D

lookup tables derived from high-fidelity simulations. The four-hour mission profile from

Figure 3 is applied as input and resampled at 100 ps to improve the COF execution time.

The instantaneous power losses of PECS and battery modules are accumulated for four

hours to compute the total PECS and battery energy losses as expressed below.

T—4
EpEcs—toss = ‘ /t » PPECS—lossdt‘ (27)

T=4
Ebattfloss = ‘/tO Pbattlossdt’ (28)

T=4 .
o Puissdt,  Pyiss >0, Chargin
Eprcs :{ t—0 Lmiss miss gimg (29)

ftT:jl Pyaspdt, Ppiss <0  Discharging
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tT:z‘L " Poecsdt|  Pyiss > 0, Charging
Epatt = T=4h . . (30)
o Prardt|, Puiss <0  Discharging
Elossf4h = EPECSfloss + Ebattfloss (31)
Etotalf4h = Elossf4hr + Ebatt (32)

Fig.3(d)

Batt module
@3:' |4 >
N —> module’
MEC 9$Q  soc j Eqs.(34)

where Epgcg is the PECS energy throughput and calculated separately for bidirectional
power transfer between the DC (battery modules) and AC (grid) side. P,;s; is the in-
put power to the PECS during offtake, and Py, is the input power to the PECS during
grid injection/discharging mode. Ej,; (kWh) accounts for the cumulative battery energy
throughput during charging and discharging operation, while Epgcs represents the bidirec-
tional PECS energy.

ACBS
Lofi model

@ Vrap, Ejoss
SQ I —»| Eq.(33) [ Msys
.PPECS Etotal
9 Umodule @
S
I § Eqs.(39)
E Q-;ﬂ Pioss —» J’ > to —»TCO
= (47)

A 4

LBatt

—P to
EEO\' Pmodule Pmodule (38)

Figure 11. Lofi model of hybrid ACBS and interconnecting signals for the TCO and system lifetime
calculation.

The overall system efficiency can be expressed as

Etotal—an
oys = Ejoss—an + Etotal—an 10 %
For a hybrid ACBS, the battery life estimation is critical, as the overall system lifespan
is more significantly determined by the longevity of battery modules than by the PECS
lifespan. This is primarily because power MOSFETs used in PECS operate deep inside the
SOA due to lower DC-link voltage and switching frequency, making them less susceptible
to premature failure or reaching end-of-life (EoL) earlier than the battery modules.
To quantify the BESS lifetime, the model first computes the FEC for each battery
module using the cycle counting method [43,44] as shown below.

1 Emodule(i) .
== h =1,...N| 4
FECmodule(z) (2> <D0Dact'Enommodule(i) et ' o 4
DoDg,e = (1 — SF) DODd€S|SF:5% (35)
FEC4 = (365)-(3)-(FECoduie ) (36)
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where FEC,,,4,1.(i) represents the FECs accumulated by the ith module during the execution
of the mission profile. E, ,,,_odu1e(i) denotes the nominal energy rating of the ith module
(from Table 1), both expressed in kWh.

The factor Sy denotes the operational safety margin reserved for self-service. It ensures
that 5% of the battery module’s capacity remains dedicated to maintaining the SoC during
FCR delivery, preventing the saturation at upper or lower limits. DoD,; represents the
nominal DoD for different chemistries in Table 1.

From Equation (36), it follows that usable fractions of nominal capacity are 93%, 89%,
and 88% for LFP, NMC, and LTO chemistry, respectively. The total number of time intervals
is denoted by T;,. For the four-hour mission profile of Figure 3d, where each data point
corresponds to a 10 s interval, T}, is calculated as 1440.

The annualized cycle count FEC 4 represents the yearly cycling stress experienced by
each battery module and is directly related to the SoH, defined as the ratio of remaining
cycle life to the maximum allowable cycle life. As the accumulated FEC increases, the
SoH decreases proportionally until the EoL criterion is reached. By convention, a battery
module is considered to have reached EoL when its SoH falls to 80% [44]. The remaining
useful battery lifetime can therefore be expressed as follows:

| _ (10)-(FEC,)

Lyodute = x 100 (37)
Lmodule—max
1 Nes ‘
Lpast = m Z Lmodule(a/ 1_)/ (38)
i=1 N~

a=1:3
where L5410 (%) is the remaining cycle life of an individual battery module and Ly,
represents the average remaining cycle life of the entire pack comprising Nrgp modules.
Liodule—max denotes the maximum cycle life of the module and is obtained from Table 1 for
each of the three chemistries.

The parameter Ly, is the figure of merit to compare the lifetime of battery modules
achieved with different chemistries. The maximum lifetime values for the considered
chemistries are listed in Table 1. For benchmarking purposes, an operational window of
10 years is considered for the COF.

5.4. Life-Cycle Cost Modeling

The economic viability of the hybrid ACBS is evaluated in accordance with the IEC
60300-3-3 standard [45]. The main goal is to assess the total cost of acquisition, ownership,
and disposal of the system over its entire life cycle. The six main cost phases include
(A) concept and definition, (B) design and development, (C) manufacturing, (D) installa-
tion, (E) operation and maintenance and (F) disposal/recycling. To streamline the cost
breakdown structure, the different phases are consolidated into CAPEX and OPEX as
expressed below.

CAPEX acps = CAPEXppcs + CAPEXpatmodule + CAPEX Capinet (39)

The CAPEX 4cps incorporates the costs of all the phases from A to D. The different
CAPEX elements in Equation (36) are calculated as follows:

N,
CAPEXpgcs = CAPEX< [ AgLC ] PEsy—int + Cenct + CHvac + CAUX) ‘Etotar  (40)

where CAPEXprcs denotes the normalized capital cost [€/kWh] of the PECS. PEg,_;,;
is the cost of SiC MOSFETS (with integrated gate drive circuit). C,,; is the cost of a
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double-walled outdoor enclosure. An active forced air conditioning (HVAC) system is
foreseen for the ACBS to ensure a safe temperature (25 °C) of the MLC and battery modules.
Chvac denotes the cost of the HVAC system. C4y;x is the cost of the ancillary equipment,
including filters, heat sinks, contactors, circuit breakers, interconnecting bus bars and
manual service disconnectors.

CAPEXBgaitMmodule Tepresents the acquisition cost of the battery modules and is calcu-
lated as follows.

CAPEXpasmodule = CAPEX(Cell + Casing + CMU) X Egptar (41)

It includes the cost of acquiring battery cells, an integrated cell management unit and
module casing.

The OPEXsystem covers phases E and F over a 10-year operating horizon or
8000 equivalent cycles, whichever occurs first. It is in line with the expected battery degra-
dation rate and manufacturer warranties [46,47]. An 8% annual price reduction is applied
in battery costs projected through 2035 [47].

The OPEXsystem is calculated using Equation (42) as expressed below:

OPEXacps = CEnergy lost + Mc + De + R (42)
——— ~~
(10yrs) (10yrs)

The first element in the OPEX is Cgyergy 10st, Which represents the net present value
(NPV) of the lost energy cost over the 10-year period. It is determined by aggregating the
four-hour operational losses over 10 years: The lost energy is multiplied by the electricity
tariff [48,49] to determine the total cost of lost energy as expressed below.

1+ g)y_lpECA'Elossfélh
(1+r)?

3 o
CEnergy lost — Z (43)
y=1

where po (€/kWh) is the initial electricity tariff in year—!, g (3%) is annual tariff escalation
rate, and r (4%) is the discount rate. The product FEC 4-Ej,ss_4j, represents the annual cost
of lost energy in year .

The remaining OPEX components in Equation (42) include decommissioning costs
D., annual maintenance (: corrective/preventive) costs M., and residual management and

recycling costs R, each expressed as a fraction of the system CAPEX [50-52].

D = 2% (CAPEX 4cps ) (44)
M. = 2% (CAPEX ,cps ) (45)
Re = 6% (CAPEX 4cp5) (46)

The TCO for the system converter is calculated with the summation of CAPEX and
OPEX.
TCOacps = CAPEX scps + OPEX acps (47)

6. COF Implementation

The main objectives of the COF are the battery chemistry selection, sizing from cell to
module, number of MLC levels, and HP and HE module positioning within the PECS stack
while optimizing the efficiency, lifetime, and TCO of the complete system. The AC side
constraints include grid power quality [53], while the DC side constraints include module
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capacity (C-rate), nominal energy, module voltage magnitude and energy mapping among
the modules at different DC ports in the PECS stack.

The COF uses an evolutionary algorithm-based optimizer to process the system (Lofi
model) simulation results and explore the solution space to determine the global solution
set. Figure 12 presents the overall block diagram of the framework, which is divided into
three stages.

Stage-1 — 7 Stage-2 T\
Specifications Optimization Space
® P, :Fig3 ~
e Cell Data: Table-1 > > Initial Pop:
® PECS: Table-2
® Constraint: Table-4 NSGAII
Merge Pop
S — Offs?rlng
Simulation Space --{« < i Yes
- <
ACBS Model ;
o
fffff >
No Loo
TCO > > End p
Criteria i Count
fffff >
v
Pareto front P
(Int:Sol:)  [€
Opt:Solution Run =« ‘ _

\

Decision func
Pareto Sel

A

Store global best

Figure 12. Architecture of COF.

The COF begins with a definition of the system specifications. It loads the component
database (battery cell data, PECS parameters), precomputed two-dimensional loss maps,
and the mission power profile.

In Stage 2, an initial population is generated in line with design specifications, opera-
tional constraints, and the component database. The COF then enters Stage 3, in which the
system simulation model (Figure 11) is executed under the specified operating conditions.
The resulting performance metrics are processed by the objective functions to form the
fitness vector. The resulting vector is fed to the NSGA iterative loop, where offspring
populations are created through crossover and mutation operations. The offspring and
parent populations are then merged to form the next generation, and this iterative process
(Stage 2 and 3) continues until the termination criteria are satisfied.
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A loop counter is updated with each iteration to track progress. A small convergence
margin is specified to reach the global minima; however, if the convergence criterion is
not met, the process is forcibly terminated once the maximum number of generations
is reached.

The outcome of the optimization process is a set of feasible design solutions (Pareto-
optimal fronts) that satisfy all system-level constraints and performance requirements. This
implies that within the solution set, every solution is Pareto-optimal with the same rank
and crowding distance. A predefined weight function is then applied on the Pareto fronts
to select the global optimal solution and store it in the memory layer.

6.1. Problem Formulation

In the design of a hybrid ACBS, adopting a low C-rate configuration enhances oper-
ational performance. It improves the round-trip efficiency by reducing the ohmic losses,
minimizing inter-cell imbalances within the modules, and extending overall battery lifetime.
However, these benefits come at the cost of higher CAPEX, as achieving lower C-rates
requires additional series and parallel cell configurations.

Consequently, the TCO of the ACBS increases, given that battery modules constitute a
major portion of the TCO. Conversely, reducing the nominal capacity of battery modules
lowers the initial CAPEX but results in higher operational C-rates. Elevated C-rates intensify
heat generation, increase auxiliary energy consumption for thermal management, and
accelerate battery degradation, thereby increasing OPEX and reducing the remaining useful
life of the system [54].

The characteristics of the grid services also have a substantial impact on the battery
SoH. The sustained power and energy demand during the FCR delivery can accelerate
degradation, thereby shortening the remaining useful life. Furthermore, the voltage and
current limitations of the PECS impose additional constraints on module sizing, as the
power electronic switches must operate well within their safe operating area to maintain
high efficiency and ensure long-term reliability. To achieve an optimal balance between
TCO, lifetime, and efficiency, for the hybrid ACBS, this work applies a COF ensuring
system-level optimization [42]. The optimization problem is defined as a multi-objective
constrained minimization, expressed as:

Teiig(P(x) = [f1(x), fa(x), f3(x)] = [TCOacBs, —"sys» —Lpatt]
Subject to g;(x) <0, i=1,2,...,M (48)
X={x|gi(x)<0,i=1,2,...,M},S={F(x) | x € X}
S = {F(x|x € X)}

where x is the vector of design variables, g;(x) denotes the inequality constraints, M is
the total number of constraints, X defines the feasible decision space, and S represents
the criterion space. The COF formulates the problem as a discrete integer optimization,
meaning that the design vector can only take values from a finite set.

All three objective functions f(x), f2(x), f3(x) are minimized and correspond to effi-
ciency, TCO and lifetime, respectively. The negative signs applied to efficiency and lifetime
convert their natural maximization objectives into equivalent minimization objectives,
ensuring consistency across all f;(x).

6.2. Variable and Constraints

The constraints define the admissible design space by imposing boundary conditions
on the decision variables associated with the ACBS components. Table 4 summarizes the
decision variables, hard and soft constraints considered in the ACBS optimization.
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Table 4. System constraints and description (nonsingular).

. . . Design
Decision Variable Type Domain Description
. Number of series-connected cells in
Ng’) Integer 5 < Ns; <32 battery module i; determines
module voltage
‘ Number of parallel-connected cells
ng,’) Integer 1<Np,<5 in battery module i; determines
module capacity and C-rate
0 . ChemSel & Battery c.hemlst.ry sele.cfced for
ChemSel Categorical {LFP, NMC, LTO} module 7 affecting efficiency,
< degradation, and cost
1 2 3
Ngg = 2NyLc Number of battery modules per
Nrp Integer 5|3 < Npg < 10 | phase, defined by the MLC levels
Number of MLC levels, defining
Nmre Integer (13,15,17,19, 21} system voltage granularity
Intecer Physical position of the module in
Stack index (Im l‘?’dt) 1< i < Npp the MLC stack (implicitly
P determined by chromosome order)
Nominal energy of module i,
Ef,lgm Enom <75 - derived from N,E,l),Ngt) and
ChemSel
(i) . FEC experienced by module i, used
FEC, 0 Derived 04 < FEC <05 for lifetime and OPEX evaluation

The first constraint enforces a hard limit on the lower value of the module voltage
(Vpe). To comply with it, the boundary conditions are defined as follows:

VDC—min >1.1x Vgp‘ SoC =5%V SOCi|i:1,2,‘..NpB AVm0d|disch (49)

90% DoD’
Ngp
Vbe = Z Vinodule (50)
module=1

where Vpc is the sum of the module voltages in the ACBS, and Vpc_piy is the absolute
minimum threshold. AV, is the imbalance among the modules. Vg, denotes the peak
value of the grid voltage. To account for the worst-case scenario for Vpc_in, the SoC and
DoD are considered as 5% and 90% respectively. A penalty factor (Pf,) proportional to
squared deviation of error is added to all three objective functions as expressed below.

Pf, = 10% (max(Vpc—min — Vbe,0) ) (51)

The second constraint specifies a minimum number of battery modules Nrg > 5 due
to N — 1 redundancy criteria and the fixed switching frequency of 1100 Hz defined in the
design specifications, as detailed in [55-57].

The third constraint enforces an upper bound on the nominal energy capacity of the
ACBS. In accordance with the initial system specification, the upper limit is fixed at 75 kWh
per phase (corresponding to 225 kWh for a three-phase system), as expressed by:

Nrp
Z Evom—modute < 75 kWh (52)

module=1
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Piz_g1 =

The cumulative energy constraint is reformulated as an inequality constraint on the
module-level FEC defined as

0.4 < FECyoa—i <05 |i_15 Ny, (53)

1y = max(0.4 — FEC,04_;,0
uy = max(FEC,,,4_; — 0.5,0) (54)
Pfy = 10%-sum(u1? + us?)

where u; and u; represent the lower and upper deviations of the module FEC from the
admissible bounds, respectively, and Pf; denotes the associated hard penalty factor incor-
porated into the objective function. Equations (53) and (54) play a critical role in enforcing
energy balance across the battery modules. A tolerance margin of 0.1 between the lower
and upper FEC bounds is intentionally introduced to promote numerical stability and
smooth convergence, given the finite and discrete set of available cells across the three
considered chemistries.

The decision variables (highlighted in bold in Table 4) are defined per battery module
and collectively form a mixed-integer optimization vector. Module stack position is not
treated as an explicit variable but is implicitly determined by the ordering of individuals
within the chromosome representation.

6.3. Optimizer Selection

ACBS optimization is inherently a non-convex and multi-objective problem. To ad-
dress such a problem, the COF is structured to first obtain a Pareto-optimal solution set, in
which each candidate solution is considered optimal in the sense that improvement in any
one objective function ( f1 to f3) cannot be achieved without a simultaneous deterioration
in at least one of the remaining objectives.

The COF uses NSGA-II as the core optimizer due to its proven effectiveness in handling
non-convex multi-objective problems and its elitist selection mechanism, which ensures the
preservation of high-quality solutions across generations [43]. The sub-process, including
integer crossover and a mutation operator, are specifically adapted for mixed-integer
problems, as described in [55-57].

The initialization of the NSGA-II population plays a critical role in ensuring sufficient
exploration of the design space. It must incorporate a wide diversity of individuals. For
each battery module, three decision variables are defined, namely Ns, N, and ChemSel.

The stack position of the module is implicitly determined by the ordering of the
population chromosome and is not treated as a separate variable. This is illustrated in
Equation (55) for the first generation of a thirteen-level configuration, where the module
index reflects the relative vertical position within the stack. Using an ascending index
convention, lower indices correspond to lower stack positions.

LFP13S52P —1 NMC3152P -1 LFP2654P — 1
NMC1583P -2 LTO1553P — 2 LFP21S3P —2
ITO24S5P — 3 c11 NMC24S5P -3 c12 NMC24S5P -3 c13 (55)
LFP1351P — 4 LTO2951P — 4 LTO3151P — 4
NMC25S83P -5 LFP16S3P — 5 LTO16S3P —5
| NMC1954P — 6 LTO1954P — 6 LTO2354P — 6 |

where G171 — Gy3 correspond to the first three elements in generation-1 of the population.
Using the ascending order convention, the lowest order refers to the lowest stack position.
It means that the LFP module occupies the lowest position for G1; and Gy3, whereas LTO
occupies the top slot in Gy, G13. The number of stack positions and decision variables is
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determined by Nrp. Consequently, for MLC levels from 13 to 21, Nrg = {6,10}, whereas
the stack positions and decision variables are {18,31} and {6,10} respectively.

Since the energy demand for the hybrid ACBS is upper bound at 75 kWh per phase,
the initial population is generated such that all individuals satisfy this nominal energy
constraint in Table 4. A dedicated function was implemented to assign random values
to each decision variable, while ensuring that the aggregated contribution matches the
nominal energy demand.

The NSGA-II optimizer is configured using the five parameters summarized in
Equations (56)—(60).

PS = 5.Nvar V Nvar|P5<Psfmax (56)
Ps—max V NUQV‘PS>Psima:(

CP = 70% °|Simulatedbinary (57)

MP = (1 - CP) %‘Gaussiandistribution (58)

Tolerance =1 x 1073 (59)

Stall generation limit = 25 (60)

where Ps denotes the population size, and Ny, denotes the number of decision variables.
To ensure broad coverage of the design space, Ny, is scaled by a factor of 5, as shown in
Equation (56). Ps_ .y represents the maximum population size and is capped at 90. It limits
the computational complexity for fifteen- or higher-level MLCs, where Ny, > 18 and
Ps > Ps_pax. Cp and M, represent the crossover percentage and mutation rate respectively.
A high value of 70% is considered for C;, to promote recombination of good genes and speed
up the convergence. Smaller values where C, < 40% could reduce NSGA-II to random
search with little inheritance. M, = 30% maintains diversity without overwhelming the
crossover effect. For Gaussian distribution in the decision variables, a lower value prevents
premature convergence.

In addition to population size, the performance of NSGA-II depends on elitism, non-
dominated sorting, and crowding-distance evaluation. The elite count determines the
number of high-performing individuals preserved for subsequent generations, thereby
maintaining solution quality throughout the evolutionary process.

Finally, stopping criteria is employed to terminate the iterative process, either upon
reaching a stall generation limit of 25 or when the improvement across all three objective
functions falls below a tolerance threshold of 10~3, indicating convergence.

6.4. Final Selection Function

Once the iterative process is completed, a cluster of solutions is obtained for each MLC
configuration, corresponding to levels ranging from 13 to 21. An intermediate storage layer
stores these Pareto fronts for post-processing and comparative evaluation.

To identify a single globally optimal design from the aggregated Pareto fronts, a
weighted selection function is applied. The objective of this post-optimization selection is
to prioritize solutions with the lowest TCO while maintaining a balanced trade-off with
system efficiency and operational lifetime.

To ensure comparable scaling, TCO and Ly, are first normalized [0 — 1], using the
maximum values for each Pareto front and then the global selection criterion is expressed

as follows. fi(x)
x
TCOnorm = maxl(fl x)) (61)
_ B
Lyatt—norm = max(f3(x))
S = min [0 6(TCOnorm +0. 2(’75y5) +0 Lbatt normﬂ (62)
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where S denotes the scalar selection metric. A higher weight (60%) is assigned to the TCO to
reflect its dominant influence on S, whereas efficiency and lifetime are given smaller weights
of 20% each to account for operational performance and durability considerations. These
weighting factors are not fixed and can be re-tuned to align with alternative application
priorities or different techno—economic evaluation criteria.

7. Results and Discussion
7.1. Intermediate Pareto Fronts

This section presents the results of the COF for the hybrid ACBS. Figures 13-15
illustrate the Pareto fronts obtained for thirteen-, fifteen- and seventeen-level MLC configu-
rations respectively.

Pareto Front: TCO vs RUL (Color = Efficiency %)
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Figure 13. Pareto fronts based on intermediate solutions for thirteen-level MLC.
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Figure 14. Pareto fronts based on intermediate solutions for fifteen-level MLC.
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Figure 15. Pareto fronts based on intermediate solutions for seventeen-level MLC.

The Pareto fronts for a thirteen-level MLC yields four distinct clusters (cluster-1 to
cluster-4) as reflected in Figure 13. Cluster-1, which forms the first front, consists of six
combinations in total. This cluster is characterized by low TCO (reflected by downward
trend along the vertical axis), high efficiency (denoted by red coloration), and longer lifetime
(indicated by a rightward position along the horizontal axis).

Ideally, these matrices converge towards the lower-right region of the graph. How-
ever, none of the candidate solutions lie exactly within this ideal region, as is clear from
Figure 13. One of the six combinations in cluster-1 lies in the lower right region of the
graph, corresponding to low TCO and high efficiency but comparatively lower lifetime.
The remaining five combinations are positioned towards the lower central region, reflecting
higher lifetime but comparatively average TCO. It can also be seen that the combination in
cluster-3 (: not cluster-1) corresponds to lowest TCO.

The five combinations are excluded once the selection criteria in Equation (62)
is applied, as the weighting factors prioritize the lowest TCO. The solution with the
minimum weighted score is retained as the representative design for the thirteen-level
MLC configuration.

Figure 14 depicts the Pareto fronts (four clusters) for a fifteen-level MLC, where most
of the combinations are concentrated towards the lower left and central region. In the case
of a seventeen-level MLC, the combinations are pushed to the lower left region, as reflected
in Figure 15. It means the high lifetime solutions are less favored by the NSGA-II as the
number of MLC levels increases beyond fifteen. A similar selection procedure is applied
to the Pareto fronts obtained for nineteen- and twenty-one-level MLC configurations. For
each MLC-level configuration, one representative intermediate solution is selected and
stored in the intermediate solution database.

Figure 16 depicts the battery chemistry allocation for different MLC levels. The
illustration reveals a trend in chemistry allocation as the number of voltage levels increases.
For Ny c < 17, LFP modules predominantly occupy the lower stack positions, while
NMC modules are preferentially placed in the upper positions. As the number of MLC
levels increases beyond seventeen, NMC modules appear more frequently in both lower
and upper stack positions. This is primarily due to the lower NMC cell capacity (66 Ah)
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compared to LFP (150 Ah), which is favored by NSGA-II in meeting the voltage and energy
constraint as the module count increases.

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

11 13

15

17 19

MLC LEVELS

Figure 16. Battery chemistry allocation for different MLC levels.

21

mLTO

m NMC

HLFP

Table 5 presents an overview of the intermediate selection per MLC level for

Numrc 11 to 21. For each configuration, the solution consists of the nominal module config-

uration (series/parallel cell combinations), module OCYV, capacity, and DC port positioning.
The resulting cumulative DC voltage (V) and nominal energy (kWh) of the pack are also
reflected for each solution.

Table 5. Combination among HP /HE chemistries in the hybrid ACBS.

Nupic, Cell Chem, N..N Viom Enoa Excss Vbc
(NEB) [Stack Pos] s V) (kWh) kWh V)
LFP [1], [2] 2552P, 20S2P 80, 64 19.7,17.1
11, (5) NMC [3] 2033P 66 13.95 70.5 349
LTO [4], [5] 30S5P, 2854P 69, 64 11.7,8.1
LFP [1], [2] 18S2P, 14S2P 57.6,44.8 17.4,15.6
13, (6) NMC [3], [4], [5], 18S3P, 1253P, 1852,  66.6, 44.4, 66.6, 13.1,10.8, 8.7, 70.9 349
[6] 14S2P 65 5.1
LTO [-] - ] :
LFP [1], [2], [3] 1652P, 1452P, 1252P  51.2,44.8, 38.4 15,13.7,11.9
15, (7) NMC [4], [5], [6], 1852P, 16S2P, 14S2P,  66.6,59.2,51.4, 10192 63 4 70.98 356.4
7] 12S1P 44.8 2 03
LTO () ; - ;
LFP[1],[2],[3]  16S2P, 14S2P, 12S2P  51.2,44.8,384 154,134,115
17, (8) NMC [4], [5], [6], 1852P, 1652P, 14S2P,  66.6,59.2, 51.8, 68.9 378.9
7] 10S1P 370 8.8,7.9,6.8,3.44
LTO [8] 1352P 29.9 1.95
LFP [1], [2] 16S2P, 1353P 51.2,41.6 15.3,18.7
19, (9) NMC [3], [4], [5], 11S2P, 1752P, 1652P,  40.7,62.9,59.2, 54,8.3,7.8, 6.84, 71.6 399.6
[6], [7] 14S2P, 10S1P 51.8,37.0 2.44
LTO [8], [9] 1352P, 11S3P 29.9,25.3 0.96,1.2
LFP [1] 1652P 51.2 15.3
21, (10) 13S3P, 11S3P, 11S3P,  48.1,40.7,40.7, 11.52, 8.1, 8.05, 70.33 398.6
N[l;/;c[6[]2],[7[i],[§jl], 1252P, 10S3P, 1252P,  44.7,33.0, 44 4, 7.86,7.2,5.86,
i 10S1P 37 2.44
LTO [9], [10] 21S2P, 21S2P 29.9,25.3 0.97,1.22
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Figure 17 reflects the levelized TCO, CAPEX and OPEX distribution for different MLC
levels. It can be seen that the OPEX gradually decreases as the MLC levels increase from
eleven to twenty-one. It is mainly attributed to the reduction in lost energy, which in turn
results in lower costs over the lifetime.

m Life cycle TCO (€/kWh)  m CAPEX (€/kWh)  m OPEX (€/kWh)

1000
800
600
400
i
A
11 13 15 17 19 21

MLC levels

Figure 17. Life-cycle TCO, CAPEX and OPEX as function of MLC levels.

7.2. Global Optimal Solution

Table 6 presents the system-level performance metrics, namely normalized life-cycle
TCO/kWHh, system efficiency, and lifetime for the intermediate solutions associated with
each MLC configuration. The results indicate that increasing the number of MLC levels does
not monotonically improve economic or lifetime performance. While higher-level MLC
configurations generally improve efficiency due to reduced switching losses, they also intro-
duce a higher component count, which adversely impacts CAPEX and lifetime utilization.

Table 6. System-level performance metrics.

Intermediate . . o Life-Cycle R
Solutions Group Efficiency (%) TCO (€/kWh) Lifetime (Years)
G1 (Nyrc =11) 89.3 772.83 50.49

G2 (Nyrc = 13) 90.3 764.04 41.49

G3 (Nyrc =15) 89.7 958.8 33.4

G4 (Nppc =17) 88.7 801.5 41.89

G5 (Nprec =19) 91 790.5 11.5

G6 (Nprc =21) 93.9 774.0 18.8

To determine the global optimal solution across all MLC configurations, the final
selection function defined in Equation (62) is reapplied to the set of intermediate solutions
listed in Table 5. Based on the minimum weighted score, Group G2, corresponding to the
thirteen-level MLC configuration, is identified as the global optimal design as highlighted
in Table 6. This solution achieves the lowest normalized life-cycle TCO while maintaining
high system efficiency and acceptable lifetime.

FEC Evolution

The global solution G2 consists of two HE and four HP modules for the ACBS with
a thirteen-level MLC configuration. The two HE modules are connected to the lower DC
ports at stack positions 1 and 2, while the four HP modules occupy positions 4 through 6,
as summarized in Table 7. The HE group is based on LFP chemistry, whereas the HP group
consists of NMC modules.
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Table 7. FEC evolution for the global solution.
HE HP Echg Edischg Einoa Egrid
ACBS DC Port Modules Modules kWh kWh RE kWh kWh
1 LFP - 9.38 6.43 0.4 17.42
2 LFP - 8.32 5.69 0.39 15.62
Numic = 3 - NMC 7.18 491 0.41 13.17 Echg3 38
13 4 - NMC 5.97 4.082 0.42 10.8 Eaiscng: 26
5 - NMC 457 3.12 0.37 8.7
6 - NMC 2.59 1.768 0.36 5.1

The charging and discharging energy distribution of all the modules indicates that the
HE modules, owing to their higher nominal energy capacity, contribute more than the HP
modules. Nevertheless, the average FEC remains approximately 0.4 across all modules (as
highlighted in Table 7), demonstrating a uniform SoC variation and minimal imbalance
between the HP and HE modules.

7.3. Comparative Analysis

To benchmark the proposed hybrid ACBS against a conventional non-hybrid, single-
chemistry configuration, a baseline comparison is conducted for the thirteen-level ACBS
architecture. The reference configuration is first evaluated using a hybrid set of six battery
modules (two LFP and three NMC), with the corresponding Ns, Ny, and stack position
indices extracted from Table 5. The analysis is subsequently repeated for six-module
configurations employing a single-chemistry LFP, NMC, and LTO, respectively, while
maintaining identical converter and operating conditions. The comparative results are
reflected in Figure 18.

Efficiency (%) Lifetime (years)
94%
94% 60
55
2% 910 50
o%
45
90% 89% 41 40.5
° 40
88% 35
LFP  NMC LTO Hybrid LFP NMC LTO Hybrid
(a) (b)
Life cycle TCO (€/kWh) Oversizing
1100 25%
1100 20%
20%
900 795 15%
700 10% °
500
) 0%
LFP NMC LTO Hybrid )
LTO Hybrid
(c) (d)

Figure 18. Comparative analysis of proposed ACBS vs. non-hybrid configuration for 13-level MLC
(a) Efficiency, (b) Lifetime, (c) Life-cycle TCO, (d) Oversizing.
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The hybrid configuration (encircled in the plots) demonstrates superior performance in
terms of life-cycle TCO, as shown in Figure 18c. The hybrid ACBS achieves a TCO reduction
of approximately 20% compared to the single-chemistry LTO-only configuration and about
5% relative to the LFP-only solution. In addition, oversizing requirements are reduced by
nearly 5% and 10% when compared to the LFP and LTO-only configurations, respectively.

Among the single-chemistry cases, the LTO-based system achieves the highest effi-
ciency and the longest lifetime when compared to LFP, NMC, and the hybrid configuration.
This behavior is primarily attributed to the lower internal impedance and inherently higher
cycle life of LTO cells. However, these benefits come at the expense of increased sys-
tem cost, which makes the LTO-based configuration the most expensive among all the
evaluated designs.

7.4. Sensitivity Analysis

The proposed optimization framework does not always yield a combination of hybrid
battery modules for the ACBS designs. Depending on the operating conditions, a single-
chemistry solution may outperform both dual and hybrid configurations. This behavior is
primarily influenced by (i) changes in the mission profile where either HP or HE delivery
is required but not concurrently, (ii) changes in electricity tariff structures, which have a
significant impact on system OPEX and (iii) variations in the weighting factors used in
the final selection function. Since the mission profiles and electricity tariffs are defined
based on realistic operating scenarios, a sensitivity analysis is conducted with respect to
the weighting factors in the final selection function defined in (62), as expressed below
S = min/max [a'(TCOnorm> + b~(77$ys) + C'(Lbuttfnorm)] } (63)

a+b+c=100

where 4, b, and ¢ denote the weighting coefficients assigned to the normalized TCO, system
efficiency, and normalized battery lifetime, respectively. Prioritization of battery lifetime
means ¢ > a,b. Applying Equation (63) to the intermediate Pareto fronts, the solution with
maximum value is selected.

Figure 19 illustrates the sensitivity results for the case where lifetime is emphasized
(c = 0.6), while the weights associated with TCO and efficiency are fixed ata = b = 0.2.
Under this weighting scheme, LFP modules are progressively phased out as the number of
MLC levels increases, and LTO modules emerge as dominant chemistry, reflecting their
superior lifetime characteristics under lifetime-oriented optimization objectives.

100%
80%
60%
60% 70% 70%
o BLTO
40% ENMC
u LFP
20% 40%
30% 30%
0%
11 13 15 17 19 21

MLC LEVELS

Figure 19. Battery chemistry allocation for different MLC levels in “lifetime emphasized” scenario.
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Figure 20 presents the sensitivity results for the case in which all weighting factors
are assigned equal importance (@ = b = ¢ = 0.33). Under this balanced weighting scheme,
NMC modules emerge as the dominant chemistry

100%

80%

60% LTO
]

100% 100% 100% 100%

40% ENMC
mLFP

20%

0%

11 13 15 17 19 21
MLC LEVELS

Figure 20. Battery chemistry allocation for different MLC levels for “all balanced” scenario.

This outcome reflects the favorable trade-off offered by NMC cells, which provide
a balanced combination of cost, energy density, efficiency, and cycle life when no single
objective is prioritized. Consequently, NMC becomes the preferred choice when techno-
economic performance and lifetime considerations are weighed uniformly.

8. Conclusions

Hybrid AC battery systems (ACBSs) constitute an efficient stationary BESS configu-
ration by enabling simultaneous HP and HE operation through multiple DC-side ports.
However, the strong coupling between battery modules and power electronic components,
together with grid compliance and power-quality constraints, substantially increases de-
sign complexity and often results in conservative oversizing and elevated total cost of
ownership (TCO).

To address these challenges, this paper presented a co-design optimization frame-
work (COF) for the integrated sizing and selection of battery modules, power electronic
components, and MLC architecture in the hybrid ACBS.

The proposed work develops multi-fidelity co-simulation models for LFP-, NMC-,
and LTO-based battery chemistries together with MLC-based power electronic conversion
systems, capturing electrochemical behavior and conversion losses, and thereby enabling
fast and accurate techno-economic evaluation under realistic grid-service profiles.

By embedding these models within a multi-objective NSGA-II optimization process,
the framework jointly optimizes battery sizing for HP and HE modules, using cells from
three different chemistries, DC port allocation of HP /HE modules that lead to the same
FEC, and MLC voltage level selection while explicitly enforcing grid-side power quality
and operational constraints.

Comparative simulation results clearly demonstrate the quantitative benefits of hy-
bridization and co-design over conventional single-chemistry ACBS configurations.

Relative to non-hybrid baselines, the optimized hybrid solutions achieve life-cycle
TCO reductions of 3.5%, 4.5%, and 20% when compared against LFP-, NMC-, and LTO-
based systems, respectively. These gains are primarily driven by the complementary
utilization of HP and HE chemistries, which enables more effective allocation of power
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and energy duties, improved system-level efficiency, and reduced degradation through
balanced module utilization.

In addition, the results reveal that increasing the number of MLC voltage levels
does not yield a monotonic improvement in techno—economic performance. Although
higher MLC levels reduce switching losses and enhance conversion efficiency, the asso-
ciated increase in component count can offset these benefits. The proposed co-design
framework successfully captures these trade-offs and identifies a globally optimal ACBS
configuration that balances efficiency, cost, and lifetime, rather than relying on heuristic
voltage-level selection. Overall, the presented framework provides a unified and scal-
able tool for the optimal design of the hybrid ACBS, significantly reducing manual itera-
tions. By accounting for mixed-chemistry operation, module-level energy imbalance, and
converter-battery coupling effects, this work establishes a robust foundation for the design
of next-generation grid-connected battery systems capable of supporting value-stacked
grid services.

9. Future Work

The proposed co-design optimization framework can be further extended in several
directions to enhance its generality. First, the present study considers deterministic mission
profiles representative of HP- and HE-based grid services. Future work can stack additional
services such as self-consumption from co-located solar/wind plants with stochastic and
time-varying profiles to account for uncertainties in dispatch patterns. Second, the power
electronic conversion stage is evaluated under level shifted carrier-based fixed modulation
strategy. Future studies can investigate adaptive modulation schemes to further assess
trade-offs among efficiency, power quality, harmonic distortion, and reliability. In addition,
the framework can be expanded to include second-life battery modules and sustainability-
related constraints such as recyclability and supply-chain impacts.
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Nomenclature

Notation Description

EU European Union

BESS Battery Energy Storage System

Li-ion Lithium-ion

TCO Total Cost of Ownership for the System
PECS Power Electronic Conversion System
BMS Battery Management System

SoC State of Charge

SOA Safe Operating Area
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MLC Multilevel Converter

VSI Voltage-source Inverter

CHB Cascaded H-bridge

CAPEX Capital Expenditure

HP High Power

HE High Energy

FCR Frequency Containment Reserve

FRR Frequency Restoration Reserve

LCO Lithium Cobalt Oxide

LMO Lithium Manganese Oxide

LFP Lithium Iron Phosphate

NCA Lithium Nickel Cobalt Aluminum Oxide
LTO Lithium Titanate Oxide

NMC Lithium Nickel Manganese Cobalt Oxide
GA Genetic Algorithm

NSGA Non-dominated Sorting Genetic Algorithm
COF Co-Optimization Framework

THD Total Harmonic Distortion

BPSO Binary Particle Swarm Optimization

Ah Ampere hour

TSO Transmission System Operator

DoD Depth of Discharge

ocv Open Circuit Voltage

FEC Full Equivalent Cycle

CCT Climate Control Testing

C-rate Normalized Charge and Discharge Current
Lofi Low-Fidelity

SM Submodule

RMS Root Mean Square
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