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Abstract

The growing deployment of electric vehicles requires battery management systems that
maintain cell uniformity while reducing hardware complexity and improving energy ef-
ficiency. Many cell-balancing methods rely on converter-based architectures and remain
validated only through simulation. This study experimentally validates a previously
published adaptive recombination strategy using a prototype with second-life Panasonic
NCR18650PF lithium-ion cells. The system employs dynamic series-parallel reconfigura-
tion, relay-based switching, isolated voltage monitoring, and adaptive control to redis-
tribute energy without dedicated balancing converters. Six test cases were evaluated under
resting, charging, and discharging conditions using simultaneous and sequential schemes.
Complete balancing was achieved in all test cases within the measurement resolution of
the prototype. The experiments reproduced the main balancing mechanisms predicted by
simulation, particularly under resting and discharging conditions, while also revealing
practical deviations under charging operation. These deviations indicate that real current-
sharing behavior, cell aging, contact resistance, wiring losses, and measurement constraints
can influence recombination performance in ways not fully captured by ideal simulation
models. The study therefore provides first-stage hardware evidence for the feasibility of
adaptive recombination balancing and identifies key implementation requirements for
future real-time, safety-rated, and scalable BMS development. This research contributes to
SDG 7 by supporting improved lithium-ion battery utilization and energy efficiency for
sustainable electric mobility.

Keywords: battery management system; lithium-ion battery; cell-balancing; adaptive
recombination; reconfigurable battery system; second-life battery; electric vehicle

1. Introduction
The global transition toward electrified transportation has accelerated significantly

during the past decade, driven by decarbonization initiatives, advances in energy-storage
technologies, and increasing governmental support for sustainable mobility [1,2]. Electric
vehicles (EVs) have evolved from niche transportation products into a major component
of modern transportation infrastructure, with global EV sales continuing to grow despite
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fluctuations in regional economic conditions [3,4]. Global electric vehicle landscape based
on data reported in the IEA Global EV Outlook 2026, presents the continued acceleration of
transportation electrification worldwide [5]. This rapid expansion has intensified demand
for rechargeable battery systems, placing lithium-ion batteries (LIBs) at the center of con-
temporary energy-storage research due to their high energy density, long cycle life, and
favorable power characteristics [6,7].

As battery packs increase in capacity and complexity, battery management systems
(BMSs) have become essential for ensuring operational safety, reliability, and perfor-
mance [8,9]. A typical EV battery pack consists of numerous individual cells connected in
series and parallel configurations to achieve the required voltage and energy capacity [10].
Manufacturing tolerances, aging mechanisms, temperature gradients, and operating con-
ditions inevitably introduce variations among cells, resulting in state-of-charge (SoC),
capacity, and internal resistance imbalances [11]. If left unmanaged, these imbalances can
reduce usable pack capacity, accelerate degradation, increase thermal stress, and shorten
battery service life [12–14].

Cell-balancing is therefore recognized as one of the most critical functions of a modern
BMS [15]. Existing balancing approaches are commonly classified as passive or active
methods [10]. Passive balancing dissipates excess energy through resistive elements and
offers simplicity and low cost but suffers from energy losses and thermal inefficiencies [16].
Active balancing techniques improve energy utilization by transferring charge among cells
through capacitive, inductive, transformer-based, or converter-assisted topologies [17–20].
Although active methods can achieve superior balancing performance, they often intro-
duce additional hardware complexity, increased component count, higher cost, and more
challenging control requirements [21,22]. These trade-offs become increasingly significant
when balancing large battery packs intended for commercial transportation applications.

To address these limitations, numerous researchers have investigated reconfigurable
battery architectures capable of dynamically altering electrical interconnections among
cells [23,24]. Such approaches aim to improve balancing effectiveness while reducing re-
liance on dedicated energy-transfer circuits. Among these emerging strategies, an adaptive
cell recombination approach was previously proposed by the authors, in which battery cells
are dynamically reconfigured through a relay-based architecture to promote natural charge
redistribution under charging, discharging, and resting conditions [25]. The original study
demonstrated the theoretical feasibility of the concept through simulation-based investiga-
tions and reported promising balancing performance across multiple operating scenarios.

Despite the encouraging simulation results reported in the previous work, a significant
research gap remains between theoretical validation and practical implementation. Simu-
lation environments typically assume ideal switching behavior, negligible wiring losses,
perfect measurements, and uniform cell characteristics. In contrast, real battery systems are
affected by relay switching delays, sensor uncertainty, contact resistance, voltage relaxation
effects, cell aging, and numerous non-ideal phenomena that can substantially influence
balancing performance. Consequently, simulation results alone are insufficient to establish
the practical feasibility of a balancing strategy intended for real-world deployment.

A review of the available literature reveals that experimental validation studies fo-
cusing on adaptive reconfigurable balancing architectures remain comparatively limited.
While many publications present simulation-based analyses, relatively few demonstrate
complete hardware implementation and experimental verification under realistic operat-
ing conditions. This lack of practical validation restricts the ability to assess scalability,
implementation challenges, control behavior, and real-world balancing effectiveness.

The present study addresses this gap by experimentally validating the previously
published adaptive cell recombination balancing model using a custom-developed hard-
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ware prototype. The prototype was constructed using commercially available components
and second-life Panasonic NCR18650PF lithium-ion cells representative of cells commonly
deployed in e-mobility applications. Experimental investigations were conducted under
resting, charging, and discharging conditions using multiple balancing scenarios to evalu-
ate the effectiveness of the proposed architecture. The experimentally observed balancing
behavior is subsequently compared with previously published simulation results to assess
the degree of agreement between theoretical predictions and physical implementation.

The primary contribution of this work is the successful transition of the adaptive
cell recombination balancing concept from simulation to hardware realization. Beyond
validating the balancing strategy itself, the study provides practical insights into proto-
type development, switching implementation, measurement considerations, operational
limitations, and the use of second-life lithium-ion cells for sustainable battery research.
The findings contribute to the growing body of knowledge on reconfigurable battery man-
agement architectures and provide a foundation for future investigations involving larger
battery systems, advanced control strategies, and real-world EV applications.

2. Background and Motivation
The development of modern electric vehicles has been closely linked to advances

in battery technology [26,27]. Early electrified transportation systems relied primarily
on lead–acid and nickel-based batteries [28], which were limited by low energy density
and relatively short cycle life [29–32]. The commercialization of lithium-ion batteries
transformed the EV industry by enabling substantially higher energy density, improved
power capability, longer service life, and reduced weight, thereby supporting the large-scale
deployment of modern electric vehicles [33–36].

Among contemporary battery technologies, lithium-ion batteries remain the dominant
energy-storage solution for EV applications due to their favorable balance of energy density,
efficiency, cycle life, and technological maturity [7,37]. Various lithium-ion chemistries,
including lithium nickel manganese cobalt oxide (NMC), lithium nickel cobalt aluminum
oxide (NCA), lithium iron phosphate (LFP), and lithium manganese oxide (LMO), are
currently employed across different vehicle segments depending on performance, cost,
and safety requirements [38–42]. Commercial EV batteries are commonly manufactured
in cylindrical, prismatic, and pouch-cell formats, each offering distinct advantages in
packaging flexibility, thermal management, and manufacturing scalability [40,43]. The
Panasonic NCR18650PF cells utilized in this study represent a widely adopted cylindrical
lithium-ion format that has been extensively deployed in practical e-mobility applications.

Recent battery pack development trends have increasingly emphasized Cell-to-Pack
(CTP) and Cell-to-Chassis (CTC) integration strategies, which reduce structural over-
head and improve volumetric energy density by minimizing intermediate module compo-
nents [44–47]. Simultaneously, the continuous increase in battery pack capacity and cell
count has significantly elevated the complexity of battery management functions [48,49].
Modern EV battery systems therefore rely on sophisticated BMS to monitor cell volt-
ages, currents, temperatures, and state variables while ensuring safe and efficient oper-
ation [50,51]. The evolution of battery technologies, cell formats, and pack architectures
has progressively increased the importance of advanced battery management functions,
particularly cell-balancing strategies, which are essential for maximizing energy utilization,
maintaining safety, and extending battery service life [20,37,52].

Tesla and Rivian predominantly employ cylindrical cell designs to achieve high en-
ergy density, scalability, and effective thermal management [53,54], whereas BYD utilizes
its Blade battery architecture to enhance safety and structural integration through LFP
chemistry [55]. Porsche adopts pouch cells to support high-performance and fast-charging
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applications [56], while CATL’s Cell-to-Pack (CTP) architecture improves packaging effi-
ciency by reducing module-level components [45,57]. Similarly, Lucid employs high energy
density cylindrical cells to maximize vehicle range and overall energy efficiency [58].

2.1. Lithium-Ion Cell-Balancing in EV Battery Packs

The rapid global adoption of EVs has significantly increased the demand for high-
capacity lithium-ion battery systems [59]. Modern EV battery packs typically consist of
hundreds to thousands of individual cells connected in series and parallel configurations
to achieve the voltage and energy requirements necessary for vehicle propulsion [60].
The performance, safety, and service life of these battery packs depend not only on the
characteristics of individual cells but also on the ability of the BMS to maintain uniform
operating conditions across all cells [61–63].

Despite advances in cell manufacturing, battery cells inevitably exhibit variations in
capacity, internal resistance, self-discharge rate, and thermal characteristics [64]. These
differences originate from manufacturing tolerances and become increasingly pronounced
during long-term operation due to uneven aging, temperature gradients, and cycling
history [65,66]. Consequently, cells within the same battery pack gradually diverge in SoC,
resulting in cell imbalance [67,68].

Cell imbalance directly affects battery pack utilization because the weakest cell de-
termines the allowable charging and discharging limits of the entire pack [10]. During
charging, cells with higher SoC may reach their upper voltage limit earlier than others,
forcing charge termination before the remaining cells become fully charged [69–75]. Simi-
larly, during discharge, weaker cells may reach their lower-voltage threshold prematurely,
reducing the usable energy available from the pack [75–78]. Persistent imbalance may also
accelerate degradation mechanisms, increase thermal stress, and adversely affect battery
safety and reliability [79–82].

To address these challenges, cell-balancing functions are integrated into modern BMS
architectures. The primary objective of cell-balancing is to minimize SoC differences among
cells, thereby maximizing usable capacity, improving energy utilization, extending battery
lifetime, and enhancing operational safety [67]. As EV battery systems continue to increase
in capacity and complexity, efficient balancing strategies have become an increasingly
important research topic.

2.2. Existing Cell-Balancing Technologies

A wide range of battery-balancing methods have been proposed in the literature.
These techniques are generally categorized into passive balancing and active balancing
approaches [10]. Passive balancing dissipates excess energy from higher-voltage cells
through resistive elements until lower-voltage cells reach similar charge levels. Owing to
its simplicity, low cost, and ease of implementation, passive balancing remains widely used
in commercial battery systems. However, the approach inherently wastes energy as heat
and becomes increasingly inefficient for large-capacity battery packs [16,17].

Active balancing methods seek to redistribute energy among cells rather than dissi-
pating it. Various active balancing architectures have been reported, including switched-
capacitor, inductor-based, transformer-based, and converter-based topologies [17]. These
methods generally achieve higher balancing efficiency and improved energy utilization
compared with passive balancing. Nevertheless, such improvements are often accompa-
nied by increased hardware complexity, higher component count, sophisticated control
requirements, and additional implementation cost [10,83–86].

As battery pack size increases, scalability becomes a critical consideration. The re-
quirement for multiple energy-transfer components, gate drivers, magnetic elements, and
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sensing circuits may significantly increase system complexity, particularly in high-cell-count
battery packs [85]. Consequently, balancing architectures that can achieve effective charge
redistribution while minimizing hardware requirements has attracted increasing research
attention. Table 1 summarizes the major characteristics of commonly reported balancing
approaches. Recent research trends have therefore shifted toward reconfigurable battery
architectures, where balancing is achieved through dynamic modification of cell intercon-
nections rather than relying solely on dedicated energy-transfer circuitry [15,17,83,86].

Table 1. Qualitative comparison of representative cell-balancing methods in existing literature.

Balancing Method Advantages Limitations

Passive balancing Simple implementation, low cost, high reliability Energy dissipated as heat, low efficiency

Switched-capacitor
balancing Moderate efficiency, relatively simple structure Limited balancing speed, voltage-dependent transfer

Inductor-based
balancing Higher balancing efficiency, direct energy transfer Increased component count and control complexity

Converter-based
balancing Flexible energy-transfer pathways, high efficiency High cost, complex control and power electronics

Reconfigurable
balancing Reduced dedicated transfer hardware, scalable architecture Switching coordination and control challenges

2.3. Need for Hardware-Light Balancing Architectures

The increasing size and complexity of EV battery packs have intensified the need
for balancing strategies that can achieve high effectiveness without imposing substan-
tial hardware overhead [15,87,88]. While many active balancing approaches demonstrate
promising performance under simulation conditions, practical implementation often re-
quires numerous power electronic components, sensing channels, and control circuits.
Such requirements increase system cost, assembly complexity, maintenance burden, and
potential failure points [17,89].

Reconfigurable battery architectures have emerged as a promising alternative because
balancing can be accomplished through controlled reconfiguration of electrical connections
among cells. Instead of continuously transferring energy through dedicated converters or
magnetic elements, these architectures utilize switching networks to dynamically modify
series and parallel relationships between cells. This approach potentially reduces the
number of power-conversion stages while maintaining balancing capability [23,24,90–93].

Among these approaches, adaptive recombination-based balancing strategies have
demonstrated particular promise. By selectively reconfiguring cell interconnections according
to the instantaneous SoC distribution, balancing energy can be exchanged directly among
cells through controlled topology changes. Such architectures offer the possibility of reducing
hardware complexity while simultaneously improving balancing effectiveness [25,83,94,95].

The adaptive recombination strategy investigated in this study belongs to this class
of reconfigurable balancing methods and was previously introduced through simulation-
based analysis. However, the practical feasibility of implementing the concept using real
battery cells and commercially available hardware remained unverified.

2.4. Second-Life EV Cells and Experimental Research Constraints

The growing deployment of EVs has also generated increasing interest in second-life
battery utilization [96–98]. Battery packs removed from automotive service typically retain
a significant proportion of their original capacity, commonly ranging between 70% and
80% state-of-health (SoH) [99–101]. Although such batteries may no longer satisfy the
stringent performance requirements of automotive applications, they remain suitable for
numerous secondary applications and research activities [102–105].
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Second-life lithium-ion cells provide a realistic platform for investigating battery
management strategies because they inherently exhibit non-uniform aging characteris-
tics, capacity variation, and internal resistance differences [83,106]. These characteristics
closely resemble practical operating conditions encountered in real-world battery sys-
tems. Consequently, experimental validation using second-life cells can provide more
representative results than investigations performed exclusively using idealized or newly
manufactured cells.

At the same time, the use of second-life cells introduces several experimental chal-
lenges. Cell-to-cell variability increases uncertainty in balancing behavior, state estimation
becomes more difficult, and degradation-related effects may influence energy redistribution
mechanisms. Additional practical considerations include measurement accuracy, voltage
relaxation phenomena, switching delays, wiring resistance, contact resistance, and environ-
mental influences. These factors are frequently neglected in simulation environments but
may significantly affect real-world balancing performance.

To provide a realistic assessment of practical implementation feasibility, this study
employs second-life Panasonic NCR18650PF lithium-ion cells retired from previous EV
applications. The selected cells represent commercially relevant EV-grade battery technol-
ogy while simultaneously introducing realistic variability conditions that are valuable for
experimental validation.

2.5. Research Gap and Study Motivation

Although extensive research has been conducted on lithium-ion battery cell-balancing
techniques, a substantial portion of the literature remains limited to simulation-based vali-
dation. Simulation studies are useful for developing control logic, comparing theoretical
balancing behavior, and evaluating different circuit topologies under controlled assump-
tions. However, simulation models often assume ideal switching behavior, negligible
wiring and contact resistance, accurate cell-state information, uniform cell characteristics,
and simplified protection constraints. These assumptions are necessary during early model
development, but they do not fully represent the practical conditions encountered during
hardware implementation. Therefore, experimental validation remains an important inter-
mediate step for determining whether a proposed balancing strategy can physically operate
using real cells, switching devices, sensing circuits, interconnections, and control hard-
ware. To clarify the position of the present work within the existing hardware-validated
literature, Table 2 provides a quantitative comparison with representative cell-balancing
studies that included hardware implementation. The comparison considers hardware
validation scale, switching-device requirement, power-converter requirement, supporting
circuitry, operating-condition coverage, validation scope, excluded scope, and direct EV
deployment readiness.

Table 2. Quantitative comparison with representative hardware-validated balancing studies.

Balancing
Study

Hardware
Validation

Scale
(N)

Switches
(and Driver
Circuitry)

Power
Converter
(and HFS
Circuitry)

Other
Circuitry

Test
Coverage

Hardware
Validation
In-Scope

Hardware
Validation

Out-of-Scope

Direct EV
Deployment

Readiness

Cell Bypass
Switching

[107]

6-cell
(LiPo)

module

12 Nos
MOSFET

(2N)
No

Passive components;
voltage monitoring IC

circuits
Discharging

Proposed
model’s cell
balancing
capability

Measurement
accuracy;

safety
protections

Not ready;
laboratory
prototype

Multi
Winding

Transformer
[108]

6-cell
(LiFePO4)

module

20 Nos
MOSFET
(4N − 4)

5 Nos
(N − 1)

Passive components;
voltage and current

monitoring IC
circuits

Resting

Proposed
model’s cell
balancing
capability

Measurement
accuracy;

safety
protections

Not ready;
laboratory
prototype
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Table 2. Cont.

Balancing
Study

Hardware
Validation

Scale
(N)

Switches
(and Driver
Circuitry)

Power
Converter
(and HFS
Circuitry)

Other
Circuitry

Test
Coverage

Hardware
Validation
In-Scope

Hardware
Validation

Out-of-Scope

Direct EV
Deployment

Readiness

Push–Pull
Converter

[109]

12-cell
(Li-ion)
module

24 Nos
Relay
(2N)

1 Nos
Passive components;

voltage monitoring IC
circuits

Charging
Discharging

Resting

Proposed
model’s cell
balancing
capability

Measurement
accuracy;

safety
protections

Not ready;
laboratory
prototype

Independent
Cell-Level
Charging

[72]

10-cell
(Li-ion)
module

40 Nos
Relay
(4N)

10 Nos
(N)

Passive components;
boost PFC components;

voltage and current
sensor

circuits; cell-level
charging circuits

Charging

Proposed
model’s cell
balancing
capability

Measurement
accuracy;

safety
protections

Not ready;
laboratory
prototype

Bidirectional
Cuk

Converter
[110]

7-cell
(Li-ion)
module

12 Nos
Relay

(2N − 2)

6 Nos
(N − 1)

Passive components;
voltage, current, and

temperature
measurement circuits

Charging
Discharging

Resting

Proposed
model’s cell
balancing
capability

Measurement
accuracy;

safety
protections

Not ready;
laboratory
prototype

Dynamic
Bypass
[111]

120-cell
(NMC)
module

240 Nos
MOSFET

(2N)
No

Passive components;
coulomb-counting SoC
measurement circuits;

safety elements

Charging
Discharging

Cell
balancing;

EV traction
safety

protection

Measurement
accuracy

validation;
automotive-

grade
protection

Close to
EV-readiness; EV

traction
prototype; not

production ready

Flyback
Converter

[112]

4-cell
(Li-ion)
module

8 Nos
MOSFET

(2N)

4 Nos
(N)

Passive components;
voltage and current

measurement
circuits

Charging
Discharging

Resting

Proposed
model’s cell
balancing
capability

Measurement
accuracy;

safety
protections

Not ready;
proof-of-
concept

prototype

Hybrid
Duty-Cycle

[113]

4-cell
(Li-ion)
module

8 Nos
MOSFET
and 4 Nos

Relay
(3N)

4 Nos
(N)

Passive components;
voltage and current

measurement
circuits

Discharging

Proposed
model’s cell
balancing
capability

Measurement
accuracy;

safety
protections

Not ready;
laboratory
prototype

Active
Bypass

[24]

324-cell
(NMC)
module

1944 Nos
MOSFET

(6N)
No

Passive components;
advanced cell-profile

monitoring equipment;
advanced safety

components

Charging

Cell
balancing;

measurement
accuracy;

safety
protections

-

EV-ready; full
scale prototype;

system
commissioning

and safety testing
performed; very

close to
production
readiness

Active
Indepen-

dent
Charging

[114]

23-cell
(LiFePO4)

module

56 Nos
MOSFET
(2N + 5)

2 Nos

Passive components;
voltage monitoring
circuits, basic safety

components

Charging

Proposed
model’s cell
balancing
capability

Measurement
accuracy;

safety
protections

Not ready;
laboratory
prototype

Proposed
Study

5-cell
(Li-ion)
module

8 Nos
Relay

(2N − 2)
No

Passive components;
voltage monitoring

circuits

Charging
Discharging

Resting

Proposed
model’s cell
balancing
capability

Measurement
accuracy;

safety
protections

Not ready;
proof-of-
concept

prototype

As shown in Table 2, hardware validation of cell-balancing concepts is commonly per-
formed using small or medium scale battery modules rather than full-scale EV battery packs.
Several representative studies validated their proposed approaches using 4-cell [112,113],
6-cell [107,108], 7-cell [110], 10-cell [72], or 12-cell [109] models. Therefore, laboratory-scale
validation is a common and accepted proof-of-concept stage in cell-balancing research. The
purpose of such prototypes is generally to verify whether the proposed balancing principle
can reduce cell imbalance under controlled experimental conditions, not to demonstrate a
complete production-ready EV battery system. In this context, the 5-cell prototype used in
the present study is consistent with the scale commonly adopted for first-stage hardware
validation of balancing architectures.

Table 2 also shows that direct EV deployment readiness is uncommon among
hardware-validated balancing studies. Most of the compared works were laboratory
prototypes or proof-of-concept platforms whose main validation scope was the balanc-
ing capability of the proposed model. Among the reviewed studies, the active bypass
study [24] represents the most deployment-mature example because it was validated using
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a 324-cell NMC battery pack with advanced cell-profile monitoring, safety components,
system commissioning, and safety testing. Although not production ready, the dynamic
bypass study [111] also approached EV traction relevance through a 120-cell NMC battery
pack and inclusion of safety elements. However, the remaining studies were not presented
as EV-ready systems. This indicates that full automotive deployment requires an additional
system-integration stage beyond initial balancing validation, including automotive-grade
switching, safety-rated PCB design, protection coordination, thermal design, communica-
tion architecture, and pack-level qualification.

The comparison further indicates that operating-condition coverage differs sub-
stantially among existing hardware-validated studies. Several studies validated bal-
ancing under only one operating mode, such as discharging [107,113], resting [108], or
charging [24,72,114]. Only three of the compared studies [109,110,112], reported hardware
validation under all three operating conditions of charging, discharging, and resting. The
present work also evaluates the proposed balancing architecture under all three operat-
ing conditions. This is important because balancing behavior can change significantly
depending on whether external energy is being supplied to the pack, drained from the
pack, or absent. Therefore, validation under all three operating modes provides a broader
assessment of the balancing mechanism than single-mode validation.

From a hardware complexity perspective, the proposed architecture also differs from
many previously validated approaches. Several active balancing methods require power
converters, transformers, flyback converters, Cuk converters, cell-level charging circuits, in-
ductive elements, or high-frequency switching circuitry as presented in Table 2. These addi-
tional energy-transfer components can improve controllability and balancing performance,
but they also increase component count, control complexity, cost, and implementation
burden. In contrast, the proposed adaptive recombination architecture performs balancing
by directly reconfiguring the series-parallel relationship among cells. The recombination
network requires 2N − 2 switching elements and does not require dedicated balancing
converters, inductors, transformers, switched-capacitor transfer circuits, or high-frequency
power-conversion stages. The bidirectional Cuk converter approach [110] in Table 2 also
uses 2N − 2 switching elements, but it additionally requires N − 1 power converters and
associated high-frequency switching circuitry. By comparison, the proposed architecture
uses the lowest switching-network category while eliminating the dedicated converter
stage. It is acknowledged that passive circuit components, switch drivers, measuring
circuits, wiring/contacts, and auxiliary power consumption, are required at the system
level in all the representative studies of Table 2 depending on the number of cells (N).
However, such supporting elements are also necessary in practical implementations of
other balancing architectures. Therefore, the 2N − 2 expression interprets specifically as
the switching-network requirement of the recombination topology, not as the complete
component count of a deployable automotive BMS.

The role of cell-state measurement also interprets according to the scope of balancing-
validation studies. In most hardware-validated balancing prototypes, voltage or SoC
information is used as an input to the balancing controller, while formal validation of
measurement accuracy is not the main research objective, as presented in Table 2. This is
because accurate SoC estimation is itself a broad and independent research area involving
OCV-based estimation, coulomb counting, Kalman-filter-based observers, electrochemical
models, data-driven estimation, and hybrid SoC/SoH methods [115–125]. Similarly, most
proof-of-concept balancing studies use controlled laboratory conditions and basic safety
precautions to evaluate the balancing mechanism, while full automotive-grade protection is
considered a later system-design requirement unless the study specifically targets EV trac-
tion or production-level implementation. This is because safety strategies, fault diagnosis,
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thermal runaway, etc., each are separate and wide research areas for ensuring automotive
grade safety [126–130]. The present study follows this established proof-of-concept valida-
tion approach: the objective is to evaluate whether the proposed adaptive recombination
model can equalize cells when cell-state information is available to the controller, not to
propose a new SoC-estimation method or a complete EV-ready safety architecture.

The present study is therefore motivated by a specific gap in the literature. The
adaptive recombination strategy was previously evaluated through MATLAB/Simulink
(version R2024b) simulation [25], where it demonstrated promising balancing behavior
using a low-complexity 2N − 2 switching network. However, the previous study did
not verify whether the same recombination behavior could be reproduced using physical
lithium-ion cells, real switching devices, isolated voltage monitoring, wiring intercon-
nections, contact resistance, voltage relaxation, and cell-to-cell variability. The present
work addresses this gap by developing a five-cell hardware prototype using second-life
Panasonic NCR18650PF lithium-ion cells and experimentally evaluating sequential and
simultaneous recombination under resting, charging, and discharging conditions.

Accordingly, the novelty of this work is not the development of an EV-ready battery
pack, nor the proposal of a new SoC-estimation or protection system. Rather, the novelty
lies in the first-stage hardware validation of an adaptive series-parallel recombination
balancing architecture that combines low switching-network complexity, converter-free
energy redistribution, and three-mode experimental evaluation. The study demonstrates
that the recombination principle can physically achieve cell convergence under controlled
laboratory conditions while also revealing practical implementation effects that were not
captured in the earlier simulation work. These findings provide a foundation for future
development involving real-time SoC estimation, current-aware recombination control,
solid-state switching, integrated protection circuitry, safety-rated PCB design, and larger-
scale battery pack validation.

3. Hardware Prototyping
3.1. Overview of the Adaptive Recombination Model and Previous Simulation Study

The experimental prototype presented in this study is based on an adaptive cell-
balancing strategy previously developed and evaluated through MATLAB/Simulink
modeling [25]. The original work proposed a control-driven battery management ap-
proach that dynamically reconfigures the electrical relationships among individual cells
according to their instantaneous SoC conditions and operating mode. Rather than transfer-
ring energy through dedicated balancing circuits, the method achieves charge equalization
by selectively recombining cells in series, parallel, or isolated configurations.

The balancing concept is implemented through a hardware-efficient switching archi-
tecture consisting of Single Pole Double Throw (SPDT) switches arranged between adjacent
cells. For a battery string containing N cells, the topology requires only 2N − 2 switches
while maintaining full accessibility to every cell within the pack. This architecture enables
dynamic series-parallel recombination without the use of DC-DC converters, transformers,
inductors, capacitors, or other intermediate energy-transfer components that are commonly
employed in conventional active balancing systems.

In the original simulation study, a five-cell lithium-ion battery pack was modeled
under resting, charging, and discharging conditions. The control algorithm continuously
evaluated cell SoC distribution and selected the most appropriate recombination topology
to accelerate convergence toward pack equilibrium. Two balancing approaches were in-
vestigated: sequential recombination of individual cells and simultaneous recombination
involving multiple cells. Across all operating conditions, the simultaneous strategy consis-
tently achieved faster convergence. The largest improvement was observed under severe

https://doi.org/10.3390/electronics15143106

https://doi.org/10.3390/electronics15143106


Electronics 2026, 15, 3106 10 of 46

imbalance conditions, where balancing time was reduced by approximately 80% compared
with the sequential approach while maintaining equivalent balancing accuracy. Valida-
tion using Panasonic NCR18650PF cell parameters further demonstrated that the control
strategy remained effective when realistic cell characteristics were introduced into the
simulation environment.

Despite these promising results, the previous investigation remained entirely simulation-
based. The model assumed ideal switching behavior and did not account for practi-
cal implementation constraints such as relay actuation delays, wiring resistance, contact
losses, measurement uncertainty, voltage relaxation effects, second-life cell degradation,
or hardware-induced disturbances. Furthermore, the balancing performance was evalu-
ated using virtual battery models rather than physical cells operating under real charging,
discharging, and resting conditions. Consequently, the practical feasibility of the adap-
tive recombination strategy, together with its implementation challenges and real-world
balancing behavior, remained unverified. These limitations motivated the present study,
which develops a physical prototype using second-life Panasonic NCR18650PF cells and
experimentally evaluates the adaptive recombination strategy under realistic operating
conditions. The objective is to bridge the gap between simulation and hardware imple-
mentation while assessing the practicality, effectiveness, and scalability of the proposed
balancing concept.

3.2. Prototype Architecture

To experimentally validate the adaptive recombination balancing strategy under
practical operating conditions, a five-cell hardware prototype was developed based on
the architecture described in the previous simulation study. The prototype was designed
to reproduce the adaptive series-parallel recombination mechanism while incorporating
realistic switching behavior, measurement constraints, electrical losses, and control–system
interactions that are not represented in an ideal simulation environment. Figure 1 presents
the conceptual architecture of the proposed five-cell implementation, while Figure 2 shows
the assembled laboratory prototype.

Figure 1. Hardware architecture of the proposed model in 5-cell configuration [25].

The prototype consists of five Panasonic NCR18650PF lithium-ion cells interconnected
through a relay-based switching matrix that enables dynamic modification of the electrical
relationships among neighboring cells. In Figure 1, those five cells are presented as C1

(Cell-01) to C5 (Cell-05). The switching network is formed using eight SPDT relays arranged
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between adjacent cells. Each intermediate cell is connected to one upper switch (Su) and
one lower switch (Sl), allowing the battery pack topology to be reconfigured between
series, parallel, and isolated operating states. The terminal cells require only single-sided
switching connections due to their boundary positions within the battery string. This
configuration preserves the hardware-efficient topology proposed in the simulation study
while enabling practical implementation using commercially available components. As
illustrated in Figure 1, the control surface acts as the central decision-making unit responsi-
ble for determining and applying the switching configuration required by the balancing
algorithm. Based on the measured condition of each cell, the controller generates relay
actuation signals that establish the desired electrical interconnection pattern. Through con-
trolled topology reconfiguration, the architecture promotes charge redistribution among
cells without requiring dedicated balancing resistors, inductors, transformers, capacitors,
or DC–DC converter stages.

 
Figure 2. Hardware implementation of the prototype architecture.

The complete laboratory implementation shown in Figure 2 comprises four principal
subsystems: the battery management controller, the relay-based switching network, the
voltage measurement subsystem, and the external charging and loading interfaces. The
battery management controller is responsible for relay actuation, voltage acquisition, bal-
ancing logic execution, and data communication. The switching network performs the
adaptive cell recombination process, while the measurement subsystem continuously mon-
itors individual cell voltages throughout the experiments. Adjustable charging and loading
equipment provide controlled operating conditions for evaluating balancing behavior
during charging, discharging, and resting modes.
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Since development of a novel state-of-charge estimation algorithm is outside the
scope of this research, cell condition monitoring was performed using an open-circuit
voltage (OCV)-based approach. Individual cell voltages were measured independently and
subsequently converted into approximate SoC values using the manufacturer-provided
characteristics of the Panasonic NCR18650PF cells. To prevent electrical interaction be-
tween the measurement circuitry and the battery pack, Broadcom HCNR201 linear analog
optocoupler modules were employed for signal isolation. Electrical isolation was particu-
larly important because the battery topology changes continuously during recombination
operation, making conventional common-ground voltage measurement approaches unsuit-
able. The isolated measurement architecture additionally prevented unintended balancing
currents from flowing through the sensing circuitry and improved measurement stability
during relay transitions.

A dedicated auxiliary power unit (APU) was incorporated to supply power to the
controller, relay modules, sensing circuits, and local display independently of the experi-
mental battery pack. Separating the auxiliary electronics from the test cells ensured that
all observed energy redistribution originated solely from the adaptive recombination pro-
cess rather than auxiliary system power consumption. This arrangement also improved
repeatability by eliminating parasitic loading effects from the balancing analysis.

The hardware components used in the prototype are summarized in Table 3, all of
which were sourced from Kuala Lumpur, Malaysia. Panasonic NCR18650PF lithium-ion
cells were selected because they were also employed during the preceding simulation study,
enabling direct comparison between simulated and experimental results. Furthermore, the
cells possess well-documented electrical characteristics and extensive deployment history
in e-mobility applications [131–133]. The electrical characteristics used during prototype
development were verified against the manufacturer datasheet to maintain consistency
between the modeling and experimental phases.

Table 3. Hardware components used in the prototype for experimental validation of the model.

Component Model Quantity Manufacturer Origin Sourced From

Experimental Cell NCR18650PF Li-ion 3.6 V 2.7 Ah 5 Panasonic Japan Malaysia
Measuring Unit HCNR201 0–10 V Linear 5 Broadcom Singapore Malaysia

SPDT Switch JQC3F OptoCoupler Relay 8 Bestep China Malaysia
BMS Controller Arduino Mega 2560 R3 1 Arduino Italy Malaysia

BMS Local Display LCD 4 × 20 I2C 1 Unbranded China Malaysia
Auxiliary Power Unit SPS 6 V 4 A 1 Unbranded Malaysia Malaysia

Adjustable Load MDL150 150 V 20 A 1 Unbranded China Malaysia
Charging Source NPS306W 30 V 6 A 1 Wanptek China Malaysia

The switching network was implemented using Bestep JQC3F optocoupler-isolated
SPDT relay modules. Relay-based switching was selected primarily because it provided a
practical and economically accessible method of implementing repeated topology recon-
figuration during prototype development. Although solid-state switching technologies
could offer faster operation and improved scalability, electromechanical relays provided
clear switching states, straightforward implementation, and sufficient performance for
proof-of-concept validation [134–136].

The balancing controller was implemented using an Arduino Mega 2560 R3 microcon-
troller. The platform provides 54 digital input/output channels, 16 analog input channels,
and 256 kB of flash memory, which exceeded the requirements of the experimental system.
The available digital outputs enabled simultaneous control of all relay channels, while
the analog inputs supported acquisition of multiple isolated voltage measurements. The
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controller additionally facilitated serial communication with the workstation computer and
I2C communication with the local display module.

A 6 V switching power supply was used as the auxiliary power unit (APU). Charging
experiments were performed using a Wanptek NPS306W programmable DC power supply,
whereas discharging experiments utilized an MDL150 programmable electronic load. The
electronic load supports constant-current (CC), constant-resistance (CR), and constant-
power (CP) operating modes, enabling controlled evaluation of battery behavior under
different operating conditions. Adjustable protection limits incorporated within the load
also provided an additional safety layer during extended experimental operation.

Although the adaptive recombination topology requires only 2N − 2 SPDT switching
elements for an N-cell battery string, this expression refers only to the core recombina-
tion switching network. It does not represent the complete hardware requirement of a
deployable BMS. A practical implementation also requires switch-driving circuitry, cell-
measurement channels, controller input/output resources, auxiliary power, wiring and
interconnects, and protection circuitry. Therefore, Table 4 summarizes the system-level
hardware complexity of the present prototype and distinguishes the core switching-network
requirement from the supporting hardware required for laboratory operation and future
scalable implementation.

Table 4. System-level hardware complexity analysis for N number of cells.

Hardware Category Present Prototype Scaling Relevance

SPDT Switches 2N − 2 Core recombination network

Switch Drivers 2N − 2 Switch dependent

Isolated Measuring Units N Required for cell monitoring

BMS Controller Peripherals Analog Inputs: N
Digital Outputs: 2N − 2 Required in embedded BMS controller

BMS Local Display Unit 1 Not required for practical
deployment

Auxiliary Power Unit 1 Replaceable by pack-derived auxiliary power supply

Wiring or Interconnects Cell and switch dependent Increases with pack size

Protection Circuits Not integrated Required for practical
deployment

As shown in Table 4, the 2N − 2 term corresponds to eight SPDT relay channels and
eight driver channels in the present five-cell prototype. The controller also required N
analog input channels per cell-profile measurement data acquisition and 2N − 2 digital
output channels for relay actuation. In addition, isolated measurement units, auxiliary
power, wiring, and interconnection hardware were required for prototype operation. These
supporting elements are not unique to the proposed architecture, since practical balancing
systems also require sensing, driver, controller, and interconnection hardware. There-
fore, the 2N − 2 expression interprets as the switching-network requirement only, not
as the complete system-level hardware requirement of an automotive BMS. The main
hardware advantage of the proposed architecture is therefore that the balancing recom-
bination network avoids dedicated balancing converters, inductors, transformers, and
switched-capacitor energy-transfer stages while maintaining a low switching-network
count. Future practical implementation scope will require embedded BMS electronics,
solid-state switching devices, integrated protection circuitry, safety-rated PCB design, and
pack-level auxiliary power.
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Overall, the developed prototype successfully translated the previously simulated
adaptive recombination architecture into a functional hardware platform. The resulting
system provided a flexible experimental environment for investigating balancing behavior
under realistic operating conditions while preserving the fundamental hardware-light
philosophy of the proposed balancing strategy.

3.3. Cell Selection and Screening

The selection and characterization of experimental cells represent a critical stage in
battery-balancing research because cell condition directly influences balancing dynamics,
voltage equalization behavior, and energy redistribution characteristics. Variations in
capacity, internal resistance, self-discharge rate, and degradation state can significantly
affect balancing performance, potentially obscuring the true behavior of the balancing
architecture under investigation [15,137–143]. Consequently, a systematic screening process
was conducted prior to prototype implementation to ensure that the selected cells exhibited
closely matched electrical characteristics while maintaining consistency with the cell model
used in the previous simulation study.

Panasonic NCR18650PF lithium-ion cells were selected for this research because the
same cell model was employed during the MATLAB/Simulink investigation reported in
the authors’ previous work. Utilizing the same cell type enabled direct comparison between
simulation and hardware validation results while maintaining consistency in cell chemistry,
nominal capacity, voltage characteristics, and operating limits. The NCR18650PF is a
commercially established cylindrical 18650-format lithium-ion cell with a nominal voltage
of 3.6 V and rated capacity of 2700 mAh. Owing to its favorable balance between energy
density, power capability, and cycle life, the cell has been widely deployed in e-mobility
and energy-storage applications [144,145]. Furthermore, the availability of comprehensive
manufacturer performance data [131–133] facilitated development of the simulation model
and subsequent experimental verification.

The use of second-life Panasonic NCR18650PF lithium-ion cells introduces an acknowl-
edged limitation because their electrochemical behavior may differ from that of pristine
cells due to aging-related changes in capacity, internal resistance, and degradation mecha-
nisms. Therefore, the experimental results obtained in this study have been interpreted as
validation of the adaptive recombination architecture using aged NCR18650PF cells rather
than as a direct representation of pristine-cell behavior. Nevertheless, extensive screening
and matching procedures were performed to minimize uncontrolled variability among the
selected cells and to establish a stable experimental platform for hardware validation.

A dedicated battery analyzer was employed to characterize and compare fifty can-
didate cells, as shown in Figure 3. The analyzer provided charge–discharge functionality
together with measurements of internal resistance, accumulated discharge capacity, and
accumulated discharge energy. Since the analyzer was a commercially available labora-
tory tool rather than a calibrated industrial battery characterization system, it was used
primarily for comparative screening and relative cell matching rather than absolute elec-
trochemical certification. This approach is commonly adopted in prototype-scale battery
research where the objective is identification of closely matched cells rather than formal
certification of battery performance parameters.

To ensure consistency, all characterization activities were performed at an ambient
temperature of approximately 20 ◦C. Temperature control was considered important be-
cause lithium-ion battery performance parameters, particularly internal resistance and
discharge capacity, are strongly influenced by operating temperature [146–148]. Maintain-
ing a stable testing environment therefore improved the repeatability and comparability of
the screening results.
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Figure 3. Cell-analyzer setup for initial cell-screening to sort near-identical cells for the experiment.

Each candidate cell was first charged to full capacity using the analyzer. Follow-
ing completion of charging, direct-current internal resistance was measured. Internal
resistance was selected as one of the primary screening parameters because it strongly
influences voltage drop, current distribution, thermal behavior, and balancing current
magnitude [149,150]. Cells exhibiting elevated resistance typically experience larger volt-
age deviations during operation and may introduce additional variability into balancing
experiments [151]. Consequently, close matching of internal resistance was considered
essential for isolating the effects of the balancing architecture itself.

After resistance measurement, each cell underwent controlled discharge to a lower
cut-off voltage of 2.5 V. During discharge, the analyzer recorded accumulated capacity and
accumulated energy delivered by the cell. Capacity provides an indication of the charge-
storage capability of the cell, whereas energy incorporates the influence of the voltage
profile throughout the discharge process and therefore provides a more comprehensive
representation of usable battery performance. The measured discharge capacity was
subsequently compared with the manufacturer-rated capacity to estimate SoH for each
candidate cell [7,152,153].

Following completion of the characterization campaign, the five cells exhibiting the
closest electrical characteristics were selected for integration into the prototype battery
pack. The final selection criteria prioritized similarity in internal resistance, state-of-health,
discharge capacity, and discharge energy. The characteristics of the selected cells are
summarized in Table 5.

Table 5. Cell characteristics of selected cells for the experiment.

Parameters Cell-01
(C1)

Cell-02
(C2)

Cell-03
(C3)

Cell-04
(C4)

Cell-05
(C5)

State-of-Health
(SoH) 90% 89% 88% 88% 88%

Internal Resistance
(IR) 22 mΩ 22 mΩ 22 mΩ 22 mΩ 22 mΩ

Accumulated
Capacity 2420 mAh 2405 mAh 2365 mAh 2384 mAh 2371 mAh

Accumulated
Energy 8598 mWh 8531 mWh 8392 mWh 8464 mWh 8391 mWh
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As shown in Table 5, the selected cells exhibited highly consistent characteristics, with
measured internal resistance values of approximately 22 mΩ and state-of-health values
ranging between 88% and 90%, which were the best similar health found among all fifty
candidate cells. Accumulated discharge capacities varied from 2365 mAh to 2420 mAh,
while measured discharge energies ranged from 8391 mWh to 8598 mWh. The relatively
small variation among these parameters indicates successful matching of the selected cells
despite their prior service history.

The screening process therefore established a controlled and repeatable experimental
platform for subsequent hardware validation. Although the selected cells were not pristine,
their closely matched electrical characteristics minimized uncontrolled variability and
ensured that the observed balancing behavior was primarily attributable to the adaptive
recombination architecture rather than significant differences in cell condition. The resulting
cell set provided a suitable basis for evaluating the practical feasibility of the proposed
balancing strategy under real hardware operating conditions.

3.4. SoC Monitoring Strategy

State-of-charge (SoC) estimation is one of the fundamental functions of a battery
management systems (BMS) because it provides an indication of the remaining usable
charge available within a battery cell relative to its maximum capacity [154]. Accurate
SoC information is important for balancing control, charge management, range prediction,
and battery health assessment [155,156]. Although development of a novel SoC estima-
tion methodology is beyond the scope of this research, reliable monitoring of individual
cell conditions was necessary to support implementation and evaluation of the adaptive
recombination balancing architecture.

During the simulation phase, cell SoC values were directly available from the battery
models implemented within the MATLAB/Simulink environment [25]. In the hardware
prototype, however, SoC values had to be estimated from measured cell parameters. Several
commonly adopted approaches were therefore evaluated during prototype development,
including OCV estimation, coulomb counting, and hybrid estimation methods.

OCV-based estimation is among the most widely used approaches for lithium-ion
batteries due to its simplicity and relatively good steady-state accuracy. In this method, the
terminal voltage of a battery cell is measured after the cell has been electrically isolated and
allowed to reach a sufficiently relaxed condition. The measured OCV is then mapped to a
corresponding SoC value using manufacturer-provided or experimentally derived voltage-
to-SoC characteristics [157,158]. For the Panasonic NCR18650PF cells used in this study,
the manufacturer discharge characteristics were utilized to establish the voltage-to-SoC
relationship. The general relationship can be expressed as Equation (1).

SoC = f (OCV)× 100% (1)

Here, f (OCV) represents the voltage-to-SoC mapping obtained from the manufac-
turer’s cell characteristics data.

The primary advantage of OCV-based estimation is that it does not require continu-
ous current measurement or prior knowledge of the battery operating history. However,
reliable OCV measurement requires sufficient voltage relaxation time following charg-
ing or discharging. Immediately after current flow ceases, lithium-ion cells exhibit tran-
sient voltage recovery caused by electrochemical polarization and surface charge effects.
Consequently, direct voltage measurements obtained during active operation do not ac-
curately represent the equilibrium state of the cell and may introduce significant SoC
estimation errors [154,159–162].
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An alternative approach is coulomb counting, which estimates SoC by integrating bat-
tery current over time. Unlike OCV-based methods, coulomb counting enables continuous
monitoring during charging and discharging operation [154,163–165]. The fundamental
coulomb-counting relationship is given by Equation (2).

SoC(t) = SoC(t0)−
1

Cn

∫ t

t0

I(τ)dτ (2)

Here, SoC(t0) denotes the initial state of charge, Cn is the nominal cell capacity, and
I(τ) represents the cell current as a function of time.

Although coulomb counting provides continuous real-time SoC tracking, its accuracy
depends heavily on the accuracy of the initial SoC value and the current measurement
system. Small errors in current measurement, sensor drift, and uncertainty in battery
capacity accumulate over time, causing increasing estimation error during prolonged
operation. Consequently, coulomb counting is commonly combined with periodic OCV-
based correction in practical battery management systems [166–169].

A hybrid OCV-coulomb-counting approach was initially considered during prototype
development because it combines the steady-state accuracy of OCV estimation with the
dynamic tracking capability of coulomb counting. Under such an approach, the initial SoC
would be established from a relaxed OCV measurement and subsequently updated through
current integration during operation. From a theoretical perspective, this methodology
offers superior estimation performance compared with either method alone.

However, several practical limitations emerged during implementation. The experi-
mental methodology required repeated creation of intentionally unbalanced cell conditions
prior to each test case. As a result, the initial SoC distribution of the cells changed frequently
throughout the experimental campaign. Implementing a hybrid approach would therefore
require repeated reinitialization of the coulomb-counting system before each experiment, in-
creasing both operational complexity and potential sources of error. Furthermore, accurate
current monitoring of every dynamically reconfigured cell path would require additional
sensing hardware that was not essential to the primary objective of the study, namely
validation of the adaptive recombination balancing architecture.

Consequently, an OCV-based monitoring strategy was adopted for the prototype
implementation. This decision was further supported by a unique characteristic of the
proposed balancing architecture. Through the relay-based switching matrix, individual
cells can be temporarily isolated from the remainder of the battery pack at any point during
operation. This capability enabled controlled voltage-relaxation intervals followed by
direct OCV measurement of each cell. After the predefined relaxation period, the measured
OCV values were converted into the nearest SoC values using the Panasonic NCR18650PF
voltage characteristics.

Although this approach increased the overall duration of the experiments because
periodic relaxation intervals were required, it provided a practical and repeatable method
of monitoring cell conditions without introducing cumulative integration errors. Since
each measurement cycle was independently referenced to a fresh OCV observation, long-
term drift associated with coulomb counting was eliminated. The resulting monitoring
strategy therefore represented a suitable compromise between implementation simplicity,
measurement reliability, and experimental repeatability.

Accordingly, OCV-based SoC monitoring was selected for all experimental investiga-
tions presented in this study. The approach provided sufficiently accurate cell-condition
information for balancing control and performance evaluation while maintaining consis-
tency with the practical constraints of the prototype platform.
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3.5. Balancing Control Process

The adaptive recombination balancing architecture was implemented through a cen-
tralized control framework responsible for coordinating relay switching, cell-condition
monitoring, and balancing-state updates throughout experimental operation. The control
logic was designed to execute the balancing methodology [25] described in Section 3.1
while accommodating the practical constraints associated with a relay-based hardware
implementation. Particular attention was given to switching synchronization, voltage
measurement stability, and repeatable execution of the balancing process under charging,
discharging, and resting conditions.

Unlike simulation environments, where switching actions occur instantaneously and
measurements are assumed to be ideal, practical battery systems are subject to relay
actuation delays, contact stabilization periods, voltage relaxation effects, and measurement
uncertainty. Consequently, the control strategy incorporated dedicated timing intervals to
ensure stable operation and reliable data acquisition during each balancing cycle.

Figure 4 illustrates the operational sequence implemented within the prototype. At the
beginning of an experiment, the balancing algorithm determines the appropriate switching
configuration based on the initial cell conditions and immediately applies the correspond-
ing relay states. The selected configuration remains active for a predefined balancing
interval, allowing energy redistribution to occur through the established recombination
pathways. Upon completion of the interval, all cells are temporarily isolated from one
another through the switching matrix to eliminate transient current flow and prepare the
system for voltage measurement.

Following isolation, the cells are allowed to remain in an open-circuit state for a pre-
defined relaxation period. This stage is particularly important because lithium-ion cells
exhibit temporary voltage recovery following charging or discharging due to electrochemi-
cal polarization effects. Allowing sufficient relaxation time improves the accuracy of OCV
measurements and reduces uncertainty in the subsequent SoC estimation process. After
the relaxation interval, the voltage measurement subsystem acquires the OCV of each cell
individually. The measured voltages are then converted into approximate SoC values using
the methodology described in Section 3.4.

Once the updated cell conditions have been obtained, the controller evaluates the
balancing status of the battery pack and determines whether the existing switching con-
figuration should be maintained or replaced by a new recombination arrangement. The
selected configuration is subsequently applied, and the balancing cycle is repeated until the
termination criteria are satisfied. This periodic sequence of balancing, isolation, measure-
ment, and decision-making forms the basis of the adaptive recombination control strategy
implemented throughout the experimental campaign.

The balancing decision logic itself follows the adaptive recombination methodology
established in the previous simulation study [25]. Therefore, the detailed balancing algorithm,
switching-state selection procedure, and recombination criteria are not repeated here to avoid
redundancy. In general, the controller continuously evaluates the relative condition of all cells
and dynamically selects electrical interconnection states that promote convergence toward
equilibrium. The relay-based switching matrix enables these topology transitions without
requiring dedicated energy-transfer converters or dissipative balancing circuits.

The control framework was implemented using an Arduino Mega 2560 R3 controller.
The controller generated actuation signals for all eight SPDT relay channels while simulta-
neously acquiring voltage measurements from the isolated sensing modules. Measurement
interval selection also played an important role in balancing performance evaluation. Exces-
sively short intervals can capture transient voltage behavior rather than near-equilibrium
conditions, whereas excessively long intervals increase experimental duration without
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providing significant advantages for data accuracy. In the present work, voltage measure-
ments were intentionally performed only after completion of the predefined relaxation
period to ensure that OCV values closely represented the electrochemical state of the cells.
The ability of the adaptive recombination architecture to temporarily isolate individual
cells significantly simplified this measurement process and enabled repeated acquisition of
stable OCV measurements throughout all operating modes.

Figure 4. Flowchart of the control logic and measurement sequence implemented in the adaptive
recombination balancing prototype.

All cell voltages were measured through isolated HCNR201-based sensing modules.
Prior to experimentation, each sensing channel was calibrated against a Sanwa CD800a
digital multimeter to minimize offset and scaling errors. Electrical isolation was particu-
larly important because the continuously changing battery topology prevented the use
of conventional common-ground measurement techniques. The isolated measurement
architecture additionally eliminated potential current leakage paths through the sensing
circuitry and improved measurement stability during relay switching operations.

The primary objective of the prototype was to evaluate the intrinsic balancing behavior
of the adaptive recombination architecture under controlled environment. Therefore, no
dedicated protection circuitry was integrated directly into the prototype, thereby avoiding
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unintended interactions between protective functions and the balancing process. Nevertheless,
several external safety mechanisms were incorporated within the experimental equipment.
The programmable electronic load included configurable over-voltage, over-current, and over-
power protection functions, while the programmable charging supply incorporated built-in
current-limiting capability. Prior to experimental use, both instruments were calibrated against
the reference multimeter to improve measurement consistency and operational reliability.

The implemented control framework therefore provided a stable and repeatable plat-
form for experimental validation of the adaptive recombination balancing strategy. By
combining synchronized relay operation, periodic cell isolation, OCV-based condition
monitoring, and adaptive topology selection, the system enabled practical evaluation of the
balancing architecture under realistic charging, discharging, and resting conditions while
preserving consistency with the previously published simulation methodology.

3.6. Practical Implementation Considerations

The transition from simulation-based validation to physical hardware implementation
revealed several practical considerations that are difficult to capture within an idealized
modeling environment. While the adaptive recombination architecture demonstrated
stable operation during simulation, development of the experimental prototype required
addressing numerous challenges associated with cell procurement, measurement reliability,
switching hardware, sensing architecture, and operational safety. These observations
provide valuable insight into the practical realities of implementing reconfigurable battery-
balancing systems and highlight considerations relevant to future large-scale deployment.

One of the most significant challenges encountered during prototype development
was the procurement of suitable lithium-ion cells. Initially, the experimental validation was
intended to be conducted using pristine Panasonic NCR18650PF cells to maintain close
alignment with the simulation model and minimize variability associated with aging. How-
ever, obtaining genuine factory-grade cells in small research quantities proved impractical.
During the procurement process, it was observed that Panasonic cylindrical lithium-ion
cells are primarily distributed through industrial supply chains serving battery manufac-
turers, pack integrators, and commercial customers. Direct procurement for independent
laboratory-scale research was generally unavailable through conventional channels. Although
several alternative sourcing approaches were investigated, including acquisition through
third-party suppliers and extraction from commercial battery products, obtaining verified
pristine NCR18650PF cells in suitable quantities was not feasible. Consequently, second-life
NCR18650PF cells were selected as the most practical alternative and subsequently subjected
to extensive screening and matching procedures before integration into the prototype.

Another important consideration involved selection of a suitable SoC monitoring ap-
proach. From a theoretical perspective, hybrid OCV-coulomb-counting techniques offer
superior estimation accuracy by combining voltage-based initialization with continuous
current integration. During prototype development, several commercially available coulomb-
counting solutions were evaluated for potential integration. However, practical implemen-
tation challenges emerged due to hardware compatibility limitations, proprietary interfaces,
operating-voltage constraints, and difficulties associated with monitoring dynamically chang-
ing current paths within the reconfigurable battery architecture. Furthermore, repeated
creation of intentionally unbalanced cell conditions throughout the experimental campaign
would have required frequent reinitialization of the coulomb-counting system, significantly
increasing operational complexity. As a result, OCV-based monitoring was ultimately adopted
as the most practical and reliable solution for the prototype implementation.

Selection of the switching technology also required careful consideration. Solid-state
switching devices offer advantages in switching speed, durability, and scalability; however,
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suitable devices capable of supporting the intended experimental configuration were not
readily available within the practical constraints of the project. Consequently, electrome-
chanical SPDT relays were selected for implementation of the switching matrix. Although
relay-based switching introduces finite actuation delays, contact resistance variation, and
mechanical wear, it provided a straightforward and reliable means of implementing re-
peated topology reconfiguration during proof-of-concept validation. The electromechanical
SPDT relays used in this prototype were selected only for proof-of-concept validation
because they allowed the recombination states to be implemented and observed using com-
mercially available hardware. They are not proposed as the final switching technology for
EV-grade implementation. Automotive-scale realization would require solid-state switch-
ing devices with controlled dead time, short-circuit prevention, thermal management,
vibration tolerance, and verified switching-loss performance.

Voltage measurement presented another practical challenge due to the continuously
changing electrical topology of the battery pack. Conventional voltage sensing approaches
typically rely on a common electrical reference, which becomes problematic when cell
interconnections are repeatedly modified during operation. Several sensing approaches
were evaluated before the HCNR201-based isolated analog measurement architecture was
selected. The use of isolated sensing modules eliminated grounding conflicts, reduced
measurement interference, and prevented unintended current leakage through the measure-
ment circuitry. This isolation capability proved particularly valuable because individual
cells continuously changed their electrical reference positions as the balancing algorithm
altered the pack topology.

Voltage relaxation behavior emerged as one of the most influential practical factors
affecting measurement reliability. Experimental observations confirmed that immediately
measured terminal voltages often differed significantly from the stabilized open-circuit
voltages required for reliable SoC estimation. Following charging or discharging, the cells
exhibited measurable voltage recovery caused by electrochemical polarization and surface
charge effects. Several relaxation intervals were evaluated during preliminary testing,
and it was observed that the selected cells exhibited relatively small voltage differences
between measurements obtained after approximately 3 h and substantially longer relaxation
periods. Consequently, a 3 h relaxation interval was adopted as a practical compromise
between measurement accuracy and experimental duration. This observation further
reinforced the importance of incorporating dedicated relaxation intervals into the control
framework described in Section 3.5. Although a 3 h relaxation interval was adopted in this
prototype to obtain stable OCV-based reference values, this procedure is not intended for
real-time EV BMS implementation. The relaxation-based measurement strategy was used
only as a laboratory method to reduce uncertainty during proof-of-concept validation of
the recombination mechanism. In a deployable BMS, the proposed balancing architecture
would require real-time SoC estimation through current sensing, coulomb-counting, voltage
correction, observer-based estimation, or hybrid SoC/SoH algorithms. Therefore, the
present study validates only the physical balancing behavior of the adaptive recombination
architecture, while real-time SoC estimation remains outside of scope as mentioned in
Table 2, which is a required future-development scope for automotive implementation.

The prototype development process also highlighted several practical considerations
associated with human errors. During early experimentation, an accidental reverse-polarity
installation occurred while configuring an all-parallel cell arrangement. Because the proto-
type intentionally excluded embedded protection circuitry to allow direct observation of
balancing behavior, a large equalization current immediately developed between the cells,
resulting in localized overheating and damage to several prototype components before
manual intervention could occur. Although the affected components were subsequently
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replaced, the incident demonstrated the importance of fault protection, polarity verification,
and current-limiting mechanisms in future implementations. It also provided a practical
reminder that reconfigurable battery systems can generate substantial transient currents when
significant voltage differences exist between interconnected cells. In another pre-experimental
incident, it has been observed that over discharging a cell for longer time can cause health
degradation in short-term operation which led to permanent damage of the cell in long-term
over discharging, resulting in the cell to be unable to re-increase the SoC anymore.

The reverse-polarity and over-discharge incidents were observed during early proto-
type testing, before the formal experimental campaign began. These observations motivated
the implementation of several safety measures, including break-before-make switching
control, over-voltage and under-voltage cut-off conditions, and fault-status logic to prevent
recombination under unsafe cell conditions or reverse-polarity conditions. In addition,
over-current protection limits were configured in both the source and load settings, and ba-
sic laboratory safety precautions were maintained throughout the experiments. As a result,
no safety-related incidents occurred during the formal experimental test cases. Although
these measures were sufficient for controlled laboratory operation, the present prototype
still requires further hardware-level safety enhancement, including cell-level fusing, indi-
vidual cell-current monitoring, temperature monitoring, and dedicated protection circuitry,
which are within the future scope of this research. Automotive-grade safety design and
validation remain outside the scope of this first-stage proof-of-concept prototype, but will
be required for actual EV deployment.

Determination of reliable charging and discharging termination conditions represented
another important engineering consideration. Experimental observations indicated that the
most consistent method of identifying full-charge conditions was to follow the manufacturer-
recommended constant-current constant-voltage (CC-CV) charging profile and monitor cur-
rent tapering behavior during the constant-voltage stage. For the Panasonic NCR18650PF cells
used in this study, charging was considered complete when the charging current naturally de-
creased to approximately 0.05 C, corresponding to approximately 135 mA. Similarly, discharge
termination was performed in accordance with the manufacturer-specified lower-voltage limit
of 2.5 V to avoid excessive degradation and potential cell damage.

Several additional practical factors influenced prototype operation, including voltage
measurement noise, minor thermal fluctuations, and transient voltage disturbances imme-
diately following topology transitions. While these effects were absent from the simulation
environment, they are representative of conditions encountered in real battery systems and
therefore constitute an important aspect of the hardware validation process. Despite these
non-idealities, the prototype consistently demonstrated stable operation throughout the
experimental campaign and successfully validated the practical feasibility of the adaptive
recombination balancing architecture.

Overall, the implementation considerations identified during prototype development
emphasize the challenges associated with translating a balancing concept from simulation
into physical hardware. At the same time, they provide valuable engineering insight for
future development of larger-scale adaptive recombination systems employing higher-
current operation, advanced sensing architectures, automated state estimation, solid-state
switching technologies, and enhanced safety mechanisms with dedicated components
instead of relying on commercially available ones.

For practical deployment, the recombination architecture must incorporate protection
functions that were not integrated into the present proof-of-concept prototype. These in-
clude cell-level fusing, pre-charge or soft-start circuitry, current limiting, polarity detection,
over-voltage and under-voltage protection, over-current protection, thermal monitoring,
transient-current suppression, and break-before-make switching logic. These protection
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functions are essential because the transient current during recombination depends on the
voltage difference between interconnected cells and the total resistance of the current path.

4. Experimental Methodology
4.1. Experimental Framework

The experimental methodology was developed to validate the adaptive recombination-
based cell-balancing architecture under practical operating conditions using a physical
hardware prototype. Unlike the previously published simulation study, the present investi-
gation incorporates real lithium-ion cells, electromechanical switching devices, measure-
ment circuitry, wiring losses, voltage relaxation effects, and other non-ideal characteristics
inherent to physical battery systems. The objective was to evaluate whether the balancing
behavior predicted by simulation could be reproduced experimentally while identifying
implementation-specific phenomena that influence balancing performance.

The overall experimental workflow is illustrated in Figure 5. The methodology con-
sisted of three sequential stages: (i) preparation of intentionally imbalanced cell conditions
and cell-pack profiling with unbalanced cells; (ii) execution of balancing experiments and
data collection; (iii) analysis and evaluation of all experimental results. To ensure con-
sistency across all investigations, the same hardware platform, balancing control logic,
switching sequence, voltage measurement architecture, and SoC estimation approach
were maintained throughout the experimental campaign. Experimental validation was
performed under three operating modes representing practical battery usage conditions:
resting, charging, and discharging. Within each operating mode, two balancing schemes
were evaluated to compare their balancing effectiveness and convergence behavior, result-
ing in a total of six different experimental test cases in this study.

Figure 5. Experimental methodology of this study showing sequential stages of this cell-balancing
model validation.
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4.2. Experimental Cell Conditioning

Prior to each experiment, the selected Panasonic NCR18650PF lithium-ion cells were
conditioned to establish controlled and repeatable initial imbalance conditions. The techni-
cal specifications of the Panasonic NCR18650PF cells used throughout the investigation as
well as the experimental setup configurations for the cell in all experimental test cases are
summarized in Table 6.

Table 6. Technical specifications of Panasonic NCR18650PF cells and experimental setup configura-
tions for the cells in all experimental test cases.

Parameters Details

Experimental Cell Type Lithium-Ion
Experimental Cell Model NCR18650PF

Experimental Cell Manufacturer Panasonic
Experimental Cell Origin Japan

Experimental Cell Sourced From Kuala Lumpur, Malaysia
Experimental Cell Form Factor 18650

Experimental Cell-Rated Capacity 2700 mAh
Experimental Cell-Rated Voltage 3.6 V

Experimental Cell-Rated Charging Current 1375 mA (0.5 C)
Experimental Cell-Rated Discharge Current 2700 mA (1 C)

Experimental Cell Weight 48 g
Experimental Cell Rated Energy Density 207 Wh/kg

Rated Cell-Operating Temperature 0 to 50 ◦C
Experimental Working Temperature 20 ◦C
Prototype Charging Cut-off Voltage 4.08 V

Prototype Discharging Cut-off Voltage 2.5 V
Source Voltage Setpoint 4.2 V

Source Current Limit 2.5 A
Load Power Setpoint 1 W
Load Current Limit 2.5 A

The charging and discharging configurations presented in Table 6 was selected to
provide controlled laboratory operating conditions for evaluating the balancing behavior
of the prototype. The DC power supply used in the experiment has a maximum output
capability of 30 V and 6 A, as listed in Table 3; however, it was configured with a volt-
age setpoint of 4.2 V and a current-limit ceiling of 2.5 A during the charging-condition
tests. The 4.2 V value represents the external source voltage limit, whereas the prototype
controller used the Load/Source Selector shown in Figure 2 to disconnect the charging
source when the monitored cell voltage reached the configured prototype charging cut-off
voltage of 4.08 V. Therefore, the 4.08 V value in Table 5 represents the cut-off threshold
applied by the prototype controller during this proof-of-concept experiment, while the
4.2 V value represents the source voltage setpoint required to maintain a voltage-limited
charging condition.

The charging source was operated as a CC-CV capable laboratory power supply with
a voltage setpoint and a current-limit ceiling. Under this operating principle, if the current
demand of the connected cell network exceeds the configured 2.5 A current limit, the
source automatically reduces its output voltage to maintain the current limit and enters
current-limiting CC operation. When the current demand falls below the configured limit,
the source returns to voltage-regulated CV operation by raising the output voltage back
toward the configured voltage setpoint.

During the experimental test cases, the current demand did not exceed the 2.5 A
limit; therefore, the source remained in voltage-regulated operation and a CV-only charging
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behavior was observed in all test cases. The 2.5 A setting was used as an upper current-limit
ceiling for safe laboratory operation of the prototype wiring and relay network, rather than
as a commanded constant charging current.

Similarly, the prototype discharging cut-off voltage was set to 2.5 V in accordance
with the lower-voltage limit used for the experimental cells. During discharging tests, the
programmable load was operated in constant-power mode at 1 W, with its built-in over-
current protection set to 2.5 A to interrupt the discharge process if the current exceeded
the configured safety limit. This over-current condition was also not observed during
the experiments. These voltage and current settings were used as laboratory protection
limits for the proof-of-concept prototype and should not be interpreted as an optimized
automotive charging or discharging strategy.

Cell conditioning was performed using the battery analyzer discussed in Section 3.3.
Initially, all cells were charged to full capacity. Controlled discharge procedures were
then applied individually to each cell to create the desired SoC distribution required
for a particular test case. Following discharge, the cells were allowed to remain in an
open-circuit condition for approximately three hours to permit voltage relaxation and
stabilization. The stabilized open-circuit voltage (OCV) of each cell was subsequently
measured using a calibrated digital multimeter and converted into corresponding SoC
values using the manufacturer-derived OCV-SoC relationship data. The use of relaxed
OCV measurements improved repeatability by minimizing transient polarization effects
associated with recent charging or discharging activity. The resulting SoC values were used
as the initial conditions for all balancing experiments.

Figure 6 presents the voltage-versus-SoC characteristic utilized during OCV-based
SoC estimation. The nonlinear relationship shown in Figure 6 highlights the importance of
stabilized OCV measurements when estimating SoC. This characteristic was incorporated
into the monitoring methodology described previously in Section 3.4 and was consistently
applied throughout all experiments.

Figure 6. OCV–SoC relationship used for state-of-charge estimation of Panasonic NCR18650PF cells
based on manufacturer’s datasheet.

4.3. Test Matrix Design

A structured experimental test matrix was developed to evaluate the balancing per-
formance of the proposed architecture under different operating conditions and balancing
strategies. Six experimental test cases were designed, comprising two balancing schemes
evaluated under three operating modes. The complete test matrix is summarized in Table 7.
The three operating modes were selected to represent practical battery usage scenarios:
(i) resting condition, where balancing occurs solely through electrochemical equalization;
(ii) charging condition, where balancing occurs simultaneously with external energy injec-
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tion; (iii) discharging condition, where balancing occurs while energy is extracted from the
battery pack.

Table 7. Experimental test matrix used for validation of the adaptive recombination balancing prototype.

Operating Condition Balancing Scheme A:
Sequential Balancing

Balancing Scheme B:
Simultaneous Balancing

Resting Test Case-01 Test Case-02
Charging Test Case-03 Test Case-04

Discharging Test Case-05 Test Case-06

For each operating mode, two balancing schemes were investigated: scheme A and
scheme B. Scheme A represents sequential balancing, which follows the original priority-
based balancing approach proposed in the simulation study. The controller identifies the
highest-priority imbalance and performs balancing sequentially until the deviation falls within
the predefined tolerance before proceeding to the next priority condition. And, scheme B
represents simultaneous balancing, which permits all participating cells to engage in the bal-
ancing process simultaneously through collective recombination pathways. This arrangement
promotes concurrent charge redistribution throughout the balancing operation.

The initial SoC distributions used for each test case are presented in Table 8. The
Initial SoC imbalance ranges from 45% to 55% due to the technical capability limitation
of the cell-analyzer hardware of Figure 3, which has been used to set initial SoCs of each
cell for all test cases, as presented in the cell preparation process in Figure 5. Although
every effort was made to establish nearly identical initial imbalance conditions between
corresponding Scheme A and Scheme B test cases, exact initial SoC replication could not be
achieved because of cell relaxation, OCV hysteresis, conditioning variability, and second-life
cell behavior.

Table 8. Initial SoC set obtained for unbalanced conditions in experimental setup.

Test
Cases

Cell-01 (C1)
Initial SoC

Cell-02 (C2)
Initial SoC

Cell-03 (C3)
Initial SoC

Cell-04 (C4)
Initial SoC

Cell-05 (C5)
Initial SoC

Initial
SoCavg

Initial
∆SoC

SoC *
Uncertainty

Test
Case-01 22% 64% 16% 30% 43% 35% 48% ±2%

Test
Case-02 22% 60% 15% 30% 39% 33% 45% ±2%

Test
Case-03 22% 60% 13% 30% 37% 32% 47% ±2%

Test
Case-04 20% 60% 14% 28% 37% 32% 46% ±2%

Test
Case-05 8% 63% 16% 30% 40% 31% 55% ±2%

Test
Case-06 11% 63% 15% 29% 40% 31% 52% ±2%

* SoC uncertainty is reported for all SoC values in this table because the prototype SoC values were recorded
with integer-percentage resolution, and the estimated SoC uncertainty from voltage sensing and OCV-to-SoC
conversion was ±2% SoC.

As shown in Table 8, the paired initial ∆SoC differences between Scheme A and
Scheme B were 3% under resting conditions, 1% under charging conditions, and 3% under
discharging conditions. These differences indicate that the initial imbalance levels were
sufficiently similar for proof-of-concept comparison, particularly when interpreted together
with the normalized time per 1% SoC deviation reduction. The six experiments were
conducted sequentially to verify measurement-channel stability, controller functionality,
and consistent prototype operation throughout the study. However, owing to the long
balancing duration of several test cases, full experimental replication was not performed.
Therefore, the results should be interpreted as proof-of-concept evidence rather than as
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a statistically replicated performance benchmark. Future work will include repeated
experiments with tighter initial-condition control and statistical error analysis.

4.4. Experimental Configuration, Data Acquisition, and Performance Evaluation

The resting-condition experiments (Test Cases 01 and 02) were conducted without
any external charging source or discharge load. Charging experiments (Test Cases 03 and
04) were performed using the programmable DC power supply. As presented in Table 6,
the charger operated in constant-voltage mode using the manufacturer-recommended
charging voltage corresponding to 4.2 V per cell for a relatively low-charging current. The
charging current was intentionally maintained at a low value to remain within the safe
operating limits of the prototype wiring and relay network. Discharging experiments (Test
Cases 05 and 06) were conducted using the programmable electronic load operating in
constant-power mode. A low discharge power of 1 W was also selected to ensure safe
operation while maintaining measurable balancing activity throughout the experiments.
Under these conditions, energy redistribution occurred solely through the adaptive re-
combination pathways established by the balancing controller with negligible amount of
heat losses due to wire resistance. All experiments were performed under 20 ◦C of room
temperature. The same switching sequence, measurement procedure, and balancing control
methodology were maintained across all operating modes to ensure consistency of the
experimental results.

Throughout each experiment, individual cell voltages were continuously acquired
through the isolated measurement subsystem described in Section 3.2. The measured
voltages were converted into corresponding SoC values using the OCV-based methodology
described in Section 3.4. The controller transmitted measurement data to a workstation
computer through serial communication, where the information was logged continuously
for subsequent analysis. The recorded datasets were subsequently processed using spread-
sheet software to generate balancing profiles and performance comparisons. Balancing
performance was evaluated using five primary metrics: (i) Average SoC; (ii) SoC deviation;
(iii) Balancing Time; (iv) Time Per Deviation; and (v) Balancing Speed-Up Ratio. The
average pack SoC for N number of cells (SoCavg) was calculated with Equation (3). SoC
deviation is the difference between initial and final balancing errors (∆SoC) as defined by
Equation (4), where the initial and final ∆SoC represent the highest (SoCmax) and lowest
(SoCmin) cell SoC values in the pack as defined by Equation (5).

SoCavg =
1
N

N

∑
i=1

SoCi (3)

SoCdeviation = ∆SoCinitial − ∆SoC f inal (4)

∆SoC = SoCmax − SoCmin (5)

Tdeviation = Tbalancing
/

SoCdeviation
(6)

RSpeedUp =
TScheme−A − TScheme−B

TScheme−A
× 100% (7)

The initial imbalance condition before balancing process starts, is quantified as the ini-
tial ∆SoC (∆SoCinitial), and the final balancing error after completing the balancing process
is quantified as final ∆SoC (∆SoC f inal). The SoC deviation (SoCdeviation) is the difference
between the initial and final ∆SoCs, which quantify how much balancing error has been
reduced by the cell-balancing model prototype during the balancing process. Balancing
time (Tbalancing) was defined as the elapsed duration required for all cells to satisfy the bal-
ancing termination criterion implemented by the controller. Time Per Deviation (Tdeviation)
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is the amount of time taken by the prototype for each 1% SoC balancing error reduction, as
defined by Equation (6). And the balancing speed-up ratio (RSpeedUp) refers to how fast the
simultaneous balancing schemes (TScheme−B) was in compared to the sequential balancing
schemes (TScheme−A) in each experimental test cases, as defined by Equation (7). These
metrics were subsequently used to compare balancing performance across operating modes,
evaluate the relative effectiveness of the two balancing schemes, and assess agreement
between experimental and simulation results.

To assess measurement reliability, the voltage acquisition system was calibrated prior
to experimentation using a Sanwa CD800a digital multimeter as the reference instrument.
Following calibration, the residual measurement deviation of the HCNR201-based sensing
channels remained within approximately ±0.01 V across the operating voltage range of
the experimental cells. The manufacturer-specified accuracy of the reference multimeter is
approximately ±0.7% in the relevant DC voltage range. Additional uncertainty originates
from the OCV-to-SoC conversion process because the Panasonic NCR18650PF voltage–SoC
characteristic exhibits nonlinear behavior, particularly within the relatively flat mid-SoC
region. Based on the resolution of the adopted OCV–SoC relationship and the observed
voltage stability after the relaxation period, the resulting SoC estimation uncertainty was
estimated to be within approximately ±1–2% SoC. Since the primary objective of this study
was cell-balancing behavior evaluation rather than absolute determination of SoCs, these
uncertainty levels were considered acceptable and did not materially affect interpretation
of the experimental results.

4.5. Experimental Assumptions and Limitations

Several assumptions were maintained throughout the experimental campaign. First,
the investigation was conducted using screened and matched second-life Panasonic
NCR18650PF cells rather than pristine cells. Second, SoC estimation was based on OCV
measurements rather than advanced model-based estimation techniques. Third, balanc-
ing was implemented using electromechanical SPDT relays, which may result in minor
switching delays or contact arcing that are absent in ideal simulation environments. Fourth,
all experiments were performed under ambient room conditions without active thermal
control. Fifth, all SoC measurements were in 0 decimal points due to measuring hardware
limitations, unlike the simulation environment where it was in two-decimal-point read-
ing. Finally, relatively low charging and discharging currents were employed to remain
within the safe operating limits of the prototype hardware. These constraints define the
scope of the present experimental validation and will be considered when interpreting the
experimental results.

5. Results and Analysis
The experimental balancing performance of the adaptive recombination prototype

was evaluated under resting, charging, and discharging conditions using six test cases. The
resulting balancing characteristics are summarized in Table 9. Complete equalization was
achieved in all experimental cases within the measurement resolution of the prototype,
rather than as an absolute zero-error condition. Although balancing time varied signifi-
cantly between operating modes and balancing schemes, the overall balancing tendencies
remained consistent with those predicted by the previously published simulation results.
Table 9 summarizes the principal performance metrics obtained from all experimental
investigations. Initial SoC imbalance ranged from 45% to 55%, representing substan-
tially unbalanced battery conditions. Following execution of the adaptive recombination
algorithm, all test cases converged to a fully balanced state. The balancing time varied consid-

https://doi.org/10.3390/electronics15143106

https://doi.org/10.3390/electronics15143106


Electronics 2026, 15, 3106 29 of 46

erably depending on operating condition and switching scheme, indicating that both external
operating mode and recombination strategy strongly influence balancing effectiveness.

Table 9. Experimental Results in all operating conditions.

Test
Cases

Initial
Highest

SoC

Initial
Lowest

SoC

Initial
SoCavg

Final
SoCavg

Initial
∆SoC

Final
∆SoC *

Balancing
Time (Minutes)

Time per
1% ∆SoC
(Minutes)

Test
Case-01 64% 16% 35% 34% 48% 0% ± 2% 2400 50.0

Test
Case-02 60% 15% 33% 35% 45% 0% ± 2% 330 7.3

Test
Case-03 60% 13% 32% 62% 47% 0% ± 2% 68 1.5

Test
Case-04 60% 14% 32% 68% 46% 0% ± 2% 120 2.6

Test
Case-05 63% 8% 31% 9% 55% 0% ± 2% 262 4.8

Test
Case-06 63% 11% 31% 22% 52% 0% ± 2% 180 3.5

* Final ∆SoC is reported as “within measurement resolution” because prototype SoC values were recorded with
integer-percentage resolution and the estimated SoC uncertainty from voltage sensing and OCV-to-SoC conversion
was approximately ±2% SoC.

The results indicate that the relative performance of the balancing schemes depends
on operating condition. Simultaneous balancing (Scheme-B) provided the fastest balancing
under resting and discharging conditions, whereas sequential balancing (Scheme-A) pro-
duced superior performance during charging operation. These observations are analyzed
in the following sections.

5.1. Balancing Performance Under Resting Conditions

The balancing results obtained under resting conditions are presented in Figures 7 and 8
for Scheme-A and Scheme-B, respectively. In both cases, no external charging source or
discharge load was connected and balancing occurred exclusively through adaptive the
cell recombination model charge redistribution capability.

Figure 7. Experimental results of cell-balancing in Test Case-01 using sequential balancing. The repre-
sentative vertical error bar indicates the estimated SoC measurement uncertainty of approximately
±2% SoC; it does not represent statistical repeatability.
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Figure 8. Experimental results of cell-balancing in Test Case-02 using simultaneous balancing. The
representative vertical error bar indicates the estimated SoC measurement uncertainty of approxi-
mately ±2% SoC; it does not represent statistical repeatability.

The sequential balancing (Scheme-A) of resting condition in Test Case-01 as presented
in Figure 7, the cells initially exhibited SoC values between 16% and 64%, corresponding to
an initial imbalance of 48%. The balancing process gradually redistributed energy among
the cells until the cell SoC values converged within the measurement resolution of the
prototype at approximately 34% average SoC after 2400 min. The result confirms that the
adaptive recombination architecture can achieve full balancing solely through controlled
cell interconnection.

In Test Case-02, which is the simultaneous balancing (Scheme-B) of resting condition
as presented in Figure 8, the initial SoC imbalance was 45%, and convergence within the
measurement resolution of the prototype was achieved after 330 min. Compared with
Scheme-A, Scheme-B reduced balancing time by approximately 86.3%, corresponding to a
reduction from 50.0 min/%∆SoC to 7.3 min/%∆SoC.

The results demonstrate a substantial advantage of simultaneous balancing under
resting conditions. Allowing multiple cells to participate concurrently in the redistribution
process increased the effective balancing current and accelerated convergence toward
equilibrium. Although the absolute balancing times differed from the previously reported
simulation results, the experimentally observed trend remained consistent, with Scheme-B
outperforming Scheme-A.

5.2. Balancing Performance Under Charging Conditions

The balancing results obtained during charging operation are presented in Figures 9 and 10.
In Test Case-03, the initial SoC imbalance was 47%. During charging, lower-SoC cells
gradually converged toward the highest initial SoC level, and the cells reached a balanced
condition within the measurement resolution of the prototype after 68 min, with a final
average SoC of approximately 62%. The result closely follows the balancing behavior
predicted by the simulation model. Under charging conditions, the adaptive recombination
strategy preferentially increases the SoC of lower-energy cells while maintaining continuous
charging of the battery pack.

In Test Case-04, the balancing process occurred while all cells simultaneously par-
ticipated in charge redistribution. The cell-current (IC2) of the highest-SoC cell, which is
Cell-02 in this test case, may be expressed as Equation (8), where the balancing current
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(IBalancingC2) is the net amount of current Cell-02 is feeding to rest of the cells as all of those
are in lower potential than Cell-02 as expressed by Equation (9), while receiving charging
current (IChargingC2) at the same time.

Figure 9. Experimental results of cell-balancing in Test Case-03 using sequential balancing. The repre-
sentative vertical error bar indicates the estimated SoC measurement uncertainty of approximately
±2% SoC; it does not represent statistical repeatability.

Figure 10. Experimental results of cell-balancing in Test Case-04 using simultaneous balancing. The
representative vertical error bar indicates the estimated SoC measurement uncertainty of approxi-
mately ±2% SoC; it does not represent statistical repeatability.

Similarly, the current relationship of the lowest-SoC cell, which is Cell-03 in this test
case, can be represented by Equation (10), where the cell-current (IC3) of Cell-03 is receiving
charging current (IChargingC3) as well as balancing current (IBalancingC3) from all other cells
as it is the lowest-SoC cell, which has been expressed as Equation (11). Following the same
principle, the balancing current relationship for any middle-SoC cell (IBalancingCn) can be
expressed by Equation (12). Such a cell simultaneously receives balancing current from cells
having a higher SoC and supplies balancing current to cells having a lower SoC. Therefore,
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the net cell current (ICn) of any cell (Cn) from Cell-01 (C1) to Cell-05 (C5) will be equal to
its charging current plus the total incoming balancing current minus the total outgoing
balancing current expressed by Equation (13).

IC2 = IChargingC2 − IBalancingC2 (8)

IBalancingC2 = IBalancingC1 + IBalancingC3 + IBalancingC4 + IBalancingC5 (9)

IC3 = IChargingC3 + IBalancingC3 (10)

IBalancingC3 = IBalancingC1 + IBalancingC2 + IBalancingC4 + IBalancingC5 (11)

IBalancingCn = ∑
i:SoCi>SoCn

ICi→Cn − ∑
j:SoCj<SoCn

ICn→Cj (12)

ICn = IChargingCn + ∑
i:SoCi>SoCn

ICi→Cn − ∑
j:SoCj<SoCn

ICn→Cj (13)

Unlike the simulation results, the highest-SoC cell did not exhibit an initial decrease in
SoC. Instead, its SoC increased continuously throughout the balancing process, indicating
that the balancing current remained lower than the charging current supplied by the ex-
ternal source. A balanced condition within the measurement resolution of the prototype
was achieved after 120 min, which was slower than the 68 min required by Scheme-A.
Consequently, Scheme-B underperformed Scheme-A during charging operation, repre-
senting the only operating condition where the experimental results differed from the
performance ranking predicted by simulation. This observation suggests that simultaneous
balancing under charging conditions is more sensitive to practical current-sharing behavior
and non-ideal cell characteristics.

5.3. Balancing Performance Under Discharging Conditions

The balancing results obtained under discharging conditions are presented in
Figures 11 and 12. In Test Case-05, the cells initially exhibited a 55% SoC imbalance. The
adaptive recombination strategy progressively reduced the energy of higher-SoC cells
until the cell SoC values converged within the measurement resolution of the prototype
near the lowest initial SoC level. The balancing process required 262 min. The observed
behavior closely matched the simulation predictions, confirming that the balancing strat-
egy remains effective during active discharge operation. Following the same principle
described for Equation (12) in charging operation cell-balancing, the balancing current
relationship (ICn) of any cell (Cn) from Cell-01 (C1) to Cell-05 (C5) in discharging condition,
will be equal to its total incoming balancing current minus the total outgoing balancing
current minus its discharging current to the connected load (IDischargingCn) as expressed
by Equation (14).

As a result, for the lowest potential cell, which was Cell-01 in this experiment, the net
current leaving the cell load (IC1) will be the discharging current drained by the connected
load (IDischargingC1) minus the balancing current load (IBalancingC1) coming from all other
cells which are in higher potential than Cell-01, as represented in Equation (15). And for
the highest potential cell, which was Cell-02 in this experiment, net current leaving the cell
(IC2) will be the discharging current drained by the connected load (IDischargingC2) plus the
balancing current (IBalancingC2) which Cell-02 is giving to all other cells which are in lower
potential than Cell-02, as represented in Equation (16).
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Figure 11. Experimental results of cell-balancing in Test Case-05 using sequential balancing. The rep-
resentative vertical error bar indicates the estimated SoC measurement uncertainty of approximately
±2% SoC; it does not represent statistical repeatability.

Figure 12. Experimental results of cell-balancing in Test Case-06 using simultaneous balancing. The
representative vertical error bar indicates the estimated SoC measurement uncertainty of approxi-
mately ±2% SoC; it does not represent statistical repeatability.

A notable observation was the temporary increase in SoC of the lowest-energy cell
during the initial balancing stage. This behavior occurred because the balancing current
received from neighboring cells exceeded the current drawn by the external load. As
balancing progressed, the redistribution current gradually decreased and the discharge
current became dominant, causing the SoC trajectory to decline.

ICn = ∑
i:SoCi>SoCn

ICi→Cn − ∑
j:SoCj < SoCn

ICn→Cj − IDischargingCn (14)

IC1 = IDischargingC1 − IBalancingC1 (15)

IC2 = IDischargingC2 + IBalancingC2 (16)
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This transient behavior was observed in both simulation and experimental results and
therefore provides strong validation of the adaptive recombination balancing mechanism.
Convergence within the measurement resolution of the prototype was achieved after
180 min, representing a 31.3% reduction in balancing time compared with Scheme-A.
Overall, the discharging-condition experiments exhibited the strongest agreement between
simulation and hardware implementation.

5.4. Comparative Evaluation

A comparison between the previously published MATLAB/Simulink simulation
results and the experimentally obtained hardware prototype results is presented in Table 10.
Several important observations can be drawn from Table 10. First, both simulation and
hardware investigations achieved cell convergence within their respective balancing criteria
across all operating conditions, demonstrating consistency in the fundamental balancing
mechanism. Second, the experimentally observed balancing trajectories generally reproduced
the same convergence tendencies predicted by simulation. In particular, the superiority of
Scheme-B under resting and discharging conditions, as well as the transient SoC behavior
observed during discharging operation, were successfully replicated experimentally.

Table 10. Balancing performance comparison between simulation and experimental results.

Balancing
Results

Operating
Condition

Balancing Scheme-A Balancing Scheme-B
Balancing
Speed-Up

Ratio
SoC

Deviation

Balancing
Time

(Minutes)

Time Per
Deviation
(Minutes)

SoC
Deviation

Balancing
Time

(Minutes)

Time Per
Deviation
(Minutes)

Software
Simulation

Resting 36% 80 2.2 36% 75 2.1 6.3%
Charging 15% 115 7.7 15% 60 4.0 47.8%

Discharging 30% 495 16.5 30% 105 3.5 78.8%

Hardware
Prototype

Resting 48% 2400 50.0 45% 330 7.3 86.3%
Charging 47% 68 1.5 46% 120 2.6 −43.3%

Discharging 55% 262 4.8 52% 180 3.5 31.3%

However, quantitative differences in balancing time were observed. These differences
are attributable to practical implementation factors absent from the simulation environment,
including cell aging, relay actuation delays, contact resistance, wiring losses, voltage-
relaxation effects, and measurement uncertainty. Their influence was most evident under
resting conditions, where balancing depended exclusively on passive electrochemical
redistribution. Conversely, the strongest agreement was observed under discharging
conditions, where higher-current flow reduced the relative influence of parasitic effects.

The most significant behavioral deviation occurred during charging operation, where
Scheme A outperformed Scheme B experimentally despite the opposite trend predicted
by simulation. This result indicates that the simultaneous recombination strategy is more
sensitive to practical current-sharing dynamics than assumed in the simulation model.
In particular, externally supplied charging current, second-life cell impedance variation,
relay contact resistance, wiring resistance, and measurement uncertainty may reduce the
expected advantage of simultaneous recombination under charging conditions.

Therefore, the experimental results should not be interpreted as demonstrating univer-
sal superiority of simultaneous balancing. Instead, they show that the preferred recombina-
tion strategy depends on operating condition and hardware implementation. This finding
is an important outcome of the hardware validation because it identifies a control limitation
that was not observable in the original simulation study. Future implementations should
therefore incorporate current-aware recombination logic, where the controller selects se-
quential or simultaneous balancing based on SoC deviation, branch-current behavior, and
current-path impedance.
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Despite these quantitative and behavioral differences, the prototype reproduced the
fundamental balancing mechanism of adaptive recombination under all tested operating
modes and achieved convergence within the measurement resolution of the experimental
platform. The study therefore provides proof-of-concept hardware evidence for the recom-
bination principle, while also identifying the practical corrections required before scalable
EV-grade implementation.

6. Discussion
6.1. Validation of the Adaptive Recombination Concept

The primary objective of this study was to determine whether the adaptive recombina-
tion balancing strategy, previously evaluated through simulation, could be physically imple-
mented and experimentally observed using real lithium-ion cells. The results demonstrate
that the prototype achieved cell convergence in all six test cases within the measurement
resolution of the experimental platform. This confirms that controlled series-parallel recom-
bination can physically redistribute energy among cells without using dedicated balancing
converters, inductors, transformers, or switched-capacitor energy-transfer circuits.

The hardware experiments also confirmed several qualitative behaviors predicted by
the simulation model. In particular, energy redistribution from higher-SoC cells toward
lower-SoC cells were observed, and the temporary increase in the lowest-SoC cell during
discharge operation closely matched the previously predicted transient behavior. These
observations support the physical feasibility of the adaptive recombination principle.

However, the results also show that hardware implementation introduces effects that
were not fully represented in the simulation environment. These include relay actuation
behavior, contact resistance, wiring losses, voltage relaxation, measurement uncertainty,
and second-life cell variability. Therefore, the contribution of this study is not limited to
confirming the simulation results. It also identifies practical implementation constraints
that must be addressed before the architecture can be advanced toward real-time, scalable,
and safety-rated BMS applications.

6.2. Influence of Operating Conditions on Balancing Performance

The experimental results demonstrated that balancing performance was strongly influ-
enced by operating condition. Under resting conditions, balancing depended entirely on
natural electrochemical equalization among cells. Consequently, balancing currents were
relatively small and the process required substantially longer durations. This effect was
particularly evident for sequential balancing, where complete equalization required 2400 min.

In contrast, charging and discharging conditions introduced external current flow into
the battery network. The presence of charging or load current increased the effective energy
redistribution rate and significantly accelerated balancing. As a result, balancing times
under charging and discharging operation were considerably shorter than those observed
during resting operation.

The results therefore indicate that adaptive recombination balancing benefits from
operating environments where external current flow already exists. This characteristic may
be advantageous for practical EV applications because balancing frequently occurs while
the battery is being charged or actively supplying energy.

6.3. Sequential Versus Simultaneous Balancing

The comparison between sequential and simultaneous recombination demonstrates
that balancing performance is strongly dependent on operating condition. Under rest-
ing conditions, Scheme B substantially reduced balancing time compared with Scheme
A, indicating that simultaneous participation of multiple cells can increase the effective
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redistribution pathway when no external current is applied. A similar advantage was
observed under discharging conditions, where Scheme B achieved faster convergence and
reproduced the characteristic transient SoC behavior predicted by the simulation model.

However, the charging-condition experiment produced the opposite performance
ranking. Scheme B required a longer balancing time than Scheme A during charging,
contrary to the trend predicted by the previous simulation study. This result indicates that
simultaneous recombination is not universally superior under all operating modes. In the
present prototype, the externally supplied charging current appears to have dominated
the balancing current, while second-life cell impedance variation, relay contact resistance,
wiring resistance, and other current-path non-idealities further affected current distribution
among cells. These practical effects were not fully represented in the idealized simulation
model and therefore became visible only after hardware implementation.

This deviation is an important outcome of the experimental validation rather than
merely a negative result. It shows that the optimal recombination strategy cannot be
selected from SoC deviation alone. A practical controller should also consider operating
mode, branch-current behavior, current-path impedance, switching-device characteristics,
and cell-to-cell impedance variation. Therefore, future implementations should incorporate
current-aware recombination logic, in which the controller dynamically selects sequential or
simultaneous balancing based on both SoC distribution and measured or estimated current-
sharing behavior. This refinement is necessary before the architecture can be extended to
larger, higher-current, or automotive-grade battery systems.

6.4. Hardware Complexity and Practical Feasibility

One of the principal motivations behind the adaptive recombination approach is
reduction of balancing hardware complexity. Conventional active balancing systems
frequently rely on inductors, transformers, switched-capacitor networks, or bidirectional
DC-DC converters. While these approaches can achieve high balancing efficiency, they
often require significant component count, complex control circuitry, additional PCB area,
and increased manufacturing cost.

The proposed architecture achieves balancing through controlled modification of cell
interconnections rather than dedicated energy-transfer hardware. For an N-cell battery
string, the architecture requires only 2N − 2 SPDT switching devices while maintaining
accessibility to every cell within the pack. Consequently, balancing functionality is achieved
without inductors, transformers, capacitors, or converter stages. The successful operation
of the prototype demonstrates that meaningful balancing performance can be achieved
using a comparatively simple hardware structure.

6.5. Implications for Second-Life Battery Applications

An important aspect of this study is the use of second-life Panasonic NCR18650PF
cells. While the original intention was to validate the prototype using pristine cells, prac-
tical procurement limitations necessitated the use of carefully screened second-life cells.
Although second-life cells introduce greater variability in capacity, internal resistance, and
degradation history, they also represent conditions increasingly encountered in battery-
repurposing applications. Consequently, the experimental environment may be considered
more representative of practical battery systems than an idealized pack composed of
perfectly matched cells.

The successful balancing of cells with state-of-health values between 88% and 90% demon-
strates that the adaptive recombination methodology remains effective despite moderate
aging-related variability. This observation is particularly relevant to second-life energy-storage
systems, where cell inconsistency remains one of the primary technical challenges. The find-
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ings therefore support the potential applicability of adaptive recombination balancing within
emerging circular-economy frameworks and second-life battery ecosystems.

6.6. Experimental Limitations and Future Development Needs

Several limitations are considered when interpreting the present results. First, the
prototype consisted of only five cells, whereas practical EV battery packs may contain
hundreds or thousands of cells. Additional research is therefore required to evaluate
scalability under larger pack configurations.

Second, the experimental platform employed electromechanical relays. Although
suitable for proof-of-concept validation, relay-based implementations introduce switching
delays, contact resistance variation, and long-term wear concerns. Future implementa-
tions based on solid-state switching technologies may improve response speed, reliability,
and scalability.

Third, the experiments were performed under laboratory ambient conditions without
active thermal control. Since temperature significantly influences lithium-ion battery
behavior, future investigations may incorporate thermal characterization and temperature-
aware balancing analysis.

Finally, OCV-based SoC estimation was adopted to maintain implementation sim-
plicity and experimental repeatability. While adequate for prototype validation, future
systems may benefit from hybrid estimation approaches combining OCV measurements,
coulomb-counting, and model-based state estimation techniques.

In addition, the present prototype was not designed as a safety-rated automotive
BMS platform. Protection functions required for practical deployment, including cell-level
fusing, pre-charge or soft-start circuitry, polarity verification, over-current protection, over-
voltage and under-voltage protection, thermal monitoring, transient-current limitation,
and verified break-before-make switching logic, were not fully integrated into this first-
stage laboratory implementation. This limitation does not affect the proof-of-concept
objective of validating recombination-driven balancing under controlled experimental
conditions, but it defines a critical boundary between laboratory validation and automotive
or commercial deployment. Future development must therefore incorporate safety-rated
PCB design, automotive-compatible switching devices, dedicated protection circuitry, fault-
detection logic, and protection-validation testing under representative electrical, thermal,
and fault conditions.

The present results should therefore be interpreted as proof-of-concept hardware
validation rather than as a complete demonstration of an automotive-ready BMS. The
five-cell scale, relay-based switching, OCV-relaxation measurement protocol, lack of in-
tegrated protection circuitry, and absence of replicated statistical testing limit the direct
generalization of the results to commercial EV battery packs. Nevertheless, these limita-
tions also define the next development steps clearly. Future work must combine real-time
SoC estimation, current-aware recombination control, solid-state switching, safety-rated
PCB design, integrated protection circuits, repeated experimental validation, and larger
pack-level testing to determine whether the architecture can be translated into practical
high-power battery systems. Despite these limitations, the experimental results provide
strong evidence supporting the technical feasibility of adaptive recombination balancing
and establish a foundation for future large-scale development and industrial evaluation.

7. Conclusions and Future Work
This study experimentally validated a previously published adaptive recombination-

based cell-balancing strategy through the development and evaluation of a hardware
prototype employing second-life Panasonic NCR18650PF lithium-ion cells. The primary
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objective was to bridge the gap between simulation-based validation and practical imple-
mentation by assessing whether the proposed balancing concept could operate effectively
under real-world conditions involving non-ideal switching behavior, measurement uncer-
tainty, voltage relaxation effects, wiring losses, and cell-to-cell variability.

The experimental results demonstrated that the adaptive recombination architec-
ture achieved cell convergence within the measurement resolution of the prototype in all
six test cases conducted under resting, charging, and discharging operating conditions. The
prototype reproduced the fundamental balancing mechanisms predicted by the original
MATLAB/Simulink model, confirming that adaptive series-parallel recombination can
effectively redistribute energy among cells without the use of dedicated balancing con-
verters, inductors, transformers, or capacitor-based energy-transfer circuits. A particularly
important outcome was the strong qualitative agreement observed between simulation
and experimental behavior, especially under discharge operation, where characteristic-
balancing dynamics predicted by the model were successfully replicated in hardware.

The investigation further revealed that balancing performance is highly dependent
on both operating condition and recombination strategy. Simultaneous balancing demon-
strated substantial advantages under resting and discharging conditions, reducing bal-
ancing time by up to 86.3% and 31.3%, respectively, compared with sequential balancing.
However, charging-condition experiments showed that practical balancing behavior may
differ from simulation predictions, highlighting the importance of experimental validation
when assessing battery-balancing architectures intended for real-world deployment.

Beyond validating the balancing concept itself, the study provided valuable engi-
neering insight into practical implementation considerations. The use of second-life cells,
relay-based switching, isolated voltage sensing, and OCV-based SoC estimation exposed
several real-world factors that are often neglected in simulation environments but can
significantly influence balancing performance. Consequently, the work contributes not
only experimental verification of the adaptive recombination strategy but also a clearer
understanding of the challenges associated with translating balancing algorithms into
functioning hardware systems.

From a broader perspective, the proposed architecture offers a potentially attractive
alternative to conventional active balancing approaches by achieving charge redistribu-
tion through controlled topology reconfiguration rather than dedicated energy-transfer
hardware. This characteristic may support future development of lower-complexity battery-
management architectures for electric vehicles, stationary energy-storage systems, and
second-life battery applications. The successful use of second-life lithium-ion cells further
highlights the potential relevance of the proposed methodology within circular-economy
and battery-repurposing initiatives.

Although the results provide useful proof-of-concept evidence, several development
steps remain before the architecture can be considered suitable for automotive or commer-
cial battery systems. Future work should evaluate the strategy using larger battery packs
with substantially higher cell counts to assess scalability, switching coordination, and current-
path losses under conditions more representative of practical EV systems. Higher-current
experimental platforms are also required to investigate fast charging, regenerative-braking
conditions, high-power discharge, and transient current behavior during recombination.

Further development should replace the electromechanical relay network with
automotive-compatible solid-state switching technologies, such as MOSFET, GaN, or Si-
based implementations. Future prototypes should also integrate real-time current moni-
toring, hybrid SoC estimation, SoH-aware control, thermal characterization, safety-rated
PCB design, cell-level protection, pre-charge or soft-start circuitry, over-voltage and under-
voltage protection, over-current protection, polarity detection, and verified break-before-
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make switching. These improvements are essential for evaluating the architecture under
realistic electrical, thermal, and fault conditions.

Overall, this study provides first-stage hardware validation of adaptive recombination-
based lithium-ion battery balancing using second-life Panasonic NCR18650PF cells. The
findings show that the recombination principle can be physically implemented and can
achieve cell convergence under controlled laboratory conditions. At the same time, the ob-
served charging-condition deviation, measurement-delay limitation, and safety-protection
requirements demonstrate that further control, sensing, switching, and protection develop-
ment is necessary before practical deployment. Accordingly, the study contributes both
experimental evidence and implementation guidance for the future development of scal-
able, hardware-efficient, and sustainability-oriented battery management systems. This
research contributes to Sustainable Development Goal 7 (SDG 7), Affordable and Clean
Energy, by supporting improved lithium-ion battery utilization, energy efficiency, and
lower-complexity energy-storage development for sustainable electric mobility.
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Abbreviations
The following abbreviations are used in this manuscript:

APU Auxiliary Power Unit
BMS Battery Management System
CC Constant Current
CP Constant Power
CR Constant Resistance
CTC Cell-To-Chassis
CTP Cell-To-Pack
CV Constant Voltage
DC Direct Current
EV Electric Vehicle
HIL Hardware-In-Loop
I2C Inter-Integrated Circuit
IR Internal Resistance
LFP Lithium Iron Phosphate
LIB Lithium-ion Battery
LMO Lithium Manganese Oxide
NCA Nickel Cobalt Aluminum Oxide
NMC Nickel Manganese Cobalt Oxide
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OCV Open-Circuit Voltage
PCB Printed Circuit Board
SoC State of Charge
SoH State-of-Health
SPDT Single Pole Double Throw
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