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Abstract

Cell degradation in second-life battery packs introduces heterogeneous capacity and in-
ternal resistance mismatch, reducing the effectiveness of conventional balancing ap-
proaches and limiting available pack runtime. Although equal state of charge (SoC) does
not necessarily imply equal usable capacity, SoC-based control remains attractive for
runtime-oriented operation. This paper proposes a target-mean controller for heterogene-
ous reconfigurable battery packs under constant-bus constraints that aims to improve
runtime and achieve the cutoff-defined theoretical maximum capacity utilization limit.
Using only real-time cell SoC measurements and legal switching actions, the controller
selects the configuration that best reduces deviation from the pack-average SoC while
preferentially loading cells above the mean. The online action selection requires no active
balancing hardware, no explicit capacity or state of health (SoH) estimation, and no offline
optimization; experimentally measured capacities are used only for calibrated Coulomb-
counting SoC estimation. Simulation results on a heterogeneous five-cell reconfigurable
battery pack show that the proposed controller reaches the cutoff-defined 90% theoretical
utilization limit in the full-initial-SoC cases, while also extending runtime and reducing
switching activity by up to 11.75% relative to the comparison methods. Hardware valida-
tion on a five-cell prototype further confirms this trend, achieving 89.12% experimental
utilization, zero final SoC spread, and higher delivered energy than both comparison
methods. A stepped-load hardware test further achieved 88.19% utilization from current
integration, corresponding to 97.99% of the cutoff-defined 90% theoretical limit. The re-
sults suggest that, for heterogeneous second-life packs, SoC-based reconfiguration control
can achieve both runtime improvement and near-maximum utilization without the added
complexity of explicit SoH-aware balancing.

Keywords: reconfigurable battery systems; second-life batteries; state of charge; capacity
utilization; runtime improvement; battery reconfiguration; battery management

1. Introduction

Second-life lithium-ion batteries are attracting increasing interest for low-cost and
sustainable energy storage applications [1,2]. Second-life battery deployment has been
widely discussed as a route to extend battery lifetime, reduce waste, and improve the
value extracted from EV battery production, although technical, economic, policy, and
repurposing barriers remain [1]. However, the practical deployment of second-life
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lithium-ion batteries depends strongly on reliable characterization at the repurposing
stage. Braco et al. [2] showed that capacity and internal resistance are key indicators for
assessing reused cells, modules, and packs, but conventional characterization can require
long testing times and costly equipment.

Non-invasive characterization of commercial lithium-ion cells commonly involves
capacity, impedance, resistance, and voltage-based measurements, but these procedures
can become time-intensive when applied at scale [3].

Additionally, after first-life use, cell degradation introduces significant variation in
capacity and internal resistance, which complicates pack-level control and reduces the
available runtime and usable energy of the pack [2]. In series-connected strings, the weak-
est cell can dominate the usable capacity of the string during discharge, leading to early
cutoff and preventing full exploitation of the remaining stored energy [4].

The proposed target-mean SoC controller addresses this limitation by dynamically
selecting legal constant-bus configurations that preferentially load cells above the pack-
average SoC while allowing lower-5o0C cells to rest or be bypassed. As a result, cell deple-
tion is coordinated across the pack, delaying early cutoff and enabling the system to ap-
proach the theoretical maximum utilization imposed by the 10% SoC cutoff, while main-
taining the required constant-35 bus throughout operation.

Reconfigurable battery packs offer an alternative by selectively altering cell partici-
pation under load rather than transferring charge between cells [5-8].

Adaptive reconfiguration has also been investigated as a means of extending battery-
system operation by selecting configurations according to real-time load requirements
and cell states [9].

Recent work has also explored optimization-based reconfiguration strategies for im-
proving battery-pack utilization. Liu et al. [10] formulated battery-pack reconfiguration as
a weighted directed-graph path-planning problem using cell SoC and relay-loss
weighting to select high-energy, low-loss discharge paths. Their results showed that path-
planning-based reconfiguration can improve pack consistency, reduce relay-related
losses, and approach the theoretical utilization limit. However, such approaches require
explicit graph-based path optimization, whereas the present work investigates whether a
simpler target-mean SoC controller can achieve high utilization using only real-time SoC
measurements and a safety-pruned legal action set.

Previous work also investigated self-reconfigurable battery structures that maintain
output-voltage stability without requiring an additional DC-DC converter. Ji et al. [11]
proposed a self-reconfigurable topology in which higher-SoC cells are preferentially dis-
charged while lower-5o0C cells are bypassed, allowing the pack to maintain voltage within
a target range and improve capacity utilization. However, such approaches are topology-
specific and do not directly address the problem of selecting from among a safety-pruned
legal action set under a fixed constant-bus constraint.

Conventional balancing methods are most effective when cells are well matched in
capacity and internal resistance [12,13]. In degraded second-life packs, however, capacity
mismatch and resistance mismatch weaken this behavior such that equal SoC cannot be
assumed to imply equal usable capacity [4,14,15].

Although SoC-based utilization metrics are convenient, they may obscure residual
mismatch in absolute remaining capacity when the true objective is runtime improvement
[14,15].

This paper investigates whether a simple target-mean SoC controller can provide a
better overall pack-level outcome than both parallel-based SoC balancing and mean-based
capacity balancing in a heterogeneous constant-3S reconfigurable battery system.

To this end, a target-mean controller is proposed for a constant-3S reconfigurable
battery pack. Using only real-time cell SoC measurements and a permissible set of
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switching actions, the controller selects the configuration that minimizes deviation from
the pack-average SoC while preferentially loading cells with above-average SoC. The ap-
proach therefore avoids reliance on active balancing hardware, explicit capacity estima-
tion, and offline optimization during operation.

Unlike conventional mean-based balancing or topology-specific high-SoC selection,
the proposed method evaluates the predicted full-pack SoC distribution for every hard-
ware-admissible constant-3S action. Offline pruning ensures electrical admissibility, while
the online controller performs lightweight target-mean optimization using only cell SoC
feedback. The contribution therefore lies in combining safety-constrained global action
evaluation, simple real-time decision logic, comparison against capacity and parallel-
based baselines, and hardware validation.

The main contributions of this paper are as follows:

1. Demonstrating that equal state of charge does not necessarily imply equal usable ca-
pacity in heterogeneous second-life cells.

2. Proposing a target-mean controller for a constant-3S reconfigurable battery pack
based solely on real-time SoC measurements and permissible switching actions.

3. Comparing the proposed controller with mAh-based and parallel-balancing bench-
mark strategies.

4. Demonstrating through simulation that the proposed controller attains the cutoff-
defined 90% theoretical utilization limit and delivers improved runtime under heter-
ogeneous cell conditions.

5. Showing that the proposed controller achieves the best overall compromise between
runtime, utilization, balancing quality, and switching activity while reducing switch-
ing burden by up to 11.75% relative to the compared methods.

6. Quantifying the controller’s computational burden, with O(N,N,) per-update com-
plexity, 132 admissible actions, and 660 mask-level cell evaluations per control step,
supported by generated-code timing and memory assessment.

7. Experimentally validating the proposed controller on a five-cell hardware prototype,
where the fixed-load test achieved 89.12% utilization. A stepped-load test further
demonstrated robustness, achieving 88.19% utilization equivalent to 97.99% of the
cutoff-defined theoretical limit.

2. Problem Formulation and Motivation
2.1. Effect of Second-Life Cell Mismatch on Balancing

Second-life lithium-ion cells exhibit increased cell-to-cell variability due to non-uni-
form aging histories, operating temperatures, and degradation rates [1,2,4,14]. In practice,
this leads primarily to mismatch in both available capacity and internal resistance, which
alters the balancing behavior of the pack under load.

For well-matched cells with similar capacities and internal resistances, balancing
through parallel cell operation is generally effective since the cells tend to converge to-
ward a common SoC. In heterogeneous second-life cells, however, this behavior becomes
weaker. Wei et al. [14] showed that parallel cells with different capacities can diverge dur-
ing free discharge, with SoC deviation increasing as the cells discharge, which motivates
the need for reconfiguration-based equalization.

Internal-resistance mismatch is particularly important in parallel-connected cells be-
cause unequal current sharing can accelerate non-uniform aging and affect pack lifetime
[16].

Capacity and internal resistance are commonly assessed during second-life battery
repurposing because they directly reflect the usable energy and power capability of re-
used cells. Braco et al. [2] experimentally demonstrated this using a large second-life
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dataset consisting of 506 cells, 203 modules, and 3 battery packs from retired Nissan Leaf
vehicles, showing that both capacity and resistance estimation are central to second-life
battery evaluation.

Under capacity mismatch, active balancing does not necessarily drive the cells to the
same final SoC, and the more significant limitation is that the cells remain mismatched in
terms of absolute remaining capacity. Consequently, even if the SoC spread is reduced,
the cells do not reach an equivalent usable state. Under internal resistance mismatch, un-
equal current sharing further distorts the balancing process, such that the cells may also
fail to converge to the same final SoC and can remain separated by several percentage
points at the end of balancing. This effect becomes increasingly relevant in second-life
packs, where resistance growth is a natural consequence of degradation.

Thus, SoC convergence alone cannot be assumed to imply equal remaining absolute
capacity in second-life packs.

2.2. 50C and Usable Capacity Are Not Equivalent

State of charge is a convenient normalized measure of relative cell depletion, but it
does not directly represent the same quantity of remaining charge in cells with different
capacities. For a cell with nominal or available capacity Q;, the remaining absolute charge
can be expressed as:

q; = S0C;Q; 1)

where g; is the remaining capacity in absolute units and SoC; is the normalized state of
charge of the i-th cell. For mismatched cells, equal values of SoC; therefore correspond to
different values of q;. As a result, two cells may appear balanced in SoC while still con-
taining different amounts of usable charge.

Although SoC-based control does not eliminate absolute-capacity mismatch, it may
still be effective when the objective is runtime improvement.

2.3. Limitation of SoC-Based Ultilization Metrics and Definition of Maximum Utilization

State of charge is commonly used as a normalized measure of cell depletion, and
many utilization-oriented battery studies evaluate performance using a fixed end-of-dis-
charge threshold, such as a 10% SoC cutoff [14,15]. Under this type of cutoff-defined eval-
uation, the maximum extractable fraction of a fully charged cell is limited to 90% because
the final 10% of cell capacity is intentionally preserved. Therefore, for full-initial-SoC cases
in this work, the theoretical maximum capacity utilization is defined as:

Mmax = (1 = S0Ccyior5) X 100% (2)
where SoCysors = 0.10. This gives:
Nmaye = (1 —0.1) X100 = 90% 3)

In this paper, the term maximum utilization refers specifically to this cutoff-defined
maximum utilization under the imposed lower SoC limit. It should not be interpreted as
the true physical or electrochemical maximum utilization of the cells since deeper dis-
charge below the selected cutoff is intentionally excluded for safety and practical battery-
management reasons. Thus, the reported 90% value represents the theoretical upper
bound imposed by the selected 10% per-cell SoC cutoff criterion.

This distinction is especially important for heterogeneous second-life cells. Since SoC
is a normalized quantity, equal SoC values do not necessarily correspond to equal abso-
lute remaining capacity when cells have different available capacities [14,15]. A controller
may therefore produce apparently balanced SoC trajectories while the cells still contain
different absolute amounts of remaining charge. Conversely, a capacity-based controller
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may balance absolute remaining capacity but still terminate earlier if one cell reaches the
SoC cutoff before the others.

For this reason, runtime and capacity utilization are treated as related but distinct
performance metrics in this study. Runtime measures the discharge duration until the first
cell reaches the imposed 10% SoC cutoff, whereas capacity utilization measures the frac-
tion of initial available pack capacity extracted before this cutoff. The proposed target-
mean SoC controller is therefore evaluated according to its ability to coordinate cell de-
pletion relative to the cutoff condition, delay early cell cutoff, and approach the cutoff-
defined maximum utilization under the tested heterogeneous pack conditions.

2.4. Control Objective and Problem Statement

This work is built upon a previously developed five-cell, 19-switch reconfigurable
battery framework [17], which provides a sufficiently flexible action space for selective
cell participation, bypass operation, and constant-3S bus control. A newly drawn sche-
matic of the topology used in the present study is shown in Figure 1. Unlike hierarchical
multiscale reconfiguration strategies, the present work considers direct online selection
among legal constant-3S switching actions at the individual-cell participation level.

In this work, the term constant-bus constraint refers to maintaining a fixed three-cell
series output path, rather than regulating the bus voltage to an exactly constant numerical
value. The motivation follows previous self-reconfigurable battery work, where reconfig-
uration was used to keep the battery-pack voltage within a suitable operating range and
reduce the need for large voltage-conversion stages [11]. In the present five-cell prototype,
enforcing constant-3S operation constrains the load-side voltage to a predictable 3S oper-
ating window, approximately 8-10.5 V under the tested LFP discharge conditions. This is
more practical for the load or downstream converter than arbitrary series-cell-count op-
eration, where the output voltage could vary substantially as cells are inserted or by-
passed.

The predictability of the constant-3S bus is also supported by the cell SoC-OCYV rela-
tionship. Because the controller coordinates cell depletion and selects cells from the same
chemistry and voltage range, the three cells participating in the series path have broadly
similar terminal-voltage characteristics during operation. The bus voltage is therefore
mainly the sum of three comparable cell voltages, with the remaining variation caused by
SoC differences, internal resistances, and load current. Thus, “constant-bus” in this paper
should be interpreted as a fixed 3S bus constraint with bounded voltage variation, not
active DC-DC-style voltage regulation.

The controller is not permitted to search arbitrary 19-switch combinations online. In-
stead, it operates within a precomputed legal action space generated by offline safety
pruning. At a high level, the pruning removes switch states that violate the constant-3S
bus requirement, create invalid end-node selection, remove the required ground or con-
duction path, enable conflicting forward/reverse/current-path switches, produce short-
circuit-like behavior, exceed allowable load or cell-current limits, or cause reverse cell cur-
rent during discharge. The objective of the online controller is therefore to optimize SoC
coordination only among hardware-admissible switching states.
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based on the topology introduced in [17].

This paper considers a constant-3S reconfigurable battery pack operated under a le-
gal set of switching actions. At each control instant, the controller selects one admissible
configuration from the action set such that exactly three cells are actively connected in
series, while the remaining cells are bypassed or paralleled. Let the cell SoC vector at time
step k be defined as:

s(k) = [s1(k)sz (k)53 (k)4 (k) ss (k)] 4)
And let the corresponding pack-average SoC be:
5
1
u(k) = gzl si(0) 6)

The control problem is to select, in real time, the legal switching action that

e reduces deviation of the cell SoCs from the pack-average value,

e  preferentially loads cells above the mean SoC,

. improves total pack runtime,

e and achieves the theoretical maximum utilization limit defined by the SoC cutoff cri-
terion.

Unlike SoH-aware or capacity-aware approaches, the controller developed in this
work does not require explicit estimation of capacity fade, internal resistance, or cell
health states [4,14,15]. Instead, it uses only real-time SoC measurements and the legal ac-
tion space of the reconfigurable pack. In the hardware implementation, experimentally
measured cell capacities are used only within the Coulomb-counting SoC estimator and
not used by the proposed target-mean controller as capacity-based inputs. The aim is to
determine whether such a simple SoC-based strategy can be sufficient for both runtime-
oriented control and theoretical maximum utilization in mismatched second-life packs.

Prior SoH-aware reconfiguration studies have shown that grouping cells of similar
health within the same series string can improve delivered pack capacity in heterogeneous
battery packs, since the usable capacity of a series string is constrained by its weakest cell
[4]. In contrast, the present work investigates whether comparable pack-level benefits can
be achieved without explicit SoH estimation. Specifically, the aim is to determine whether,
within a constant-3S reconfigurable framework considered here, a simple target-mean
SoC controller based only on real-time SoC measurements can provide the best overall
compromise between runtime, utilization, residual imbalance, and switching activity. The
results indicate that, under the evaluated mismatch scenarios, explicit SoH-aware control
is not required to obtain strong pack-level performance.

https://doi.org/10.3390/batteries12060221
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3. Target-Mean Controller
3.1. Legal Action Space Construction

The five-cell, 19-switch reconfigurable battery framework admits 2'° switch combi-
nations, many of which are invalid, unsafe, or incompatible with the constant-3S bus con-
straint [18].

This is consistent with prior reviews of reconfigurable battery systems, which iden-
tify safe and optimal utilization, hardware overhead, switching losses, and scalability as
central challenges in practical RBS deployment [5,6,19].

To reduce this space, a two-step offline pruning procedure was applied, as summa-
rized in Algorithm 1. Clearly invalid and short-circuit-prone combinations were first re-
moved using logical filtering, after which the remaining candidates were screened using
a short simulation-based safety check.

Algorithm 1: Two-Step Legal Action Space Pruning and SeriesMask Generation

Input: Full 19-switch action space, logical pruning rules, simulation safety criteria, constant-3S
operating constraint
Output: Legal action set A, SeriesMask
1. Initialize the full candidate action set Acang < {0,1,...,2%° — 1}
2. Apply logical pre-pruning to remove clearly invalid or unsafe combinations, including:
a) inconsistent end-node selection
b) missing ground paths
¢) missing conduction paths
d) forbidden simultaneous switch activations
Set the surviving actions as the pre-pruned candidate set A, «<pre-pruned actions
Initialize the legal action set A « @
For each candidate action a; € Ay,
Run a short simulation for action g;

Measure the resulting bus voltage and cell/load currents

® N S Tk W»

Reject action q; if any of the following conditions is satisfied:
a) Vpus € [8.5,11]V;
b) short-circuit-like behavior is detected or load current is below 0.2 4;
¢) circulating current exceeds 5 A or load current exceeds 10 4;
d) reverse cell current exceeds 3 A;
e) any cell current exceeds 5 A.
9. If action a; satisfies all safety and constant-3S requirements:
10. Add g; to the legal action set A « A U {a;}

11. Generate the corresponding binary SeriesMask row m; = [mj';l mj, Mj3 M, mj's]
5

12. Retain only masks satisfying Z m;; =3
i=1

13. End for
14. Form the SeriesMask matrix by stacking the retained mask rows corresponding to all legal
actions in A

15. Return A and SeriesMask

https://doi.org/10.3390/batteries12060221
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The simulation-based pruning stage used the same safety-pruned action-space con-
struction previously developed for the five-cell, 19-switch constant-3S topology in [17].
Each pre-pruned candidate was evaluated over a short T = 0.25s Simscape simulation
window with a maximum solver step of 0.005 s. Candidate actions were retained only if
they satisfied the three-cell-equivalent bus-voltage requirement and did not trigger any
electrical safety conditions. The safety thresholds used in the pruning process were a
short-circuit voltage threshold of V, = 0.05V, a near-zero load-current threshold of
Ismau = 0.2 A, a circulating-current threshold of I, = 5 4, a maximum load-current limit
of Iipgamax = 10 A, a reverse-cell-current limit of 1.4, ;4 = 3 4, and a maximum per-cell-
current limit of I e max = 5A. These thresholds were selected as conservative offline
screening limits informed by LiFePO, cell operating limits and the required three-cell-
equivalent bus-voltage range. These values were used only for offline action-space prun-
ing; the online target-mean controller then evaluates only the retained legal actions.

Applying Algorithm 1 reduced the full 2'° switching space to 132 safe legal actions.
These retained actions form the controller action set, denoted by (6). The use of a safety-
pruned legal action space ensures that the online controller evaluates only admissible
switching states, thereby improving both computational efficiency and operational safety.

A= {al, a,, ...,aN}, Na = 132 (6)

Although all 132 retained actions satisfy the constant-3S participation requirement,
they correspond to 10 unique three-cell participation masks, equivalent to the number of
ways of selecting three active cells from five. Multiple switching configurations can there-
fore realize the same active-cell set because of the topology routing, bypass, and parallel-
connection possibilities. The controller evaluates the safe action library using the associ-
ated SeriesMask representation, so the online decision remains computationally light-
weight while still preserving hardware-feasible switching options.

Where multiple legal switching configurations produce the same three-cell participa-
tion mask, they receive identical SoC-based costs. Ties are resolved deterministically by
selecting the first encountered minimum-cost action in the stored legal-action ordering.

The per-step computational complexity of the online target-mean evaluation is
O(N,N,), where N, isthe number of admissible actions and N, is the number of cells. For
the evaluated prototype, N, = 132 and N, =5, corresponding to 660 mask-level cell
evaluations per control step. This supports real-time implementation at the 1 s hardware
update interval used in the experimental validation.

The retained legal action set forms the basis of the proposed target-mean controller.
At each control step, the controller evaluates these admissible actions using the measured
cell SoCs and selects the action with minimum cost. The overall real-time decision process
is summarized in Figure 2.

https://doi.org/10.3390/batteries12060221
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Read inputs:
SoCl, SoC2, SoC3, SoC4, SoC5, ActionSet, SeriesMask

\ 2

Clamp SoCs and compute p

v

Initialise best values:
bestCost = o0, bestID = ActionSet(1), bestMask = prevMask:

. - No
More actions remaining

Get candidate mask:

Increment k / mask = SeriesMask(k,:)
End

Next action

A

Output selected action:
actionID = bestID
prevMask = bestMask

Predict next-step SoCs:
s_next using ASoC

v

Compute metrics:
W_next, error, spread, switchCount, aboveMeanReward

v

Compute total cost:
cost=W_ERR-err +
W_SPREAD:spread +
W_SW-switchCount — reward

Update best values:
bestCost = cost
bestID = ActionSet(k)
bestMask = mask

Figure 2. Flowchart of the proposed target-mean controller.

3.2. Series Participation Mask and Candidate State Prediction

For each retained legal action a; € A, the corresponding constant-3S cell participa-
tion is represented by a binary series mask:

m; = [m;, m;, myz m;, M| )
where:
1, if cell iis active under action a;
M= {0, otherwise ®)
and
5
ij,i = 3, Va} € A. (9)
i=1
Let the measured cell SoC vector at time step k be:
s(k) = [s1(k) s2(k) s3(k) s4(k) ss(k)]" (10)
With corresponding pack-average SoC:
5
1
ki) =2 ) 5t (k) a1
i=1
For each candidate action a;, the one-step predicted SoC of cell i is:
8,k + 1) = sat,(s;(k) — m;;4soc) (12)

where sat(-) denotes saturation to [0,1]. The corresponding predicted pack-average SoC
is:

https://doi.org/10.3390/batteries12060221
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5
1
ﬁj(k+1)=§2§i_j (k +1). (13)
i=1

3.3. Target-Mean Cost Function

Each legal action is evaluated using a cost function that penalizes deviation from the
predicted pack-average SoC, penalizes predicted SoC spread, optionally penalizes switch-
ing changes relative to the previously selected mask, and rewards the selection of cells
that are currently above the pack-average SoC.

L

5

Jorr () = ) (Suy G + 1) = fy (k + 1))? (14)

i=1
]spread,j(k) = mcl_lx §i,j(k +1)— mlin §i,j(k +1) (15)

5
Jowg 06 = ) 1y = M | (16)
i=1

5

Roean, (k) = ) mjmax (s, (k) = u(k),0) (17)

1

The total cost is:

Ji (&) = WerpJerr,j (k) + Wepreaaspread,j (k) + WewJsw,j(K) — Rinean,j (k) (18)
In this work,
W, = 1.0, Wspreaa = 0.5, Wsw, = 0.0 (19)
With
Agoc = 0.002 (20)

Although a switching-count penalty term is included in the controller formulation
for generality, it was set to zero in this study (W, = 0). Consequently, the observed re-
duction in switching activity emerged from the action-selection behavior itself rather than
from explicit penalization.

To assess the contribution of the individual cost terms, ablation testing was con-
ducted by evaluating reduced cost-function formulations against the full controller under
the mismatch scenarios described in Section 4. The results showed that the mean-error
term is the primary driver of pack-level performance. Removing the spread and above-
mean reward terms produced no measurable degradation in utilization, runtime, or final
SoC spread under the evaluated conditions. This indicates that direct targeting of the
pack-average SoC is the dominant mechanism behind the proposed controller’s perfor-
mance. The spread and above-mean terms are therefore retained in the full formulation
as secondary refinements, providing additional generality for operating conditions be-
yond those evaluated here. Importantly, this result supports the broader conclusion that
effective reconfiguration control for heterogeneous second-life battery systems does not
necessarily require complex multi-objective formulations; instead, a simple target-mean
SoC controller can be sufficient to reach the cutoff-defined theoretical utilization limit un-
der the tested scenarios.

3.4. Real-Time Action Selection

At each control instant, all legal actions in A are evaluated using the predicted SoC
update and the cost function defined above. The selected action is the minimum-cost ac-
tion:

https://doi.org/10.3390/batteries12060221
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a*(k) = arg mé&]j(k) (21)

and its corresponding action ID is returned to the controller output. The associated mask
is then stored as the new previous mask for the next control step.

4. Simulation Setup and Comparison Methods
4.1. Cell Model and Mismatch Conditions

Each cell was represented using a standard lookup-table battery model, in which
open-circuit voltage and terminal resistance were defined as functions of state of charge.
This modeling approach is commonly used for controller-oriented battery simulation be-
cause it captures the principal dependence of terminal behavior on SoC without requiring
a full electrochemical model.

The proposed controller was evaluated in simulation using a five-cell reconfigurable
battery pack operated under the constant-3S constraint described in Section 3. The study
considered mismatched-cell scenarios representative of second-life battery behavior, with
differences introduced in cell capacity and internal resistance. A SoC-dependent internal
resistance trend, typically increasing at low and high SoC, has been reported in lithium-
ion battery modeling studies and was adopted here to represent resistance variance under
degraded or heterogeneous operating conditions [20]. These mismatch conditions were
selected to assess the extent to which the controller could maintain coordinated discharge,
extend runtime, and achieve high utilization despite degraded cell consistency.

All controllers were evaluated using the same pack framework, action-space con-
straints, and end-of-discharge criterion in order to ensure a fair comparison. Capacity uti-
lization was assessed using a 10% SoC cutoff, giving a theoretical maximum utilization
limit of 90%.

4.2. Comparison Controllers

To assess whether explicit capacity-aware control is necessary for runtime-oriented
operation, the proposed target-mean SoC controller was compared against two reference
methods. The evaluated controllers are summarized in Table 1.

Table 1. Comparison of evaluated controllers.

Controller Decision Variable Action-Selection Method

Minimum-cost action relative to pack-
Target-mean SoC SoC P
average SoC

Remaining absolute Capac- Minimum-cost action relative to mean
Target-mean mAh . . .
ity remaining capacity

Parallel Balancing SoC imbalance Parallel-capable midpoint heuristic

The target-mean mAh-based controller followed the same overall action-selection
structure as the proposed method but replaced SoC with remaining absolute capacity as
the balancing variable [14,15]. Candidate actions were therefore evaluated according to
their predicted effect on the mean remaining capacity rather than the mean SoC.

The parallel-balancing baseline operated on the subset of actions that permit parallel
cell interaction [11,12]. At each control step, it identified cells above and below the pack-
average SoC and selected a parallel-capable action intended to bring the associated cells
toward the midpoint. Unlike the proposed controller, it did not evaluate the full legal ac-
tion set using an explicit global cost function.

Across the simulation and hardware comparisons, all controllers used identical con-
ditions, decision intervals, end-of-discharge criteria, and applicable pack constraints. The
hardware tests additionally used the same measurement and SoC-estimation procedures,
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while both target-mean controllers used the same legal action library and deterministic
action ordering.

4.3. Performance Metrics

Controller performance was assessed using the metrics listed in Table 2. These were
selected to distinguish between balancing quality and practical pack-level performance
under second-life mismatch.

Runtime is defined as the elapsed discharge time from the start of operation until the
first cell reaches the 10% SoC cutoff. Capacity utilization is calculated over the same inter-
val as the fraction of initial available pack capacity extracted before this cutoff. Therefore,
both runtime and capacity utilization are evaluated under the same practical end-of-dis-
charge condition.

Table 2. Performance metrics.

Metric Description Purpose
. Total discharge duration until the Primary practical performance
Runtime
10% SoC cutoff measure

Fraction of usable pack capacity
Capacity utilization delivered before the 10% SoC cut-
off
Difference between maximum and
Relative SoC spread minimum cell SoC during dis- Indicates balancing effectiveness
charge

Measures proximity to the 90%
theoretical limit

Capacity utilization was defined as the percentage of initial available pack capacity
released before the 10% SoC cutoff. For cases where all cells began from full charge, this
gives a theoretical upper limit of 90%. For initial pack capacity Ci,;; and remaining pack
capacity at cutoff Cpg, the utilization is:

p = Sinit ~Ciere 10004 (22)
Cinit

For the unequal-initial-SoC case, the 10% cutoff is enforced at the individual-cell level
rather than as 10% of the initial available pack charge. Therefore, the remaining pack ca-
pacity at cutoff is obtained by summing the residual 10% capacity of each cell. For the cell
capacities [1400,1100,1600,1320,900] mAh, this gives a cutoff residual of 632 mAh. Since
the cells begin from unequal initial SoCs, the initial available pack charge is 5446 mAh
rather than the full nominal pack capacity, and the resulting case-specific maximum utili-
zation is therefore (5446 — 632)/5446 x 100 = 88.40%, rather than 90%.

5. Simulation Results
5.1. Results Under Internal-Resistance Mismatch

Figure 3 compares the balancing behavior of the evaluated controllers under internal-
resistance mismatch, while keeping the initial cell SoC and capacity identical. In this case,
the mismatch arises purely from resistance variation, allowing the effect of unequal cur-
rent sharing on balancing behavior to be isolated. The proposed target-mean SoC control-
ler is compared against the target-mean mAh-based controller and the parallel-balancing
controller using the same constant-3S pack framework and 10% SoC cutoff criterion.

The results show that internal-resistance mismatch alone is sufficient to degrade bal-
ancing performance, even when the cells begin with identical SoC and capacity. Under
resistance mismatch alone, the target-mean SoC and target-mean mAh controllers pro-
duced identical runtime, utilization, and final SoC-spread results because the cell
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capacities were equal. The parallel-based controller retained a small residual SoC spread,
terminated earlier, and extracted less capacity.
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Figure 3. Controller comparison under internal-resistance mismatch: (a) cell internal-resistance pro-
files, (b) target-mean SoC-based controller, (c) target-mean mAh-based controller, and (d) parallel-
balancing controller.

5.2. Results Under Capacity Mismatch

Figure 4 compares the balancing behavior of the evaluated controllers under capacity
mismatch, while keeping the initial cell SoC and internal resistance identical. In this case,
only the available cell capacities are varied, with nominal values of [1400, 1100, 1600, 1320,
900] mAh, where 1600 mAh represents the ideal cell capacity. The proposed target-mean
SoC controller is again compared against the target-mean mAh-based controller and the
parallel-balancing baseline using the same constant-3S pack framework and 10% SoC cut-
off criterion.

The results indicate that balancing absolute remaining capacity does not necessarily
yield the best pack-level outcome. Instead, the proposed SoC-based controller provides
the best compromise between coordinated discharge, runtime, and utilization. In particu-
lar, it achieves the most coordinated discharge behavior and reaches the 90% theoretical
utilization limit. By comparison, the parallel-balancing baseline exhibits substantial mid-
discharge divergence before the trajectories begin to reconverge, while the mAh-based
controller performs worst in SoC-balancing terms despite driving the cells toward similar
final absolute remaining capacities. These results further support the view that balancing
absolute capacity alone does not necessarily improve practical pack runtime, and that
SoC-based reconfiguration control remains more effective for runtime-oriented operation
under second-life mismatch.
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Figure 4. Controller comparison under capacity mismatch: (a) target-mean SoC-based controller, (b)
target-mean mAh-based controller, and (c) parallel-balancing controller, with (d—f) showing the cor-
responding relative SoC spreads.

5.3. Switching Activity

Figure 5 compares the topology-aligned per-switch turn-on counts of the evaluated
controllers. The proposed target-mean SoC controller exhibits the lowest overall switch-
ing activity by up to 11.75%, while still achieving the best runtime and utilization perfor-
mance. This is practically important because fewer switching events reduce switching
burden on the hardware and may help reduce switching losses. By contrast, the mAh-
based and parallel-based controllers require more frequent switch operation to achieve
their behavior. These results suggest that the proposed controller improves pack-level
performance without increasing switching effort, which strengthens its practical suitabil-
ity for reconfigurable battery implementation.
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Figure 5. Topology-aligned heatmaps of per-switch turn-on counts for (a) target-mean SoC, (b) tar-
get-mean mAh, and (c) parallel-based control. The proposed target-mean SoC controller exhibits the
lowest overall switching activity, indicating the lowest switching burden among the evaluated
methods.

5.4. Summary of Simulation Results

Table 3 summarizes the controller performance under the individual mismatch cases.
In both internal-resistance and capacity-mismatch scenarios, the proposed target-mean
SoC controller achieved the best overall performance, combining the highest utilization
with the smallest residual SoC spread. Table 4 summarizes the combined resistance- and
capacity-mismatch case under a 10 Q load. In this case, the proposed controller again pro-
vided the best overall compromise, achieving the highest utilization among the evaluated
methods while also requiring the lowest switching activity. Taken together, the results
indicate that the target-mean SoC controller provides the best compromise between
runtime, utilization, balancing quality, and switching burden.

This confirms that, for the mismatch scenarios considered here, the proposed target-
mean SoC strategy provides the best overall compromise between runtime, utilization,
and residual imbalance at the 10% per-cell SoC cutoff, compared with both parallel-based
SoC balancing and mean-based capacity balancing.

Table 3. Summary of controller performance under individual mismatch conditions.

Load (Q)

Scenario Controller Utilization (%)

SoC Spread at
10% Cutoff

(p-p.)

Runtime to 10% Capacity Re-
SoC Cutoff (s) maining (mAh)

10

Internal re-

sistance mis-

match

Target-mean

8964.15 90.00 800.004 0.000
SoC
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10

10

10

10

10

Internal re-

sistance mis-

match

Target-mean

AR 8964.15 90.00 800.004 0.000

Internal re-
sistance mis-  Parallel-based 8870.00 89.48 841.455 1.431

match

Capacity mis-  Target-mean

match

Capacity mis-  Target-mean

match

Capacity mis-

match

6991.91 90.00 632.006 0.000
SoC

6774.13 87.34 799.994 7.780
mAh

Parallel-based 6880.56 88.74 711.597 3.073

This is in agreement with Wei et al. [14], who reported SoC divergence during free
discharge of parallel cells with different capacities. In the present study, the parallel-based
controller likewise retained residual imbalance, with a SoC spread of 1.431 p.p. under in-
ternal-resistance mismatch and 3.073 p.p. under capacity mismatch at the 10% cutoff.
These results indicate that parallel balancing alone does not necessarily ensure full con-
vergence in heterogeneous packs.

In the combined SoC, resistance, and capacity mismatch case, the proposed target-
mean SoC controller reached the theoretical residual capacity limit of approximately 632
mAh at the 10% cutoff, corresponding to 88.40% utilization. This represents the case-spe-
cific theoretical maximum under the unequal initial-SoC condition and 10% cutoff. By
contrast, the mAh-based controller terminated with 800.00 mAh remaining, correspond-
ing to 85.31% utilization. The proposed controller also increased runtime from 5795.56 s
to 6017.76 s, an improvement of 222.20 s, or 3.83%. This confirms that coordinating cell
depletion around the pack-average SoC improves both cutoff-defined capacity utilization
and practical runtime compared with balancing remaining absolute capacity alone.

Table 4. Summary of controller performance under combined resistance, capacity, and SoC mis-
match case (S0C; jpit = 0.99, S0Cyinit = 0.90, S0C3 it = 0.70, S0C4ipit = 0.85, SoCsinix = 0.92) with
a 10 Q) load, where the theoretical limit of maximum utilization is 88.40%.

Load (Q)

Scenario Controller Runtime (s)

Total Normalized
Switch-Ons Switching Ac- Utilization
up to 10% tivity (Switch- (%)
SoC Ons/s)

Capacity SoC Spread
Remaining at 10% Cut-
(mAh) off (p.p.)

10

10

10

Combined
SoC, Re-
sistance and
Capacity
mismatch
Combined
SoC, Re-
sistance and
Capacity
mismatch
Combined
SoC, Re-

Target-mean

Target-mean

SoC 6017.76 3,644,356 605.60 88.40 632.00 0.000

5795.56 3,740,478 645.40 85.31 800.00 7.782
mAh

sistance and Parallel-based 5953.61 4,129,525 693.62 87.78 665.27 1.470

Capacity
mismatch
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6. Experimental Analysis
6.1. Experimental Setup

For hardware implementation, a deployable real-time model was developed for
measurement acquisition, signal conditioning, switch activation, and calibrated Coulomb-
counting-based SoC estimation. Measured per-cell currents were integrated using the ex-
perimentally characterized capacities in Table 5 to provide the relative SoC feedback re-
quired by the host-level target-mean controller.

This estimation layer was executed on the embedded platform and provided the state
information required by the host-level target-mean controller.

A hardware prototype of the reconfigurable battery system was developed to sup-
port implementation of the proposed control framework on real cells. The experimental
setup is shown in Figure 6 and consists of the following:

RBS Module €2000 Launchpad

.|

Programmable

Load Voltage & Current

Figure 6. Hardware prototype of the reconfigurable battery system, showing the RBS module, quad
switching board, per-cell voltage and current sensing, host PC running the control algorithm, TI
C2000 LAUNCHXL-F28379D, programmable load, and supporting power supply.

e  Five unbranded commercial LFP cells with measured capacities of 1634 mAh, 1563
mAh, 1820 mAh, 1560 mAh, and 1542 mAh.

¢  RBS module, used as the main reconfigurable battery system control platform.

¢ Quad switching board populated with real MOSFETs and gate drivers, designed by
TikStation Ltd. (Sheffield, UK), enabling arbitrary battery topologies to be assembled
and controlled in real time.

e  Custom per-cell voltage and current sensing, used for measurement acquisition and
closed-loop monitoring of individual cells.

e TIC2000 LAUNCHXL-F28379D development board (Texas Instruments, Dallas, TX,
USA), used for measurement acquisition, Coulomb-counting-based SoC estimation,
and switch activation.

e Host PC, used to execute the target-mean controllers and comparison methods, and
to communicate with the embedded platform through a serial link.

e  Programmable electronic load, TENMA 72-13210 / Multicomp Pro 72-13210 (Premier
Farnell UK Ltd., Leeds, UK), used to apply the discharge current.

. External PSU, TTi QL335T (Thurlby Thandar Instruments Ltd., Huntingdon, UK),
used to power RBS controller board.
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° BK Precision BA6011 battery analyzer (B&K Precision Corp., Yorba Linda, CA, USA),
used for cell internal-resistance measurement.

e  Varicore VCP4 charger/tester (VariCore/YinQian Electronic Technology Co., Ltd.,
Shenzhen, China), used for practical capacity testing and charging of cells.

Figure 7 summarizes the real-time implementation architecture. The TI C2000
LAUNCHXL-F28379D acquires the per-cell voltage and current measurements, performs
calibrated Coulomb-counting estimation, and applies the selected switching action. The
estimated cell SoCs are transmitted to the host PC, where the target-mean controller eval-
uates the legal action set and returns the selected action ID to the embedded platform for
switch actuation.

Five LFP Cells | Per-Cell Voltage and Current
= Sensing
1634mAh
1563mAh > Load Voltage _and Current
Sensing
1820mAh \ 4
1560mAh TI C2000 )I(.eLzunch Pad
RBS Module + Quad
1542mAh Switching Board Host PC
ol Heningizod Measurement Acquisition
A > _ € Target-Mean Controller
MOSFETSs + Gate Drivers Coulomb-counting SoC
imati Ci i Method
Arbitrary Topology Assembly ==lnatel orpanson Leliocs
Cell Characterisation Switch Actuation

BK Precision BA6011: Internal

/ I—¢
Resistance

Varicore VCP4: Capacity Testing / External PSU Programmable Load
Charging TTi QL335T TENMA 72-13210

Figure 7. Real-time implementation architecture of the proposed hardware platform, showing

measurement acquisition, Coulomb-based SoC estimation, and host-level target-mean control.

Table 5. Cell characterization parameters.

Labeled Capacity Measured Capacity Internal Resistance at 100%

Cell Number (mAh) (mAh) SoC (mQ)
1 1600 1634 354
2 1000 1563 90.4
3 1800 1820 46.5
4 1500 1560 94.2
5 1200 1542 56.2

The measured capacities ranged from 1542 mAh to 1820 mAh, giving a maximum
spread of 278 mAh (approximately 18.0% relative to the lowest-capacity cell). This mis-
match is sufficient to emulate heterogeneous pack conditions for hardware validation.

Capacity characterization showed that several cells did not match their nominal la-
beled capacities. In particular, cells labeled as 1000 mAh and 1200 mAh exhibited meas-
ured capacities substantially above those values, even when measured twice, whereas
other cells were closer to their nominal ratings. Although the hardware study used new
cells, these findings highlight the importance of experimental cell characterization when
creating pack conditions intended to mimic heterogeneous second-life behavior, since
nominal labels may not reliably reflect actual usable capacity.

6.2. Hardware Control Update Interval

In simulation, the controller was evaluated with a shorter decision interval to provide
a high temporal resolution for switching behavior. For hardware implementation, how-
ever, a 1 s supervisory update interval was adopted for all control strategies in order to
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allow sufficient time and a more accurate reading for Coulomb-counting-based SoC esti-
mation, signal conditioning, communication, and reliable switching execution on the em-
bedded platform.

A sensitivity comparison of the target-mean controller at 0.005 s and 1 s decision in-
tervals showed that the pack-level behavior was preserved, supporting the use of the
slower update rate in hardware and reducing switching activity further without the need
for a faster decision rate. The results are summarized in Table 6.

Table 6. Decision interval comparison under combined resistance, capacity, and SoC mismatch case
(S0Cqinit = 0.99, S0C;init = 0.90, S0C3nir = 0.70, S0C4init = 0.85, SoCsinir = 0.92) with a 10 Q

load, where the theoretical limit of maximum utilization is 88.40%.

Total SoC
Decision Switch- Utilization Spread at
i ller Runti
Interval Scenario Controller Runtime (s) Ons up to %) 10% Cut-
10% SoC off (p.p.)
Combined SoC,
00055 esistanceand Targetmean o0 5 s a0 gg 40 0.000
Capacity mis- SoC
match
Combined SoC,
Resi T -
1s esistance and Target-mean 1, 0 14949 88.39 0.005

Capacity mis- SoC
match

Increasing the decision interval from 0.005 s to 1 s reduced switching activity by
99.50% while changing utilization by only 0.01 p.p. This indicates that cell-SoC dynamics
are slow relative to the control interval and that most high-frequency action updates do
not materially alter the long-term cell-participation allocation.

6.3. Computational Performance and Code-Generation Assessment

The experimental system used host-supervised action selection, while the C2000 per-
formed measurement acquisition, Coulomb-counting SoC estimation, and switch actua-
tion. The target-mean controller was therefore benchmarked post-experimentally using
the same 132-action library and 132 X 5 SeriesMask used in the hardware tests, corre-
sponding to 660 mask-level cell evaluations per update.

Across 30,000 evaluations, the MATLAB implementation achieved a median execu-
tion time of 33.427 ps, while the generated C achieved 3.825 ps. The generated-C 99th-
percentile time was 5. 375 ps, equivalent to 0.000538% of the 1 s control interval. Generated
C matched the MATLAB controller for all 10,000 verification cases.

Static analysis reported 115 controller code lines, a cyclomatic complexity of 27, an
accumulated stack estimate of 246 bytes, 42 bytes of generated global data, and 1716 bytes
of action-library storage. These results quantify software-level computational burden and
should not be interpreted as measured C2000 execution time or processor utilization.

The benchmark was conducted on an Apple M4 MacBook Pro (Apple Inc., Cupertino,
CA, USA), with 16 GB of unified memory, running macOS Tahoe version 26.3.1 and
MATLAB R2025a Update 1.

6.4. Hardware Capacity Utilization

For the hardware implementation, cell SoC was estimated using calibrated Coulomb
counting based on the measured per-cell discharge currents and the experimentally meas-
ured cell capacities listed in Table 5. This approach was selected because the proposed
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controller requires reliable relative SoC feedback during reconfiguration, while the avail-
able per-cell current measurements allow the extracted charge from each cell to be directly
tracked.

Before each hardware test, all cells were individually charged to the full-charge con-
dition and held on charge for a further 30 min, during which the charger maintained the
cells at full charge. The Coulomb-counting estimators were then initialized with
S0C;(0) = 1.0, and the subsequent cell SoCs were calculated from the measured cell cur-
rents and characterized capacities.

The Coulomb-counted SoC of each cell was calculated as:

SoC;(t) = SoC;(0) — Quuseatt) (23)

Qi.meas
where Q;meqs is the measured capacity of cell i and Q; yseq(r) is the extracted charge, cal-

culated from the measured cell current as:

1000 (*
Qusea = 3555 ) KT )

where [; is the measured discharge current in amperes and Q; ;.4 is expressed in mAh.

The total extracted capacity was defined as the sum of the Coulomb-counted capaci-
ties extracted from all five cells, Qextrotar = Li—1 Qiusea, While the total initial capacity was
the sum of the experimentally measured cell capacities, Qinitiartorar = et Qimeas =
8119 mAh. This cell-summed extracted capacity is distinct from the load-side ampere-
hours because multiple cells contribute simultaneously to the constant-3S output. Deliv-
ered load energy was calculated independently from the measured load-terminal voltage

1 .
3600 I Vioaa O lipaandt, expressed in Wh.

The hardware test was terminated when the minimum cell SoC reached the 10% cut-

and current as Ej, q =

off. With Qeyt totar = 7236.0 mAh, the experimental capacity utilization was calculated as:
7236.0

Texv = 8119
This represents 99.03% of the 90% theoretical utilization limit imposed by the 10%
cutoff. The SoC trajectories reached the 10% cutoff with effectively zero final spread, con-

x 100 = 89.12% (25)

firming that the target-mean controller coordinated the discharge of all five cells under
the constant-35 hardware constraint.

6.5. Experimental Results

The same standardized hardware procedure was applied to each of the three evalu-
ated controllers. Since long-duration switch-state logging increased telemetry burden,
hardware comparison was based on runtime, integrated extracted capacity, utilization,
final SoC spread, measured load current, measured load voltage, and delivered load en-
ergy.

The hardware comparison results for the three evaluated control strategies are sum-
marized in Table 7.

Table 7. Hardware comparison of evaluated control strategies under the same constant-3S discharge

conditions.
. Mean Load Mean Load Extract.ed Experi- . Final SoC Delivered
Controller Runtime (s) Current (A) Voltage (V) Capacity mental Uti- Spread  Energy
8 (mAh) lization (%) (p.p.) (Wh)
Target-mean
SoC 5091.35 1.841 8.875 7236.0 89.12 0.000 23.115
0
Target-mean
4992.6 1.849 8.843 7088.7 87.31 2.000 22.699
mAh
Parallel-based  4643.8 1.852 9.118 6576.7 81.00 19.000 21.783
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The hardware results confirm the simulation trend. The proposed target-mean SoC
controller achieved the longest runtime of 5091.35 s, the highest extracted capacity of
7236.0 mAh, and the highest experimental utilization of 89.12%, while reaching the cutoff
with effectively zero final SoC spread. The corresponding hardware SoC trajectories, SoC
spread, load voltage, and load current for the proposed target-mean SoC controller are
shown in Figure 8. The target-mean mAh controller achieved lower utilization of 87.31%
and ended with 2.0 p.p. SoC spread as shown in Figure 9, indicating that balancing re-
maining absolute capacity did not provide the best SoC-coordinated endpoint. The paral-
lel-based controller showed the weakest performance, terminating after 4643.8 s with
81.00% utilization and 19.0 p.p. final SoC spread as shown in Figure 10. This indicated
that parallel-based operation alone did not coordinate depletion of the heterogeneous cells
effectively, leaving significant usable capacity unused in some cells.
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Figure 8. Hardware validation of the proposed target-mean SoC controller. (a) Measured cell SoC tra-
jectories during discharge from full charge to the 10% cutoff. (b) Corresponding cell-to-cell SoC spread,
calculated as the difference between the maximum and minimum cell SoC. (c) Measured load voltage,
showing that the constant 3S output is maintained during controller-driven reconfiguration. (d) Meas-

ured load current, indicating the applied load condition throughout the discharge test.

https://doi.org/10.3390/batteries12060221



Batteries 2026, 12, 221 22 of 29

SoC spread (%)

g
~
—
=)
|

2 Load voltage (V)

D
[SRN

-
-

—
oo

Load current (A)

! ! 1 1 ! ! 1 1
a) | I
)1 ~——— ——Cell T ——Cell 4
0.8 T Cell 2 Cell 5 |
& 1 Cell 3 - = -10% cutoff]
Q 0.6 — -
(= -
w1
0.4 —— L
0.2 D
y —M— 77
- [ |
&
>
= 10 -
«
@
1
&5
Q
2 "rn.rnn.n_l
0
) [ [ [ [ [ [ [ [
<
S= R e .8 i e
2
)
=7 i
S 4 -
=
32 L.
=
d)
_~
< 2 B
=
g 1.9+ T T " [~
£ b =t uiinin il Yjﬂmﬂww%wm
o 1.8+ —
3
RS T r
16 T T T T T T T T
0 10 20 30 40 50 60 70 80

Time (min)

Figure 9. Hardware validation of the proposed target-mean mAh controller. (a) Measured cell SoC
trajectories during discharge from full charge to the 10% cutoff. (b) Corresponding cell-to-cell SoC
spread, calculated as the difference between the maximum and minimum cell SoC. (c¢) Measured load
voltage, showing that the constant 3S output is maintained during controller-driven reconfiguration.
(d) Measured load current, indicating the applied load condition throughout the discharge test.
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Figure 10. Hardware validation using parallel-based controller. (a) Measured cell SoC trajectories
during discharge from full charge to the 10% cutoff. (b) Corresponding cell-to-cell SoC spread,
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calculated as the difference between the maximum and minimum cell SoC. (¢) Measured load volt-
age, showing that the constant 3S output is maintained during controller-driven reconfiguration.

(d) Measured load current, indicating the applied load condition throughout the discharge test.

The stepped-load hardware robustness test results for the proposed target-mean SoC
controller are summarized in Table 8.

Table 8. Summary of stepped-load hardware robustness test for the proposed target-mean SoC con-

troller.

Metric Value
Runtime (s) 5965.61

Runtime (min) 99.43

Start SoC (%) 100

End SoC range (%) 10-11

Final SoC spread (p.p.) 1.00

Final SoC standard deviation (p.p.) 0.447

Mean active load voltage (V) 9.068

Mean active load current (A) 1.557

Extracted capacity from SoC drop (mAh) 72422

Utilization from SoC drop (%) 89.20

Extracted capacity from current integration (mAh) 7160.4

Utilization from current integration (%) 88.19

Fraction of 90% theoretical limit (%) 97.99
Delivered load energy (Wh) 23.185

The corresponding stepped-load SoC trajectories, SoC spread, load voltage, and man-
ually stepped-load current profile are shown in Figure 11.
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Figure 11. Hardware robustness test of the proposed target-mean SoC controller under a stepped-

load-current profile. (a) Measured cell SoC trajectories during discharge to the 10% cutoff. (b)
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Corresponding cell-to-cell SoC spread. (c) Measured load voltage, showing the maintained constant
3-S output during reconfiguration. (d) Measured load current under manually stepped-load profile.
The current trace is smoothed for visual clarity; all capacity and energy calculations used raw meas-

ured current data.

The stepped-load hardware test confirms that the proposed controller remains effec-
tive under non-constant loading. The pack operated for 5965.61 s before reaching the 10%
cutoff, with a final SoC spread of 1.00 p.p. Based on per-cell current integration, 7160.4
mAh was extracted, corresponding to 88.19% utilization, or 97.99% of the 90% theoretical
limit. The delivered load energy was 23.185 Wh. These results show that the target-mean
SoC strategy maintains near-maximum utilization even when the load current is varied
during discharge.

7. Discussion
7.1. Why Target-Mean SoC Improves Runtime-Oriented Utilization

The results indicate that the proposed target-mean SoC controller is effective because
it directly coordinates cell depletion relative to the pack-average SoC. In a reconfigurable
pack operated with a per-cell cutoff constraint, useful runtime is limited by the first cell to
reach the lower SoC threshold. Therefore, although equal SoC does not imply equal abso-
lute remaining capacity in heterogeneous cells, maintaining coordinated SoC trajectories
remains beneficial for runtime-oriented operation. The controller does not attempt to
equalize absolute capacity; instead, it selects admissible switching actions that preferen-
tially load cells above the pack-average SoC, thereby delaying early cutoff and improving
practical utilization.

This behavior explains why the mAh-based controller did not provide the best over-
all result. Balancing remaining absolute capacity can drive cells toward similar residual
charge values, but this does not necessarily produce the most favorable SoC endpoint
when the discharge limit is imposed at 10% SoC per cell. As shown in the simulation and
hardware results, the mAh-based method achieved lower utilization and larger final SoC
spread than the proposed SoC-based controller. This supports the view that capacity-
aware balancing is not always the most effective objective when the practical pack limit is
defined by cell-level SoC thresholds.

In the full-initial-SoC capacity-mismatch case, the proposed controller achieved
90.00% utilization, equal to the theoretical maximum imposed by the 10% SoC cutoff. This
is notable because prior topology-enabled hierarchical reconfiguration approaches also
have targeted maximum capacity utilization [15], whereas the proposed method reaches
the cutoff-defined upper limit using only real-time SoC feedback and a safety-pruned le-
gal action set. Although direct numerical comparison is limited by differences in topology,
cell number, mismatch conditions, and implementation assumptions, the result suggests
that target-mean SoC control can provide a simpler runtime-oriented alternative to more
complex capacity-aware reconfiguration strategies.

This is further supported by the combined mismatch case, where the target-mean
SoC controller reduced remaining unused capacity from 800.00 mAh to 632.00 mAh and
increased runtime by 222.20 s compared with the mAh-based controller.

7.2. Comparison with Parallel-Based Balancing

The parallel-based controller showed weaker performance in both simulation and
hardware because it relies on local balancing behavior rather than global action evaluation
across the full safe switching set. Under heterogeneous capacity and internal-resistance
conditions, parallel interaction alone does not guarantee convergence of cell SoC trajecto-
ries. This is consistent with previous findings that capacity and internal-resistance

https://doi.org/10.3390/batteries12060221



Batteries 2026, 12, 221

25 of 29

mismatch can cause unequal current sharing and residual imbalance in parallel-connected
cells [14,16]. In the present study, the parallel-based controller retained residual imbalance
in simulation, with final SoC spreads of 1.431 p.p. under internal-resistance mismatch and
3.073 p.p. under capacity mismatch, and showed the largest final SoC spread of 19.0 p.p.
in hardware.

By contrast, the target-mean controller evaluates all admissible actions using the pre-
dicted effect on the full pack SoC distribution. This global action selection allows the con-
troller to coordinate the discharge of all cells more effectively while maintaining the re-
quired constant-bus constraint. The hardware comparison further confirms this trend,
where the proposed controller achieved 89.12% utilization and zero final SoC spread,
compared with 87.31% and 2.0 p.p. for the mAh-based controller and 81.00% and 19.0 p.p.
for the parallel-based controller.

7.3. Practical Implementation and Scalability

The proposed method is computationally lightweight because the online controller
evaluates only the safety-pruned legal action set rather than the full 19-switch combina-
tion space. In the evaluated five-cell prototype, the full switching space is reduced to 132
admissible actions, all satisfying the constant-3S participation condition. These actions
correspond to 10 unique three-cell participation masks, with multiple switch configura-
tions available for some active-cell sets because of routing, bypass, and parallel-connec-
tion possibilities. This distinction is important because the controller preserves hardware-
feasible switching options while using the compact SeriesMask representation for SoC-
based decision making.

Although the present implementation is demonstrated on a five-cell constant-3S pro-
totype, the control principle is not inherently limited to this configuration. For larger
packs, the same approach can be applied by generating a safety-pruned action library for
the required bus-voltage constraint and evaluating candidate actions using the corre-
sponding cell-participation masks. In larger systems, the legal action set may grow sub-
stantially, so hierarchical grouping, modular pack segmentation, or pre-filtering of candi-
date actions may be required to maintain real-time operation. However, the present re-
sults show that constrained action-space pruning combined with target-mean SoC evalu-
ation provides a practical route toward scalable reconfigurable battery control.

Muhammad et al. [6] also identified reconfiguration granularity, hardware overhead,
and distributed control as open challenges for larger reconfigurable battery systems. This
present work addresses these issues at prototype scale by combining safety-pruned ac-
tion-space construction with a lightweight online target-mean SoC evaluation.

7.4. Limitations and Future Work

This study has several limitations. First, the hardware prototype used new LFP cells
with deliberately characterized capacity and resistance variation to emulate heterogene-
ous pack behavior rather than cells aged through controlled second-life cycling. Future
work should validate the method on genuinely aged second-life cells with wider variation
in capacity, resistance, and degradation history. Second, switching losses and thermal ef-
fects were not directly measured. Although the proposed controller reduced switching
activity in simulation and maintained reliable hardware operation, future work should
quantify MOSFET conduction losses, switching losses, thermal behavior, and long-term
reliability under repeated reconfiguration.

Third, the hardware implementation used a host PC for supervisory control while
the embedded platform handled measurement acquisition, SoC estimation, and switch
activation. A fully embedded implementation on the microcontroller would further
strengthen practical deployability. The controller primarily depends on relative SoC
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differences. Therefore, a common SoC offset does not alter the cell ranking or target-mean
action selection under normal unsaturated operation. In contrast, unequal cell-specific er-
rors caused by current-sensor bias, capacity uncertainty, or accumulated Coulomb-count-
ing drift may influence the selected cell combination. Full-charge initialization before each
test limits the initial offset, while the stable voltage behavior in Figure 8 provides qualita-
tive support that substantial relative SoC divergence did not occur. Finally, the present
work focuses on discharge operation under constant-bus constraints. Future work should
extend the framework to charging, bidirectional operation, fault handling, larger pack
voltages, and integration with higher-level energy-management systems.

Future work should also investigate how highly utilized reconfigurable battery sys-
tems could contribute to wider renewable-energy and grid-integration contexts. At the
system level, improved storage utilization may reduce oversizing requirements and influ-
ence planning trade-offs between renewable expansion, storage deployment, and land-
use constraints, which have recently been examined in clean-energy expansion models
[21]. In addition, reinforcement learning and sparse-update methods could be explored
for larger reconfigurable battery systems, where exhaustive evaluation of all legal switch-
ing states may become computationally expensive as the numbers of cells and switches
increase [22]. Such methods may provide scalable decision-making strategies for large ac-
tion spaces while retaining the safety-pruned structure developed in this work.

Future work will also investigate bidirectional operation by combining the proposed
discharge-side target-mean controller with PV-side reconfigurable battery charging con-
trol. Recent work has shown that an RBS can be used for converter-less PV energy har-
vesting by varying the active series-cell count to track the PV maximum power point [23].
Extending the present work in this direction could enable second-life RBS modules that
coordinate charging, discharging, SoC balancing, and fixed-bus formation for small DC
microgrid or off-grid energy-storage applications.

8. Conclusions

This paper proposed a target-mean SoC controller for heterogeneous reconfigurable
battery packs operating under constant-bus constraints. The controller uses only real-time
cell SoC measurements and a safety-pruned legal action set to select switching configura-
tions that reduce deviation from the pack-average SoC while preferentially loading cells
above the mean. The online action-selection objective does not use capacity or SoH as de-
cision variables and requires no offline optimization, although measured cell capacities
are used for calibrated Coulomb-counting SoC estimation.

Simulation results showed that the proposed controller reached the cutoff-defined
maximum 90% theoretical utilization limit in full-initial-SoC cases and provided the best
overall compromise between runtime, utilization, residual SoC spread, and switching ac-
tivity. Under individual mismatch conditions, the target-mean SoC controller achieved
90.00% utilization and zero final SoC spread, while the mAh-based and parallel-based
comparison methods showed lower utilization or larger residual imbalance. In the com-
bined mismatch case, the proposed method also achieved the highest utilization while
requiring the lowest switching activity.

Hardware validation on a five-cell prototype confirmed the simulation trend. The
proposed controller achieved 5091.35 s runtime, 7236.0 mAh extracted capacity, 89.12%
experimental utilization, zero final SoC spread, and 23.115 Wh delivered energy. This out-
performed the mAh-based and parallel-based comparison controllers under the same con-
stant-bus discharge conditions. A stepped-load hardware test further demonstrated ro-
bustness under variable loading, achieving 88.19% utilization from current integration,
equivalent to 97.99% of the cutoff-defined maximum 90% theoretical limit.
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Overall, the results show that target-mean SoC-based reconfiguration can provide
high utilization and runtime-oriented operation in heterogeneous battery packs without
the added complexity of explicit SoH-aware balancing. The approach is therefore a prom-
ising control strategy for practical second-life reconfigurable battery systems, particularly
where simple measurement requirements, safe switching constraints, and hardware fea-
sibility are important.
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Nomenclature
Symbol Description
s;(k) State of charge of cell i at time step k
s(k) Cell SoC vector at time step k
u(k) Pack-average SoC at time step k
q; Remaining absolute charge of cell i
Q; Nominal or available capacity of cell i
A Set of admissible legal switching actions
a; Candidate legal switching action
N Number of admissible legal actions
m; Binary series participation mask for action a;
m;; Binary participation state of cell i under action a;
§j(k+1) Predicted next-step SoC of cell i under action q;
Ak +1) Predicted pack-average SoC under action q;
J; (k) Total cost of candidate action a;
Jerr,j Predicted mean-error/deviation cost term
Jspread,j Predicted SoC spread cost term
Jsw,j Switching-change cost term
Rinean,j Reward term for selecting above-average-SoC cells
Wer Weight applied to mean-error cost
Wepread Weight applied to spread cost
Wy Weight applied to switching-change cost
Agoc One-step SoC decrement used for candidate prediction
Cinit Initial available pack capacity
Crem Remaining pack capacity at cutoff
P Capacity utilization percentage
Nexp Experimental capacity utilization
I;(t) Measured discharge current of cell i
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Qi used Extracted capacity from cell i

N, Number of admissible actions

N, Number of cells

Mprev,i Previous participation state

Qext total Total cell-summed extracted capacity

Qinitiattotal Total measured initial capacity

Eioad Delivered load energy
Abbreviations

The following abbreviations are used in this manuscript:

DC Direct current
LFP Lithium iron phosphate
MOSFET Metal-oxide-semiconductor field-effect transistor
RBS Reconfigurable battery system
SoC State of charge
SoH State of health
EV Electric vehicle
ocv Open-circuit voltage
PV Photovoltaic
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