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Degradation-Model-Agnostic Energy Throughput
Control for EV Range Preservation and Battery
Lifetime Extension via Cell-Level Inverters

Shida Jiang, Shengyu Tao, Vincent Molina, Junzhe Shi, and Scott Moura

Abstract—A conventional electric vehicle (EV) powertrain
relies on a centralized high-voltage DC-AC inverter, thereby
limiting cell-level control and potentially reducing overall driving
range and battery lifetime. This paper studies an H-bridge-
based cell-level inverter topology that performs power conversion
at the cell level, enabling independent control of individual
cells and expanding the design space for battery management.
Leveraging these additional degrees of freedom, we propose a
degradation-model-agnostic energy-throughput control strategy
that preserves usable energy and EV range while extending
battery-pack lifetime. Because usable energy (and thus driving
range) and lifetime are governed by the cells with the lowest
state-of-charge (SOC) and state-of-health (SOH), respectively, the
proposed controller preferentially routes energy throughput to
healthier cells. Specifically, during charging, it permits cell SOCs
to diverge to promote SOH equalization; during discharging,
it balances remaining usable capacity to maximize usable en-
ergy under per-cell constraints. The proposed SOC-SOH-aware
control strategy is evaluated on two aging models representing
lithium manganese oxide (LMQO) and lithium iron phosphate
(LFP) chemistries, using a Tesla Model 3 charge-discharge
profile under a broad set of aging-model, controller-design,
end-of-life (EOL), and estimation assumptions. In the reference
case, which includes zero-mean SOH-estimation noise with a
standard deviation of 2 percentage points, simulations show
lifetime improvements of 13.0 % and 8.9 % for LFP and LMO
batteries, respectively. These results show that the proposed con-
troller can extend battery-pack lifetime without reducing usable
energy, while requiring neither a specific aging model nor prior
knowledge of the next trip. The code and supplementary material
for this study are available at https://github.com/Shida-Jiang/
Model-Agnostic- Control-for-EV-Range-and-Lifetime- Extension.

Index Terms—Battery management system, State-of-charge,
State-of-health, Electric vehicle, Cascaded H-bridge, Level-
shifted pulse-width modulation

I. INTRODUCTION

LECTRIC vehicles (EVs) rely on power electronic con-
verters to transform the battery pack’s DC output into
the three-phase AC supply required by the traction motor.
As shown in Fig. 1(a), in conventional EV powertrains, this
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conversion is performed by a centralized high-voltage inverter,
and the battery pack is operated largely as a single series-
connected energy source. As a result, usable capacity is
constrained by the weakest cell in the string, and opportunities
for cell-level energy management are limited.

Module i
Si4 Si3
g
B,
I
Si» Sii

Note:
%

Fig. 1: Comparison between the (a) conventional inverter powertrain and (b)
the H-bridge-based cell-level inverter powertrain. The new topology introduces
new degrees of freedom for range and lifetime extension.
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(b) Cell-level Inverter

Cell-level inverter powertrains, such as the cascaded H-
bridge shown in Fig. 1(b), provide a fundamentally different
architecture by performing power conversion at the cell or
module level [1], [2]. This topology introduces additional
degrees of freedom: individual cells can be activated, by-
passed, charged, or discharged at different effective rates
while still producing the commanded motor voltage. Existing
work has mainly used these degrees of freedom for state-of-
charge (SOC) balancing, fault tolerance, harmonic reduction,
or charging control [1]-[3]. Among these usages, SOC bal-
ancing is useful for maximizing extractable energy and hence
EV range. Tresca et al., for example, experimentally tested
a reconfigurable cascaded multilevel converter that simultane-
ously performed power conversion and SOC balancing for up
to nine battery cells using a single controller [4], [5]. Recently,
Stellantis and Saft began real-world testing of an EV prototype
based on a similar cell-level inverter topology, demonstrating
its potential to improve efficiency and extend battery lifetime
(61, [71.

However, SOC balancing alone does not directly address
battery-pack lifetime. Lithium-ion cells can age at different
rates even under identical usage, and thermal or manufacturing
heterogeneity can further amplify cell-to-cell state-of-health
(SOH) dispersion [8], [9]. Since pack lifetime is ultimately
limited by the weakest or retired cells, lifetime can, in
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principle, be extended by routing more energy throughput to
healthier cells. The difficulty is that SOH balancing conflicts
with SOC balancing: aggressively using healthier cells can
create SOC imbalance and leave usable energy stranded at the
end of discharge, reducing EV range.

Because of this apparent contradiction, very few prior
studies have considered SOH in cell-balancing control. Xia
and Abu Qahouq incorporate estimated cell capacity into an
SOC-balancing controller, while Kim et al. compare SOC-
based and terminal-voltage-based balancing and quantify their
effects on battery lifetime [10], [11]. In both studies, however,
the control objective remains SOC equalization or improved
energy utilization, rather than deliberate redistribution of
cell throughput to equalize long-term aging. Probstl et al.
directly target lifetime extension by reducing the load on
low-SOH cells [12]. However, their controller assumes that
the required charge and duration of the upcoming trip are
known in advance. Yu et al. also consider joint SOC-SOH
balancing, but for distributed multi-battery systems connected
to a common busbar [13]. Their method allocates prescribed
power commands among battery units and explicitly relies
on a semi-empirical aging model. It therefore addresses a
different scheduling problem and does not remove dependence
on power-demand information or a specific aging model.

The prior studies therefore leave an important gap. A practi-
cal lifetime-oriented controller must intentionally redistribute
cell throughput to equalize long-term aging, while ensuring
that the resulting SOC imbalance does not reduce the pack’s
usable capacity during an unknown future trip. It should also
avoid dependence on a specific battery aging model, whose
structure and parameters are difficult to identify reliably. To
the best of our knowledge, no existing method satisfies these
requirements simultaneously.

To address this gap, we propose a strategy that prolongs
battery life without sacrificing usable capacity (and thus EV
range). During charging, the controller deliberately allows
cell SOCs to diverge so that healthier cells receive more
throughput. During discharge, it balances the remaining usable
capacity so that the charging imbalance does not strand
energy in the pack. However, despite the appeal of this
idea, a direct end-to-end formulation is difficult. Guaranteeing
usable capacity during the subsequent trip would ordinarily
require its discharge trajectory. In addition, optimizing cell-
level operation throughout charging requires time-indexed
discrete cell-to-level assignments together with continuous
current and voltage commands. The resulting problem is a
large-scale mixed-integer optimization whose size grows with
the charging horizon.

We overcome these difficulties through a theoretically
grounded reformulation. The achievability result in Sec-
tion III-B allows the controller to optimize target cell charge
gains rather than the complete sequence of switching assign-
ments. A discharge-feasibility constraint preserves subsequent
usable capacity without requiring a forecast of the drive
trajectory. The online optimization contains no degradation
law or identified aging parameters. Instead, it uses battery-
state and operating information normally available to the
battery management system (BMS), including cell SOC, SOH,

or usable-capacity estimates, the open-circuit voltage (OCV)
function, representative impedance, and current and voltage
limits. Its tunable SOH-based weighting law protects weaker
cells by directing more throughput to healthier cells, without
predicting their degradation rates.

The main contributions of this paper are:

o We propose a control strategy that reconciles SOC and
SOH balancing for battery lifetime extension while re-
quiring neither a predicted trip nor an explicit aging
model.

o We derive a necessary and sufficient achievability con-
dition for cell-level throughput allocation under level-
shifted pulse-width modulation (LSPWM). This result
converts a time-indexed mixed-integer problem into a
tractable linear program over stage-wise cell charge gains.

o We evaluate the strategy using lithium iron phosphate
(LFP) and lithium manganese oxide (LMO) aging mod-
els, real charging records from a Tesla Model 3, and a
broad set of aging-model, objective-function, end-of-life
(EOL), and estimation assumptions. The reference-case
lifetime improvements are 13.0 % and 8.9 % for LFP and
LMO batteries, respectively.

The remainder of the paper is organized as follows. Section 2
introduces key definitions related to the battery pack’s health
and remaining capacity. Section 3 introduces the operation
principle of the cell-level inverter topology and the feasible
region of its control strategy. Section 4 presents our control
strategy. Section 5 presents the simulation study. Finally, the
conclusions are drawn in Section 6.

II. KEY DEFINITIONS

A. Cell State-of-charge and State-of-health
In this paper, the remaining capacity and health of cells
are defined by two states: SOC and SOH. Throughout the
equations and simulations, SOC and SOH are both represented
as dimensionless fractions between 0 and 1. As described

in the introduction, SOC describes the normalized remaining
capacity of a cell. Namely,

S0C = @r ) (1)

max
where @), is the remaining capacity of the cell, and Q4. is
the present maximum capacity of the cell. SOH describes the
normalized present maximum capacity of a cell. According to

[14],
SOH — QTYL(,LJL' ; (2)

where @Q,,, is the nominal capacityn?)f the cell.

B. End-of-life, Pack SOC, and Pack SOH

Battery EOL is commonly associated with a cell SOH
threshold of approximately 70-80 % for EV applications [15].
However, the appropriate threshold is application-dependent:
some retired EV cells still satisfy daily driving requirements
below 70 % SOH [16], [17], while regulatory and testing doc-
uments often relate EOL to usable capacity, power capability,
or retained driving range rather than a universal cell-level
SOH threshold [18]-[20]. For the cell-level inverter topology
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considered here, we distinguish cell EOL from pack EOL. A
cell reaches EOL and is bypassed when its SOH falls below
the cell-level threshold SOHp1,ror.. The pack reaches EOL
when its usable pack SOH falls below the pack-level threshold
SOHpack gor. Unless otherwise stated, SO Hcen vor, = 60 %
and SOHpack gor = 70 %. Alternative combinations of these
thresholds are evaluated in Section V-C.
Following [21], pack SOH is defined as
SO Hyg — ok (3)

. . Qno,pack . .
where Qmax,pack 1S the maximum usable discharge capacity

and Qnopack 18 the nominal pack capacity. This definition
assumes sufficient voltage and power headroom for all active
cells to reach their respective lower cutoff limits during
discharge.

For the conventional topology in Fig. 1(a), SO Hp.x equals
the minimum SOH among all cells, since usable pack capacity
is limited by the lowest-capacity cell [22]. For the cell-level
inverter topology in Fig. 1(b), the usable pack capacity equals
the sum of the present maximum usable capacities of cells that
have not reached cell EOL. When a cell reaches SO H 11 moOL,
it is bypassed and no longer contributes to Qmax,pack- How-
ever, the pack can remain in service until SOH,q reaches
SO Hpack,goL- Thus, the EOL of an individual cell is distinct
from the EOL of the complete pack, although the latter is still
affected by the former.

Meanwhile, the pack SOC is defined as

SOCpack = Qr,pack €]

. . Qmax,pack, .
where Q) pack is the remaining usable capacity of the pack.

III. OPERATING PRINCIPLE AND CONTROL OF THE
CELL-LEVEL INVERTER TOPOLOGY

A. Level-shifted Pulse Width Modulation

Existing literature has proposed many different types of
control methods for the cascaded H-bridge topology shown in
Figure 1(b). The most popular ones include phase-shifted pulse
width modulation (PSPWM), LSPWM, selective harmonics
elimination (SHE), and space-vector pulse width modulation
(SVPWM) [23], [24]. However, most of these control tech-
niques are designed for balanced DC sources, meaning that
each H-bridge is used equally in the long run. Here, however,
we want to charge and discharge different cells at different
rates so that their SOH can be more balanced. Therefore, the
control technique we are especially interested in is LSPWM,
and its key idea is illustrated in Figure 2.

As shown in Fig. 2(a), the modulation wave (desired phase
voltage reference) is quantized into several discrete voltage
levels. Each cell (H-bridge) is assigned to a voltage level,
and the quantization step is approximately the cell/module DC
voltage. For illustration, we assume all cell voltages are equal
to Uy, although in practice they may differ slightly.

After the level assignment, each H-bridge generates a
PWM waveform that tracks the duty cycle associated with
its assigned level, as shown in Fig. 2(b). The modulation
wave can be sinusoidal or quasi-constant, depending on the
charging/discharging scenario. For AC operation, a sinusoidal
modulation wave is used; cells assigned to higher voltage
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(a) Voltage level division of the mod-
ulation wave

(b) PWM wave generation

Fig. 2: The basic idea of level-shifted pulse width modulation control

levels are activated less frequently than those assigned to lower
levels. For DC charging, the modulation wave is instead a
slowly varying quasi-constant voltage. In this case, almost all
voltage levels have duty cycles equal to either zero or one,
and at most one voltage level has a non-binary duty cycle.
The level assignment can be updated frequently, enabling ei-
ther nearly equal long-term usage or intentionally unbalanced
usage to support SOH balancing.

B. Imbalanced operation within each phase and related the-
oretical analysis

While prior literature also noted LSPWM’s performance
under an imbalanced power distribution [25], [26], these
works typically treated imbalance as a non-ideal condition and
rarely deliberately exploited it. Here, we embrace and leverage
LSPWM’s ability to distribute throughput unevenly across
cells. This raises a natural question: what is the maximum
imbalance that LSPWM can realize? Equivalently, given the
initial cell states, which final states are achievable under
LSPWM?

Indeed, although LSPWM enables different cells to be
charged at different rates, the achievable imbalance is still
constrained by the duty-cycle structure of the modulation
reference. In the illustrative case of Fig. 2, the first two voltage
levels have nonzero duty cycles, meaning that at least two H-
bridges must be active during each modulation period; thus, it
is impossible to charge only one cell while charging none of
the others. On the other hand, it is possible to charge Cells 1
and 2 equally while bypassing Cell 3 on average. For example,
assign Cell 1 to Level 1, Cell 2 to Level 2, and Cell 3 to Level 3
during one modulation period, and swap the assignments of
Cells 1 and 2 in the next period. Repeating this swapping
yields equal average throughput for Cells 1 and 2 while Cell 3
remains bypassed. In the general case, Theorem 1 provides a
necessary and sufficient condition relating the initial and final
states. We first introduce the following definitions.

Consider one phase leg comprising n; series-connected
H-bridge cells. Let Qinitia1,; and Qfina; denote the initial
charge capacity and the desired final charge capacity of cell ¢,
respectively, and define AQ; = Qfinal,i — Qinitial,i- Let d¢ denote
the duty cycle of voltage level ¢ in Fig. 2(b). We assume that
the controller may reassign cells to voltage levels from one
modulation period to the next.
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Definition 1 (Achievable). A rarget final state {Qfinaii}ity
is achievable from an initial state {Qinisiai;i }itq if there exist
a time horizon At > 0 and an admissible level-assignment
policy such that, under LSPWM operation, all cells reach

Qfinal,i after At.

Theorem 1. Assume that (i) all cell DC voltages are equal
and constant over time, so the duty-cycle pattern {d;};*,
induced by the modulation reference is constant, and (ii)
the modulation period T,, is much shorter than the total
charging time, i.e., T,, < At, so that level assignments can
be permuted many times over At. Let AQ) > AQq) >
« > AQ(n,) be the sorted capacity gains across cells, and
let dy > da > .-+ > dp, denote the duty cycles across
voltage levels (largest to smallest). Then the target final state
is achievable if and only if
Yr_ AQ) - > d;
Y AQy T X dy
(with equality at k = ny). Moreover, in LSPWM, d; equals the
fraction of time the reference exceeds the ith carrier threshold
(level boundary); hence di > dy > --- > d,, for any
reference waveform.

Proof. Let

k=1,2,...,n1, (5

oA 4
’ Z AQT ' 22;1 dr ’
and sort both vectors in nonincreasing order. During any
modulation period, assigning cells to voltage levels applies
a permutation of the normalized duty vector p. Over many
modulation periods, any admissible policy therefore produces
an average allocation z that lies in the convex hull of all
permutations of p.
The convex hull of all permutations of p is characterized by
the majorlzatlon 1nequahtles

Zw < ij,

with equahty at k= n1 Substltuting the definitions of z; and
p; gives (5), proving necessity.

Conversely, if (5) holds, then the desired normalized allo-
cation x is majorized by p, and hence belongs to the convex
hull of the permutations of p. Therefore, x can be written
as a convex combination of permuted duty-cycle vectors. Im-
plementing these permutations for the corresponding fractions
of the charging horizon yields the required average capacity
gains {AQ);}. Since T,,, < At, this time-sharing construction
can be implemented arbitrarily closely by LSPWM level
reassignment. Thus the target final state is achievable. O

Remark. Condition (5) characterizes achievable final states
only when the duty cycles {d,} are constant over time. In prac-
tice, the duty cycles depend on the cells’ terminal voltage and
the amplitude of the phase voltage, both of which can vary as
the charging progresses. Nevertheless, while Theorem 1 does
not guarantee achievability under general voltage variations,
the charging strategy we mentioned in the sufficiency proof of
Theorem 1 is still very useful, as we explain below.

Let Q;(t) denote the charge content of cell 7 at time ¢, and
define the remaining target gain AQ7 (¢) £ |Qﬁnal i — Qi(t)],

where Qfina1,; is the target charge content of the ongoing
operation (Qana1,; = 0 when the target is complete depletion).
We propose the following strategy.

Strategy 1 (remaining capacity gain balancing). At each mod-
ulation period, assign the cell with the jth largest AQY(¥)
to voltage level j. If ties occur, preserve them by cyclically
rotating the level assignments among the tied cells.

Corollary 1. Under the assumptions of Theorem 1, Strategy 1
reaches every target satisfying (5), up to an arbitrarily small
implementation error as Ty, /At — 0.

Proof. Normalize the target gains and duty cycles as

qi = an AQr Di Z:;1 dr 9
and let 7 € [0, 1] denote normalized charging time. Let
r(1)(T) > --+ > r(n,)(7) denote the sorted remaining nor-
malized gains.

Under Strategy 1, tied cells cyclically share the corre-
sponding voltage levels, so equal residuals remain equal.
Consequently, the sorted residuals form contiguous blocks that
can merge but cannot split. For any boundary a between two
such blocks, the bottom n; —a+ 1 residuals are served by the
bottom n; — a + 1 duty shares. Therefore,

Y () = ZQ(Z-) _szi~

i=a 1=a 1=a
Condition (5), together with equality of the total sums, is

equivalent to
Z i 2 sz

Hence, no block with a posmve associated duty share can
reach zero before 7 = 1 Since

Zn

all residuals reach zero at 7 = 1. Thus, Strategy 1 reaches the
target. O

)=1-r,

Strategy 1 is a constructive realization of the achievability
result in Theorem 1. As established in Corollary 1, when
the duty-cycle vector is constant and level reassignment is
sufficiently frequent, the strategy reaches every achievable
target by continually assigning the largest duty shares to the
largest remaining target gains. When terminal voltages vary,
the duty-cycle vector is no longer constant, so exact attainment
is not guaranteed by the corollary. For the cell parameters in
Section V-A, the voltage perturbation is nevertheless modest.
Namely, at the maximum reference C-rate of about 2.44 C, the
modeled ohmic drop is 56 mV per cell for Ry = 0.01¢2 and
281 mV for the conservative Ry = 0.05¢2, i.e., roughly 2 %
and 9 % of the cell voltage. Meanwhile, the slower OCV drift
is captured by the stage-wise discretization in Section IV. The
same feedback rule then continuously adapts the assignments
to the remaining target gains, and the conservative-resistance
case in Section V-C leaves the lifetime results unchanged.

Strategy 2 (remaining-capacity balancing). At each modula-
tion period, if the battery pack is discharging, assign the cell
with the jth largest AQY(¢) to voltage level j; if the battery
pack is charging (e.g., in regenerative mode), assign the cell
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with the jth smallest AQ?(¢) to voltage level j. If ties occur,
maintain ties by cyclically rotating level assignments among
tied cells.

Remark. Strategy 2 can be regarded as a special case of Strat-
egy 1 in which the desired final state is complete depletion of
the usable pack capacity. Under the constant-terminal-voltage
approximation, the strategy allocates higher Ah throughput to
cells with larger remaining usable capacity during discharge,
thereby minimizing residual unusable capacity at pack deple-
tion and maximizing extractable energy (and thus range). In
the general case, it remains an effective and computationally
light heuristic, consistent with the intuition that lower-capacity
cells should be discharged more slowly to avoid prematurely
limiting the pack.

Strategy 2 provides an effective and computationally effi-
cient way to increase usable discharge capacity and reduce
remaining-capacity imbalance. It is closely related to SOC
balancing, which is presented below.

Strategy 3 (SOC balancing). At each modulation period, if the
battery pack is discharging, assign the cell with the jth largest
SOC to voltage level j; if the battery pack is charging (e.g., in
regenerative mode), assign the cell with the jth smallest SOC
to voltage level j. If ties occur, maintain ties by cyclically
rotating level assignments among tied cells.

Strategies 2 and 3 coincide when cells have identical
SOH, but they differ when cells exhibit SOH heterogeneity:
SOC balancing equalizes SOC, whereas remaining-capacity
balancing accounts for differences in usable capacities and can
therefore extract more energy under heterogeneous SOH. In
practice, SOC balancing is often easier to implement because
SOC can be estimated without explicitly estimating SOH
(or capacity), whereas remaining-capacity balancing is most
accurate when both SOC and SOH are available. Since most
existing works do not target SOH balancing, SOC balancing is
more commonly adopted than remaining-capacity balancing.

In principle, the three-phase topology also permits power
imbalance across phases through common-mode voltage in-
jection: changing the neutral-point voltage modifies phase-
voltage magnitudes without changing the commanded line-to-
line voltages. In this paper, however, we intentionally exploit
imbalance only within each phase. The reason is that within-
phase imbalance can be implemented by LSPWM level reas-
signment without changing the motor-side voltage command,
whereas phase-level power imbalance increases RMS phase
currents and conduction losses for the same delivered power.
For example, if balanced operation gives total conduction
loss 3I2R, an extreme imbalance with two phases carrying
V/3I and the third phase carrying zero current gives 6I2R.
Therefore, phase-level imbalance is not used in the proposed
strategy.

IV. CONTROL STRATEGY
A. Basic Control Idea

The idea of jointly optimizing battery lifetime and energy
utilization can be illustrated using a simple example. In Fig. 3,
we consider a pack with two cells. Cell 2 has a higher SOH

(a) No balancing (b1) Remaining Capacity balancing (c) SOC balancing
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Fig. 3: Comparison of different control methods for the cell-level inverter with
two cells in total. The battery pack is first charged from 40 % SOC to 70 %
SOC and is then fully discharged.

than Cell 1, and both cells start at 30 % SOC with nominal
capacity 1 Ah. The pack is first charged with a fixed current
profile (i.e., fixed AC current magnitude on the source side)
to a target pack SOC of 70 %, and is then fully discharged.
Although the overall current profile is the same in Fig. 3(a)-
(e), different strategies distribute the Ah throughput differently
across the two cells. If the two cells are charged and discharged
equally, the remaining capacities follow Fig. 3(a). Because
Cell 1 has lower SOH (and thus lower usable capacity), it is
depleted first during discharge, leaving a portion of Cell 2’s
capacity unused. If the strategy instead performs remaining-
capacity balancing (Strategy 2 in Section III-B), the two cells
maintain equal remaining capacity after an initial balancing
step, and the usable energy can be fully extracted, as shown
in Fig. 3(b). However, since the Ah throughput of the two
cells remains nearly identical, Cell 1 will still tend to reach
EOL earlier over repeated cycling, wasting the remaining life
of Cell 2. A similar conclusion applies to SOC balancing
(Strategy 3 in Section III-B) in Fig. 3(c): although SOC
balancing can improve energy utilization (enabled by the
ability to bypass cells in the cell-level inverter topology), it
does not preferentially reduce the stress on the weaker cell,
so SOH disparity can grow over time and pack lifetime is not
optimized.

In contrast, under SOH balancing (Fig. 3(d)), Cell 2 is
deliberately used more than Cell 1, which reduces the SOH
gap and can cause the two cells to reach EOL more simul-
taneously, minimizing wasted lifetime. The trade-off is that
Cell 2 is depleted faster during discharge, which can reduce
usable energy and hence driving range. Fig. 3(e) illustrates a
more favorable strategy: it resembles SOH balancing during
charging by allocating most Ah throughput to Cell 2, but it also
performs remaining-capacity balancing during discharge so
that no energy is left unused. This combined SOH + capacity
balancing can therefore improve both long-term lifetime and
energy utilization.

Finally, note that in Fig. 3(e) we apply SOH balancing
during charging and remaining-capacity balancing during dis-
charging, rather than the reverse. The primary reason is that
battery degradation is SOC-dependent: high-SOC operation
during charging can accelerate aging via both calendar ag-
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ing mechanisms and charge-induced stress [27]. In contrast,
although discharging contributes to cyclic aging, it also re-
duces SOC and can slow calendar aging, so its net impact
on degradation is more uncertain [28]. Therefore, if SOC
balancing is performed during charging while SOH balancing
is attempted during discharge, the correct discharge allocation
is ambiguous: it is unclear whether the weakest cells should be
discharged more (to reduce time spent at high SOC) or less
(to reduce cyclic-aging stress). Moreover, traction discharge
power is exogenous and uncertain compared with scheduled
charging, so implementing SOH balancing during discharge
is considerably more complex. We therefore focus on SOH
balancing during charging in this paper.

B. The proposed charging strategy

As discussed earlier, the core idea of “SOC-SOH-aware”
control is to perform SOH balancing during charging and
remaining-capacity balancing during discharge. The discharge
strategy has been presented in Strategy 2. In this section, we
focus on the charging controller, whose goal is to promote
SOH balancing without creating an SOC distribution that
cannot be rebalanced during the subsequent discharge.

1) Model simplifications: During charging, the control-
lable variables include the phase voltage, line current, and the
cells” voltage-level assignments. These variables—especially
the level assignments—can be updated at each control inter-
val. Without simplification, the number of decision variables
grows with the charging horizon and quickly becomes very
large even for a small number of cells. Moreover, the level
assignments are discrete (integer) decisions, which turn the
problem into a large-scale mixed-integer optimization that is
generally computationally intractable.

The primary purpose of the model simplifications is to
reduce the degrees of freedom so that the number of decision
variables does not grow with charging time. In Strategy 1, we
showed that an assignment sequence can be generated once
the desired final cell states are specified. Therefore, rather
than optimizing the integer assignments at every time step, we
optimize only the desired final states. For the phase voltage,
we adopt a constant-voltage approximation and operate at the
maximum permissible voltage magnitude (subject to cell and
hardware voltage limits). As illustrated in Fig. 2, a higher
phase-voltage magnitude corresponds to more cells connected
in series, which allows a smaller line current for a fixed
charging power. Since degradation often increases with C-rate,
operating at the highest admissible phase voltage can reduce
aging for a given charging-time requirement.

Finally, we assume a constant-current constant-voltage
(CCCV) charging profile, which is widely used for EV
batteries [29]. Specifically, cells are charged at a constant
current (CC) until the maximum cell voltage reaches its limit;
afterward, charging proceeds in a constant-voltage (CV) stage.
Because the CV stage is largely determined by the cell states
and voltage limit, the main continuous degree of freedom is
the current magnitude in the CC stage.

With these simplifications, the remaining decision variables
are:

« the target final added charge (capacity gain) of each cell,
and
o the line current during the constant-current stage.

Although the number of decision variables is now small,
the problem remains challenging because the charging-time
constraint is difficult to express analytically. The total charging
time depends on both the current profile and the required cell-
wise capacity gains, and the current is not constant throughout
the CCCV process. To further simplify the time constraint,
we discretize the CCCV profile into multiple stages: Stage 0
represents constant-current charging, and Stages 1 through m
represent constant-voltage charging. An example of this stage
division is shown in Fig. 4.

(a) Charging current profile
1
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(b) Capacity gain of each cell at different charging stages
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Fig. 4: The division of the charging stages.

In the example shown in Fig. 4, the CCCV charging is di-
vided into four stages. The stage division is based on SOC, and
the upper SOC boundary of Stage ¢ is denoted by SOChax. ;-
We assume that the maximum admissible (normalized) C-rate
is a function of SOC, denoted by g(SOC). Stage 0 represents
constant-current charging with a fixed line-current magnitude
I.c, which corresponds to a normalized C-rate I../Qpno. In
the current-envelope-limited setting, Stage O ends when this
commanded C-rate reaches the admissible envelope, i.e.,

I(‘c
SOOmax,O - 971 Q . (6)

The remaining SOC interval [SOCyax0,1] is then approx-
imated by m constant-voltage sub-stages (Stages 1 through
m).

Specifically, we choose the stage boundaries to uniformly
partition [SOClyax 0, 1] in SOC:
—1 Icc

QTLO ' R
SOChmax0 + % (1 - SOCiaxo), i=1,...,m.
(N
For each stage, we approximate the C-rate magnitude by a

no
constant [, 1% ; defined as

g =0,

SOCmax,i =

avg,i S ; ]
g(SOOmax,z—1)2+ g(SOOmaX,Z) , 1= 1, cee, M,
®)

where ), is the nominal cell capacity.
Within each stage, we assume the current magnitude (and

thus the C-rate) is constant and equals [ ; (unit: C or
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1/h). Under this approximation, the capacity gain delivered
in each stage is proportional to that stage’s duration. Let
Qp,; denote the capacity gain (Ah) of cell p in Stage .
Then the total charging time can be expressed as a linear
function of {Q,;}. By using {Q,;} as decision variables,
the time constraint becomes linear, substantially simplifying
the optimization. This approximation becomes increasingly
accurate as the number of stages m increases, at the cost of
additional decision variables and computation time.

2) Formulation of the optimization problem: In summary,
the model simplifications in the previous subsection are:

o The phase-voltage magnitude Uppase is set to the highest
admissible constant (subject to voltage limits).

o The charging profile is approximated by CCCV charging,
discretized into m+1 stages, with a constant line-current
magnitude in each stage.

o The decision variables are the per-cell capacity gains in
each stage, denoted by @); ; for cell ¢ and stage j. Note
that the CC current magnitude I.. is treated as a fixed
parameter in the formulation below, and is optimized
separately via a grid search.

We next define an objective function and constraints in terms
of these decision variables. Ideally, the cost would reflect the
capacity loss directly; however, this would require an explicit
aging model, thereby reducing generality. Instead, we adopt a
surrogate objective that discourages charging low-SOH cells
and high-C-rate operation. For fixed Uppase and I.., we solve

ny m
min Y Y wij Qi 9)
{Qi,} =1 o
where the weights are defined as
R SOH; > SOH,
: I i > ,
w; j =< (SOH; — SOHcengor)” i celLEOL t €
(1+ Mg‘?g’j) M, SOH; < SOH engoL + €.

(10)
Here, SOH; denotes the available SOH estimate of cell 4, and
SOH e, ror, is the cell-level EOL threshold. The exponent
p determines how sharply the penalty increases as a cell
approaches EOL. In the default case, we select p = 2, kK = 0.1,
e =1073, and M = max{10% 10eP}. The reference choice
p = 2 yields a moderate degree of nonlinear prioritization over
healthier cells. Alternative values of p and x are evaluated in
Section V-C. Once a cell reaches SOHen1 gor,, the large M
strongly discourages further charging, and the cell is bypassed.
The constraints of the optimization problem are listed
below:

1) Nonnegativity of stage-wise allocations.

Qi >0, Vi, Vj. 1D
2) Fixed total added charge content.
ni m
Z Z Qi,j = Qﬁnal,sum - Qinitial,suma (12)

i=1 j=0
where Qfinal,sum and Qinitial sum denote the target and
initial fotal charge contents (Ah) summed across all nq
cells, respectively.
3) Charging-time limit.
m Enl Q )
i=1 %i,j

no ni .
=0 Qno Iavg,j k=1 dkv]

< ttotala (13)

4)

5)

where t;o¢a1 is the charging-time limit (hours), and d; ; is
the duty cycle of voltage level 7 in stage j. For sinusoidal
modulation, we approximate

2 % — 1)User s
d;j = - arccos(min((ZQI,JP}LS:’J7 1)) , (14

where Uy, ; is the representative per-cell terminal volt-
age in stage j and Uppase is the (fixed) phase-voltage
magnitude. For DC modulation, we use
07 (Z - l)Uter,j > Uphase7
di,j — 1> ] iUter,j < Uphase7
Uphase - (7' - 1)Uter,j

U , otherwise.
ter,j

15)
Strictly speaking, terminal voltages vary across cells and
time. We approximate the stage-wise terminal voltage by
the OCV at an average SOC plus an average ohmic drop:

Qﬁnal sum t Qiniti’xl sum)
, " — + Q In\? 'R07
2 27:11 Qmax,i 1o Tavg,j
(16)

where focv(-) is the OCV-SOC map, Qmax,; is the
current maximum capacity of cell ¢, and Ry is a rep-
resentative source-side resistance. A common value is
used to ensure that the duty-cycle matrix d; ; is fixed
and independent of the decision variables. In practice,
Ry can be selected as an upper bound over the active
cells, making the ohmic components of the charging and
discharge voltage estimates conservative.

Per-stage SOC upper bounds (voltage-limit proxy).
At the end of each stage k, the SOC of each cell must
not exceed SOCax ; defined in (7):

k
Qinitial,i + Z Qi,j S Qmax,i SOCrnax,k7 Vl, Vk.

Jj=0

Uter,j ~ fOCV

A7)
Stage-wise achievability under LSPWM. According to
Theorem 1, for each stage j, the target allocation vector
{Qi,;}i2, must satisfy
k k

Zlill Q(l)d < Eﬁfl dzvﬂ , Vk,v_], (18)
Zi:l Qi j =140
where Q); > - (n),; denotes the sorted
values of {Q; ;};,. Because level assignments can be
permuted independently across stages and each stage
is treated as a constant-duty allocation subproblem,
imposing (18) for each stage is sufficient under the stage-
wise approximation.
A direct implementation of (18) involves sorting. We
instead enforce it using an epigraph formulation. Intro-
duce auxiliary variables ?;; € R and s;; ; > 0 such
that

Sikj = Qi — thyj,

Sik,j > 0, VZ,V/C,V]

(19)
For any fixed (k, j), minimizing ktx ; + ), Sik,; over
tr,; yields S Q(;) ;. Therefore, (18) is equivalently
enforced by requiring the existence of (ty ;, sk ;) sat-
isfying (19) and

ni Zk d[ . ny
e+ sing < | S=2 | > Qi
=1

= Vk, V7.
4;1 df,j i—1

(20)
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6) SOH-consistent ordering of the final stored charge
(structural constraint). Cells with higher SOH are
required to have higher stored charge by the end of
charging:

m

Qinitial,i + Z Qik < Qinitial,j + Z Qjk,if SOH; < SOH;.

k=0 k=0
21
This constraint aligns the solution with the intended
SOH-aware usage pattern and facilitates the discharge-
feasibility constraint below.

7) Sufficient condition for full utilization during sub-
sequent discharge. We consider the target discharge
end state (eng,; = O for all cells; hence the required
discharge amounts are AQ; = Qgnal,i» Where Qgnal,i £
Qinitiali + Y peo Qi k- Applying Theorem 1 yields the
sufﬁckient condition ko

Zizl Qinal.) Zifldﬂ Vke{l,...,m},
21:11 Qﬁnal,i 22:11 d;
(22)

where Qfinal (1) =+ 2 Qfinal,(n,) are the sorted final
charge contents and {d;} is a representative discharge
duty-cycle pattern computed from average discharge
voltage and phase-voltage magnitude. Similar to (14),
we approximate

2 21— 1 i
d; = = arccos (min(U)Udmter, 1)) ,  (23)

) ™ 2Uvdis,phase
with

Udis,ter = focv(

Qﬁnal,sum no
> - Qno Idis7avg R07

2 o max,

Zuims Qma, 24)
where [0 .. is the average C rate during discharge.
For a more conservative design, it may be replaced by
the maximum allowable discharge C-rate. Because (21)
fixes the ordering of the final stored charge, (22) can be
imposed directly as a linear constraint.

For any fixed Uphase and I, the problem (9) subject to
Constraints 1-7 is a linear program (LP) in the decision
variables {Q; ;} and can be solved efficiently. The overall
procedure for selecting Uphase, lec, and {Q; ; } is summarized
in Fig. 5. We initialize Uppase and I.. at their maximum
admissible values (Uphase,max; lce,max)- A larger Uphase in-
creases the minimum number of active voltage levels and
therefore reduces the achievable imbalance; accordingly, we
decrease Uppase until the LP becomes feasible. After Uphase
is determined, we enumerate candidate values of I.. and select
the pair (I.c,{Q;;}) that minimizes the objective in (9).

In some cases, the driver may want to charge the vehicle
to a specific SOC level as quickly as possible. This can be
achieved by skipping the step of finding the optimal I.. and
setting I.. to the cell’s maximum charging current. In other
words, only the first two steps in Figure 5 are required, and
the rest can be skipped.

After the optimization problem is solved, the phase voltage
and line current are set as the optimized values. In implemen-
tation, the level assignments are adjusted online via Strategy 1,
which provides robustness to deviations from the average-
voltage approximations used in the LP.

Inputs: initial and target pack SOC, charging time, cell
SOC and SOH estimates, OCV-SOC map, representative
Ry, and current and voltage limits

v

(. J

Set U

hase and [ to their upper limits

v

Decrease Uphﬂse until the LP becomes feasible; then fix Uphase

v
Generate the candidate set S for ICC; setk=1
v
Compute SOC,  forl =1, <
v
Use Egs. (7) and (8) to define the m + 1 charging stages
v
Solve (9) subject to Constraints 1—7 for {Qu}

k=k+1

Select the minimum-objective feasible candidate; output
Uase? Lo 204 O, }

Fig. 5: The flow chart of the optimization algorithm.

3) Computational complexity and reduced formulation:
In the LP formulation, Constraint 5 is the main source of
computational growth. Its epigraph representation introduces
n1(m + 1) variables t ; and n?(m + 1) variables s, ;. ;. The
full LP therefore contains (m+1)(n?+2n,) decision variables
and (m + 1)(n? 4+ 2n;) + 2n; — 1 inequality constraints, so
its size grows quadratically with nq.

The charging optimization is performed once at the begin-
ning of each AC charging session, using the most recent per-
cell SOC and SOH estimates. The controller therefore requires
state estimates to be refreshed at most once per charging
session. For n; = 20 and m = 6, each full LP contains at
most 3080 variables, 3119 inequalities, and one equality. On
a PC with an Intel Core Ultra 9 275HX processor at 2.70 GHz,
the median LP solve time was 60.3 ms. A median of 55 LPs
was solved per session, giving median and maximum session-
level optimization times of 3.95 s and 10.13 s, respectively.
The stored LP problem arrays occupied at most 0.415 MB.

For larger control groups, we introduce a reduced formu-
lation. Let 71, ..., m,, order the cells from highest to lowest
SOH. The reduced formulation requires Q, j > --- > Qﬂnl g
in every stage j. The k largest stage allocations in Constraint 5
are then known in advance, so the constraint can be imposed
directly without ¢ ; and s;j ;. The reduced LP contains
n1(m+1) variables and (3n,—2)(m+1)+2n; —1 inequalities.
This stage-wise ordering restriction makes the feasible set
more conservative, while retaining the same objective and all
other constraints.

For niy = 20 and m = 6, the reduced LP contains
140 variables, 445 inequalities, and one equality. With the
same voltage and current search, the median LP solve time
was 6.90 ms, and the median and maximum session-level
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optimization times were 0.473 s and 0.895 s, respectively. The
stored LP problem arrays occupied at most 0.111 MB.

V. SIMULATION STUDY
A. Simulation setup

The proposed controller is evaluated through simulation
rather than pack-level experiments for two reasons. First,
the objective of this paper is to examine a new cell-level
energy-throughput control concept whose benefit depends on
long-term interactions among cell aging heterogeneity, EOL
definition, charging behavior, and discharge utilization. A
pack-level aging experiment would require many cells, long
test durations, and repeated trials to distinguish the effect of
the controller from cell-to-cell variability. Second, a single
experimental setup would validate only one combination of
chemistry, usage profile, heterogeneity level, and EOL crite-
rion, whereas the central question here is whether the proposed
control principle remains beneficial across a range of plausible
operating conditions. Therefore, we use simulation as a con-
trolled evaluation platform that enables systematic comparison
across aging models and parameter settings. Experimental
validation on hardware is an important next step, but is beyond
the scope of this first concept-level study.

Specifically, we perform two types of simulations. First, a
drive-cycle simulation examines how each cell’s SOC evolves
during charging and discharging. The discharge current profile
is extracted from a real-world driving test and repeatedly
used until the pack energy is depleted. The results (similar
to Fig. 3(e)) illustrate how the proposed strategy intentionally
creates non-uniform utilization during charging (i.e., different
cells receive different effective charge throughput) while still
enabling full energy utilization during discharge.

Second, a long-term aging simulation quantifies the lifetime
improvement of the proposed strategy relative to conventional
SOC balancing. To construct realistic usage conditions, we use
charging records collected from a 2021 Tesla Model 3 over
approximately 2.5 years, comprising 255 cycles, as shown in
Fig. 6(a). In the simulation, these profiles are repeated until
the battery pack reaches EOL. Among these charging events,
82 are DC fast charging with an average C rate greater than
0.2 C, and the remaining 173 are AC charging; Fig. 6(b)
shows the corresponding distributions of the session-average
C-rate and the charging duration for the two charging types.
Since the purpose of DC fast charging is typically to achieve
sufficient capacity as quickly as possible, we always use the
highest available voltage and current to maximize charging
speed and suppress SOH balancing. Meanwhile, for each AC
charging event, the estimated initial and target pack SOCs and
the charging duration (capped at 10 h) are provided as inputs to
the optimization algorithm in Fig. 5, whose output determines
the cell-level charging commands. During discharge, we apply
remaining-capacity balancing, and each discharge terminates
when the pack’s SOC reaches the recorded initial SOC of the
subsequent charging session. This procedure is repeated until
the pack reaches the EOL criterion defined in Section II-B.

Note that, in both simulations, the proposed strategy bal-
ances SOH only within each phase. Therefore, for brevity, we
report results only for the first phase of the three.
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(c) Typical aging curves of two types of
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Fig. 6: Long-term aging simulation setups.

The default specifications of the battery pack and chargers
used in the simulations are as follows. Note that these speci-
fications are not fixed across all cases; the impact of varying
them is discussed in Section V-C. By default, each cell has
a nominal capacity of 2.3 Ah, and each phase comprises 20
cells. The representative resistance used in the controller is
Ry = 0.019Q. The same value is used in the reference-case
diagnostics. During relaxation, the surface temperature of each
cell is assumed to be 25°C. During driving and charging,
the surface temperature is modeled as a cell-to-cell random
variation in the default case. Namely, for each cell, T is
sampled once from a Gaussian distribution with mean 35°C
and standard deviation 2°C, and the sampled value is held
constant over time. In Section V-C, we also include a first-
order thermal-feedback case where each cell’s temperature rise
during a charge or discharge event is proportional to its Ah
throughput, while the cell-average rise remains 10 °C. During
charging, the maximum allowable C-rate I7}%. is modeled as a
function of SOC. By fitting the charging data of a Tesla Model
3 available on EVKX.net, we obtain the following empirical
function:

1 =2.6963 — 2.5795 - SOC (25)
Two lithium-ion chemistries are considered: LFP and LMO.
The OCV-SOC relationships are adopted from [30], [31], and
the baseline aging models are adopted from [32], [33]. In these
models, calendar aging depends on SOC, temperature, and
storage time, whereas cycling aging depends on temperature,
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C-rate, Ah throughput, depth of discharge, and average SOC.
The detailed OCV functions, aging equations, and parameter
values are provided in the supplementary material available in
the online code repository.

The baseline aging models are used only for evaluating
the proposed control strategy after optimization; they are not
embedded in the controller. Therefore, the proposed strategy
remains degradation-model-agnostic with respect to battery
degradation. However, the baseline models have two limi-
tations in the present pack-level setting. First, they do not
explicitly account for cell-to-cell aging heterogeneity within a
pack. Second, they do not explicitly represent the accelerated
late-life degradation observed after the onset of a capacity-
fade knee [34]. We therefore augment the baseline models
with a cell-specific aging-rate factor and a tunable late-life
acceleration term. Specifically, for either chemistry, the short-
term degradation of cell ¢ is computed as
ASOH; = i [1 + Gianee max{ SO Higneo — SOH;, o}} ASOHppeo.

(26)
Here, ASOHy,ase is the degradation predicted by the corre-
sponding chemistry-specific aging model. The factor ~; ~
N (1703) is sampled once for each cell and held constant,
representing persistent cell-to-cell variation in aging rate.
Unless otherwise stated, 0, = 0.10, SOHypee = 75 %, and
Gxnee = 25, with SOH represented as a fraction in Eq. (26).
The resulting late-life multiplier is 1 at 75% SOH, 2.25 at
70% SOH, and 4.75 at 60 % SOH. We use aynee = 25 as a
moderate reference value and evaluate no added acceleration,
the stronger value axnee = 50, and an earlier knee onset in
Section V-C.

B. Simulation results

The drive-cycle results are shown in Fig. 7. For visual-
ization, each phase contains 10 LFP cells, ranked by SOH
(cell ¢ has the ¢th highest SOH). Panels (a) and (b) use
the proposed strategy. In both cases, the pack starts at 0%
SOC, is charged to 70 %, and is then fully discharged. Under
the charging-time and pack-SOC constraints, the proposed
strategy allocates different charging amounts to different cells.
The key difference between the two cases is the available
charging time: Fig. 7(a) uses a shorter charging window than
Fig. 7(b). As shown, cells with higher SOH are charged more
than those with lower SOH, which promotes long-term SOH
balancing. Moreover, the remaining capacity of all cells is
balanced within the first 25% of the discharge, indicating that
the strategy does not reduce the usable energy (and thus range)
in this example. Panel (c) repeats the 1.5-h case but removes
Constraint 7, thereby representing SOH balancing without a
subsequent-discharge guarantee.

Figure 7(c) illustrates the range penalty of unconstrained
SOH balancing. This case retains the SOH-weighted objective
and Constraints 1-6 but omits the condition that preserves full
utilization during subsequent discharge. It also applies SOH-
oriented level assignment during the subsequent drive cycle.
Cell 10 receives no charge and remains at 0 % SOC. During
the early part of the discharge, the requested line voltage can
be supplied using the other cells, so Cell 10 remains bypassed.

Remaining Capacity (Ah)

|
1
I
|
1

Time (h) Time (h)
(a) Proposed controller: 1-h charging.

ing.

Remaining Capacity (Ah)

Time (h)
(c) SOH balancing.

Fig. 7: Drive-cycle comparison of the proposed controller and SOH balancing.
Panels (a) and (b) use the proposed controller with charging windows of 1 and
1.5 h, respectively. Panel (c) uses the same 1.5-h charging window, removes
the discharge-feasibility constraint, and applies SOH balancing during the
subsequent drive cycle. The red dashed lines mark the end of charging and the
beginning of discharge. In panel (c), the requested line voltage can initially be
supplied without using Cell 10, which remains at 0 % SOC. At ¢ = 8.480 h,
the other cells can no longer satisfy the voltage requirement alone. Continuing
the requested discharge would therefore require Cell 10 to fall below 0%
SOC, although the pack SOC remains 49.75 %.

At t = 8.480 h, the other cells can no longer satisfy the
voltage requirement alone. Continuing the requested discharge
would therefore require Cell 10 to fall below 0 % SOC, even
though the pack SOC remains 49.75 %. Thus, SOH balancing
alone can leave substantial energy inaccessible and sacrifice
driving range. The proposed controller avoids this trade-off by
combining the discharge-feasibility constraint during charging
with remaining-capacity balancing during the subsequent drive
cycle.

Comparing Fig. 7(a) and (b), we observe that the SOC
variance across cells at the end of charging is larger when the
charging time is longer. This occurs because the CV stage is
relatively slow: with a longer charging window, the controller
can spend more time in the CV regime and push healthier
cells to higher SOC while bypassing less healthy cells. Since
the target pack SOC is fixed, this increases the cell-to-cell
SOC dispersion and, in turn, enables more aggressive SOH
balancing when more charging time is available.

Another observation from Fig. 7(a) and (b) is that several
cells share identical SOC trajectories during charging. This
is a consequence of the CV voltage limit: the pack charging
current is constrained by the cell that reaches the voltage
limit first (typically the cell with the highest SOC), which
encourages the controller to equalize SOC among a subset of
cells to increase the allowable current and accelerate charging.
In contrast, during discharge, the strategy balances remaining
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capacity, so cells tend to maintain similar remaining capacities
rather than identical SOC values.

In the long-term aging simulations, the baseline controller
is the SOC-balancing strategy (Strategy 3 in Section III-B),
which equalizes cell SOC by assigning the highest-duty volt-
age levels to lower-SOC cells during charging and to higher-
SOC cells during discharge. SOH balancing is not considered
as a long-term aging baseline, because it can render the
requested discharge infeasible before the stored pack energy
is exhausted, as exemplified in Fig. 7(c). To provide a stronger
range-oriented comparison, we also consider ideal remaining-
capacity balancing. This benchmark assumes exact per-cell
capacity information, makes the final stored charge contents
as equal as possible subject to the cell SOC limits, and applies
remaining-capacity balancing during discharge. Additionally,
this ideal benchmark is not restricted by the LSPWM achiev-
ability condition and therefore represents an optimistic range-
oriented comparison. For a fair comparison, all three long-
term strategies are evaluated using identical charging records,
cell realizations, and aging assumptions. Since the proposed
strategy relies on per-cell SOH information and practical SOH
estimators are imperfect, the reference proposed controller
is evaluated with independent, zero-mean Gaussian SOH-
estimation errors having a standard deviation of 2 percentage
points. Figure 8 compares SOC balancing, remaining-capacity
balancing, and the reference proposed controller for both
chemistries.
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Fig. 8: Long-term SOH trajectories under (i) SOC balancing, (ii) ideal
remaining-capacity balancing with exact per-cell capacity information, and
(iii) the proposed controller with zero-mean SOH-estimation noise having a
standard deviation of 0.02, for (a) LFP and (b) LMO batteries.

Because pack EOL is evaluated at the end of each recorded
charging session, ideal remaining-capacity balancing and SOC
balancing reach EOL in the same session for LFP. For LMO,
ideal remaining-capacity balancing yields a 1.4 % shorter life-
time than SOC balancing. Meanwhile, the proposed controller
extends lifetime by 13.0 % for LFP and 8.9 % for LMO. This
result confirms that remaining-capacity balancing alone does
not explain the lifetime extension. The additional benefit of the
proposed controller comes from deliberately shifting charging
throughput away from lower-SOH cells while preserving sub-
sequent usable energy.

We also implement the reduced formulation proposed in
Section IV-B3. The reduced formulation yields lifetime im-
provements of 13.0 % for LFP and 8.7 % for LMO, compared
with 13.0% and 8.9 % under the full formulation. Thus, the
stage-wise ordering restriction has little effect on the predicted
lifetime benefit in the reference case.

C. Sensitivity analysis

Because the controller is degradation-model-agnostic, its
effectiveness should not depend on one specific aging law,
one objective-function design, one EOL convention, or perfect
state and parameter information. We therefore vary the late-
life aging assumptions, the SOH-weight exponent and C-
rate coefficient, the cell- and pack-EOL thresholds, the SOH
and SOC estimates, the OCV and resistance models, the
temperature model, and selected usage conditions. Each row
of Table I changes only the listed setting from the reference
case.

Table I shows that the lifetime benefit is insensitive to most
controller-design and parameter-mismatch choices. Varying p
from 1 to 3 or « from 0.05 to 0.20 produces almost no
change. The OCV bias and the increase in representative
resistance from 0.01 to 0.05 (2 also leave the reported benefit
unchanged over the tested range. Larger SOH noise, SOC
bias, throughput-coupled heating, and a 50 % DC-fast-charging
share reduce the benefit only moderately, and it remains posi-
tive for both chemistries. The fast-charging result is expected
because the present strategy suppresses SOH balancing during
those sessions. Limited SOH-aware allocation during the CV
taper is a possible extension.

The largest variations arise from the aging and EOL assump-
tions. The key distinction is whether cell retirement becomes
limiting before pack EOL. In the coupled 80 %/80 % case,
a cell is removed as soon as its SOH reaches 80 %. With
ny = 20, retiring one cell near this threshold reduces the
modeled pack SOH by approximately 0.8/20 = 0.04. Thus,
the first weak-cell retirement can bring the pack close to, or
below, its 80 % EOL threshold. The proposed controller delays
this event by maintaining a more uniform SOH distribution,
whereas SOC balancing allows the weakest cells to reach EOL
earlier. This amplifies the lifetime gain to 36.7 % for LFP
and 17.3% for LMO. By contrast, in the 80 %/60% case,
pack EOL occurs before cell retirement becomes relevant, so
balancing the SOH distribution provides no benefit and may
slightly reduce lifetime. The near-zero benefit without late-life
acceleration reflects the same principle: the controller is most

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Transactions on Transportation Electrification. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TTE.2026.3725087

TABLE I: Lifetime change of the proposed controller relative to SOC
balancing under different assumptions. Each row changes only the listed
setting from the reference case.

Scenario LFP LMO
(%) (%)
Reference case 13.0 8.9
Aging-model assumptions
Calendar aging x2 8.8 9.4
Cyclic aging X2 9.4 9.4
No late-life acceleration (aypee = 0) 0.0 1.6
Stronger late-life acceleration (aypee = 50) 9.0 6.8
Earlier knee onset (SO Hyee = 85 %) 5.3 9.1
Throughput-coupled temperature rise: AT; o< |[AAh;| 11.5 8.7
Objective-function design
SOH-weight exponent p = 1 13.0 8.7
SOH-weight exponent p = 3 13.0 8.9
C-rate weight £ = 0.05 13.0 8.9
C-rate weight £ = 0.20 13.0 8.9
Cell and pack EOL definitions
Lower cell-EOL threshold (pack/cell: 70 % /50 %) 83 6.2
Coupled EOL thresholds (pack/cell: 70 %/70 %) 6.5 8.3
Higher pack-EOL threshold (pack/cell: 80 %/60 %) 0.0 -23
Coupled high-EOL thresholds (pack/cell: 80 %/80 %) 36.7 173
Estimation and parameter mismatch
Exact SOH information 13.0 9.7
SOH noise: ogog = 0.05 11.5 8.7
Persistent SOH bias: 40.05 13.0 8.9
Persistent SOC bias: 4-0.05 11.5 8.7
OCV-model bias: —20 mV 13.0 8.9
Conservative representative resistance: Ro rep = 0.05 €2 13.0 89
Different use cases
Higher aging-rate spread: oy = 0.15 12.7 4.5
DC fast-charging share: 50 % 10.4 7.8

Lifetime is resolved at the granularity of complete charging sessions; distinct pertur-
bations can therefore yield identical percentage changes. Reference case: ni1 = 20,
SOHpack,EOL = 70%, SOHcell,EOL = 60 %, SOHynee = 75 %, Qknee =
25, 04 = 0.10, p = 2, and k = 0.1. The SOH estimates used in Eq. (10) contain
additive, zero-mean Gaussian errors with a standard deviation of 0.02 on the 0-1 SOH
scale. Errors are redrawn independently for each cell at every charging session. The SOH-
bias case retains this random error, with the bias held fixed throughout the simulation.
The SOC- and OCV-bias cases affect controller inputs only. Physical aging and EOL are
evaluated using the true states. In the conservative-resistance case, Ro = 0.05 £2 is used
in both the controller and the simulation. In the throughput-coupled temperature case,
each cell’s operating-temperature rise is proportional to its Ah throughput during the
corresponding charge or discharge event, while the cell-average rise is fixed at 10 °C.

valuable when weak-cell retirement, rather than average aging
alone, limits usable pack life.

VI. CONCLUSIONS

In this paper, we propose a SOC-SOH-aware control strat-
egy to extend the range and service life of EV battery packs
equipped with a cell-level inverter powertrain. We focus on
applying the strategy during charging, particularly during AC
charging events. The strategy does not require an explicit
aging model or a forecast of the next trip. Practical im-
plementation nevertheless requires cell-level switching and
standard BMS information on cell states and electrical limits.
In the reference case with 2-percentage-point SOH-estimation
noise, the proposed strategy extends pack lifetime by 13.0 %
for LFP and 89 % for LMO relative to SOC balancing,
while maintaining comparable usable energy for subsequent
driving. The sensitivity analysis quantifies the effects of late-
life aging, objective-function design, EOL definitions, and
state and parameter uncertainty. It also shows that the proposed
health-prioritized allocation provides little or no benefit when

pack EOL occurs before any cell reaches the cell-level EOL
threshold. The proposed health-prioritization principle may
also be adapted to conventional active-balancing hardware,
although the lower power of auxiliary balancing converters
would make SOH equalization slower [35], [36].

Although the present study does not include pack-level
hardware aging experiments, the simulations provide a broad
evaluation of the control concept across multiple aging models
and operating assumptions. The analysis assumes frequent
level reassignment and uses stage-wise voltage and simplified
thermal models. Converter losses and other hardware-level
effects are not represented. Future work will incorporate
dynamic electrothermal and converter-loss models and validate
the strategy on representative hardware.
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