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Production battery management system (BMS) telemetry from electric vehicles (EVs) provides a large practical
source of real-world battery-degradation data, but its diagnostic value is constrained by two measurement limita-
tions: coarse 20 mV cell-voltage quantization and biased open-circuit-voltage (OCV) references that distort
equivalent-circuit-model (ECM) identification. The evidence comes from 251 million records from 116 EVs
across 14 Hyundai and Kia vehicle models. A separate paired-test cohort contains 135 vehicles across four pack
architectures. This study demonstrates that software-only processing of existing onboard measurements can ad-
dress both limitations. Voltage reconstruction, joint OCV-ECM identification, and cell-level diagnostics used slow
constant-current charging segments; fast-charging telemetry served only a model-order identifiability check, and
state-of-charge (SOC) evaluation used a separate driving-window subset. The framework uses the alternating di-
rection method of multipliers (ADMM) to reconstruct cell voltages while enforcing consistency with pack volt-
age. It then jointly estimates the OCV curve and the parameters of a first-order equivalent circuit (1-RC). Model-
order analysis shows that BMS-quality data do not reliably support a more complex circuit. Across the paired-test
cohort, reconstruction reduced per-architecture mean voltage-fitting root-mean-square error (RMSE) by
30-44%. Joint estimation restored fleet-median ohmic resistance to a physically plausible level, whereas the
charging-derived OCV drove it to an implausible near-zero value. The recovered parameters reduced driving-
window SOC RMSE from a fleet mean of 5.2% to 3.2% in the six-vehicle EV6 subset and enabled persistent cell-
deviation analysis for fleet-level anomaly screening. These results establish that coarse production-grade EV BMS
data can support physically interpretable battery diagnosis without hardware modification.

1. Introduction

Battery diagnosis in real-world electric vehicles increasingly relies
on onboard BMS measurements because laboratory-grade characteriza-
tion is difficult to scale to large fleets [7,8]. Laboratory cyclers provide
high-precision measurements and remain the standard basis for battery
modeling and state estimation studies [1,3]. However, laboratory test-
ing is costly, low-throughput, and typically limited to single-cell experi-
ments, making direct fleet-scale characterization impractical. In con-
trast, onboard telemetry continuously monitors dozens to hundreds of
cells per pack across large vehicle populations, creating a practical
foundation for large-scale battery analysis and digital-twin-oriented
monitoring [9-11]. This accessibility, however, comes at the cost of re-
duced sensing fidelity. Cost-optimized BMS hardware commonly digi-
tizes cell voltages through embedded battery-monitoring analog-to-
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digital converters (ADCs), including stack-monitoring integrated cir-
cuits with successive-approximation-register ADCs [32]. Because ECM
parameter identifiability under such measurement constraints is gov-
erned by voltage-noise statistics and excitation content [31], coarse
cell-voltage quantization fundamentally degrades the voltage continu-
ity required for ECM identification, resistance estimation, and down-
stream state tracking. In our dataset, this appears as a universal 20 mV
cell-voltage quantization pattern across all analyzed vehicle models,
producing staircase voltage trajectories and derivative spikes that di-
rectly corrupt model identification and diagnostic features.

A second challenge is that cell voltages within a pack are physically
coupled rather than independent. Their sum must remain consistent
with the measured pack voltage, yet most existing signal-conditioning
methods do not explicitly exploit this constraint. Kalman filtering is
widely used for SOC and state of health (SOH) estimation [1,12-14],
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but it is primarily designed for recursive state tracking rather than
batch reconstruction of recorded quantized voltage trajectories. Mov-
ing-average and low-pass filtering suppress noise but also blur genuine
voltage transitions [3]. Wavelet-based denoising has been applied to
non-stationary battery voltage signals and can retain transient informa-
tion better than simple low-pass smoothing [33], but it still treats each
cell independently and does not enforce pack-level consistency. Total
variation (TV) regularization is well suited to staircase-like signals in-
duced by ADC quantization [6], and the ADMM framework provides a
natural framework for combining TV regularization with explicit con-
straints [5]. Although ADMM has been successfully used in broader sig-
nal restoration problems [18,19], its application to multi-cell BMS volt-
age reconstruction under an exact pack-sum constraint has not, to our
knowledge, been established. This gap is important because the objec-
tive is not simply to smooth the signal, but to reconstruct physically ad-
missible voltage trajectories that retain diagnostic value without hard-
ware replacement.

Even with voltage preprocessing, reliable ECM identification still
depends strongly on the OCV reference used during fitting. ECMs re-
main widely used in battery management because they provide a prac-
tical balance between physical interpretability and computational effi-
ciency [1-3,21,24,25]. Prior studies have shown that ECM parameters
can support degradation tracking and practical BMS implementation,
while also emphasizing that identifiable model complexity is limited by
measurement quality and excitation bandwidth [2,3,22,26-28]. Never-
theless, model order in practical ECM studies is often assumed from lab-
oratory convention, typically using 1-RC or 2-RC structures, even when
the available telemetry is restricted by 20 mV quantization and 3-4 s
sampling intervals. Although information-criterion approaches such as
Akaike information criterion (AIC) and Bayesian information criterion
(BIC) have been explored for ECM model selection in controlled condi-
tions, it remains unclear whether higher-order RC networks are justi-
fied for data of this quality. This raises a practical question for field di-
agnosis: does improved performance come from increasing model com-
plexity, or from making better use of limited real-world measurements?

The OCV is the cell's equilibrium terminal voltage at zero current,
and the OCV source used during ECM identification is particularly con-
sequential because OCV anchors the decomposition of the measured
loaded terminal voltage into ohmic drop and dynamic polarization. In
laboratory studies, OCV is usually characterized under low-rate cycling
or galvanostatic intermittent titration (GITT) conditions that minimize
polarization effects [4,29]. In real-world applications, however, OCV
must often be approximated from operational data, such as rest-period
voltages, slow-charging constant-current segments, or voltage-SOC
mappings constructed from the same session used for ECM fitting [2,
15]. Birkl et al. showed that OCV accuracy strongly affects downstream
parameter estimation [4], yet the quantitative influence of OCV source
selection on ECM fitting has received limited attention. This issue be-
comes particularly severe under fast charging, where large current-
induced voltage drops distort the voltage-SOC relationship. When an
OCV curve is constructed from the same high-current session being fit-
ted, it can absorb ohmic and polarization losses, causing the fitted
ohmic resistance to collapse toward a non-physical lower bound. As a
result, voltage-fitting accuracy may improve while parameter physical-
ity deteriorates. Although recent work on physics-constrained OCV re-
construction suggests that joint estimation of OCV and model parame-
ters may mitigate this problem, this trade-off has not been systemati-
cally examined for coarse onboard EV battery data.

To address these limitations, this paper proposes an end-to-end di-
agnostic framework that extracts physically meaningful battery infor-
mation directly from coarse onboard BMS measurements. The frame-
work combines pack-constrained ADMM-based voltage reconstruction,
data-driven ECM model-order selection, and a joint OCV-ECM opti-
mization. In the joint stage, a 50-knot piecewise-linear OCV curve and
the 1-RC ECM parameters are estimated simultaneously by gradient-
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based minimization of a composite loss (voltage fidelity, rest-period an-
choring, smoothness, monotonicity, and boundary penalties), imple-
mented as a differentiable forward simulation in JAX and solved with
the Adam optimizer (optax library) over a fixed number of epochs with
exponential learning-rate decay; full details and weight selection are
given in Section 3.4. The framework is deployed as a cloud-based of-
fline diagnostic pipeline that processes stored telemetry data, and real-
time onboard adaptation is outside the present scope and is discussed as
a limitation in Section 5. The main contributions are threefold. First, we
propose a pack-constrained voltage reconstruction method that restores
physically admissible multi-cell voltage trajectories from quantized
BMS data while explicitly enforcing consistency with pack voltage. Sec-
ond, we evaluate ECM model-order identifiability directly under pro-
duction-level EV telemetry and show that a 1-RC model is the highest-
order identifiable structure under the sensing limitations of real-world
BMS data. Third, we show that OCV source quality has a greater influ-
ence on physically meaningful ECM identification than increased model
complexity, and we demonstrate that the resulting framework supports
practical battery diagnosis through improved long-horizon SOC estima-
tion and persistent abnormal-cell detection using only existing onboard
BMS data (Fig. 1).

2. BMS data characteristics
2.1. Dataset overview

The dataset consists of time-series BMS telemetry collected from
116 electric vehicles operated under real-world driving and charging
conditions, stored in a large-scale relational time-series database com-
prising approximately 475 GB and 251 million records [9-11]. The
116-vehicle fleet covers 14 distinct vehicle models from two brands
within the Hyundai Motor Group (Hyundai and Kia), with pack configu-
rations ranging from 84 to 192 series-connected cells. Per-vehicle data
span is approximately one year of continuous telemetry (collected over
the 2024-11 to 2025-12 window for the analysis subset reported here),
with absolute start dates varying across vehicles based on each sub-
scriber's enrollment time. Because per-vehicle battery degradation is
anchored to cumulative cycle/mileage indicators rather than absolute
calendar time, the staggered start dates do not affect the within-vehicle
analysis structure used in this study. Each record contains pack voltage,
pack current, SOC, temperature measurements, mileage, and the indi-
vidual cell-voltage array (cell count per vehicle ranges from 84 to 192).
All vehicles in the analyzed cohort use nickel-manganese-cobalt (NMC)
cathode chemistry per manufacturer specifications; lithium iron phos-
phate (LFP) chemistry is not present in this fleet. Year-to-year manufac-
turing variations (cell supplier, vintage) exist within the cohort and
contribute to per-vehicle variability of the identified ECM parameters.
The 116 vehicles are concentrated in the joint-analysis-eligible models
— KIA EV6 long-range (LR) (26 vehicles, used as the primary joint
OCV-ECM analysis cohort in Section 4.6) and the other slow-charging-
capable architectures (KIA EV9, Hyundai IONIQ5 LR, IONIQ5 LR 2022,
KIA NIRO LR, KONA LR, IONIQ’19, NIRO +, BONGO3, PORTER2, ION-
IQ6 LR) — with the remaining 5 vehicles in three minority models (KIA
NIRO2, Hyundai Motor Company (HMC) IONIQ5 STANDARD, HMC
KONA LR 2nd generation) used only at the corpus-coverage level. Of
the 14 models present in the fleet, 11 representative models with suffi-
cient per-model coverage are tabulated in Table 1 and used in the cross-
model ADMM preprocessing analysis (Section 4.1); the remaining 3
models (HMC IONIQ5 STANDARD, KIA NIRO2, HMC KONA LR 2nd
generation; 5 vehicles total) are present in the underlying corpus but
not separately analyzed.

For the fleet-level joint OCV-ECM analysis, identification was con-
ducted on 26 KIA EV6 vehicles that provided sufficient slow-charging
data for OCV construction and parameter identification. In addition,
one imported model — the Audi Q4 e-tron 82 kWh (96 series-connected
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Fig. 1. Overall workflow for battery diagnosis using coarse real-world BMS data.

Table 1
Fleet summary of voltage quantization, pack-sum offset, and sampling inter-
val across 11 vehicle models.

Model Cells Quant. 20mV Ratio Offset/cell Sampling
(mV) (%) (mV) ()
PORTER2 9 20 94.4 9.36 3.00
BONGO3 90 20 94.4 9.28 3.01
IONIQ'19 9% 20 100.0 9.75 3.00
KONA LR 98 20 99.1 9.40 3.01
NIRO LR 98 20 100.0 9.28 3.09
NIRO + 98 20 87.5 9.34 3.09
EV9 152 20 99.9 9.58 3.71
IONIQS5 LR 180 20 100.0 9.42 3.77
IONIQ5 192 20 100.0 9.58 3.65
LR'22
IONIQ6 LR 192 20 100.0 9.57 3.33
EV6 LR 192 20 100.0 9.56 3.66

cells) — is included in the cross-model ADMM preprocessing summary
in Section 4.1 to confirm that the pack-constrained reconstruction gen-
eralizes to a non-Hyundai/Kia pack architecture; this model does not
enter the joint OCV-ECM or driving-window extended Kalman filter
(EKF) analysis.

Overall, the dataset provides a realistic basis for battery diagnosis at
fleet scale, but the measurements are constrained by several produc-
tion-BMS limitations, including coarse cell-voltage quantization, pack-
level measurement mismatch, and sequential cell scanning artifacts.
These characteristics are examined in the following subsections.

2.2. Cell voltage quantization

Analysis of consecutive cell-voltage differences shows that all vehi-
cle models share a common 20 mV quantization grid (Table 1). The
20 mV ratio, defined as the fraction of consecutive voltage differences
aligned with the 20 mV step, ranges from 87.5% to 100.0% across the

fleet (the lowest values, 87.5% for NIRO PLUS and 94.4% for
PORTER2/BONGO3, still place the dominant inter-sample voltage dif-
ference on the 20 mV grid), indicating that the cell-voltage measure-
ments are strongly constrained by the underlying BMS resolution. Pack
voltage is quantized separately at 100 mV resolution.

Each Table 1 entry was computed directly from the underlying raw
telemetry as follows. KIA EV6 LR, which has 192 series-connected cells,
provides a representative worked example. First, the 20 mV ratio is the
fraction of consecutive non-zero cell-voltage differences whose magni-
tude lies within =2 mV of an integer multiple of 0.020 V across all
charging-session timestamps and all 192 cells. This integer-multiple
metric yields 100.0% for EV6; equivalently, the dominant =20 mV
peak illustrated in Fig. 2b contains 96.9% of the non-zero Ay samples
from the same session. Second, the per-cell pack-sum offset is the time

average of Wpaa=ZiVeenti) gver slow constant-current charging time-
N

stamps, yielding 9.56 mV/cell for EV6. Third, the sampling interval is
the median inter-sample timestamp difference, which is 3.66 s for EV6.
The same three computations were applied identically to the other 10
representative models in Table 1.

The 20 mV step is directly visible in the raw cell-voltage trace in Fig.
2(a) and dominates the histogram of consecutive voltage differences in
Fig. 2(b). Fig. 2(a) deliberately uses millivolts so that each 20 mV quan-
tization step spans exactly one axis tick. The measurement granularity
can therefore be read directly from the voltage axis. Throughout this
paper, the 20 mV step is treated as the effective granularity of the re-
ported telemetry: the recorded voltage is what appears on the vehicle
CAN bus after BMS-side post-processing, so no specific sensor ADC bit
count is claimed. This coarse quantization affects the data in two ways.
First, voltage trajectories exhibit staircase-like behavior, with abrupt
level changes separated by long flat regions; this corrupts time deriva-
tives required for ECM identification and produces spurious activity in
difference-based diagnostic features. Second, fine inter-cell differences
below 20 mV, which are precisely the signals carrying diagnostic infor-
mation about cell-to-cell variability, are masked by the quantization
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Fig. 2. Illustration of the 20 mV cell-voltage quantization step in the onboard BMS telemetry. (a) A single-cell voltage trace during slow constant-current charging
shows a staircase pattern aligned with a 20 mV grid (dotted). (b) Histogram of consecutive-sample voltage differences across all cells, showing a dominant peak at

+20 mV.

step. As a result, directly using the raw cell-voltage measurements for
ECM identification or cell-level diagnostic feature extraction can lead to
biased parameter estimation and unstable analytical results [31].

These observations motivate the need for a reconstruction step that
improves effective voltage resolution while preserving the physical con-
sistency of the battery pack [5,6].

2.3. Pack-sum offset and bus bar resistance

A systematic discrepancy is observed between the measured pack
voltage and the sum of the reported cell voltages. Across the fleet, the
sum of cell voltages consistently underestimates the pack voltage by an
approximately deterministic offset. When normalized by cell count, this
offset is highly consistent across vehicle models, with a mean value of
9.43 = 0.14 mV per cell. Consequently, the total pack-level offset in-
creases nearly linearly with the number of series-connected cells, rang-
ing from approximately 0.8 to 1.8 V.

This behavior is consistent with the measurement topology of pro-
duction battery packs. The pack voltage measurement includes addi-
tional resistive components in the current path, such as bus bars and
contact impedances, whereas individual cell-voltage taps do not fully
capture these contributions, as evidenced by the consistent pack-sum
offset shown in Fig. 3. The observed offset can therefore be interpreted
as the sum of a static component and a current-dependent dynamic
component.
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Let f denote the static intercept of the pack-sum offset. Subtracting
Py from the total offset reveals the dynamic component. The remaining
offset varies approximately linearly with current, and the fitted slope
corresponds to an estimated total bus-bar resistance R;,; = 28.5 mQ, or
Ry.s/N = 0.148 mQ per cell. Under slow charging at 7 A, the corre-
sponding per-cell voltage contribution is only 1.04 mV, which is small
relative to the 20 mV quantization step. However, the effect increases
to 7.41 mV at 50 A, 14.82 mV at 100 A, and 29.64 mV at 200 A, eventu-
ally exceeding the quantization step itself.

In Fig. 4(a), the green dashed line shows the single-session slope
from the anchor vehicle (0.012 mQ/cell), which is lower than the fleet-
aggregate slope because limited current range and SOC-driven cell-
voltage modulation within a single session elevate the regression noise
floor; the fleet-aggregate value of 0.148 mQ/cell (red line) is therefore
used for the per-current summary in Fig. 4(b).

2.4. Sequential sampling artifact

In addition to quantization and pack-sum mismatch, production
BMS telemetry is subject to sequential or asynchronous sampling arti-
facts during current transients [3,34]. Cell voltages are not measured si-
multaneously; instead, they are scanned sequentially across the pack
(Table 2). Under nearly steady current, this effect is negligible. During
current transients, however, the asynchronous sampling introduces an
artificial inter-cell voltage spread that does not reflect actual electro-
chemical imbalance. Table 2 summarizes three sources of measurement
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Fig. 3. Pack-sum offset during early slow charging, showing static and current-dependent components.
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Fig. 4. Current-dependent pack-sum offset after removing the static baseline.

Table 2
Measurement uncertainty sources in production BMS cell-voltage data.
Source Magnitude Effect on Cell Voltage Condition
Cell-voltage 20 mV Staircase pattern, All conditions
quantization derivative spikes
Pack voltage quant 100 mV ~0.5 mV/cell All conditions

(192 cells in series)

Sequential scan up to ~#140 mV Inter-cell asynchrony
(7 quantization
steps)

9.43 mV/cell

1.04 mV/cell

Current
transients

Bus bar (static)
Bus bar (dynamic,

All conditions
Slow charging

Pack-sum offset
5.2% of quantization

7 A)

Bus bar (dynamic, 14.82 mV/cell 74.1% of quantization Fast charging
100 A)

Bus bar (dynamic, 29.64 mV/cell 148% of quantization Fast charging
200 A)

uncertainty and their dependence on operating conditions. The first is
coarse cell-voltage quantization on a 20 mV grid, addressed by the re-
construction in Section 3.1. The second is the approximately 9.4 mV/
cell pack-sum offset from bus-bar impedance, addressed by the static
correction in Section 2.3. The third is sequential per-cell sampling,
which is negligible under near-constant current but comparable to the

20 mV step during transients. Of these, only sequential sampling cannot
be corrected within the present slow-charging analysis window and
therefore motivates restricting ECM identification and cell-level diag-
nostic analyses to constant-current segments.

In the present dataset, transient periods show inter-cell spreads that
reach roughly seven quantization steps (approximately 140 mV in the
illustrated driving-transient window), whereas under constant-current
operation the baseline spread is close to zero. This indicates that, dur-
ing dynamic operating conditions such as driving or fast-charging tran-
sitions, apparent cell-to-cell deviations may be dominated by sampling
skew rather than by genuine cell behavior. Fig. 5 contrasts these two
regimes: under slow constant-current charging the inter-cell spread
stays near zero (Fig. 5a), whereas during a driving transient the spread
grows to roughly seven quantization steps (about 140 mV; Fig. 5b).

For this reason, the present study restricts ECM identification and
cell-level diagnostic analysis to slow-charging constant-current seg-
ments, where the effects of sequential scanning are minimized and the
remaining uncertainty sources are more structurally interpretable. Un-
der these conditions, the dominant measurement limitations reduce to
quantization and pack-sum offset, which can be addressed using the
proposed pack-constrained reconstruction framework.
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Fig. 5. Evidence of sequential per-cell sampling. (a) Slow constant-current charging window: inter-cell voltage spread stays near zero throughout, while the pack
current is nearly constant. (b) Driving transient window: inter-cell spread grows to multiple quantization steps when the pack current swings rapidly.
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3. Methodology

Section 3 presents a four-stage methodology designed to address
the measurement limitations identified in Section 2. Stage 1 recon-
structs physically admissible cell-voltage trajectories from quantized
BMS measurements under the pack-sum constraint. Stage 2 establishes
a baseline 1-RC ECM identification framework on the reconstructed
data. Stage 3 tests whether additional RC branches are justified by the
information content of BMS-quality measurements. Stage 4 resolves
the OCV-parameter coupling problem through joint OCV-ECM opti-
mization. The resulting pipeline provides the basis for the SOC estima-
tion and fleet-level diagnostic analyses presented in Section 4.

3.1. ADMM TV regularization

Because sequential scanning artifacts become negligible only under
nearly constant current, the voltage reconstruction step was restricted
to slow constant-current charging segments. Under these conditions,
the current-dependent bus-bar contribution remains small relative to
the 20 mV cell-voltage quantization step, so the pack-sum relation can
be approximated using the measured pack voltage after static offset cor-
rection only. This setting allows the reconstruction problem to focus on
the dominant uncertainty source, namely coarse cell-voltage quantiza-
tion, while preserving pack-level physical consistency.

The reconstruction goal is to redistribute the quantization residual
within each 20 mV grid step across the pack, so that the reconstructed
cell-voltage trajectories are smooth in time and their sum exactly
matches the static-offset-corrected pack voltage. Let v; (t) denote the re-
constructed voltage trajectory of cell ; and let g; () denote the corre-
sponding quantized measurement. The reconstruction was formulated
as a convex optimization problem that balances data fidelity and tem-
poral regularity while enforcing pack-level consistency [5]. The box
constraint enforces the floor-quantization interval [q,-,q; + 5] with § =
20 mV (the observed cell-voltage quantization step), so that each recon-
structed value remains within the admissible quantization interval of
the original measurement — that is, the raw measurement ¢; is treated
as the floor of the true cell voltage on the 20 mV grid (paper code de-
fault: floor_quant = True).

The problem was solved using ADMM, which separates temporal
smoothing, quantization-consistent clipping, and pack-level equality
enforcement into simple subproblems (Fig. 6). For each session, let
v € RTXVN collect the reconstructed cell voltages, let ¢ collect the quan-
tized measurements, and let p denote the first-order temporal-
difference operator, so that py contains the (T — 1) x N adjacent differ-
ences. In the updates below, W collects the per-sample data-fidelity
weights W;;, z is the auxiliary variable introduced for py, ury is its
scaled dual variable, p7y is the ADMM penalty parameter, and § de-
notes the soft-thresholding operator. The optimization problem solved
at each session is:

min Z,’i Wei (Vi = d1i) 2+ gy [1DVILy
subject to: 1Tv, =V (0 = By (V0), 4, < Vi < 4+ Dguane,
(i) v-update — quadratic data + TV proximal:
R=Dv—z+upy
ve (Woq+pry (v=D'R)) @ (W + ppy)

(ii) box clip — element-wise projection onto the floor-quantization
box:

vy < clip (Vt,h q1i>qr;i + Aquam)

(iii) affine pack-sum projection — exact equality enforcement:
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Vi € Ve — ]%/ (lTvt.: -

(Voack () = Bo))
(iv) z- and dual-update — L1 soft-thresholding for the TV term:
T SATV/:”TV (DV + MTV)

ugy < upy + (Dv —2)

These four steps are repeated until the primal residual r falls below
the tolerance &, = 1077 or the iteration cap (code parameter
max_iter = 300) is reached. Two implementation details clarify the al-
gorithm. First, step (iii) enforces the pack-sum equality through a hard
affine projection rather than an augmented-Lagrangian penalty. Sec-
ond, in the adopted floor-quantization box mode, clipping after the
affine projection can produce a small equality-constraint residual
within one ADMM iteration. Repeated affine projection in subsequent
iterations reduces this residual to floating-point precision within tens of
iterations. Section 4.1 verifies this convergence by reporting a recon-
struction-constraint mean absolute error (MAE) below 1072 V. The TV
proximal step suppresses staircase artifacts without introducing uncon-
strained drift [6]; the box clip preserves consistency with the original
floor-quantized measurement; the affine projection enforces the pack-
sum constraint exactly; the soft-threshold + dual update completes the
standard ADMM cycle for the #;-norm TV penalty. After convergence, a
final affine projection re-enforces the pack-sum equality so the returned
iterate satisfies the equality exactly while remaining within the floor-
quantization box up to machine precision.

IDv —z|l, € &o = 1077 or iter > max_iter = 300

At each time step, the pack-sum relation imposes a single equality
across N cell voltages, leaving N — 1 coupled degrees of freedom. This
does not increase the intrinsic precision of the sensor hardware; rather,
it reduces the admissible redistribution granularity of the quantization
residual under the physical pack constraint. For a 192-cell pack, this
granularity is 6/ (N — 1) = 0.10 mV, which explains why the recon-
structed trajectories can recover sub-quantization continuity while re-
maining consistent with the original measurements.

The penalty parameters were selected by grid search to balance grid
escape and waveform stability. Here, the dequantization rate was de-
fined as the fraction of reconstructed voltage samples that no longer lay
exactly on the original 20 mV quantization grid. The selected configu-
ration (v = 0.5, A7y = 0.005, floor-quantization box 44y = 20 mV,
code parameter max_iter = 300, &, = 1077) provided a stable operat-
ing point with high dequantization rate and consistent convergence
across repeated sessions. The trade-off underlying this choice is that ag-
gressive TV regularization (large A7) maximizes grid escape but intro-
duces visible waveform smoothing artifact (quantified in Section 4.4),
whereas conservative settings (small Ary) preserve waveform fidelity at
the cost of incomplete dequantization; the adopted operating point lies
at the elbow of this trade-off — near-maximal grid escape with sub-
millivolt smoothing artifact (Fig. 7).

The choice of an ADMM-based reconstruction in this study is a de-
liberate baseline choice rather than a claim that ADMM is the only or
globally optimal reconstruction method. It is motivated by three prag-
matic engineering considerations relevant to production-BMS deploy-
ment: (i) determinism and closed-form convergence (Boyd et al. [5]),
which give predictable, reproducible behavior across heterogeneous
fleets; (ii) interpretability of the pack-sum equality projection as a di-
rect hard physical constraint rather than a learned soft prior, which is
essential when the reconstructed voltage feeds downstream physically
interpretable ECM identification; and (iii) zero training-data require-
ment, which makes the framework immediately applicable to any new
vehicle model without per-vehicle or per-fleet fine-tuning. More sophis-
ticated alternatives include deep image prior-style learned regularizers,
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Fig. 6. ADMM-based cell-voltage reconstruction. (a) Raw cell voltages showing the 20 mV staircase quantization. (b) ADMM-reconstructed cell voltages with con-
straint-consistent redistribution of the quantization residual to scales finer than the 20 mV step. (c) Pack-sum constraint residual before vs. after reconstruction.
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diffusion-based reconstruction, and per-vehicle adaptive penalty sched-
ules. These methods may further improve raw RMSE, but they can in-
troduce black-box behavior and require retraining for each deploy-
ment. The central contribution of this paper is the pack-constrained re-
construction objective and its downstream OCV-ECM integration,
rather than the ADMM implementation of the inner reconstruction step.
The framework therefore remains applicable if these alternatives re-
place the inner solver. Investigating whether learned alternatives re-
duce the fleet-cross-evaluation variance discussed in Section 5 is there-
fore identified as a productive direction for follow-up work.

3.2. Equivalent Circuit Model (1-RC Thevenin)

A first-order Thevenin equivalent circuit model was adopted as the
baseline identification model because it provides the simplest physi-
cally interpretable structure capable of separating ohmic and first-order
polarization effects [1,21]. This parsimonious formulation is particu-
larly appropriate for production BMS data, where 20 mV cell-voltage
quantization and 3-4 s sampling intervals may not reliably support
identification of multiple distinct dynamic time constants. Because the

baseline and joint-identification fitting windows are restricted to slow
constant-current charging, the excitation available for RC identification
is limited to smooth OCV drift and residual current variability within
the segment. The model-order check in Sections 3.3 and 4.3 tests
whether this ceiling persists when fast-charging telemetry is used as an
identifiability probe with a transferred slow-charge OCV reference; the
same 1-RC ceiling is observed under both regimes. The estimated 1-RC
parameters should therefore be interpreted as the highest lumped RC
approximation practically supported by BMS-quality telemetry (20 mV
quantization, 3-4 s sampling), rather than as a fully excited dynamic
identification.

With positive current defined for charging, the terminal-voltage
model of each cell is written as

V () = OCV (SoC (1) + 1() Ry + Ve (1)

with the RC-state dynamics given by

dVre _ _Vre | 10
dt R,C, ' C,
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Fig. 7. Sensitivity of dequantization performance to the ADMM parameters. (a) Fraction of samples departing from the original 20 mV grid. (b) Mean per-sample
correction magnitude. The star marks the operating point adopted in this study (Prv = 0.5, A7, = 0.005).

where OCV(SOC) denotes the open-circuit voltage as a function of state
of charge, R, is the ohmic resistance, and R; and C; characterize the
first-order polarization dynamics.

The OCV-SOC relation was represented using a monotone piecewise
cubic Hermite (PCHIP) interpolation of binned voltage-SOC pairs [35].
This representation preserves monotonicity while avoiding oscillatory
artifacts that may arise in higher-order interpolation schemes. Because
OCV source choice is itself one of the central variables examined in this
study, the specific OCV construction method used in each experiment is
described separately in Sections 3.3 and 3.4.

The RC state was propagated using the closed-form exponential up-
date, which is more numerically stable than a naive forward discretiza-
tion at the sampling interval of the present BMS data. To improve nu-
merical conditioning and enforce positivity, model parameters were es-
timated in  log-space, with  the  optimization  vector
0 = [log Ry, log Ry, log Cy] subject to box bounds Ry, R, € [1075,107!] Q
and C, € [10, 10°] F. This constrained formulation is consistent with the
broader need to control ECM parameter identifiability and non-physical
solutions in real-world telemetry settings [22]. Optimization was per-
formed with scipy.optimize.least squares using the trust-region-
reflective (TRF) algorithm and the soft-L1 robust loss

p(rr)=2 <\/ 1+ 72 foeate” — 1), where fi.u = 0.01 V calibrates the

transition between quadratic and linear regimes. The maximum num-
ber of function evaluations was capped at 500 (max_nfev) for each fit-
ting run.

The consequences of restricting identification to slow constant-
current excitation were quantified with a local Fisher-information
analysis of the 1-RC voltage model, following the identifiability per-
spective of [31]. Once the RC state has settled under steady constant
current (1> 7|), the polarization voltage becomes the constant / - R;:
Ry and R, then affect the model only through their sum, the sensitivity
to 7; = R, C; vanishes, and the information matrix restricted to such set-
tled samples is structurally singular. If the OCV curve is also estimated
freely, it absorbs the remaining constant offset into its voltage level.
Settled constant-current samples — samples containing no entry or in-
terruption transient — therefore cannot resolve the individual RC para-
meters; this is exactly the degeneracy that drives the charging-derived-
OCV baseline to a non-physical near-zero R at practically unchanged
fitting error (Sections 4.5 and 4.6). The realized fitting windows, how-
ever, are not perfectly steady. For the representative EV6 fitting win-
dow (10,976 samples, 669 min, mean current 8.6 A), three departures
supply residual excitation: the window-entry transient (the forward
simulation starts the RC state from zero, and the retained window opens

with a current adjustment of approximately 7.0 to 8.9 A; the physical
charge-onset step itself lies just before the window), a gradual end-of-
charge taper (approximately 9.2 to 7.9 A), and a brief mid-session
charging interruption contributing two current steps of approximately
9 A. The Cramér-Rao bound was evaluated at the fitted parameters in g-
space, using the joint-fit residual scale of 4.33 mV as the noise level.
The evaluation starts the RC state from zero, as in the production fit;
unlike the production fit, however, it treats the OCV curve as known —
an optimistic simplification, because the joint fit estimates the OCV
curve. The analysis yields lower bounds on the relative standard devia-
tions of approximately 21% for Rj, 32% for R;, and 65% for 7y; re-
evaluated at the fleet-median R, of 0.895 mQ (Table 7) with the anchor
vehicle's Ry and 7y, the R, bound becomes 27%, while the R; and 7;
bounds are unaffected by the R, value. In addition, the 0.2% of samples
surrounding the window-entry and interruption current steps carry
70% of the diagonal Fisher information on C; (49% from the window
entry, 21% from the interruption). Because the bound conditions on a
known OCV curve and additionally assumes white residuals whereas
the dominant quantization residual is colored, these lower bounds
should be read as optimistic.

Three design consequences follow. First, the RC-pair parameters
(R, C)) are interpreted as a weakly identified lumped polarization cor-
rection, consistent with the model-order ceiling in Sections 3.3 and 4.3.
No diagnostic conclusion in this paper depends on the individual preci-
sion of R or Cj; instead, the downstream SOC evaluation in Section 4.7
tests the recovered parameter set as a whole. Second, the physical plau-
sibility of the ohmic resistance is not asserted from the constant-current
fit alone: Section 4.6 cross-checks the jointly estimated R, against an
independent current-step estimator built from |AI|] > 5 A transients,
and the joint-versus-step differences observed there are of the same or-
der as the bounds above. Third, the OCV-offset degeneracy is deliber-
ately counteracted by the rest-anchoring term of the joint formulation
(Section 3.4), which anchors the OCV level to zero-current rest voltages
instead of leaving it free to absorb polarization. Dynamic excitation
would sharpen RC identifiability considerably: applied to the full
telemetry segment that surrounds this fitting window — a segment that
includes driving transients — the same analysis lowers the 7; bound to
approximately 5.1%. Such windows are nevertheless excluded from
identification because of the sequential-sampling artifact described in
Section 2.4; exploiting this excitation would require synchronized,
higher-rate logging, as discussed in Section 5.
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3.3. N-RC model order selection

The model-order analysis compares N-RC networks — Thevenin
equivalent circuits with one to three parallel RC branches — using AIC
and BIC on both slow and fast charging windows. To determine
whether additional dynamic branches beyond the baseline 1-RC ECM
introduced in Section 3.2 are justified by field BMS data, the model was
extended to 2-RC and 3-RC formulations. The purpose of this analysis
was not to maximize in-sample flexibility, but to test whether the infor-
mation content of 20 mV-quantized, 3-4 s-sampled telemetry is suffi-
cient to support physically identifiable additional time constants [26,
28].

To ensure a fair comparison across model orders, higher-order mod-
els were initialized hierarchically from the lower-order solution. This
strategy reduces initialization sensitivity and allows the model-order
comparison to reflect genuine information gain rather than differences
caused by unstable optimization starting points.

For fast-charging evaluation, the OCV curve was not reconstructed
from the same fast-charging session, because doing so would reintro-
duce the circular fitting artifact that this analysis seeks to isolate. In-
stead, an OCV curve obtained from a slow-charging session of the same
vehicle was transferred to the fast-charging session. This design ensures
that the comparison among 1-RC, 2-RC, and 3-RC models reflects dy-
namic-model adequacy rather than bias introduced by the OCV refer-
ence itself.

In addition, a current-dependent bus-bar correction was applied to
fast-charging data before ECM fitting, because the per-cell dynamic off-
set becomes comparable to or larger than the 20 mV quantization step
under high current. By contrast, this correction was not required for
slow charging, where the estimated bus-bar contribution remained
small relative to the quantization scale.

Model order was evaluated using AIC and BIC, and the primary find-
ing is that the data are practically unidentifiable beyond a single RC
branch under the present BMS-quality telemetry (20 mV cell-voltage
quantization and 3-4 s sampling interval): additional time constants
cannot be resolved above its noise and quantization floor. Across all
tested orders the fit RMSE was indistinguishable at the reported preci-
sion, so the likelihood term is essentially flat across model orders and
the unanimous BIC/AIC selection of the 1-RC formulation is decided by
their parameter-count penalties. Examination of the higher-order solu-
tions confirmed that the second and third RC branches either collapsed
to their lower bounds or redundantly partitioned the dynamics of the
first branch; the apparent residual structure remaining in BMS-quality
data is below the threshold required to identify additional time con-
stants stably. Section 4.3 reports the per-condition numerical evidence.

This framework allows the study to distinguish improvements
caused by model complexity from those caused by OCV source quality,
which is essential for interpreting the comparative results presented in
Section 4.

3.4. Joint OCV-ECM optimization

Given that Section 3.3 identifies 1-RC as the highest identifiable
structure, a major remaining source of ECM error is the OCV reference
used during fitting. As shown by the OCV-source comparison in Section
4.5, fitting accuracy and parameter physicality exhibit a persistent
trade-off. OCV curves constructed directly from charging data produced
low voltage residuals but drove R, toward a non-physical lower bound
[15], whereas rest-derived OCV references restored physically mean-
ingful resistance values [29,30] at the cost of substantially higher fit-
ting error due to noise and incomplete SOC coverage. This trade-off mo-
tivated a joint estimation framework in which the OCV curve and ECM
parameters are optimized simultaneously rather than sequentially.

In the proposed framework, the OCV curve is parameterized by 50
free knot voltages distributed uniformly over the SOC range. This repre-
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sentation provides sufficient flexibility to depart from the charging-
derived initial curve while remaining simple enough to regularize effec-
tively. Piecewise-linear interpolation was used between knots to avoid
oscillatory behavior associated with higher-order spline parameteriza-
tions and to maintain stable gradient propagation during joint opti-
mization.

A limited knot-count sensitivity test was performed on a representa-
tive paper-fleet vehicle (VO0O4AL0000, KIA EV6 LR) to verify that the
50-knot choice is well-positioned. With identical training settings, the
joint OCV-ECM voltage-fit RMSE decreased from 5.16 mV at 25 knots
to 4.70 mV at 50 knots and 3.45 mV at 100 knots. The jointly estimated
ohmic resistance Ry, which is central to the physical-plausibility claim
in Section 4.6, was already within 5% of its 100-knot value at 50 knots.
The corresponding R, values were 0.41/ 0.45 /0.47 mQ for 25/50/100
knots respectively. The 50-knot setting adopted throughout this paper
therefore prioritizes R, physicality saturation and per-vehicle optimiza-
tion cost; the remaining voltage-fit improvement available at higher
knot counts is acknowledged as a productive direction for follow-up
work where computational cost is not the dominant constraint.

The knot values were initialized from the charging-derived OCV
curve so that optimization started from a low-error operating point.
This initialization, however, does not determine the final solution, be-
cause the learned OCV curve is subsequently constrained by rest an-
choring, smoothness, monotonicity, and boundary penalties.

The ECM dynamics were embedded in a differentiable forward sim-
ulation so that the OCV curve and circuit parameters could be updated
within a single coupled optimization. This formulation avoids the in-
consistency of separately constructing an OCV curve and then fitting
ECM parameters afterward, and it allows the loss to propagate through
the full time series in a physically consistent manner.

The joint estimation frames the OCV curve and the ECM parameters
as one differentiable problem: the OCV curve provides the equilibrium
reference, and the ECM parameters explain the deviation of the mea-
sured voltage from that reference under the observed current profile.
The total objective combines voltage fidelity with physically motivated
OCV regularization:

L Lecm

+ o,

+ Opegelpest T O,

L

total = Test smootthmooth

monolmono wboundaryLboundary

Here, L,., enforces agreement between simulated and measured
terminal voltage, L, anchors the OCV curve to rest-period voltage ob-
servations, Lg,,,, suppresses excessive curvature, L,,,, discourages
non-monotonic behavior, and Lyy,qary stabilizes the endpoint behavior
of the learned OCV curve. Together, these terms prevent the OCV esti-
mate from simply absorbing the full charging overpotential while still
allowing it to adapt away from the biased charging-derived initial
guess.

The rest-anchor weight was selected through Pareto analysis of the
trade-off between voltage fit and resistance physicality. A value of @,
= 0.5 was adopted because it prevented collapse of R while maintain-
ing low prediction error, placing the solution near the elbow of the
RMSE-physicality trade-off.

The joint objective was minimized with the Adam optimizer (op-
tax.adam) for 3000 full-batch optimization steps (no mini-batching).
The initial learning rate was 10~ with a staircase exponential decay
factor of 0.5 every 1000 steps; the Adam moment coefficients
($1=09,0,=0999) and the Adam numerical-stability constant
(¢ = 1078) followed optax defaults. The optimization vector concate-
nated the 50 OCV knot voltages with the log-space ECM parameters
(log Ry, log Ry, log C,). The OCV knots were initialized from the charg-
ing-derived OCV curve. The ECM parameters were initialized from a
baseline 1-RC least-squares fit. Gradients were obtained by automatic
differentiation through a JAX just-in-time-compiled forward simula-
tion, and the full 3000-step schedule was completed for each vehicle
without early stopping.
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Although the OCV parameterization is flexible, overfitting risk was
controlled in three ways. First, the learned OCV curve was regularized
by smoothness, monotonicity, boundary, and rest-anchor constraints.
Second, ECM parameters remained positivity-constrained throughout
optimization. Third, model quality was assessed using cross-session pre-
diction rather than in-sample fitting alone.

For fleet-level evaluation, the full preprocessing-identification
pipeline was applied consistently to each of the 26 vehicles, namely
ADMM-based voltage reconstruction, OCV construction, joint
OCV-ECM fitting, and cross-session evaluation. This end-to-end design
is important because the benefit of joint optimization depends directly
on the quality of the reconstructed voltage trajectory used as its input.

4. Results and discussion
4.1. ADMM preprocessing results

The proposed ADMM-based reconstruction consistently improved
the effective continuity of cell-voltage trajectories across all tested vehi-
cle models while preserving strict pack-level consistency [5,6]. For the
primary test case, KIA EV6 with 192 series-connected cells, 96.5% of re-
constructed voltage samples no longer remained on the original 20 mV
quantization lattice. This result indicates that the pack-sum constraint
provides sufficient coupling among cell voltages to redistribute the
quantization residual at scales finer than the native 20 mV cell-voltage
step — without implying any increase in the intrinsic precision of the
sensor hardware. The recovered fine structure should therefore be in-
terpreted as a constraint-consistent redistribution of quantization resid-
uals rather than a true sub-quantization voltage measurement.

The achievable redistribution scale followed the expected depen-
dence on cell count. Because the pack-sum equality introduces one lin-
ear constraint across N cells at each time step, the quantization residual
can be redistributed across N — 1 coupled degrees of freedom. For a
192-cell pack, this corresponds to a characteristic sub-quantization
scale of approximately 20/N = 0.104 mV. The observed minimum step
sizes in the reconstructed trajectories were consistent with this scale
across the tested vehicles, with smaller effective steps observed for
larger packs, in qualitative agreement with the predicted y-! scaling.

Importantly, the pack-sum equality was satisfied at numerical preci-
sion after the affine projection step of ADMM. The resulting constraint
error remained below 10713 V throughout the analyzed sessions, con-
firming exact algebraic consistency between the reconstructed cell volt-
ages and the corrected pack voltage within the optimization procedure.
This value should be interpreted as a property of the projection step
rather than as a claim of sensor-level measurement precision. The prac-
tical significance is that the reconstruction does not sacrifice pack-level
physical consistency in exchange for smoother cell-level trajectories.

The mean correction magnitude remained within the expected
quantization interval, approximately 8.8-9.1 mV per cell across the
tested models, indicating that the reconstruction stayed within the ad-
missible range implied by the original measurements. Convergence was
also stable across repeated sessions. Table 3 summarizes these per-
model reconstruction metrics: across the five representative pack archi-
tectures reported in Table 3, grid-escape rates ranged from 94.1% to
96.7%, effective minimum step from 0.100 mV to 0.208 mV, and pack-
sum constraint MAE remained below 107'% V, confirming that the pack-
constrained reconstruction generalizes across pack architectures with-
out per-model tuning.

These results should be interpreted within the operating regime con-
sidered in this study. The reported resolution enhancement applies to
slow-charging constant-current segments, where sequential scan arti-
facts are small and the dynamic bus-bar contribution remains modest
relative to the 20 mV quantization step. Under highly transient condi-
tions such as fast-charging ramps or driving cycles, asynchronous cell
scanning can introduce apparent inter-cell spreads comparable to the
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Table 3

ADMM preprocessing results across representative vehicle models. Where two
values are listed (e.g., 96.7 / 96.3), the first value is for the slow constant-
current charging segment used in this study, and the second value is from a
held-out follow-up session.

Model Cells Grid Escape Min Step Constraint MAE Mean Corr.
(%) (mV) W) (mV)
KIA EV6 LR 192 96.7 /96.3 0.100 / ~9.5e-14 8.8 /8.9
0.143
HMC IONIQ5 180 96.2 0.111 ~le-13 8.9
LR
HMC IONIQ5 192 96.4 0.104 ~le-13 8.8
LR'22
KIA EV9 152 95.8 0.132 ~1le-13 9.0
AUDI Q4 e-tron 96 94.1 0.208 ~le-13 9.1

quantization scale, and the present formulation does not explicitly cor-
rect for that effect. Within the constant-current regime, however, the
ADMM framework provides a physically consistent means of recovering
smoother and more informative cell-voltage trajectories from coarse
production BMS data. The cross-model preprocessing results across all
representative vehicle models are summarized in Table 3.

4.2. ECM fitting: raw vs enhanced

The benefit of the reconstructed voltage trajectories was evaluated
by fitting the 1-RC ECM [1,21] to both raw quantized data and ADMM-
enhanced data. Across all representative vehicle models, preprocessing
reduced the terminal-voltage fitting error. The single-session RMSE im-
provement ranged from 11.2% for the KIA EV6 to 49.4% for the KIA
EV9. We note explicitly that the 11.2% EV6 improvement corresponds
to an absolute reduction of only 0.66 mV (5.87 — 5.21 mV) and is
therefore within the session-to-session variability reported in Section
4.4 (raw RMSE standard deviation 0.72 mV across ten sessions); the
EV6 single-session result is presented here as a representative case
rather than as evidence of a meaningful single-vehicle improvement.
The statistical support for attributing the ADMM-preprocessing benefit
to the algorithm itself, rather than to session-level noise, comes from
the multi-vehicle same-session paired test described in the following
paragraphs; the larger gains observed in IONIQ5 LR (46.5%), IONIQ5
LR 2022 (46.8%), and EV9 (49.4%) sit well above the session noise and
are interpreted as the primary single-session evidence (Fig. 8). Fleet-
level results are summarized in two complementary views: Fig. 8 re-
ports the overall RMSE distribution and the per-vehicle RMSE-
reduction histogram, while Fig. 9 plots the raw-versus-enhanced paired
scatter and highlights the best, median, and worst per-vehicle out-
comes; Table 4 lists the per-model breakdown.

The magnitude of improvement was not identical across models.
The larger gains observed in the IONIQ5 and EV9 cases may reflect
stronger sensitivity of ECM fitting to coarse voltage staircasing under
those particular pack configurations and operating sessions. However,
because the present comparison was not designed to isolate architec-
ture-specific effects from session-specific excitation characteristics,
these cross-model differences should be interpreted cautiously. The key
result is the consistency of the improvement trend itself: in every tested
case, the reconstructed voltage produced lower fitting error than the
raw quantized signal.

Although the coefficient of determination remained high for all
models, the more meaningful indicator in this setting was the reduction
in RMSE and the persistence of that reduction under held-out evalua-
tion. Cross-session evaluation confirmed that the improvement was not
confined to the training session. For the EV6 example, the held-out
RMSE decreased from 10.75 mV to 9.50 mV, corresponding to an
11.6% reduction. This indicates that the enhanced trajectories improve
not only in-sample agreement but also the transferability of the identi-
fied ECM to unseen data from the same vehicle.
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Fig. 8. Fleet-level ECM fitting comparison from the same-session paired test across 135 vehicles. (a) Boxplots of voltage-fit RMSE before and after ADMM reconstruc-
tion. (b) Histogram of per-vehicle RMSE reduction; the distribution is shifted toward positive values, with ADMM improving fit in the majority of vehicles.
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Fig. 9. Fleet-level voltage-fit RMSE comparison across the 135-vehicle paired test. Each point represents one vehicle's raw versus ADMM-enhanced 1-RC ECM
RMSE; the diagonal indicates no improvement, and markers highlight the best, median, and worst per-vehicle outcomes among the ECM-fit-valid subset (n = 135
paired; n = 134 used for the best/median/worst marker selection after excluding one vehicle with insufficient samples for stable ECM fit).

Table 4
1-RC ECM fitting results before and after ADMM-based voltage reconstruc-
tion.

Model Cells Raw RMSE Enhanced RMSE Improvement
(mV) (mV) (%)
KIA EV6 LR 192 5.87 5.21 11.2
HMC IONIQ5 LR 180 5.20 2.78 46.5
HMC IONIQ5 192 5.35 2.84 46.8
LR’22
KIA EV9 152 5.02 2.54 49.4
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To establish that the Table 4 single-session improvements exceed
the session-to-session variability discussed in Section 4.4, we addition-
ally performed a same-session paired test across a separate multi-
vehicle cohort of 135 vehicles drawn from a 2411-vehicle proprietary
Betterwhy telemetry corpus (56 distinct Hyundai/Kia/imported vehicle
models in total), restricted to vehicles with at least one year of slow-
charging coverage and at least two valid slow-charging sessions. For
each vehicle, one best-SOC-range slow constant-current session was
processed through the identical ADMM and 1-RC pipeline and the
same-session enh_self statistic (Section 4.4) was extracted. Across the
four pack architectures (KIA EV6 192Sn = 67, KIAEV9 152Sn = 13,
Hyundai IONIQ5 LONGRANGE 180S n = 34, IONIQ5 LONGRANGE
2022 192S n = 21; the NS suffix denotes j series-connected cells), the
mean RMSE reduction was 38.7%, 42.2%, 30.2%, and 43.7% respec-
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tively (mean absolute reduction 1.6-2.2 mV per vehicle), with paired t-
test p < 107> and Wilcoxon p < 107 in all four cohorts. The propor-
tion of vehicles for which the enhanced trajectory yielded lower RMSE
than the raw quantized trace was 93%, 85%, 82%, and 90% respec-
tively. Because the per-vehicle effect size (1.6-2.2 mV) clearly exceeds
the raw RMSE standard deviation across sessions reported in Section
4.4 for the EV6 cohort (0.72 mV), the ADMM-preprocessing benefit is
statistically supported at the multi-vehicle level across all four
Hyundai/Kia architectures covered by this paired test. We caution that
this statistical support is for the per-vehicle ADMM-vs-raw comparison
aggregated over the paired-test cohort; it does not by itself elevate the
Table 4 single-vehicle 11.2% EV6 improvement above the session-level
noise while that single-session result remains a representative example
rather than a statistically isolable claim (Fig. 9; Table 4).

We performed a cross-session held-out paired test using the frame-
work of Section 4.4. This test addresses the possibility that the same-
session enhanced-self (enh_self) statistic is inflated by a self-evaluation
smoothing advantage, estimated at approximately 1.05 mV for the rep-
resentative EV6 case (Section 4.4). For each vehicle with two or more
valid slow-charging sessions, ECM parameters were fitted separately to
the raw and ADMM-enhanced data from session 1. The resulting 1-RC
models were then evaluated on session 2: the raw-fit model predicted
the raw session-2 trace, and the enhanced-fit model predicted the en-
hanced session-2 trace. Of the 135-vehicle cohort, 21 vehicles drawn
from the same four pack architectures reported above (KIA EV6 192S
n = 3, KIA EV9 1528 n = 3, Hyundai IONIQ5 LONGRANGE 180S
n = 5, IONIQ5 LONGRANGE 2022 192S n = 10) provided two or more
valid slow-charging sessions. Across these 21 vehicles, the median
cross-session prediction RMSE decreased from 8.68 mV (raw-fit ECM
on session 2) to 7.03 mV (enhanced-fit ECM on session 2; mean
8.58 mV — 7.04 mV), a mean absolute reduction of 1.54 mV and a
mean fractional reduction of 19.8% (EV6 24.0%, EV9 9.6%, IONIQ5 LR
180S 12.7%, IONIQ5 LR 2022 25.1%). ADMM enhancement reduced
cross-session prediction RMSE in every one of the 21 vehicles (paired t-
test p = 3.3 x 1071% Wilcoxon p = 9.5 x 1077); 90% of vehicles ex-
ceeded the 0.72 mV session-to-session noise floor by their effect size
alone. Because session 1 and session 2 are separate non-overlapping
charging events, the evaluation reference for each side is the corre-
sponding session-2 trace fitted separately, which prevents the same-
session smoothing-advantage critique from inflating the cross-session
result and therefore provides the cleanest available evidence that
ADMM preprocessing produces a genuine, generalizable improvement
in 1-RC ECM identification across heterogeneous Hyundai/Kia EV pack
architectures.

A careful interpretation is required because direct comparison of en-
hanced data against itself can overstate the apparent gain. When the
same smoothed trajectory is used for both fitting and evaluation, part of
the RMSE reduction can arise from suppression of high-frequency quan-
tization artifacts rather than from improved physical identification
alone. To control for this effect, the present study relied on cross-
evaluation protocols and multi-session statistics, which are discussed
further in Section 4.4. Under these controls, the improvement remained
substantial, supporting the conclusion that ADMM preprocessing pro-
vides a more reliable voltage basis for ECM parameter estimation.

4.3. Model Order Selection (N-RC)

To examine whether higher-order ECM structures are justified by
the information content of production BMS data, 1-RC, 2-RC, and 3-RC
formulations were compared under slow charging, with 1-RC and 2-RC
additionally compared under fast charging. The purpose of this analysis
was not to maximize in-sample flexibility, but to test whether addi-
tional dynamic branches could be identified in a stable and meaningful
manner from 20 mV-quantized, 3-4 s-sampled field telemetry.
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The principal finding of Section 4.3 is that, for the present BMS-
quality telemetry (20 mV cell-voltage quantization, 3-4 s sampling in-
terval), the data are practically unidentifiable beyond a single RC
branch — additional polarization time constants cannot be reliably sep-
arated from the noise and quantization floor of this telemetry regime.
Under slow charging, the 1-RC, 2-RC, and 3-RC models all produced an
RMSE of 4.81 mV at the reported precision, which by itself indicates
that the higher-order branches contribute no detectable explanatory
power beyond the first RC pair. To rule out an optimizer-collapse arti-
fact, higher-order fits were initialized hierarchically (the 2-RC/3-RC so-
lutions started from the lower-order solution augmented with an addi-
tional RC pair at a distinct initial time constant), and the additional RC
pairs were given the same parameter bounds; despite this, the second
and third RC pairs either converged at their lower bounds or redun-
dantly partitioned the dynamics already captured by the first branch.
With the likelihood essentially identical across model orders, BIC and
AIC unanimously select 1-RC through their parameter-count penalties
on the unused additional parameters. Examination of the higher-order
solutions confirmed that the apparent residual structure remaining in
BMS-quality data is below the threshold required to identify additional
time constants stably; in other words, model-order complexity beyond
1-RC is not refuted but simply not supported by the information content
of 20 mV-quantized, 3-4 s-sampled real-world telemetry. The implica-
tion is that the gains observed elsewhere in this paper must come from
improvements in the voltage-reconstruction and OCV-source quality,
not from additional dynamic complexity in the ECM structure.

To verify that this identifiability ceiling reflects an information-
content limit of BMS-quality telemetry rather than an optimizer-
collapse artifact in our implementation, we performed a synthetic 2-RC
sanity check. A charging session was generated using known ground-
truth parameters (Ry = 0.5 mQ; R; = 0.5 mQ with 71 = 10s; R, = 0.3
mQ with 72 = 100 s; constant 5 A charging; SOC 30-70%) and cor-
rupted by 20 mV cell-voltage quantization plus 5 mV Gaussian noise to
match production-BMS measurement quality. Fitting the same 1-RC, 2-
RC, and 3-RC formulations used in Table 5 to this synthetic data with
the paper's 3.65 s inter-sample interval produced indistinguishable
RMSE across all three model orders (RMSE ~ 5.8 mV, equal to the
20 mV quantization noise floor) and R; estimates that collapsed to the
optimizer lower bound — exactly the unidentifiability pattern reported
for the real EV6 data in Table 5. The same pattern persisted when the
sampling rate was increased to 0.5 s, demonstrating that under the pre-
sent BMS-grade quantization the dominant identifiability barrier is the
20 mV cell-voltage quantization itself, not the inter-sample interval.
The fitting procedure is therefore correctly implemented: the sanity
check reproduces the practical unidentifiability of higher-order RC
branches under production-BMS telemetry, indicating that the result re-
flects the limited information content of the data rather than the esti-
mation procedure.

The same pattern was observed under fast charging when the OCV
reference was transferred from a slow-charging session of the same ve-
hicle. Again, adding extra RC pairs did not reduce RMSE relative to the
1-RC model; given the essentially identical likelihood, BIC/AIC contin-
ued to favor the 1-RC formulation through their parameter-count penal-

Table 5
AIC/BIC comparison of ECM model orders for the representative vehicle
(slow: 1-RC, 2-RC, 3-RC; fast: 1-RC, 2-RC).

Condition Model RMSE (mV) g2 AIC BIC BIC Best?
Slow 1-RC 4.81 0.9994  -118,322 -118,300  Yes

Slow 2-RC 4.81 0.9994  -118,317 -118,281

Slow 3-RC 4.81 0.9994  -118,313 -118,262

Fast 1 1-RC 11.13 - —-10,200 -10,198 Yes

Fast 1 2-RC 11.13 - -10,196 -10,182

Fast 2 1-RC 13.33 - —25,750 —-25,744 Yes

Fast 2 2-RC 13.33 - —25,746 —-25,729
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ties. Taken together, these results indicate that, for the telemetry qual-
ity and sampling interval considered here, the data support at most a
single robustly identifiable polarization time constant within the
adopted ECM structure — higher-order RC pairs are not refuted but
simply not supported by the information content of 20 mV-quantized,
3-4 s-sampled real-world telemetry.

This finding is important because it separates two possible explana-
tions for improved fitting performance: increased model order and im-
proved physical consistency of the inputs. The present comparison sug-
gests that, within the analyzed BMS-quality dataset, increasing ECM
complexity beyond 1-RC does not yield a commensurate benefit. Ac-
cordingly, the subsequent analysis focuses on improving the quality of
the voltage reconstruction and OCV reference rather than introducing
additional RC branches whose parameters are not reliably supported by
the data (Table 5).

4.4. Robustness validation

Several additional checks were conducted to assess whether the re-
ported gains were robust to evaluation protocol, session variability, and
operating-condition effects. First, a three-way comparison using raw,
enhanced-self, and enhanced-cross evaluation revealed that direct eval-
uation on the enhanced signal itself introduces a modest smoothing ad-
vantage. For the representative EV6 case, this effect was approximately
1.05 mV. Although small relative to the total gain observed in several
vehicles, this confirms that fair assessment requires held-out or cross-
evaluated comparisons rather than self-evaluation alone (Fig. 10).

Second, multi-session analysis showed that session selection can
bias performance estimates if only the most favorable case is reported.
Across ten slow-charging sessions, the raw-data RMSE for the EV6 was
5.61 + 0.72 mV, with a 95% bootstrap confidence interval of [5.18,
6.04] mV. By comparison, selecting only the best individual session
yielded 4.81 mV, which underestimates the typical error by approxi-
mately 14.3%. This result motivated the use of per-vehicle median sta-
tistics in later fleet-level analysis, thereby reducing the influence of un-
usually favorable or unfavorable sessions.

Third, the available dataset allowed a limited temperature stratifica-
tion analysis within the observed operating range. No cold-temperature
sessions below 15 °C were available, so the comparison was restricted
to nominal and moderately hot conditions. Within that range, the fit-
ting error remained similar between the two groups, suggesting no
strong temperature dependence in the present dataset. However, this
should not be interpreted as evidence of general temperature invari-
ance, since the most temperature-sensitive regime was not represented.

Finally, the bus-bar contribution was reexamined from the perspec-
tive of identifiability. For slow charging at approximately 7 A, the dy-
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namic bus-bar term corresponded to only 1.04 mV per cell, which is
small relative to the 20 mV quantization step. Under these conditions,
static offset correction is adequate for pack-constrained reconstruction
and ECM fitting. Under fast charging, in contrast, the dynamic contribu-
tion becomes comparable to or larger than the quantization scale,
reaching 14.82 mV per cell at 100 A and 29.64 mV per cell at 200 A.
This confirms that explicit current-dependent correction is necessary
when analyzing high-current sessions. Overall, these checks support the
conclusion that the improvements reported in Sections 4.1-4.3 are not
solely artifacts of smoothing, session selection, or unmodeled pack-
level offsets within the slow-charging regime considered for identifica-
tion (Fig. 10).

4.5. OCV source analysis

After establishing the benefit of voltage reconstruction and the suffi-
ciency of the 1-RC structure, the next question concerns the OCV refer-
ence used during ECM identification. To isolate this effect, four OCV
construction methods were compared for the same vehicle: charging-
derived OCV from the slow constant-current trace, ohmic-drop (IR)-
corrected charging OCV, rest-derived OCV from the same vehicle, and
fleet-rest OCV pooled across vehicles. These four references span a rep-
resentative range of practical OCV construction approaches available
from field data (Fig. 11).

The comparison revealed a clear trade-off between voltage-fitting
accuracy and parameter physicality. Charging-derived OCV [15] pro-
duced the lowest fitting error, with a self-RMSE of 4.81 mV, but the cor-
responding ohmic resistance collapsed to a near-zero value of Ry =
0.057 mQ. IR-correcting the charging curve produced almost no
change, which is consistent with the small expected ohmic drop under
slow charging. In contrast, the rest-derived OCV [29,30] produced a
physically plausible R, of 0.785 mQ, but the fitting error increased sub-
stantially to a self-RMSE of 12.23 mV because the rest-voltage observa-
tions were noisy and sparsely distributed over SOC. The fleet-rest OCV
slightly reduced error relative to same-vehicle rest OCV, but it again
drove R, toward the lower bound, indicating that pooled rest references
do not reliably solve the coupling problem (Table 6).

These results support the interpretation that charging-derived OCV
can absorb a substantial portion of the charging overpotential when it is
constructed from the same session later used for ECM fitting. In that
case, part of the voltage drop that should be attributed to Ry and dy-
namic polarization is embedded into the inferred OCV curve itself, leav-
ing too little residual structure for physically meaningful estimation of
Ry. The average offset between charging-derived and rest-derived OCV
curves was 29.5 mV, which is consistent with substantial overpotential
absorption into the charging-derived reference. At the fleet level, this
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Fig. 10. Fair evaluation of ADMM reconstruction benefit over multiple sessions.
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Fig. 11. Comparison of charging-, rest-, and joint-derived OCV curves. (a) Charging- and rest-derived OCV curves for a representative EV6. (b) Joint OCV curve, bal-

ancing smoothness and physical plausibility.

Table 6
Comparison of OCV source choices for ECM identification in the same vehi-
cle.

OCV Source Self-RMSE (mV)  Cross-val (mV) R, (mQ) Physical?
Charging (raw) 4.81 5.56 0.057 No
Charging (IR-corrected) 4.80 5.56 0.081 No
Rest (same vehicle) 12.23 12.20 0.785 Yes
Rest (fleet) 10.82 10.55 0.010 No

behavior was not an isolated case: 24 of 26 vehicles yielded R, values
pinned at or near the estimation lower bound when charging-derived
OCV was used.

The key implication is not simply that one OCV source is “better”
than another, but that conventional sequential fitting creates a practical
mismatch between two objectives. Charging-derived OCV tends to pre-
serve voltage fit while degrading parameter physicality, whereas rest-
derived OCV improves physical interpretability but at the cost of fitting
quality. For ECM-based battery diagnosis, where both predictive accu-
racy and physically meaningful resistance parameters are desirable,
neither extreme is fully satisfactory. This motivates the joint OCV-ECM
framework evaluated in the following subsection (Fig. 12).
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4.6. Joint OCV-ECM fleet-level validation

The joint OCV-ECM framework was then evaluated at the fleet level
using 26 KIA EV6 vehicles that provided at least two suitable slow-
charging sessions. Among these, step-based resistance estimates were
available for 23 vehicles, and cross-session validation was conducted on
a filtered subset of 19 vehicles after excluding cases with inter-session
maximum voltage differences exceeding 20 mV. This filtering was in-
troduced to remove session-to-session inconsistencies that would con-
found comparison among OCV methods independently of the ECM
framework itself. The R, distribution and the cross-session validation
outcomes are reported in Table 7 and Table 8 respectively (Fig. 13).
Table 7 lists the fleet distribution of R, across the 26 KIA EV6 vehicles:
the joint OCV-ECM method restored a physically plausible fleet median
of 0.895 mQ (range 0.11-1.59 mQ), whereas the charging-derived OCV
baseline drove the fleet median to a physically implausible near-zero
value (0.015 m®). Table 8 reports the corresponding cross-session vali-
dation on the 19-vehicle filtered subset: the joint OCV-ECM produced a
lower median cross-session prediction RMSE than the charging-derived
baseline (7.12 vs. 8.04 mV) and outperformed it in 74% of vehicles, in-
dicating that the recovered R, physicality improvement does not come
at the cost of predictive fit.
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Fig. 12. Effect of OCV source on fitting accuracy and resistance physicality. (a) RMSE and R, comparison across four OCV construction methods. (b) RMSE- R,

trade-off motivating joint OCV-ECM optimization.
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Table 7
Fleet distribution of R across 26 KIA EV6 vehicles.

Method Mean (mQ) Std Median ~ Range
Step estimate (n = 23) 0.790 0.387 0.810 0.06-1.45
Charging OCV 0.035 0.061 0.015 0.01-0.25
Joint OCV 0.886 0.389 0.895 0.11-1.59

Table 8
Fleet cross-validation results for charging-derived and joint OCV methods.

Metric Mean (mV) Std Median
Joint Self-RMSE 5.90 4.48 4.99
Cross-session Charging OCV 8.40 3.08 8.04
Cross-session Joint OCV 7.95 3.02 7.12

For representative vehicles, the learned joint OCV curve consis-
tently lay between the charging-derived and rest-derived references.
This behavior suggests that the joint optimization was able to move
away from the low-error but biased charging curve while avoiding the
excessive noise sensitivity of the rest-derived reference. As a result, the
fitted ECM preserved voltage prediction quality close to that of charg-
ing-derived OCV while recovering non-collapsed and physically plausi-
ble R, values.

At the fleet level, the improvement in resistance physicality was
clear. The step-estimate reference R, used as an independent physical
anchor in this section was computed directly from the same raw BMS
telemetry, not from an external instrument-based step-response mea-
surement, as follows. For each vehicle, current transitions with
|AI| > 5 A between consecutive samples were identified; for each such
transient the local Av/Al ratio gave a per-event R, estimate, and the
per-vehicle step R, was the median across all such events within the ve-
hicle's slow-charging trace. The fleet step-estimate value of 0.81 mQ re-
ported here is the median across the 23 KIA EV6 vehicles for which the
per-vehicle transient density was sufficient (at least 5 qualifying tran-
sients). This estimate is biased by the finite 3-4 s BMS sampling inter-
val, because the first-order RC dynamics with 7 of a few seconds are
only partially completed within a single inter-sample interval; the step
estimate therefore captures a mixture of R, and a partial R, contribu-
tion rather than a pure ohmic step. It is therefore used here as an order-
of-magnitude physical sanity check on the jointly estimated R, not as a
ground-truth value. The step-estimate reference yielded a median resis-
tance of 0.81 mQ across the 23 vehicles for which it could be computed.
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Charging-derived OCV, by contrast, produced a fleet median R, of only
0.015 mQ, confirming widespread collapse of the ohmic resistance esti-
mate. The joint framework recovered a median R, of 0.895 mQ, closely
aligned with the step-estimate scale and distributed over a physically
reasonable range. Although step estimates may contain partial dynamic
contributions because of the finite sampling interval, they still provide
a useful practical reference, and the agreement in scale supports the
physical plausibility of the jointly estimated Rj.

Cross-session validation further showed that the benefit of the joint
method was not limited to in-sample fitting. On the filtered 19-vehicle
subset, the joint approach achieved a median self-RMSE of 4.99 mV and
a median cross-session RMSE of 7.12 mV, compared with 8.04 mV for
charging-derived OCV. The joint method outperformed the conven-
tional charging-derived reference in 14 of 19 vehicles, corresponding to
74% of the filtered fleet. This result indicates that the learned OCV is
not merely a flexible fit to one session, but a more transferable repre-
sentation for subsequent ECM prediction.

The selection of the rest-anchor weight also showed a stable trade-
off structure. As the anchor strength increased, the fitted solution
moved toward more physical R, values at the expense of some increase
in RMSE. A value of @rs = 0.5 was selected as a practical operating
point because it prevented collapse of Ry while maintaining low predic-
tion error, placing the solution near the elbow of the RMSE-physicality
trade-off. This trade-off curve, where resistance collapse was avoided
while prediction error remained close to the low-RMSE regime, is
shown in Fig. 14.

These fleet-level results have two direct implications. First, they
show that physically meaningful resistance recovery is possible from
coarse production BMS data when OCV and ECM parameters are identi-
fied jointly rather than sequentially. Second, they show that the result-
ing model generalizes more reliably across sessions than conventional
charging-derived OCV fitting. These gains are directly relevant to
downstream applications such as resistance-based battery health track-
ing and ECM-based digital twins [7,10,11], where a model must be
both predictive and physically interpretable rather than optimized for
voltage fit alone.

4.7. Application to state estimation and anomaly detection

The preceding sections established that joint OCV-ECM optimiza-
tion recovers physically meaningful ECM parameters from coarse BMS
data. This subsection evaluates whether these improved parameters
translate into measurable gains in two downstream diagnostic applica-

(b)
20 -
@ n=19vehicles (AY = 20 mV) o
[£4] == =% (no changse) o
m — J..l'.
== 15}
=E -
&7 r
W 10 F ]
! G -
.. : -
23 oSS
2= 7 £
& e
u = L L L 1
0 9 10 15 20

Cross-session RMSE
(Charging-derived OCV, mV)

Fig. 13. Fleet-level validation of joint OCV-ECM estimation. (a) Fleet distribution of Ry under the charging-derived and joint OCV methods. (b) Cross-session valida-

tion results across the fleet.
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Fig. 14. Pareto analysis for selecting the rest-anchor weight, showing the trade-off between voltage-fit RMSE and R as the rest-anchor weight increases.

tions: long-horizon SOC estimation during driving, and persistent cell-
level anomaly detection across the fleet. These application-level results
are important because parameter physicality alone does not guarantee
diagnostic utility; the practical value of the framework must be demon-
strated through its effect on quantities directly relevant to battery man-
agement [12,16,17].

SOC estimation was evaluated using an EKF with the identified 1-RC
ECM [16,17]. For each vehicle, driving segments were extracted as 10-
min windows from periods with sustained discharge current. The EKF
was initialized with the BMS-reported SOC and propagated forward us-
ing the identified ECM parameters and OCV curve. To isolate the effect
of OCV source quality, the same EKF structure and tuning were used
with both charging-derived OCV (which produces near-zero R;) and
joint OCV-ECM parameters.

In this study, SOC estimation accuracy is defined as 100 percentage
points minus the SOC RMSE (with the SOC trajectory and reference
both expressed in the 0-100% range). Using the per-cohort summary
statistics reported below, the fleet-mean accuracy improves from 94.8%
to 96.8% (5.2% RMSE — 3.2% RMSE), the fleet-median accuracy from
95.0% to 96.9% (5.0% RMSE — 3.1% RMSE), and the worst charging-
OCV vehicle's (VO04AK0001) accuracy from 91.5% to 98.1% (8.5%
RMSE — 1.9% RMSE) under the joint OCV-ECM EKF. Single-vehicle ex-
amples follow the same accuracy = 100 — RMSE rule. Under charging
conditions, both OCV methods achieved sub-1% SOC RMSE.

Accuracy = 100 — RMSEgq

The critical difference emerged during driving operation. When
charging-derived OCV was used, the EKF exhibited severe SOC tracking
failures in multiple vehicles. A representative case (VO04AL0000),
highlighted because the paper's original analysis cited this vehicle,
showed a charging-OCV driving EKF RMSE of 6.0%, corresponding to
an accuracy of 94.0%. Across six vehicles with driving data, the charg-
ing-OCV EKF RMSE ranged from 2.4% to 8.5%, with a fleet mean of
5.2%. This systematic gap is a direct consequence of the near-zero R
identified under charging-derived OCV: when the ohmic resistance is
negligibly small, the voltage innovation in the EKF carries almost no
corrective information, and the filter effectively degenerates into open-
loop Coulomb counting with OCV bias [12,16].

In contrast, the joint OCV-ECM parameters substantially improved
driving SOC estimation. For VO0O4AL000O, the driving EKF RMSE de-
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creased from 6.0% to 3.2%, representing a 1.9-fold improvement. We
note that the original R1 submission reported a 42.1% — 2.7% driving
RMSE for this same vehicle (15.6-fold); the present 6.0% — 3.2% value
is the result of an independent EKF reimplementation from the raw ev-
data records following the R1 review, in which we identified and cor-
rected a window-segmentation artifact in the original code that had in-
flated the charging-OCV baseline RMSE. The corrected magnitude
(6.0% charging-OCV — 3.2% joint-OCV) is reported throughout the re-
submission, including in the abstract. Across all six vehicles, the joint-
OCV EKF achieved a fleet mean RMSE of 3.2% (range: 1.9-5.2%), com-
pared to 5.2% for charging-derived OCV (range: 2.4-8.5%). The im-
provement was most pronounced for vehicles operating at high SOC,
where the OCV curve is flattest and the EKF relies most heavily on the
ohmic voltage drop for state correction. These results demonstrate that
the physically meaningful R, recovered by joint optimization is not
merely a cosmetic improvement but directly enables voltage-based SOC
correction during driving [20].

At the fleet level, the joint OCV method improved the fleet mean
and median SOC RMSE, although the improvement was not strictly mo-
notonic for every individual vehicle (Fig. 15). The median driving EKF
RMSE decreased from 5.0% (charging OCV) to 3.1% (joint OCV), with
the interquartile range narrowing substantially. Notably, joint OCV re-
duced the upper tail of the RMSE distribution: the cohort-level worst-
case driving RMSE under charging-OCV was 8.5%, while under joint
OCV the cohort-level worst-case driving RMSE was 5.2%, demonstrat-
ing that the benefit extends systematically across the fleet. (Note that
the single worst charging-OCV vehicle VO04AK0001 — which had 8.5%
charging-OCV RMSE — was itself reduced to 1.9% under joint OCV; the
5.2% worst-case figure refers to a different vehicle that became the
worst case after the joint-OCV recalibration.) The per-vehicle EKF val-
ues reported in this subsection were independently reimplemented
from the raw evdata records and confirm the qualitative joint-OCV im-
provement; absolute RMSE magnitudes are sensitive to charging-OCV
construction details (per-vehicle versus fleet-pooled) and are reported
here in their per-vehicle independent form.

Beyond SOC estimation, the reconstructed cell-voltage trajectories
also enable fleet-level anomaly detection through persistent cell devia-
tion analysis. Because ADMM reconstruction preserves physically
meaningful inter-cell differences while removing quantization artifacts,
it becomes possible to distinguish genuine cell-level anomalies from
measurement noise.
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A persistent cell deviation metric was defined as the mean absolute
voltage deviation of each cell from the pack average, computed across
all SOC bins where the cell appeared in more than 70% of observed ses-
sions. This metric isolates cells that consistently deviate from the fleet
norm regardless of operating point, as opposed to transient deviations
that may arise from SOC-dependent thermodynamic effects or measure-
ment noise. The detection threshold was set at the fleet mean plus two
standard deviations of the maximum per-vehicle persistent deviation
(u + 20 = 5.6 mV); this threshold is derived from the empirical distrib-
ution of the 27-vehicle KIA EV6 cohort analyzed here, and should be re-
calibrated for other fleets, pack architectures, or cell chemistries before
being applied to a different population.

The persistent cell-deviation analysis was applied to a slightly
broader 27-vehicle KIA EV6 cohort than the 26-vehicle joint OCV-ECM
cohort, because anomaly detection only requires the ADMM-
reconstructed cell voltages and does not depend on the additional cross-
session OCV-fit validity filter that excluded one vehicle from the joint
OCV-ECM analysis. Across 27 KIA EV6 vehicles, the persistent deviation
analysis identified one vehicle (VO3BA0021) as a statistically signifi-
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cant outlier, with 10 cells exceeding the persistence threshold (z-
score = 2.5). The maximum persistent deviation for this vehicle
reached 6.2 mV, compared to a fleet mean of 2.9 + 1.3 mV. Impor-
tantly, the anomalous cells in VO3BA0021 showed consistent direc-
tional bias (predominantly positive deviation), suggesting a structural
imbalance rather than random measurement variation. Two additional
vehicles (VO04BA0004, SITESTEV6) showed elevated cell counts above
the persistence threshold but remained within the normal statistical
range (Fig. 16).

These diagnostic results have two practical implications. First, they
confirm that the physical parameter improvements achieved by joint
OCV-ECM optimization translate directly into measurable gains in ap-
plication-level battery diagnosis, with driving SOC RMSE reduced sub-
stantially in the most affected vehicles. Second, they demonstrate that
pack-constrained voltage reconstruction enables a persistent cell devia-
tion metric that can identify genuinely anomalous cells at the fleet
level, providing an actionable signal for predictive maintenance with-
out requiring laboratory-grade measurement equipment [9,11,23].
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Fig. 16. Fleet-level persistent cell deviation analysis on the 27-vehicle KIA EV6 cohort. The anomaly threshold is derived from this subset and may require recal-
ibration for other fleets or chemistries. (a) Per-vehicle maximum persistent deviation distribution with the threshold (mean + 2) marked. (b) Vehicles ranked by
maximum persistent deviation (anonymized as V01-V27); bars exceeding the threshold are highlighted as flagged.
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5. Conclusion

This study contributes a field-data-driven diagnostic framework
built on 251 million real-world BMS records from 116 EVs spanning 14
vehicle models (Hyundai and Kia brands), together with a separate
paired-test cohort of 135 vehicles across four pack architectures. The
core voltage reconstruction and joint OCV-ECM identification analyses
were conducted on slow constant-current charging segments, with fast-
charging telemetry used only for a model-order identifiability check;
the downstream SOC evaluation used driving-window telemetry. The
central result is that onboard BMS telemetry at this scale can support
physically interpretable battery diagnosis once the coarse 20 mV quan-
tization and the biased charging-derived OCV are addressed by soft-
ware-only processing.

Under slow constant-current charging, the reconstruction stage re-
covered voltage detail finer than the native 20 mV step while preserv-
ing exact pack-level consistency; in a representative 192-cell case,
96.5% of samples departed from the original grid at an effective redis-
tribution scale of approximately 0.1 mV. On these reconstructed data,
ECM fitting error dropped by 11-49% across four representative vehi-
cle models, and model-order analysis showed no reliable benefit from
additional dynamic branches beyond the first-order (1-RC) structure [5,
6].

The dominant driver of parameter quality was the OCV reference,
not model complexity. When OCV was taken directly from charging
data, the estimated ohmic resistance collapsed to a physically implausi-
ble near-zero value in 24 of 26 vehicles (fleet median 0.015 mQ), be-
cause the charging overpotential was absorbed into the OCV curve
[15]. Estimating the OCV and the resistance jointly restored the fleet-
median resistance to 0.895 mQ — consistent with a separately com-
puted in-telemetry current-step estimate of 0.81 mQ — and lowered the
cross-session prediction error from 8.04 mV to 7.12 mV, outperforming
the charging-derived baseline in 74% of vehicles.

These improved parameters translated directly into diagnostic
gains. Driving-window SOC estimation error fell from a fleet mean of
5.2% to 3.2%, with the representative vehicle VOO4AL0O000 improving
from 6.0% to 3.2% [16,17]. The voltage trajectories reconstructed from
slow constant-current charging segments also supported persistent cell-
deviation analysis that separated genuinely anomalous cells from tran-
sient measurement noise at the fleet level [9,11]. Together, these re-
sults show that scaled real-world BMS data can deliver both improved
parameter estimation and actionable field-level diagnostics.

First, the joint OCV-ECM validation was concentrated on 26 KIA
EV6 vehicles, including 19 vehicles after cross-session filtering and 6
vehicles in the driving-window EKF demonstration. The ADMM prepro-
cessing benefit was evaluated separately in a paired cohort of 135 vehi-
cles across four Hyundai/Kia pack architectures: EV6 192S, EV9 1528,
IONIQ5 LR 180S, and IONIQ5 LR 2022 192S. Their respective sample
sizes were n = 67/13 /34 /21, with paired t-testp < 107> in all four
cohorts. Further generalization to other manufacturers, chemistries
(e.g. NMC versus LFP cells), or driving conditions still requires dedi-
cated study, and the joint OCV-ECM and driving-EKF results should be
read as concentrated evidence on the EV6 cohort rather than a fleet-
wide claim across heterogeneous EV populations.

Second, the multi-vehicle paired test added in Section 4.2 indicates
that the reconstruction operating point adopted here, while sufficient
for the present study, is not necessarily globally optimal for fleet-wide
cross-session evaluation. The same-session raw-versus-enhanced im-
provement remains statistically significant across all four pack architec-
tures (p < 1075), so the core conclusion is robust; but a deterministic,
training-free regularizer applied uniformly across heterogeneous vehi-
cles is an inherent design choice, and a productive opening for follow-
up work. Three extensions follow naturally. First, the reconstruction
regularization strength could be tuned for each vehicle according to
pack architecture, sampling rate, and operating regime. Second, the
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regularizer could be replaced by a data-driven or diffusion-based recon-
struction prior trained on the same telemetry corpus and then frozen for
deployment. Third, the hard pack-sum equality could be relaxed to a
soft penalty, allowing per-time-step compensation for small per-cell
bus-bar contributions. The first two extensions preserve the pack-
constrained reconstruction objective while changing the inner regular-
izer; the third is a mild relaxation of the exact pack-sum constraint into
a penalty term, trading strict equality for additional flexibility. None of
them changes the joint OCV-ECM identification framework introduced
here.

Third, the 1-RC ceiling identified in Section 3.3 and Section 4.3 is a
limitation of the sensing regime rather than a modeling shortcut. Inde-
pendent identification of higher-order RC dynamics would require tran-
sient or driving data, finer voltage resolution, and higher-rate (sub-
second) sampling. These measurements are outside the current onboard
BMS logging specification. The same measurement constraint also lim-
its the precision of the first-order RC pair, as quantified by the slow-
charging Cramér-Rao bounds in Section 3.2. As a result, the reported 1-
RC parameters represent the highest RC order practically supported by
the available telemetry, and cross-chemistry or transient-regime gener-
alization of higher-order dynamics is left for follow-up work with
higher-rate logging.

Despite these limitations, the results demonstrate that production-
grade EV telemetry can support interpretable ECM identification and
practical fleet-level battery diagnostics through software-only enhance-
ment of existing onboard BMS data. This finding is directly relevant to
EV fleet operators and battery diagnostic teams seeking deployable di-
agnostic tools that do not require additional sensors or laboratory-grade
characterization. Future work will extend the framework toward online
implementation, transient-condition correction, cross-vehicle OCV
transfer, and resistance-based SOH tracking across heterogeneous fleet
populations. Broader generalization to other cell chemistries (e.g., LFP)
and pack architectures beyond the Hyundai/Kia cohort analyzed here
also remains an open direction.
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