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Reliable estimation of the State of Health (SOH) remains a key challenge for battery systems, as many estab-
lished approaches rely on detailed battery models and aging-dependent parameters. In industrial applications,
SOH values are often delivered by proprietary algorithms, motivating the need for independent cross-checking
from the customer’s perspective. This work proposes a model-free method to infer relative capacity differences
between parallel-connected battery packs using only measured current and voltage signals. Three probabilistic
distributions derived from standard operational data are combined via a fuzzy logic-based pairwise comparison,
and the resulting relations are aggregated into a global capacity ranking using topological ordering. The method
requires neither battery modeling nor knowledge of absolute capacities and provides a logically consistent
relative reference for SOH validation. Simulation studies show that the true capacity order is correctly identified
across multiple load profiles, with increased uncertainty when higher-capacity packs simultaneously exhibit
higher internal resistance. The approach is further validated using 26 months of real-world data from an electric
city bus with five parallel-connected NMC battery packs, capturing evolving capacity differences, including a
known pack replacement. The results show substantial agreement with a Kalman filter-based SOH estimation
for most pack pairs, while also revealing cases of disagreement and delayed adaptation. The proposed method
provides a scalable and transparent cross-check for SOH algorithms, enabling probabilistic validation of relative

capacity estimates in multi-pack battery systems.

1. Introduction

With the growing commercialization of electric mobility and the
increased usage of stationary storage systems to buffer renewable en-
ergy generation, batteries are expected to demonstrate high reliability
and long-lasting performance. However, achieving these objectives
is fundamentally challenged by continuous aging processes, which
progressively affect the ability of a battery to deliver energy and power
over time.

In lithium-ion batteries, aging results from various interacting pro-
cesses, leading to a loss of active material and cyclable lithium ions,
which gradually degrades the battery’s performance, as investigated in
several studies, for example in [1-4]. The most perceptible macroscopic
consequences of aging are an increase in internal resistance and a
decrease in capacity. Both serve as key indicators for assessing the
battery’s State of Health (SOH). In this work, SOH is defined in terms
of capacity, i.e., the ratio of the currently available maximum physical
capacity to the nominal capacity at Begin of Life (BOL).

Accurate on-board estimation of the SOH is essential for reliable
battery system operation, including the prediction of remaining range
and determination of the battery’s end of life (EOL). Advanced ap-
proaches, such as Kalman filter-based methods, are either applied
primarily for State of Charge (SOC) estimation, serving as a basis for
subsequent SOH estimation, or in dual configurations estimating both
SOC and SOH simultaneously. These approaches provide high accuracy
but generally depend on detailed battery parameter knowledge, as
applied in [5-8]. Since these parameters change with ongoing aging,
model-based approaches lose precision over time. Moreover, many SOH
estimation algorithms are calibrated for specific operating windows
and achieve their best accuracy when the battery regularly undergoes
conditions such as high depths of discharge. This limits practical
applicability and can reduce the estimation robustness. In addition,
in commercial battery systems, SOH values are often obtained from
externally developed, proprietary algorithms that lack transparency
and their validation requires high effort.
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To address these challenges, this work introduces a probabilistic
ranking method for capacities, and consequently SOHs, of parallel-
connected battery packs. The approach applies a fuzzy logic-based pair-
wise comparison (Section 2.2), relying solely on distributions of mea-
sured signals, namely voltage and current (Section 2.1). The pairwise
comparisons are subsequently combined to derive a global capacity
order across all interconnected battery packs using topological sorting
(Section 2.3). The resulting ordering provides a relative proxy ground
truth for SOH estimates, independent of the underlying algorithm.

The main contributions and advantages of the proposed method can
be summarized as follows:

Model-free relative capacity assessment: The method infers pair-
wise capacity relations without requiring explicit battery models,
OCV parameterization, or prior knowledge of internal resistances,
relying solely on measured voltage and current signals.
Probabilistic  SOH  plausibility =~ check: It provides an
algorithm-independent, relative reference for plausibilizing SOH
estimates in systems with parallel-connected battery packs, rather
than an absolute SOH value.

Distribution-based inference under real operation: Capacity relations
are derived from statistical patterns across multiple operating
phases, enabling inference under realistic load profiles without
requiring dedicated test cycles.

Scalable comparison framework: Pairwise capacity relations are
aggregated into a global ranking, with larger numbers of parallel
packs improving robustness through mutual consistency checks.
Explicit handling of uncertainty: The fuzzy logic formulation maps
agreement and contradiction between multiple input distributions
to graded confidence levels, making uncertainty an integral part
of the output rather than a byproduct.

Since the method requires no prior knowledge of capacities or de-
tailed battery modeling, it complements conventional SOH algorithms
and increases confidence in SOH estimation results.

Recent research increasingly treats cell-to-cell inconsistency as an
inherent feature of state estimation rather than as a disturbance. Ex-
amples include reformulated pack models based on inverse dynamics,
which resolve algebraic loops and preserve observability in parallel
configurations [9], and descriptor system theory, which enables scal-
able observers for individual cell SOCs using only aggregated current
and voltage measurements [10]. Other contributions embed inconsis-
tency directly at the module level to enhance numerical robustness
in SOC estimation [11] or integrate online inconsistency metrics for
real-time monitoring of SOC divergence [12]. Another approach jointly
estimates inconsistency and SOH from fast-charging features using
Gaussian-process regression, showing that inconsistency reflects aging
and improves prediction accuracy [13]. Together, these methods enable
practical and scalable estimation under heterogeneity; however, they
rely on detailed knowledge of individual cell characteristics to capture
inconsistencies and provide only limited internal plausibility checks for
the estimated state.

Fuzzy logic has been applied to enhance estimation robustness un-
der uncertainty and inconsistency. Hybrid fuzzy Kalman approaches ad-
dress inconsistency in parallel packs for SOC estimation [14], whereas
earlier work applied fuzzy logic to SOH [15] or SOC estimation [16]
without considering pack inconsistency. Beyond the battery domain,
fuzzy systems have also been successfully used in areas such as driver
monitoring and collision warning [17,18], highlighting their suitability
for adaptive decision-making under uncertainty. These methods offer
practical adaptability and improved robustness, but require careful rule
tuning.

Research on capacity variation and its development over time shows
that intrinsic cell-to-cell variability plays a key role in pack model-
ing [19]. Initial differences in capacity and resistance influence aging
patterns and contribute to divergence within packs [20,21], while stud-
ies on parallel-connected cells and modules demonstrate how inhomo-
geneity evolves with cycling and depends on pack architecture [22,23].
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Collectively, these studies view cell-to-cell variation as a stochastic,
time-evolving property reflected in pack-level statistics while consid-
ering individual cell and module dynamics.

Overall, prior work has primarily addressed inconsistency in SOC
estimation, with some extensions to parameters and SOH. Studies of
capacity and resistance variation link these parameters to unequal cur-
rent distribution, accelerated aging, and long-term divergence, while
fuzzy logic has been applied to improve robustness in SOC and, to
a lesser extent, SOC-SOH estimation. However, no approach derives
relative capacity differences directly from standard battery signals or
establishes a probabilistic capacity ordering. The proposed method fills
this gap by exploiting inherent comparison opportunities in parallel-
connected packs, where physical interactions and logical constraints
expose relative capacities and provide a novel plausibility reference for
SOH algorithms.

2. Theory and calculation
2.1. Measurement distributions

The internal resistance and capacity of a battery, both indicative
of its aging state, manifest in various measurable signals. Resistance
directly influences the current distribution among parallel-connected
packs, while capacity is inferred indirectly from differences in open-
circuit voltage (OCV). The following section derives three distributions,
(D1)-(D3), from the variation of selected measurable quantities across
parallel-connected batteries. [24]

The current of a battery /; within a parallel connection of » batteries
can be expressed as a function of the total current applied to the circuit
(Eq. (1)). The equation assumes stationary conditions, meaning that the
batteries immediately reach their equilibrium voltages.
_ Itotal ZZ:I(OCVI - OCVk)/Rk

R, ZZ:I 1/Ry R, 22:1 1/Ry

The current distribution depends not only on the total current but
also on the open-circuit voltages (OCV) and internal resistances (R) of
the connected batteries. In the given form, the equation consists of two
additive terms. The first term is proportional to the total current and
is determined solely by the ratio between the resistance of the battery
considered and the resistances of the remaining batteries. The second
term is independent of the total current and represents a correction
based on OCV differences between the battery considered and the oth-
ers, weighted by the same resistance ratio. At high total currents, the first
term dominates, making the resistance ratio the primary determinant
of the current distribution. At low total currents, the first term becomes
negligible and OCV differences dominate. If the total current is zero,
only an OCV difference can drive current between batteries.

This relationship enables the current distribution to serve as an
implicit indicator of two battery characteristics: resistance variance,
which dominates the distribution during phases of high total current
(D1), and OCV variance, which defines the distribution during phases of
low total current (D2). As resistance is also influenced by temperature
and SOC, the observed pack-to-pack differences in (D1) cannot be
attributed solely to aging.

The open-circuit voltage (OCV) is influenced not only by resistance-
related inhomogeneities in current distribution but also by capacity
variations among the batteries. The SOC can be calculated by recur-
sively integrating the charged and discharged ampere-hours, account-
ing for the coulombic efficiency #, and scaling the result by the total
capacity Q (Eq. (2)). This equation establishes the link between SOC
and capacity; however, since SOC is not a directly measurable quantity,
its relationship to OCV must be utilized. In general, a higher SOC
corresponds to a higher OCV, with the sensitivity of this relationship
determined by the cell chemistry. The sensitivity can be increased by
analyzing the OCV/SOC curve and focusing on its steeper regions.

@

i

1
SOC(t,) = SOC(t) — l/Q/ ’ n(@®)i(t) dt 2)
31
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Fig. 1. Decision tree for associating the differences in the measured distributions with capacity differences between pack a and pack p.

Eq. (2) further implies that, under identical current conditions,
batteries with higher capacities will exhibit higher OCVs during dis-
charge and lower OCVs during charge compared to lower-capacity
batteries. Based on this observation, the third distribution (D3) is
defined as the voltage measured on rested battery packs after they
have been simultaneously disconnected from the DC link, following a
period of predominantly unidirectional current flow (either charging or
discharging). This behavior is inherently non-linear and self-coupled,
as the distribution of the total current in a parallel-connected circuit
is affected by the OCV variations themselves, thereby invalidating the
assumption of identical currents across all branches.

In summary, three distributions are relevant for the capacity differ-
ence analysis:

(D1) Current distribution X, during high-current phases, reflecting
resistance variation

(D2) Current distribution X, during low-current phases, reflecting
OCV variation

(D3) Voltage distribution X after simultaneous disconnection from
the DC link, reflecting OCV variation

When jointly considering the three distributions, the relative capac-
ity relationship of two packs can be inferred (Fig. 1). The reasoning
follows a concessive syllogism with the observed differences in (D1)
serving as a consistency prior. First, if pack « exhibits systematically
higher currents in (D1) than pack g, then, independent of the specific
physical cause of this imbalance and without invoking capacity differ-
ences, pack « is expected to reach lower OCVs during discharging and
higher OCVs during charging, solely due to the resistance-based current
variation. However, if despite this expectation pack « consistently
shows higher OCVs during discharge and lower OCVs during charging
in (D2) and (D3), the OCV difference cannot be attributed to resistance
effects alone. This pattern logically implies a higher capacity of pack «
relative to pack f (and vice versa). These two syllogistic conclusions
are represented by the outer branches of the decision tree in Fig. 1.

Since both distributions, (D2) and (D3), provide information on
OCYV differences, they can be cross-validated to increase confidence in
the conclusion if they show consistent results. In cases of disagreement,
the individual deltas and the statistical significance of each distribution,
determined by the total number of samples and the standard deviation,
should be used to assess their respective reliability (Section 2.2).

If no contraindications exist between (D1) and (D2) or (D3), respec-
tively, the capacity difference estimation has the highest uncertainty,
since the influence of capacity on the OCV cannot be distinctly sepa-
rated from the effects of varying pack currents, regardless of whether
these current differences originate from aging, temperature, or SOC
variations. These cases are represented by the inner structure of the
decision tree.

2.2. Fuzzy logic for capacity difference estimation

To estimate the relative capacity differences between two battery
packs, a fuzzy-logic-based approach is proposed. This method does
not require training data; instead, it infers the output probability di-
rectly from known distribution implications and their interrelations
(Section 2.1). The approach combines the relative differences of the
measured input distributions (D1)-(D3) to produce a probabilistic out-
put that quantifies the likelihood of the first pack having a higher or
lower capacity than the second pack. The underlying heuristic enables
the integration of domain knowledge into the probabilistic reasoning.

As a first step, unique dual combinations of the available inter-
connected battery packs a and f are defined. For each combination,
the difference between the distributions of both packs is computed
for each distribution type X,. This results in three input distribu-
tions per combination, representing the pack-to-pack differences of
the originally defined distributions, denoted as Xf“‘ﬁ ) with individual
lengths of n; samples. For each of these, the probability density function
fi(x) is estimated using Kernel Density Estimation with a Gaussian
kernel K (u), with the bandwidth h determined according to Scott’s rule
(Eq. (32)-(3b)).

R 1 < X=X
(x)=— Y K 3
fi(x) i 1; ( . ) (32)
2
K(u) = ! exp (_u_) (3b)
2z 2
The fuzzy system is based on two primary fuzzy sets

A;; € {Apy Apeg ). The degrees of membership, denoted as the mem-

, 1
pos> “neg
bership functions utii € {ul”, u°®}, are derived from the distribution
function f;(x). Here, 4" corresponds to the integral over its positive
area, determined by p;, while 4 corresponds to the integral over its

i
negative area. Consequently, A, represents the positive and A, the

negative differences in X l.(“’ﬁ ) (Eq. (4a)-(40)).

pi=PXP >0 = / fix)ydx (4a)
0

Ay € XD i s XD 0,1,

pEA,; = ulii(p) >0 (4b)

W’ =py Wt =1—p” (40

Special attention is given to decision paths that lead to highly un-
certain states (Fig. 1). To address this, four fuzzy subsets are introduced
by dividing each primary fuzzy set into two sub-ranges. The cor-

. . . - high 1 high
responding membership functions p#is € {pP*sME, | POSION | ICEER,
neg,low

; } are defined using rising and falling ramp functions
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Table 1
Overview of fuzzy rules.
(a.p) (a.p) (a.p)
Rule R,  Input X, Input X, Input X
Al,; [aLple] Az,, [az.pbz,j] Aa, [“3,,»1’3,1]

R, A s [s/2,s] Apos [s/2,s]
R, Apos [s/2,2] Apeg [-5/2,5/2] Apos [s/2,s]
R; Arms [s/2,s] Apeq [—s/2,5/2]
R, A [0,0] Apeg [0,0] Apeg [0,0]
Rs Apospigh  15/2,5] Avegiow — 1=5/2.5/21 Aupgion  [=5/2.5/2]
Rg Apos ow [=5/2,5/2]1  Apegpign  [=5,—5/2] Aveghigh  [=5,=5/2]
Ry Apeg [=s,—s5/2] Apeg [—s,—s/2]
Ry Apeg [—s,—s/2] Apeg [—s,—s/2] Apos [—s/2,5/2]
R, Apog [=5/2,5/2] A [-s,—5/2]
R, Apeg [0,0] Ay [0,0] Ay [0.0]
Ry Angg,mgh [=s,—s5/2] Apos.l{m' [=s5/2,5/2] Apa.v.lau' [-5/2,5/2]
R, Apeg.low [=5/2,5/21  Appspign  15/2,5] Aposnign  [8/2,5]

Fig. 2. Membership degrees as a function of p; for all input membership
functions ;.

(Eq. (5a)-(5d)), ensuring that the degree of membership increases
monotonically within the respective sub-range, while values outside
the defined sub-range are clipped to zero (Fig. 2). The central threshold
at p; = 0.5 has a direct semantic interpretation, separating ambiguous
cases from those with a dominant direction, while the additional
subdivision at p; = 0.75 (and symmetrically at p; = 0.25) refines each
primary fuzzy set into weak and strong evidence. This symmetric design
enables the rule base to distinguish confidence levels in an interpretable
manner without introducing additional heuristic assumptions.

These subsets are subsequently employed in the fuzzy rule base, as-
signing greater weight to combinations of the three input distributions
that remain close to the more certain capacity-implication paths. In this
way, the fuzzy system reduces convergence toward highly uncertain
outcomes in the capacity comparison.

0, p<a,
p—a
R(pia,b) = ¢ 5—» a<p=bh (5a)
0, p>b,
0, p<a,
b-p
Frab) = 3 5—-. a<ps<b. (5b)
0, p>b,
PR = R(ps0.75, 1) WP = F(p0.5,075) (50
WIEME = F(p:0,025) 1" = R(p;:0.25,0.5) (5d)

The fuzzy system employs a functional consequent design of the
Sugeno type. In the general formulation of the fuzzy rules, the out-
put of rule j is expressed as a function of the indirect inputs p;
(Eq. (6)). This eliminates the need to explicitly define fuzzy output
sets; instead, the output can be expressed directly as a function of
the inputs, which allows heuristic reasoning about input-output rela-
tions to be incorporated in a mathematically consistent way. This is
particularly appropriate in the present case, as both the inputs and
the output are distribution-based probabilistic quantities and can thus
be consistently combined. As the system represents a static mapping
from input to output, without temporal feedback or adaptive parame-
ters, each evaluation is independent and requires no consideration of
convergence.

: @p) @p)
Ri: IF X" ea,; AND X" ea,,

(R;)
AND X{P €Ay, THEN p,”" = f(p1.psp3) )

For simplicity, the output function of the rules is defined solely in
terms of the integral over the positive area of the input distributions,
denoted as p;, since all other memberships are derived from this quan-
tity. The function polarizes p; to the interval [—s, 5], with s as a scaling
factor, to improve interpretability and visualization. Subsequently, the
polarized value is rescaled, depending on the specific rule content, to
a new interval la; ;. b; ;] (Eq. (7a)-(7b)).

pi €10,1]1 = p;o =52p; — 1) € [-s,5]

= Discaled = f(pi,pol) € [all,j’ bi,j] cR (7a)

fors=1: f:[-1,1] = [a,.b,] (7b)

In total, twelve rules are defined. Depending on the conjunction of
different fuzzy sets, a specific scaling interval is applied as a function of
the scaling factor s (Table 1). The rule definition follows the structure
of the decision tree (Fig. 1): Rules R, to R4 correspond to the right
branch of the tree (positive decision for (D1)), while the rules R;
to R,, correspond to the left branch. The first rules (R, and R;)
capture the outer branches, which represent decision paths with strong
capacity implications. The subsequent pairs of rules (R,, Ry and R;, Rg)
represent cases where the two OCV-based distributions (D2) and (D3)
contradict each other in their implications for the OCV difference,
thereby introducing higher uncertainty into the capacity comparison.
Finally, the remaining rule subsets (R4, Rs, Rg and Rj,, R, R},) ad-
dress the two inner uncertain paths of the decision tree. They both
direct the output toward zero and integrate the four fuzzy subsets.

The scaling intervals map input distributions X ,.("’ﬁ ) of identical sign
to the outer regions of the output interval [-s, s], while contradictory
distributions are rescaled toward the center. This allows small devia-
tions between agreeing distributions ((D1) & (D2) or (D1) & (D3)) to
act as minor amplifications of their joint tendency, whereas larger devi-
ations can still pull the output in the opposite direction. The subdivision
of the output interval into [—s, —s/2,0, s/2, s] follows directly from the
decision-tree logic: the outer intervals represent strong and consistent
evidence for a capacity difference, while the inner intervals correspond
to partially conflicting or weaker indications. The symmetric half-step
spacing ensures equidistant transitions between semantic confidence
levels and results in monotonic output behavior with proportional
scaling as agreement among the input distributions increases.

To reduce uncertain outputs, the fuzzy subsets are defined such
that a high membership of the (D1)-based or the (D2)/(D3)-based
distributions to the positive or negative set compensates small contrary
inputs. The procedure reflects that sign agreement provides evidence
for a specific capacity relation, while disagreement indicates uncer-
tainty rather than the opposite relation. However, by quantitatively
evaluating positive and negative differences within the distributions,
a tendency can still be inferred, allowing the system to assign higher
likelihoods to certain outcomes.
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Overall, the fuzzy parameters were selected to explicitly encode
the qualitative decision logic of the method in a transparent and
interpretable form, rather than to achieve numerical optimality for
a specific dataset. Moderate variations of the thresholds primarily
affect the confidence of the output but rarely its sign, as the inference
relies on relative agreement and contradiction patterns across the three
distributions.

The transformed probabilities p, ;.4 are aggregated into a weighted
average to account for the statistical relevance of the OCV-based input
distributions X, (" & (Eq. (8a)-(8b)). For (D1) (i = 1), the weight is fixed
at w; = 1. For (D2) and (D3) (i = 2,3), the weights are computed as
relative contributions based on the standard deviations ¢; and sample
sizes n;. To ensure comparability between different physical units, X, (" &
are scaled to their minimum and maximum before computing ;. Root
functions are applied to the weights to adjust the strong imbalance in
sample counts between (D2) and (D3), which arises naturally from their
definitions. In the analyzed city bus dataset (Section 4.2) a typical ratio
of ny/ny 2 100 is observed; this value may vary for other vehicles or
operating scenarios, while the qualitative imbalance between (D2) and
(D3) remains inherent to the monitoring logic.

g ni/\/;i
Ties Y/ \or

(R;) Zi W;D; scaled
y = (8b)
2w
As the fuzzy rules are formulated as conjunctions between the
inputs, the firing strength 4®” of each rule is defined as the minimal
degree of membership among all inputs with respect to their corre-
sponding sets (Eq. (9)). With this value, the activation level of the rule
is determined.

i=23 (8a)

w; =

uRD = min(utis ) 9
1

Defuzzification is not required, as the output in a Sugeno fuzzy sys-
tem is already scalar. The overall output is computed as the weighted
average of the rule outputs p, 7, where the weights correspond to the
firing strengths 4%/ (Eq. (10)). The aggregated output P"” & [-s,s]
quantifies the inferred capacity relation between pack a and pack g. A
value of P)(,“’ﬂ ) approaching s indicates high certainty that pack « has
a higher capacity than pack g, while values approaching —s imply the
opposite (Q, < Q). Outputs close to zero reflect a high uncertainty
regarding the capacity relation.

(R})
P — DIV a0
)y j M(R] )

For visualization purpose, the fuzzy rules are parametrized with s =
1 and identical weightings w,; = 0.5 are assumed for the OCV-based
distributions. Hence the output P;"’ﬂ ) can be represented as isosurfaces
of constant values of #¥” € {0,0.1,0.2,...,0.9, 1} expressed as functions
of ub* and pi”, whereby the complementary relation 4 =1 -y
apphes (Fig. 3). The subset-related rules lead to more pronounced
concave surfaces in the central region as X i”"ﬁ ) becomes more negative
(4”* - 0), and to more pronounced convex surfaces as X i"’ﬂ ) increases
" = 1.

2.3. Topological ordering of pack capacities

The quantification of pack capacity relations, determined in Sec-
tion 2.2, derives a bilateral comparison between pairs of battery packs.
This set of pairwise logical connections can subsequently be utilized to
construct a global ordering of capacities across all parallel-connected
battery packs.

In graph theory, a topological ordering provides a way to arrange
the vertices of a directed graph according to its dependencies. Let
G = (V,E) be a finite directed acyclic graph (DAG), where V is the
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set of vertices and E C V x V is the set of directed edges. A topological
ordering = of G is defined as a bijection (Eq. (11)), so that for every
edge (v;,v;) € E the ordering condition z(v;) < z(v;) is satisfied.

.V = {L2,....|V]} an
Such an ordering exists if G contains no directed cycles (Eq. (12)).

=30, L0 €V, k220 (01,00),(0p,03), ..., (v, 01) EE 12)

The topological order z can be viewed as a linear extension of the
partial order < on ¥V, where v; < v; applies, if a directed path from v;
to v; in G exists. This implies the consistency property (Eq. (13)).

v; < v;

= 7(y;) < ﬂ(l}j), Vo,v, €V. (13)

Each battery pack capacity is represented as a vertex in the set
V, whereby the ordering of vertices is determined by the bilateral
capacity comparison between pack a and pack g, denoted by P;a’ﬂ )

(Eq. (14a)-(14b)).

PP <0 = 0,<0, (142)
PMP 50 = 0,<0, (14b)

If P}(,””li ) = 0, no evidence of a capacity difference could be estab-
lished, and the corresponding packs appear as independent vertices.

The adjacency matrix A € {0, 1}!V1XIVl encodes the directed pairwise
capacity relations of the directed graph G = (V, E) (Eq. (15)), while
the in-degree deg™(v;) of a vertex v; quantifies the number of strictly
smaller capacities preceding it in the induced partial order (Eq. (16)).

o I, (v,v)) €E, as)
Y 0, otherwise,
14]
deg™(v)) = Y Ay, 16)
i=1

Linear extensions are constructed using Kahn’s topological sorting
algorithm:

1. Initialize an empty ordered list L and .S =
2. While S # @

{v eV |deg (v) =0}.

(a) Select and remove v € S, append v to L.
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Fig. 4. Exemplary directed acyclic graph (DAG) for battery pack capacities.

(b) For each (v;, v;) € E, remove the edge (set A;;=0).
(c) Insert v; into S if deg™(v;) = 0.

3. If nonzero entries remain in the adjacency matrix A after ter-
mination, the graph contains a directed cycle; otherwise, L is a
valid topological order.

This cycle check serves as a consistency test for the estimated
pairwise relations P)(/"’ﬂ ). If no cycles are detected, different choices of
vertices from S provide distinct valid orderings, such that all algorithm
executions correspond to the linear extensions of this partial order.
The number of such linear extensions increases with the number of
independent vertices.

Fig. 4 illustrates an exemplary DAG of five pack capacities. In this
case only P)(,“) equals zero (connections exist between every other
vertex), thus two consistent sequences are possible: the capacities of
packs 2 and 3 can occupy either the second or third position in the

ordering (Eq. (17a)-(17b)).

7(Q1) < 7(Qy) < m(Q3) < 7(Qy) < 7(Qs) (17a)

7(Q1) < 7(Q3) < 7(Q) < 7(Qy) < 7(Qs) (17b)

3. Materials and methods

The present study investigates simulated (Section 4.1) and real-
world data (Section 4.2). For both cases, identical monitoring condi-
tions for the input distributions apply:

(D1) Currents are recorded during high-current phases, corresponding
to the top 5% of all current values over the monitored period
(lipack,meanl Z 70 A)

(D2) Currents are recorded during low-current phases, correspond-
ing to the bottom 15% of all current values over the moni-
tored period (lipgck meanl S 2 A) . A higher percentage than in
(D1) is required, as otherwise the monitored intervals would be
dominated by extended rest phases.

(D3) Voltages are recorded at the end of an inactive period, provided
that the battery packs are disconnected from the DC link for at
least 10 s and that, during the preceding 30 min, the current
direction corresponded to at least 80% charging or discharging
activity. To increase the number of measurable events and thus
the statistical significance in real-world data, the strict require-
ment of a fully equilibrated battery state is omitted; however,
these short pauses provide a pragmatic approximation of relative
OCYV differences.

While calculating the distributions, the current direction was sys-
tematically incorporated so that variations in voltage and current were
preserved rather than compensating each other.

The simulation results shall demonstrate the general feasibility of
the method using known pack parameters and randomly selected load
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Table 2

Thevenin model parameters for simulations.
HVB no. Q/Ah Ry /mOhm R, /mOhm C,/F
1 140 170 100 500
2 135 165 100 500
3 141 160 100 500
4 150 155 100 500
5 145 150 100 500

profiles from the real-world data set of Section 4.2. Battery currents and
voltages were generated with a Thevenin model for each high-voltage
battery (HVB), employing artificially defined capacities O and ohmic
resistances R, in a 5p configuration (Table 2). The parameter sets
were selected to represent different comparison scenarios: a positive
correlation (HVBs 4,5 and 1,2) and a negative correlation between
capacity and resistance for the remaining pairs, with one pair exhibiting
only a small capacity difference of 1 Ah (HVBs 1,3).

As a second step, field data from electric city bus (Mercedes-
Benz eCitaro Solo) equipped with five parallel-connected NMC high-
voltage battery packs is analyzed. The observation period spans over 26
months. The data is recorded continuously by the battery management
system at a sampling rate of 10 Hz and is filtered prior to analysis
for sensor artifacts and communication dropouts. The evaluations are
performed at approximately biweekly intervals, with each assessment
covering seven consecutive days. A 7-day window is processed only if
it contains at least 24 h of valid operation, defined as periods in which
the packs are connected to the DC link. This window length ensures
sufficient samples for all input distributions, reflecting recurring weekly
usage patterns in regular bus operation, while the biweekly update rate
balances statistical robustness and temporal resolution. Each boxplot
in Section 4.2 represents one 7-day window and is plotted at its mean
day. In the second month, HVB 5 was replaced with a new pack. This
replacement is of particular relevance, as it directly changes the relative
capacity relationships among the monitored packs and thus provides an
inherent reference point for validating the evaluation.

Each distribution serves as the basis for calculating the difference
distributions X l.(""ﬂ ) for every combination of pack pairs (a, §), at each
point in time and for each distribution type i. These difference distri-
butions form the input for the fuzzy-logic-based estimation of capacity
differences, as described in Section 2.2. With five packs under consid-
eration, this results in ten distinct pack pairs. For the fuzzy rules, the
parameter s = 1 is chosen, which ensures that the output P’(,"’ﬁ ) lies
within the interval [—1, 1].

The real-world data results are additionally compared with capacity
estimates obtained from a proprietary algorithm that employs a Kalman
filter-based approach with online model parameter estimation, which
was applied offline to the data set.

4. Results
4.1. Simulations

According to Table 2, the true capacity order derived from the
parameterization of the pack models is:

7(Q,) < 7(Qy) < m(Q3) < 7(Q5) < 7(Qy) 18

For clarity, the results are presented in two plots, each showing
five pack pairs (Fig. 5). The true order is correctly predicted in three
of the four load profiles; the third profile deviates, giving z(Q;) <
7(Qy) < 7(Q3) < m(Qy) < (Qs). Uncertainty (P” — 0) is highest for
pack pairs exhibiting higher resistance together with higher capacity
(P)(’2,;rlle)’an = —0.03 and PS;:;M = —0.02), as this configuration consistently
follows the two innermost branches of the decision tree (Fig. 1). No
unambiguous inference can be drawn, as the pack with higher current
consumption in (D1), induced by lower resistance, already explains the
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Fig. 5. P)(,""’j ) for simulated load profiles.

lower OCV during discharge and higher OCV during charge, while the
additionally lower capacity only reinforces this effect. This high level
of uncertainty produces random noise around zero, which leads to the
incorrectly predicted order for profile 3.

For pack pair (1,3), the uncertainty is also increased (P;lﬁ;an =

—0.17) compared to the other pairs, as this pair exhibits a much smaller
capacity difference, reducing the variations in (D2) and (D3).

4.2. Real-world data

To compare the development of the measured quantities, the devi-
ations of the individual packs from the overall average are shown as
boxplots over time. For clarity, statistical outliers outside the whiskers
of the boxplots are not displayed. The mean values of the distributions
are additionally represented as line plots for each pack.

Since distribution (D1) is strongly influenced by the absolute total
current (Section 2.1), the deviations are calculated as a percentage
of the absolute mean pack current. For (D2), where the effect of the
total current is negligible, the deviations are shown directly as absolute
values in amperes.

Input distribution. In (D1), HVBs 4 and 5 systematically consume and
provide more current than the average, while HVBs 1-3 remain consis-
tently below average (Fig. 6). This indicates lower internal resistances
for HVBs 4 and 5.

In the second month after the start of monitoring, pack 5 was re-
placed by a new battery. This replacement caused a significant increase
in current consumption and provision, driven by the lower resistance
of the new pack. During the first four months after replacement, the
current share of pack 5 decreased rapidly and then stabilized at a
constant level.

The current distribution (D2) shows an almost inverted behavior
compared to (D1): HVB 5 consumes and provides the least current,
while HVB 1 shows the highest values (Fig. 7). This is expected, since
packs with higher current in (D1) charge and discharge faster, reaching
lower OCVs during discharge and higher OCVs during charging. In
subsequent low-current phases, this results in reduced current flow as
the other packs tend to equalize to the same OCV level.

The larger the deviation from the mean, the wider the boxplots
appear, which reflects a broader distribution of the packs during the
observed low-current phases. The deviation arises from its dependence
on the OCV difference, which itself grows with the time available for
divergence. As this time is not controlled, the dataset contains a broad
range of different time spans, leading to higher variation.

The results of the voltage distribution (D3) are noisier, which is
inherent to the monitoring logic and the consequently smaller number
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of observable situations (Fig. 8). However, certain trends can be identi-
fied. HVB 4 is mostly below the average voltage after discharging (and
correspondingly above average after charging). This is consistent with
the higher current share observed for HVB 4 in (D1). In contrast, HVB 2
and HVB 3 are mostly above average after discharging, which aligns
with their generally smaller current shares in (D1). HVB 1 fluctuates
more closely around the average level, but consumes and provides even
less current than HVB 2 and HVB 3. This observation already provides
an initial indication that HVB 1 may have a lower capacity.

Estimation results. A moving average was applied to smooth the raw
output estimates (Fig. 9). For pack pairs involving HVB 5, the moving
average was applied separately before and after the pack exchange.
Following the simulation analysis in Section 4.1, outputs |P§"’ﬁ )| < 0.07
are clipped to zero to exclude regions of high uncertainty.

The replacement of HVB 5 has a clearly visible impact on the results.
For the pair (5,4), shown in the lower plot, the outputs P;SA) are
initially negative, indicating that the capacity of HVB 5 was lower than
that of HVB 4. After the replacement, however, the output shifts to
positive values, demonstrating that the new HVB 5 exhibits a higher
capacity than HVB 4.

The topological ordering (Section 2.3) revealed no cycles, indicating
consistency across all pairwise estimates (Fig. 10). The greater the num-
ber of pairwise estimates equal to zero, the more consistent orderings
can be generated, and consequently the more ambiguous the ranking
becomes. All possible ranks for each pack are shown as vertical lines;
no preference is applied between multiple consistent orderings, and
increased ambiguity is interpreted as reduced confidence rather than
resolved into a single rank. Time periods in which, for one or more pack
capacities, all combinations involving this pack result in P’(,“’ﬁ ) =0 are
omitted from the ordering to enhance the clarity of the visualization.

After the pack replacement, HVB 5 clearly occupies the highest
ranks, whereas HVB 1 consistently appears at the lower ranks. For
HVB 2 and HVB 4, the ranking is most ambiguous, as they occupy up
to four different positions across various time spans.

SOH comparison. In a subsequent step, the pairwise results obtained
from the fuzzy logic-based approach are compared with the SOH esti-
mates generated by a Kalman filter using the same data set. Analogous
to the presentation of the distribution plots (D1)—(D3) (Figs. 6-8), the
pack SOHs are displayed as deviations from the mean SOH across all
packs (Fig. 11). Following the pack replacement, HVB 5 is estimated
to possess the highest capacity, followed by HVB 3. Approximately
halfway through the observation period, the capacity of HVB 4 de-
creases below the capacities of HVBs 1 and 2. After replacing HVB 5,
it can be observed that the Kalman filter requires several estimation
steps to adapt and stabilize to the new SOH level. This delayed re-
sponse is consistent with the recursive nature of the estimator, which
relies on temporal smoothing and model-based state propagation and
therefore exhibits inertia in the presence of abrupt capacity changes.
Consequently, short-term deviations between the Kalman filter-based
SOH estimates and the fuzzy logic-based ordering are expected during
such transition phases.

For each pack pair, two metrics are calculated to compare both
methods (Table 3). The first metric, agreement, measures the concor-
dance of the pairwise ordering between both methods, quantified by
P;“’” ) and the difference in the SOH estimates, and is evaluated only at
time points where P)(,"‘ﬂ ) # 0. The second metric, coverage, quantifies
the decision yield of the fuzzy-based method and is defined as the
fraction of all time points for which the fuzzy-based method provides
an unambiguous ordering (P}(,“’ﬁ) # 0). In contrast to agreement,
coverage does not assess ordinal alignment between both methods,
but measures the method’s ability to produce decisive outcomes under
varying operating conditions.

High values for both metrics indicate a strong and meaningful
concordance in the ordering of a given pack pair. This is particularly
the case for the pairs (5,4), (2,1), (1,3), (5,3), and (5,1). The greatest
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Fig. 8. Voltage distribution (D3) after disconnection from the DC link.

disagreement is observed for the pair (3,4), where the fuzzy logic-based
method suggests a higher capacity for HVB 4, in contrast to the SOH
estimates, which indicate the opposite relationship.

5. Discussion

The proposed method for estimating pairwise capacity differences
offers significant advantages as a cross-check for SOH algorithms, but

it is also subject to inherent limitations in its input assumptions and
methodology. These aspects are discussed below, together with the
application boundaries and the validation strategy.

5.1. Input-related limitations

The shape of the input distributions (D1)-(D3) is influenced by
the observed load profile. Specifically, for distribution (D1), relevant
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Table 3

Comparison of the pairwise capacity ordering derived from the Kalman filter-
based estimates and the fuzzy logic-based results: agreement for non-zero
outputs and coverage across all evaluated time points.

(a, p) Agreement | P)(("'” ) £0 Coverage P;”‘” )40
2,1 68.9% 95.7%
1, 4 62.5% 34.0%
5, 1) 100.0% 55.3%
(3, 2) 100.0% 31.9%
2,4 38.5% 27.7%
1, 3) 100.0% 61.7%
(5, 2) 93.3% 31.9%
3,4 4.5% 46.8%
(5, 3) 96.4% 59.6%
(5, 4) 97.4% 83.0%

factors are the temperature and SOC ranges during the high-current
phases. The distributions (D2) and (D3) additionally depend on the
temperature and SOC ranges encountered during low-current and rest
phases, as well as on the transferred cumulated ampere-hours, since
capacity recursively affects SOC and thus OCV differences. In the
present approach, these effects are neglected, assuming they contribute
randomly to the distributions and are therefore insignificant over the
multi-day observation windows considered. While the analyzed data
implicitly span diverse operating states, a systematic investigation un-
der controlled SOC and temperature conditions could further clarify
their impact on distributions (D1)-(D3) and is therefore considered
future work.

The OCV-based distributions (D2) and (D3) further require suffi-
ciently steep OCV-SOC gradients to provide meaningful information.
Depending on the cell chemistry, monitoring may therefore need to
be restricted to SOC regions where the OCV curve exhibits higher
gradients. These distributions may also become distorted if the packs
experience SOC offsets unrelated to capacity variations, which would
translate into artificial OCV differences. In the present dataset, this
effect is largely mitigated by typical overnight charging and subsequent
rest periods, which allow pack SOCs to equilibrate. Occasional initial
SOC mismatches at the start of a driving period are progressively
diminished under extended load profiles, as the resulting SOC and
OCV trajectories increasingly reflect the interaction of resistance-driven
current redistribution and capacity differences rather than the initial
offsets.

Additionally, extended periods in which packs remain continu-
ously connected can partially equalize OCV via circulating currents,
thereby reducing the information content of (D2) and (D3). The pro-
posed method assumes that such operating phases do not dominate the
dataset.

By definition, distribution (D1) reflects physical properties more
directly than (D2) and (D3). Whereas variations in (D2) and (D3) ac-
cumulate gradually over time, differences in internal resistance are im-
mediately apparent in (D1) during high-current phases. Consequently,
(D1) may dominate the overall input, potentially biasing the analysis.
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Fig. 11. Kalman filter-based SOH estimates over time.

This effect can be addressed by adjusting the percentage threshold
that defines which operating periods qualify as high-current phases
(Section 3) to balance the contributions of the different distributions,
or, alternatively, by explicitly applying a different scaling to (D1)
within the fuzzy rule calculations.

As the method relies on measurement signals, it is sensitive to sensor
errors. Random noise can be mitigated by increasing the number of
observed instances per distribution. Assuming N independent events
per 7-day period, the standard error of the mean is SE = o,,,/ W with
02 10+ Onsor» Which allows estimating the probability of an
incorrect sign attribution for the difference of two batteries (Eq. (19))

:‘D<—|AM| —Ab>
SE

@(-) denotes the standard normal CDF, Ay is the true distribution
difference, and 4b is a relative bias. Observed differences from the real-
world data (Section 4.2) and typical measurement uncertainties result
in:

Otor =

P,

sign,err

19)

(D) lipackmean! = 70 A, A = 0.7-3.5 A. With 6, ~ 0.6-1.7 A and
N~ 10°-5- 10, SE » 0.02-0.05 A, giving Py, ., < 1%.

(02) lipoekmean] S 2 A, Ap = 0.1-0.5 A. With o,,, ~ 0.2-0.5 A and the
same N, SE ~0.005-0.02 A, resulting again in P, .., < 1%.

(D3) Pack voltage differences up to 4y ~ 1 V. With ¢,,, ~ 0.2-0.5 V
and N = 30-100, the standard error is SE ~ 0.02-0.09 V, giving
P, < 1%.

sign,err

The systematic relative bias 4b does not decrease with N and can
dominate or distort the results if comparable to |4u|. However, its
influence decreases as the underlying capacity differences increase.

5.2. Methodological limitations

A positive correlation between internal resistance and capacity
(i.e., the pack with higher internal resistance also exhibits the higher ca-
pacity) reduces the sensitivity of the proposed method. In this scenario,
the current-imbalance-based SOC variation provides no counteracting
indication, preventing unambiguous attribution of OCV differences to
capacity variations. Instead, capacity differences simply contribute to
larger observed variations in (D2) and (D3) than would be expected
from internal-resistance-driven current imbalances alone. This mecha-
nism provides a plausible explanation for the pronounced disagreement
observed for pack pair (3,4) in Table 3. Here, distribution (D1) indicates
a lower internal resistance for HVB 4, while the Kalman filter-based
estimates suggest a lower capacity for the same pack. As a result,
current-induced SOC effects reinforce the OCV trend, limiting the for-
mation of a concessive inference point and thereby constraining the

10

applicability of the proposed method. Comparable effects are observed
for the pairs (1,4) and (2,4) later in the observation period, coinciding
with the point at which the Kalman filter begins to indicate a reduced
capacity for HVB 4.

Importantly, this behavior reflects a structural identifiability limita-
tion of the proposed approach rather than random noise or insufficient
data. When internal resistance and capacity variations act in the same
direction, resistance-driven current redistribution and capacity-driven
SOC evolution produce indistinguishable OCV trends, leaving no ob-
servational basis within the available voltage and current signals to
disentangle their contributions. As a result, unambiguous pairwise or-
dering becomes fundamentally unattainable under such conditions. The
fact that these disagreements emerge predominantly once the Kalman
filter indicates a capacity decline of HVB 4 further suggests that this loss
of sensitivity is conditional on increasing correlation between resistance
and capacity effects, rather than a uniform limitation over the entire
observation period.

Beyond this correlation-driven limitation, large internal resistance
differences also introduce higher uncertainty. This is reflected, for
example, in the comparison between pack pairs (5,4) and (5,1): al-
though the Kalman filter-based estimates suggest a larger capacity
difference between HVBs 5 and 1 than between HVBs 5 and 4, the
proposed method provides more stable, non-zero outputs for (5,4). A
plausible contributing factor is the larger internal resistance difference
between HVBs 5 and 1, apparent in (D1), which reduces the likelihood
of reaching the concessive point required for a confident inference.
This highlights that the method is influenced not only by capacity
differences but also by their interaction with resistance-induced current
imbalances.

Taken together, the observed disagreements and delayed adapta-
tions do not indicate methodological inconsistency but rather reflect
fundamentally different sensitivities of the two approaches. While the
Kalman filter prioritizes temporal consistency and model coherence,
leading to delayed adaptation after abrupt changes, the fuzzy logic-
based method reacts directly to emerging distributional patterns and
relational evidence. Their divergence therefore highlights complemen-
tary strengths and failure modes, reinforcing the role of the proposed
method as a plausibility-oriented cross-check rather than a replacement
for model-based SOH estimation.

In general, the proposed reference capacity estimation provides only
relative validation; thus, if the SOH algorithm is subject to a systematic
bias affecting all battery packs equally, this method is unable to detect
it.

As the reference is derived from accumulated operational data, its
representativeness depends on the data amount and diversity. There-
fore, the input distributions must be updated periodically as new data
becomes available, with update intervals reflecting aging dynamics



S. Wunsch et al.

rather than real-time requirements. In practice, such updates would
align with the SOH evaluation frequency of the BMS. In its current
form, the proposed method operates as a post-hoc analysis for existing
SOH algorithms, without feeding back into the SOH estimation. As
a next step, the method could be applied directly within an SOH
algorithm to provide a real-time cross-check of estimated states and
support corrective adjustments in the onboard BMS, thereby improving
the SOH estimation at the source, which is considered a promising
direction for future work.

The proposed method focuses on parallel-connected battery packs
and does not resolve cell-level effects within series strings. This is
acceptable since maintenance decisions are taken at the pack level.
Moreover, in series-connected strings, all cells experience the same
current, such that relative SOH differences are in principle observable
via OCV-based monitoring, which is already well addressed in existing
BMS cell monitoring and balancing strategies. In contrast, parallel-
connected packs exhibit current redistribution driven by internal resis-
tance and OCV differences, introducing an additional coupling effect.
The proposed method specifically exploits this interaction and thus
complements, rather than replaces, established cell-level diagnostics.

The effectiveness of the method further depends on the system
topology. Its value increases with the number of parallel packs, as
commonly the case in heavy-duty vehicle applications, where a larger
set of pairwise comparisons enables mutual consistency checks and
reduces ambiguity through logical cross-validation.

Situations in which multiple consistent orderings exist are explicitly
interpreted as ambiguous. In the present formulation, no preference is
applied between such orderings; instead, the resulting spread in ranks
is treated as reduced confidence in the relative capacity comparison,
avoiding over-interpretation of fuzzy outcomes. While not exploited
further here, the degree of ordering ambiguity may itself carry diagnos-
tic information. Systematically using the number or spread of consistent
orderings as an additional monitoring indicator is therefore considered
future work.

5.3. Application boundaries

The applicability and generalization of the proposed approach de-
pend on a set of structural and operational conditions that define its
domain of validity:

* Parallel electrical coupling: At least two battery packs must be
electrically connected in parallel via sufficiently low-resistance
paths, allowing measurable current redistribution between packs.
Dominant internal drivers and measurement consistency: The current
split must be primarily governed by pack-internal properties (in-
ternal resistance and OCV differences), rather than by peripheral
effects such as unequal cabling, contact resistances, or external
balancing hardware. Voltage and current measurements must be
free of significant systematic inter-pack biases.

SOC reference alignment: The energy management strategy must

prevent persistent SOC offsets between packs that are unrelated to

capacity differences, as such offsets would mask the characteristic

OCV-SOC trajectories required for inference.

« Informative operating conditions: The available operational data
must cover SOC and temperature ranges with sufficiently pro-
nounced OCV-SOC gradients to provide meaningful information,
which may restrict applicability depending on the cell chemistry.

5.4. Validation strategy and limitations

The validation presented in this study consists of three comple-
mentary components, designed to compensate for the absence of an
absolute ground truth in the real-world data. First, the simulation
results (Section 4.1) demonstrate the overall feasibility of the proposed
methodology. Second, the relative capacity ranking from real-world
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data (Section 4.2) is compared with SOH estimates from a Kalman
filter-based algorithm. Although this comparison does not constitute
a formal validation, the generally high agreement between the two
approaches indicates plausibility, with all pack capacities except HVB 4
consistently ranked. It also demonstrates an advantage of the fuzzy
logic approach, which provides meaningful insights at early stages
of battery usage, whereas conventional SOH algorithms typically re-
quire longer observation periods to stabilize. Third, a vehicle with one
battery pack replaced by a new unit served as a reference scenario;
the known capacity increase was correctly detected, confirming the
method’s practical applicability.

A conclusive validation using real-world fleet data, with ground
truth measurements at multiple time points, has substantial practical
challenges, as it requires close cooperation with the customer and bat-
tery removal from the vehicle for a standardized capacity measurement
on a test bench, resulting in significant vehicle downtime.

6. Conclusion

In this work, a probabilistic method is introduced for ranking the
capacities, and thus the SOHs, of parallel-connected battery packs.
The proposed approach relies exclusively on measured pack-level volt-
age and current distributions and combines fuzzy logic-based pair-
wise comparisons with topological ordering to infer a global capacity
ranking. This ranking provides an algorithm-independent plausibil-
ity reference for SOH estimation without requiring absolute capacity
knowledge or detailed battery models, thereby addressing common
practical limitations of conventional SOH assessment methods.

Simulation studies confirm the general feasibility of the approach.
Field data from an electric city bus with five battery packs were
analyzed over 26 months and evaluated using two complementary
strategies: the replacement of one pack with a new unit, which pro-
vided a known relative capacity change, and a comparison against a
Kalman filter-based SOH estimator. Across both references, the pro-
posed method exhibited a high degree of consistency and correctly
identified the replaced pack as having the highest capacity, highlighting
its potential to improve the reliability and interpretability of SOH
determinations in practical applications.

The method is inherently subject to several assumptions and lim-
itations, which were explicitly discussed. Its effectiveness depends on
sufficiently informative operating conditions, balanced SOC references,
and the dominance of internal pack properties over external system ef-
fects. Furthermore, estimation sensitivity is reduced in scenarios where
internal resistance and capacity differences are positively correlated,
where resistance differences are large, or where systematic biases af-
fect all packs equally. As a result, the method constitutes a rela-
tive, pack-level plausibility check rather than an absolute SOH esti-
mator. Within its domain of validity, the proposed approach comple-
ments existing BMS-based SOH algorithms by providing an independent
proxy ground truth that exploits current redistribution effects unique to
parallel-connected systems.

Beyond the results presented in this work, several directions for
future research and application have been identified. In particular, a
systematic investigation of the influence of operating conditions such
as temperature, SOC ranges, and load profiles could further refine the
interpretation of the underlying input distributions, while the explicit
use of ordering ambiguity itself may serve as an additional diagnostic
indicator. Moreover, while the proposed method is currently applied
as a post-hoc plausibility reference, its integration into onboard BMS
algorithms represents a promising long-term perspective, enabling real-
time consistency checks of SOH estimates and corrective adjustments
directly within the BMS.
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