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Abstract

Nominally identical nickel-rich NMC811 cathodes do not age in the same way. Even under
identical cycling conditions, capacity trajectories diverge over time. Three cells from a fork-
lift mission-pro�le dataset were analyzed. Results were compared with a larger fast-charging
dataset containing 46 commercial lithium-ion cells. Capacity fade was evaluated round by
round, and variability was quanti�ed using the coe�cient of variation (CV%) and an early-
cycle deviation metric. Cycling caused variability in both datasets to rise from less than 1%
CV to more than 3%. A di�usion-limited square-root ageing model was used to represent
transport-controlled ageing. The model produces smoother capacity trends and a modest re-
duction in variability, but cell�to�cell di�erences persist. Early�stage heterogeneity remains
linked to long-term divergence. Al2O3 coatings can promote di�usion-limited behaviour, while
the model used here represents this regime conceptually rather than a speci�c coating sys-
tem. The results point to a two�stage ageing pattern, with early divergence followed by partial
moderation under transport in�uence.
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1 Introduction

Lithium�ion batteries have become essential for
electric vehicles, grid storage, and portable elec-
tronics because of their high energy density

and long cycle life. Improving battery durabil-
ity remains a major challenge, particularly for
high-energy-density cathode materials. Among
these, nickel�rich layered oxides such as NMC811
(LiNi0.8Mn0.1Co0.1O2) have attracted signi�cant
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interest because they o�er high capacity while re-
ducing cobalt content.

Ni�rich cathodes undergo chemo-mechanical
and interfacial degradation processes, including
anisotropic lattice changes, phase transitions, and
surface reconstruction driven by electrolyte re-
activity, during repeated lithiation and delithia-
tion [1�4]. Increased nickel content seems to be con-
sistent with the loss of structural and interfacial sta-
bilities, thus resulting in an enhanced degradation
rate in the surface and bulk regions. In order to in-
crease the capacity of such batteries, it is suggested
to increase the Ni content in layered cathode mate-
rials, for which NMC811 has widely been used [5,6].
Other processes, such as cathode-electrolyte inter-
phase evolution and transition-metal dissolution,
contribute to capacity fade and impedance growth,
which becomes noticeable at high voltage and un-
der fast charging conditions [7�9].

However, degradation does not occur uniformly
across all cells, which results in measurable cell�
to�cell variability even under nominally identical
conditions. Single�crystal NMC811 reduces in-
tergranular cracking but does not eliminate other
degradation mechanisms. Surface reactions persist,
intra�particle stress remains, and reaction kinetics
can vary within individual particles [8,10]. Surface
coatings, such as Al2O3 applied by atomic layer
deposition (ALD), have been widely investigated
to improve cathode stability by limiting interfacial
reactions [11, 12]. Small di�erences during early
cycling in�uence later ageing behaviour, with di-
vergence between cells increasing over time [13,14].
The evolution of this variability and its relation-
ship to long-term performance are not yet clearly
quanti�ed.

Existing literature has mainly focused on degrada-
tion mechanisms and strategies to improve average
battery performance. In contrast, the evolution of
cell-to-cell variability during cycling has received
less attention. It is unclear whether early deviations
between cells are linked to long-term performance
di�erences. Reported performance improvements
depend strongly on operating conditions. However,
the e�ect of such coatings on cell-to-cell variability
remains less clearly understood [10, 15]. In partic-
ular, it is not well established whether coatings re-
duce variability across cells or primarily shift overall
degradation rates. In this study, ageing variability
was analyzed using two datasets: a mission�pro�le
dataset from Vilsen and Stroe [14], and the analysis
was extended using the subset of the Massachusetts
Institute of Technology (MIT) fast-charging Sever-
son dataset [16]. The coe�cient of variation (CV%)

was used to quantify dispersion, and an early�cycle
deviation metric was introduced to examine the re-
lationship between initial di�erences and long-term
capacity. A simpli�ed di�usion-limited, transport�
controlled ageing model was developed to study cell
performance during ageing.

2 Theoretical framework

Two limiting physical regimes are considered for in-
terpreting ageing in single�crystal NMC811 cath-
odes. One regime assumes reaction control with
spatially heterogeneous degradation. The other as-
sumes di�usion control, where transport kinetics
limit the ageing rate. Electrochemical kinetics, sta-
tistical fracture theory, and di�usion transport each
provide partial grounding for these regimes. No sin-
gle theory su�ces. The framework adopted here
is therefore minimal. It serves two purposes only:
�rst, to interpret how variability evolves during cy-
cling; second, to support the model�based compar-
ison presented in Section 4.

2.1 Reaction-limited stochastic age-

ing in uncoated SC-NMC811

For uncoated single�crystal NMC811, localized
electrochemical reactions at heterogeneous active
sites drive degradation. Take a representative do-
main i. The local reaction rate, following an Ar-
rhenius expression, includes electrochemical driving
forces and can be expressed as [2, 5, 8]

ri = Ai exp
−Ea

RT
f(Ni4+)ηi (1)

where ri is the reaction rate, Ai the pre-exponential
factor, Ea the activation energy, f(Ni4+) the frac-
tion of high-valence Ni sites, and ηi the local over-
potential [2, 5, 8].

Microcrack initiation and propagation represent
a probabilistic form of mechanical degradation.
Weibull statistics o�er a natural description. The
distribution has seen wide use in fracture mechan-
ics, expressed as [17]

Pcrack(x) = 1− exp[−(
x

λ
)k] (2)

where Pcrack is crack probability, x represents stress
or strain, and λ and k are Weibull scale and shape
parameters respectively [17]. Heterogeneous reac-
tion kinetics and probabilistic fracture behaviour
do not act independently. Their combination yields
degradation trajectories that vary across domains
and also across cells.
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2.2 Di�usion-limited ageing in Al2O3

coated SC-NMC811

Al2O3 coatings change the picture. Transport lim-
itations, not localized reaction hotspots, now con-
trol degradation. Within the coating or the inter-
facial region, reactive species concentration evolves
according to Fick's second law, given as [1, 10,11]

∂C

∂t
= D

∂2

∂x2
(3)

where C is reactive species concentration, t is time,
and D is e�ective di�usivity. Equation (3) captures
di�usion-controlled transport across interfacial lay-
ers and coatings. Several studies of coated cathode
systems support this interpretation [1,10,11]. When
di�usion limits the ageing process, parabolic kinet-
ics typically emerge. One consequence is a square-
root dependence of capacity fade on time, expressed
as [1, 8, 11,18]

∆Q(t) ∝
√
t (4)

Di�usion�controlled growth of interfacial layers, to-
gether with transport�limited reaction processes,
causes this scaling. Both suppress localized
hotspots and promote more uniform degradation.
Di�usion-dominated ageing, therefore, imposes a
spatial averaging e�ect. Variability across cells di-
minishes but never fully disappears.

2.3 Ageing regime and heterogeneity

Electrochemical rate theory supports that, in the
reaction-limited regimes, Arrhenius kinetics (Equa-
tion (1)) create strong spatial variability. The rea-
son is exponential sensitivity�to both activation en-
ergy and local over-potential [2,5,19]. Probabilistic
fracture behaviour (Weibull distribution, Equation
(2)) adds another layer. Defect�driven failure in
brittle solids commonly uses this distribution [17].
Initial heterogeneities are ampli�ed by the kinetics
and fractures, which yield divergence across trajec-
tories.

In di�usion-limited regimes, transport follows
Fick's second law (Equation (3)), with �ux driven
by chemical potential gradients, J = − D

RT C∇µ,
re�ecting the tendency toward free�energy mini-
mization [20, 21]. Equation (4) describes parabolic
degradation kinetics which are typical for di�usion-
controlled processes and interfacial growth [1, 11,
22].

Di�usion not only imposes spatial averaging but
also tempers heterogeneity. However, heterogene-
ity is never fully removed. In fact, variability de-

pends on which ageing regime dominates; reaction-
limited processes amplify local di�erences, whereas
di�usion-limited processes reduce them.

3 Data and methods

3.1 Dataset and processing

A publicly available battery degradation dataset
from Vilsen and Stroe (2023/2024) was analyzed.
The dataset comprises high-resolution operational
and diagnostic data for commercial cells. The cy-
cling protocol follows a realistic forklift duty pro-
�le [14]. The dataset contains three nominally iden-
tical cells, labeled Cells [1�3]. These cells were se-
lected to assess cell-to-cell variability under identi-
cal operating conditions.

For each ageing round, two data �les were used.
The Ageing.csv �le contained time�resolved opera-
tional data, while RPT.csv (Reference Performance
Test) provided controlled measurements used for
capacity evaluation. Thermal behaviour is inter-
preted in relation to peak temperatures reported in
the dataset, which are known to correlate with ac-
celerated degradation processes such as electrolyte
decomposition and interfacial reactions [2, 5, 9].

Discharge capacity for each cell and each ageing
round came from numerical integration of current
over the discharge interval in RPT.csv [20]

Q(r) =

∫ tend

t0

I(t) dt (5)

where Q(r) is the capacity at round r and I(t) is
the instantaneous current.

3.2 Variability metrics

Cell�to�cell dispersion in capacity was quanti�ed
using the coe�cient of variation (CV%) across cells
for each ageing round

CV (r) =
σQ(r)

µQ(r)
× 100 (6)

where σQ(r) and µQ(r) are the standard deviation
and mean capacity at round (r). Because CV% nor-
malizes variability against absolute capacity, com-
parisons across di�erent ageing stages and datasets
become possible [9, 13].

We also wanted to know whether early-stage vari-
ability predicts later performance. So, we de�ned
an early�cycle deviation metric. For each cell i, the
deviation from the ensemble mean was calculated
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using the �rst N ageing rounds. The metric is de-
�ned as follows

Di =
1

N

N∑
r=1

|Qi(r)− µQ(r)| (7)

where Qi(r) is the capacity of the cell i at round r,
and µQ(r) is the mean capacity across all cells at
that round. This metric quanti�es the magnitude
of early�cycle divergence relative to the ensemble
average and was subsequently compared with long-
term capacity outcomes. Speci�cally, the relation-
ship between Di and �nal capacity Qi(rfinal) was
examined.

3.3 Model and cross-dataset valida-

tion

Only uncoated cells appear in the primary dataset.
To represent a coating-inspired ageing trajectory,
we therefore �t a simpli�ed di�usion-limited refer-
ence model to the experimental capacity data. For
di�usion-controlled conditions, capacity evolution
takes the following form [1,8, 10,11]

Qmodel(r) = Q0 − k
√
r (8)

where Q0 and k were determined by least�squares
�tting for each cell. We compared the CV% from
experimental data against the CV% from the �tted
model. That comparison gave an estimate of the
apparent reduction. The model itself serves only as
a conceptual benchmark. It does not quantitatively
predict how coated cells perform [1, 8, 10, 11]. We
also wanted to know whether the observed trends
hold more generally. So we extended the same anal-
ysis to the Severson et al. in 2019 MIT fast-charging
dataset. That dataset includes 46 cells cycled un-
der fast�charging conditions. Both datasets were
analyzed using capacity, CV%, and the early�cycle
deviation metric Di.

3.4 Capacity scaling in the forklift

dataset

Discharge capacity was obtained by integrating
current from the RPT data (Equation (5)). The
calculated capacities exceeded typical nominal val-
ues reported for similar cells.

Consistency was checked using the relation between
energy, voltage, and capacity [14]

Qref =
E

Vavg
(9)

The ratio between integrated and energy-derived
capacity is [14]

S =
Qint

Qref
=

Qint × Vavg

E
(10)

The ratio remains close to unity across cells and
ageing rounds.

3.5 Scope and limitations

The primary dataset consists of only three cells, and
hence we acknowledge statistical generalization of
results is limited. It is di�cult to capture scale vari-
ability in such a small sample [14]. Adding the Sev-
erson dataset o�ers broader validation, but direct
comparison faces a complication: cycling protocols
and operating conditions di�er between datasets.
We also acknowledge our di�usion-limited model
is simplistic, and it does not account for interfa-
cial resistance growth, nor does it include mechani-
cal degradation or temperature-dependent kinetics.
The early-cycle deviation metric captures relative
divergence well, but speci�c mechanistic contribu-
tions to degradation lie beyond its scope.

4 Results and discussion

4.1 Thermal behavior

Maximum cell temperature varied across the three
nominally identical cells under identical cycling
conditions [14]. Cells 2 and 3 maintained relatively
stable thermal behaviour throughout cycling and
did not exhibit signi�cant temperature excursions.
In contrast, Cell 1 experienced a pronounced tem-
perature increase above 73◦C during Rounds 50�
55, indicating the onset of abnormal thermal be-
haviour that may be associated with accelerated
degradation processes and increased heat genera-
tion within the cell, Figure 1. Such thermal in-
stability may contribute to the irregular capacity
decline observed at later stages of ageing and high-
lights the emergence of cell-to-cell variability de-
spite nominally identical operating conditions. El-
evated temperatures are linked to increased degra-
dation rates and parasitic reactions [5, 9]. Cell 1
shows a temperature excursion together with irreg-
ular capacity behaviour. Localized degradation and
heterogeneous ageing pathways have been reported
for Ni-rich cathodes [8]. This behaviour follows
the reaction-limited ageing framework described in
Section 2. The divergence between cells points to
stochastic ageing and is discussed further in the
next section.
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Figure 1: Discharge capacity and temperature for three cells from the Vilsen and Stroe (2024) dataset.
Cell 1 shows a late�stage temperature excursion with an irregular capacity trajectory.

Figure 2: Discharge capacity across ageing rounds for three cells cycled under identical conditions. The
three curves overlap during early cycles. Separation begins around mid-life, and Cell 1 subsequently
shows a more pronounced decline.

4.2 Capacity divergence

Discharge capacity from RPT measurements de-
clines with ageing round (Figure 2). All three
cells show similar behaviour during early cycles,
but their trajectories separate around mid-life. By
Round 30, Cell 1 drops below the other two, while
Cells 2 and 3 remain closely grouped. Cell 1 shows

small irregular drops at later stages, while Cells 2
and 3 follow smoother trends. This matches the
thermal behaviour in Figure 1, where only Cell 1
shows a late-stage temperature rise. Capacity val-
ues were obtained from integrated current data.
Energy�voltage checks con�rm agreement between
current, voltage, and energy measurements, with no
additional correction required. A transition from
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similar early behaviour to diverging ageing trajec-
tories is observed. Ni-rich cathodes show similar
behaviour, where local variations in reaction kinet-
ics and microstructure contribute to non-uniform
degradation [8, 13].

The onset of separation around mid-life suggests
that initially small cell�to�cell di�erences become
ampli�ed with continued cycling. During the early
ageing stage, degradation proceeds relatively uni-
formly across the three cells, resulting in similar
capacity trajectories. As cycling progresses, cu-
mulative di�erences in interfacial degradation, sur-
face reconstruction, and parasitic side reactions
may drive cells along distinct ageing pathways,
leading to the divergence observed after approxi-
mately Round 30. This behavior is consistent with
the stochastic ageing framework proposed in the

present study and reported previously for Ni�rich
cathode systems [8].

Initial capacities are similar at approximately 57
Ah. Divergence appears during mid-life cycling. By
Round 30, Cell 1 has reached 48.45 Ah, lower than
Cells 2 and 3, which remain near 50 Ah. This gap
persists and widens. Cell 1 shows the largest ca-
pacity fade (20.94%), and Cell 3 shows the smallest
(16.02%), Table 1. The cell with the highest early-
cycle deviation also ends with the poorest long-term
performance. Early di�erences are re�ected in later
ageing behavior. A moderate negative correlation
(r ≈ −0.50) is observed between early-cycle devi-
ation and �nal capacity, indicating that cells with
larger initial deviations tend to exhibit greater long-
term capacity loss.

Table 1: Degradation behavior of the three cells

Cell Initial Capacity Final Capacity Early Relative
capacity at round 30 capacity fade deviation rank
(Ah) (Ah) (Ah) (%) (Ah)

Cell 1 57.43 48.45 45.40 20.94 0.152 3 (Worst)
Cell 2 57.07 50.07 47.42 16.91 0.083 2
Cell 3 57.02 50.00 47.88 16.02 0.139 1 (Best)

Figure 3: Cell�to�cell variability in discharge capacity (CV%) as a function of ageing round. Variability
remains low during early cycles and increases after mid-life.

4.3 Lifetime dispersion

Figure 3 illustrates how cell�to�cell variability in
discharge capacity-measured as the coe�cient of
variation (CV%), evolves with ageing rounds. Dur-

ing early cycles, variability stays low, generally be-
low 1%. The cells show similar behaviour during
early cycles. Signi�cant change in the CV appears
after 25 cycles, which exceeds 3% by the later stages
(Table 2). The increase accelerates during mid-
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life, indicating that initially small di�erences be-
tween cells become ampli�ed with continued cy-
cling. Similar behaviour is reported for Ni�rich
cathodes, where local heterogeneities and stochastic
processes in�uence degradation [8].

Table 2: Coe�cient of variation (CV%) in early
and late ageing stages. The results show an order-
of-magnitude rise in variability from the early to
the late ageing stages

Ageing interval Coe�cient of
variation (CV%)

Rounds 1�10 0.25
Rounds 40�50 2.54
Overall change ∼10× increase

4.4 Di�usion-limited benchmark

A di�usion-based reference model (Equation (7))
was �tted to the experimental capacity data to as-

sess transport-limited behavior. It does not repre-
sent a speci�c coated system [10, 11]. The model
produces smoother capacity trajectories than the
experimental data, particularly for Cells 2 and 3
(Figure 4). Its e�ect on variability is not uniform
across the ageing process. During early cycles, dis-
persion remains close to the experimental case. At
later stages, variability decreases modestly. The
average CV decreases from approximately 2.54%
to 2.20%, a reduction of about 13%. Transport�
limited behavior reduces variability but does not
eliminate it. Di�erences between cells persist, in-
dicating continued in�uence of initial heterogene-
ity and localized degradation [8]. Together with
Sections 4.2 and 4.3, the results indicate a two-
stage pattern. Early divergence is associated with
heterogeneous reactions, while transport e�ects be-
come more noticeable at later stages and reduce the
spread between cells.

Figure 4: Discharge capacity distribution for Cells 1�3 during late-stage ageing (Rounds 40�50). Each
cell forms a distinct cluster, with separation between cells larger than within-cell �uctuations.

4.5 Validation using the Severson

fast-charging dataset

The Severson et al. dataset constitutes a subset
of 46 commercial lithium-ion cells cycled under
controlled fast-charging conditions, with per-cycle
metrics such as discharge capacity, temperature,
and lifetime [16]. Reported capacities (∼ 1.0 − 1.1
Ah initial) are internally consistent, and no scal-
ing correction was applied. A Pearson correla-

tion analysis between early-cycle deviation and
�nal capacity yields a weak negative relationship
(r ≈ −0.16, p > 0.05), which suggests that early
deviations do not strongly predict long-term capac-
ity outcomes across the larger population.

Using the same analysis pipeline, the coe�cient
of variation (CV%) increases from ∼ 0.70%
in early cycles to ∼ 3.71% at later stages
(∼ 5.3×ampli�cation). The di�usion-limited

√
r
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benchmark reduces late-stage variability to ∼
2.30% (∼ 38% reduction). Corresponding values

for the Vilsen�Stroe dataset are summarized in Ta-
ble 3.

Table 3: Variability evolution and di�usion-benchmark comparison across datasets

Dataset Cells Early CV Late CV Ampli�cation Late CV Reduction
(%) (%) model (%) (%)

Vilsen�Stroe 3 0.25 2.54 ∼10× 2.20 ∼13
Severson et al. 46 0.70 3.71 ∼5.3× 2.30 ∼38

Table 4: Literature benchmarking of Al-based coatings reported for NMC811 cathodes

Literature Coating type Key outcome

[12] ALD Al2O3 Limited improvement under moderate cycling.
[11] ALD Al2O3 ∼10�20% retention gain under extended cycling.
[22] Ultrathin ALD Al2O3 Improved capacity retention across a wide voltage

range.
[23] ALD Al2O3 Reduced capacity loss at high voltage.
[10] LiAlO2-type ∼17% improvement with enhanced cycling stability.

This suggests that while variability ampli�cation is
clearly observed at the population level, the rela-
tionship between early-stage divergence and indi-
vidual cell outcomes is less pronounced in larger
datasets.

4.6 Literature benchmarking of Al-

based coatings

Experimental studies on Al-based coatings for
NMC811 report performance improvements that
depend on conditions; uniformity across condi-
tions has not been demonstrated. Table 4 sum-
marizes the key �ndings. Under moderate cy-
cling, reported bene�ts are limited, while larger
gains are observed under high�voltage or extended
operation [11, 12]. Reported improvements range
from marginal changes to roughly 10�20%. The
di�usion-limited reference yields smoother capac-
ity trajectories and a modest variability reduction
(≈ 13%); di�erences between cells persist. Coatings
improve stability by moderating interfacial pro-
cesses, but their e�ect on cell�to�cell variability is
condition-dependent.

4.7 Variance convergence

Figure 5 shows variability, deviation from the
di�usion-limited benchmark, and early�stage be-
havior. The CV% does not increase smoothly
and shows intermittent excursions during early and
mid-life. Deviations from the di�usion-limited ref-
erence are largest at early stages and decrease with
cycling, re�ecting a shift from reaction�dominated
behavior to increasing transport in�uence. Early�

cycle deviation shows a weak relationship with �nal
capacity, with larger initial divergence only loosely
associated with greater long�term capacity loss.
The limited sample size in the three�cell dataset
prevents statistical generalization, and comparison
with the Severson dataset indicates that this rela-
tionship may not be strongly preserved at a larger
scale. This suggests that early-stage heterogeneity
contributes to variability ampli�cation but is not
su�cient alone to predict long-term capacity out-
comes across larger populations.

5 Conclusion

Ageing variability in nickel�rich NMC811 cathodes
was examined using mission�pro�le cycling data
from three nominally identical single�crystal cells.
Degradation does not proceed uniformly across
cells: behavior is similar during early cycles, but
capacity trajectories separate with continued cy-
cling, and small early di�erences in�uence later age-
ing. A di�usion-limited

√
r reference model was

used to represent transport�controlled ageing. The
model produces smoother capacity trends and a
modest reduction in variability, but di�erences be-
tween cells persist as transport e�ects become more
dominant. The behavior re�ects the combined in-
�uence of interfacial reactions, mechanical degra-
dation, and stochastic e�ects. The small number
of cells limits statistical generalization, but early�
cycle variability provides information on long�term
divergence. Further work with larger datasets and
coated systems is required to assess how general
this behaviour is and its dependence on operating
conditions.
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Figure 5: (a) Evolution of CV%, (b) residuals relative to the di�usion-limited model, (c) early�cycle
deviation versus �nal capacity.
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