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Abstract
The formation and growth of solid electrolyte interphase (SEI) are key parameters governing battery life
prediction models of lithium-ion batteries (LiBs). However, as conventional battery life prediction models
do not re�ect other degradation parameters such as crack formation and propagation in high-nickel
cathode materials, their accuracy is greatly reduced as the nickel content increases in layered oxide
cathodes. Herein, we propose an advanced prediction model that includes both crack propagation and
SEI growth. The reliability of this model was veri�ed using experimental data of over 50 commercial
18650 LiB cells, which were tested under depths of discharge and current rates, from 500 to 5,000 cycles.
The proposed model can predict capacity retention values with less than 5% error, even in real operations
at energy storage systems and electric vehicles. This model can provide a standard solution for
predicting the cycle life of LiBs with high-nickel layered cathodes.

1. Introduction
Lithium-ion batteries (LiBs) are widely used in small devices and for large applications owing to their high
energy density, high round-trip e�ciency, and long cycle life. Moreover, as battery materials and designs
are continuously developed, the battery operating conditions of the current rate and voltage range also
increase, resulting in high capacity and power.1–3 However, LiB operation under harsh conditions can
cause unexpected performance fade,4–6 which makes it di�cult to predict the remaining useful life (RUL)
of batteries. This issue complicates the reliable operation and timely maintenance of LiBs in real
applications.7 That is why the life prediction models for LiBs have been extensively studied and
continuously modi�ed. Speci�cally, when a battery cell or pack is selected, and the operating conditions
such as the discharge/charge power, usable depth-of-discharge (DOD) range, and temperature limit are
set, a battery life prediction model can mathematically provide us with desirable operating conditions or a
reasonable warranty period. Furthermore, the construction of multi-physical models based on
electrochemistry would enable the design parameters of battery cells, modules, or packs to be explored in
advance.

Although an electrochemical model that re�ects all LiB degradation mechanisms is very attractive, it is
challenging to strike an appropriate balance between model complexity and prediction accuracy.8 Various
battery life prediction models for LiBs have been reported, but most models predict the RUL by simulating
a few mechanisms related to the solid electrolyte interphase (SEI).9–16 Fig. S1 presents a comprehensive
overview of battery life prediction models based on the mechanism of SEI formation and growth on the
anode in LiBs. For example, Ramadass et al. suggested a semi-empirical battery life prediction model by
connecting the increase in resistance caused by the SEI with the number of cycles in the form of an
Arrhenius equation.9 Moreover, Ploehn et al. �rst provided a physics-based battery life prediction model
by creating stoichiometric equations and connecting them to the limitation of solvent diffusion.10

Subsequently, Christensen et al. took a more physical approach by incorporating the kinetic limitation.11

In the 2010s, structural factors such as the porosity effect and cracks in the SEI caused by volume
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expansion of the anode active material were incorporated to more realistically simulate SEI growth.12–15

Park et al. considered the electrolyte depletion stoichiometrically connecting to the formation of SEI layer
on the anode.17 Herein, what we should be aware of in previous works concerned with the SEI model is
that most of them chose the cathode active materials which have good structural and thermal stability
(LiFePO4 or LiCoO2), and the cells were operated under mild operating conditions. In other words, the
performance of existing SEI models is not su�cient to predict current LiBs, including high-nickel active
materials such as LiNixCoyAlzO2 (NCA, x ≥ 0.8, x + y + z = 1) or LiNixCoyMnzO2 (NCM, x ≥ 0.6, x + y + z = 1).

Cases where LiBs are operated under severe conditions represent an even more di�cult problem.18

The use of high-nickel cathode materials is crucial for securing LiB systems with high energy density and
a competitive price, despite the fact that the structure of particles containing abundant nickel induces
additional degradation.4, 19 Thus, it is important to combine degradation of the SEI layer at the anode
with other degradation phenomena, that is, high-nickel active materials, in order to accurately predict the
lifetime of LiBs currently released on the market. Although there are various fundamental degradation
mechanisms that occur at the high-nickel cathode, particle cracking is the �nal outcome affecting poor
cycle performance.20 The cracks in cathode active materials lead to additional electrolyte decomposition,
which increases the resistance of the cell and decreases the conductivity because of newly created gaps
between broken particles.21, 22 Some research groups have modeled the degradation of high-Ni cathode
active materials,23–26 which we distinguish into two approaches: atomic and microscopic, as depicted in
Fig. S2. As an example of the atomic approach, Yang et al. demonstrated the defect-induced phase
transition through a �rst-principles calculation study.23 Das et al. proposed a model re�ecting rock-salt
structures, as well as the kinetics of the phase transformation.24 As for microscopic approaches, Zhang
et al. modeled the cracking process of a secondary particle according to the fracture energies,25 whereas
Moon et al. compared the amount of cathode active material forced between pristine and Mg-doped
surfaces.26 Although these studies analyzed how the crack growth in the cathode active material affects
capacity degradation, they did not determine the relationship between crack growth and LiB capacity loss
nor expand this point to the battery life prediction model.

In this study, we �rst propose a highly applicable battery life prediction model that couples the
degradation equations of cathode cracks and anode SEIs with an electrochemical model based on a
pseudo-2-dimensional (P2D) model. To verify the results simulated by our model, we compare them with
experimental data for more than 50 NCA 18650 cylindrical cells over 500 to 5,000 cycles at different DOD
and current rate (C-rate) conditions (see Experimental Methods in Supporting Information). Furthermore, a
few cells are operated under the actual conditions of energy storage systems (ESSs) and electric vehicles
(EVs) to validate the reliability of the proposed model, which attains a prediction error of less than 5 % in
all tests.

2. Results And Discussion
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Assuming that an air conditioning device would maintain the battery surroundings at room temperature
(25°C), C-rates of 0.5, 1, and 2C and DOD values of 10, 50, and 100% were set. These operating conditions
were derived by investigating the real conditions of ESSs and EVs. Cycle performance tests were
conducted until an accumulated capacity of 2,700 Ah, equal to 500 cycles of a 2.7 Ah LiB, when using its
full voltage range of 2.5–4.2. The accumulated capacity allows accurate comparisons in situations
where the same capacity is applied to batteries operated under different conditions. Figure 1a shows the
cycle life results of DOD 10, 50, and 100% under 0.5C charge and discharge, which indicate greater
capacity loss with a wider DOD range. Notably, the capacity loss due to a high C-rate over a narrow DOD
range was not high, whereas a high C-rate effect was observed over a broad DOD range (Fig. 1b and c).
The cross-sectional images taken from initial and cycled cells using ion milling equipment (Hitachi,
IM4000), revealed cracking of NCA particles during operation. In the wider range of DOD conditions, more
extensively cracked NCA primary particles were observed (Fig. 1a, - ). Moreover, substantial degradation
was observed at a high C-rate over a broad DOD range, e.g., 100%, whereas only minor degradation
occurred over a narrow DOD range (Fig. 1b and c, - ). These results imply that the cracking of high-nickel
active materials predominantly ascribes a used number of sites where lithium-ion can be located in active
material rather than intercalated or de-intercalated frequency of lithium-ions at speci�c sites.

To re�ect the cracking degradation of particles under speci�c conditions in our modeling process, cross-
sectional images of cycled active materials were analyzed using ImageJ software, which is an image
processing program. Each cross-sectional SEM image was �rst treated by the threshold method to extract
the desired particle by adjusting the digitized image containing under- or over-exposed pixels. The edge
�nding and outline process were followed by perimeter calculation. The computer-modi�ed images
provided quanti�ed values of crack area size. Figure 2 shows a 3D graph of the perimeter change at
DODs of 10, 50, and 100 and C-rates of 0.5C, 1C, and 2C. The normalized perimeter change was
calculated as the change in the value compared to the previous value. That is, the normalized perimeter
change is an index of the cracking impact under different operating conditions. In the case of this active
material, the normalized perimeter change depended more strongly on the DOD than the C-rate. Based on
the above investigation of the experimental results, the crack degradation equation for the high-nickel
active material was constructed as an applied form of the Arrhenius equation (Eq. 1), where “tc” is a
degradation factor adopting a power law relationship with time (t), Crate is the C-rate, N. Peri. Change is
the normalized cracked-perimeter of the particle, and k1, k2, and k3 are three �tting parameters.

As the cycle was repeated, the amount of degradation was summed and represented as a factor affecting
the electrical conductivity and resistance �lm of the active material.21, 22 Each value was formed using a
linear composite function, as indicated in Eqs. 2 and 3. os.crack is the effective conductivity of the cathode
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particle and R�lm.p is the effective resistance �lm of the cathode, which is affected by tc and correlated by
two �tting parameters (k4 and k5).

To con�rm the performance of our model, we compared its simulated capacity retention to the
experimental data and simulation results of two representative SEI models: an SEI model and a thermal
SEI model.14, 27 Fig. 3a displays the evaluated boundary conditions of the DOD and C-rate. Herein, four
vertex conditions were selected and compared; if these results were highly correlated with the
experimental results, the other conditions inside the quadrangle were highly likely to be closely correlated.
Consequently, the pre-reported SEI models and our developed model showed high prediction capability
under the conditions of DOD 10 and 0.5C (Fig. 3b). At a broader DOD range or higher C-rate, our model
guaranteed an average error of less than 5%, whereas the prediction rate of previous models was very low
(Fig. 3c-e). The above results indicate that the newly proposed model considering crack degradation is
highly practical for the battery life prediction of high-nickel cathode-based cells. In addition, three models
were simulated under arbitrary conditions (DOD 50 and 1C) to con�rm the validity of our model, which
con�rmed its higher prediction rate compared to previous models (Fig. 3f).

The performance of our developed model was veri�ed by simulations of the cells into real systems, i.e.,
ESSs and EVs. ESSs can overcome the time difference in their production and consumption or increase
the power quality, which is typically achieved by three operating scenarios: peak shaving (PS), renewable
integration (RI), and frequency regulation (FR).28, 29 PS was characterized by operation at a low rate of
approximately 0.5C (Fig. S3a) or less in all battery voltage ranges (3.0–4.4 V) (Fig. 4a) where the
simulation results were combined. The average error range of the voltage pro�le and the surface
temperature was within 1.15% and 0.6 ℃, respectively. RI, which stabilizes the intermittent power
generated by the sun or wind, operated at a very low rate of 0.2C or less (Fig. S3b), and the voltage was
swept at 3.74 V (Fig. 4b). As a result, the voltage error between the simulation and experiment was
approximately 0.75%. Finally, FR increased substantially with a high rate of approximately 2C and
operated over the entire voltage range with frequent current direction changes within a short time (Fig.
S3c and Fig. 4c). Our model simulated similar results to the experiments at all operating durations, with
no signi�cant differences in voltage or temperature.

In addition to the operating patterns for ESSs, two representative EV scenarios were simulated by our
model: the urban dynamometer driving schedule (UDDS) and the worldwide harmonized light vehicles
test procedure (WLTP).30 The UDDS had a dominant level of 0.5C and intermittently applied a C-rate
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range of 1 and 1.5, whereas the WLTP included a high C-rate of 2C at the end of the pattern to mimic high
car speeds (Fig. S4a, b). The simulated �uctuations of cell voltage and temperature under both scenarios
were well matched with the experimental data (Fig. 4d, e). To verify the feasibility of our battery life
prediction model, the error rates were compared between the simulated capacity retention of all results
and the one-year accumulated data. All error rates were within 5 % (Fig. 4f, g). These outcomes indicate
that our battery life prediction model, which re�ects the cracking of high-nickel active material and SEI
formation, is a strong candidate for accurately predicting LiB cycle lives under various operating
conditions.

3. Conclusions
In this study, we proposed an advanced battery life prediction model for LiBs that mimics two major types
of degradation: cracking of cathode materials and SEI formation. This model is termed the crack-
propagation-based battery life prediction model. The performance of our model was validated by
comparative studies with two previous representative battery life prediction models and a large amount
of experimental data. The greatest advantage of the newly developed model is its ability to predict not
only very complex �uctuations of voltage and temperature under random current or power conditions but
also the battery life over one year of operation with an error rate of only 5%. The model performance was
veri�ed for �ve scenarios: peak shaving, renewable integration, frequency regulation, the urban
dynamometer driving schedule, and the worldwide harmonized light vehicles test procedure. We believe
that the proposed crack-propagation-based battery life prediction model makes a signi�cant contribution
to battery life prediction for commercial LiBs and represents a basic model for physics-based battery life
prediction models.

4. Methods
Cell Tests. A total of 50 commercial NCA/graphite cylindrical cells (Samsung SDI, model INR 18650, 2.7
Ah nominal capacity) were used in this study. The cells were cycled in 32 channels in a PNE Solution
cycler (5.0 V/10.00 A, 1.00 A, 0.10 A) at various C-rates (0.5C, 1C, and 2C) and depth of discharge (DOD)
conditions (10, 50, and 100). All cell tests were performed in a temperature-controlled chamber (JSR
Cooled Incubator) at 25°C.

When the cells reached the same 2,700 Ah accumulated capacity, they were disassembled using a saw
blade (TOTAL) in a dry room (dew point − 40°C). Each positive electrode was �rst treated with dimethyl
carbonate (DMC) solvent to remove the lithium salt and placed in a vacuum chamber for over 8 hours.
Ion milling (Hitachi-IM4000 4k eV 40 min) was followed by scanning electron microscopy (SEM, Hitachi-
SU8020) to obtain a cross-sectional image of the cracking phenomenon.

Modeling: Thermal Coupled P2D, SEI Formation, and High-nickel Active Material Cracking. The governing
equations and boundary conditions for thermal phenomena must be included for predicting the
electrochemical performance of batteries in the energy storage system (ESS) and electric vehicle (EV).
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Therefore, we created an additional thermal model with another dimension (3D) and exchanged only
necessary values toward a pseudo-2-dimensional (P2D) model (Fig. S5 shows a schematic of the
developed model). The temperature change of the lithium-ion battery (LiB) was calculated based on the
3D thermal model and substituted into the P2D model; accordingly, the heat generation values calculated
from the P2D model were returned to the 3D thermal model. The results were derived from these repetitive
calculations.

In the electrochemical process, if a commercial LiB is not operated under severe working conditions (i.e.,
high voltage or high C-rate), the solid electrolyte interphase (SEI) layer degradation resulting from
expansion and contraction of the negative electrode volume is the main cause of capacity loss.31

Ekstrom and Lindbergh derived an aging model based on the contribution of SEI formation/growth with
four �tting parameters.14 Liang et al. then advanced this model by considering the thermal effect.27 This
SEI and thermal SEI models are simulated under different operating conditions in order to demonstrate
the advance of our new model and shown in Fig. 3 with the following notation: SEI model (15’) and
thermal SEI model (20’). In Ref. 14, the term iSEI (A/m2) represents the local current density for forming the
SEI layer on the anode surface; this degradation equation consists of two types of degradation dependent
variable, Kcrd, which re�ects the in�uence of SOC on anode expansion. The SEI degradation equation has
four �tting parameters (H, α, J, and f) where each �tting parameter has the advantage of expanding the
development of LiBs’ life prediction models. The calculated iSEI was substituted for the concentration of
the SEI layer (CSEI). The overvoltage (ηSEI) formed by the SEI layer affects the next local current density in
turn. Av is the speci�c surface area of the negative electrode surface, which can vary depending on the
state of charge (SOC).

Even though some studies have developed life prediction models that consider growth and formation of
the passive SEI layer, large errors existed between the simulations and experiments in speci�c sections.
Therefore, we additionally included the crack degradation phenomenon of the cathode active material in
the prior life prediction. The aim was to calculate the perimeter change of the cracked particle and
connect it to the loss of electric conductivity and increased resistance of the electrode (see main text for
details).
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Figure 1

(a-c) Cycling performance evaluated at different C-rate (0.5C and 2C) and DOD (10, 50, and 100)
conditions plotted against the accumulated capacity (approximately 500–5,000 cycles). ( - ) Cross-
sectional SEM images of cathode active material captured after an accumulated capacity of 2,700 Ah.

Figure 2

Processed images of cathode particles under different operating conditions (DOD 10, 50, and 100 and
0.5C, 1C, and 2C) with normalized perimeter change values (indicated in red color). And these values
(denoted as N. perimeter change) are used in 3D graph against the DOD and C-rate.
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Figure 3

(a) C-rate and DOD boundary conditions, and arbitrary point. (b-e) Capacity retention tested at four-point
boundary conditions; (b) DOD 10 (0.5C), (c) DOD 10 (2C), (d) DOD 100 (0.5C), (e) DOD 100 (2C), and (f)
arbitrary point (DOD50, 1C).
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Figure 4

Time-voltage and temperature history data based on three different ESS and EV operating scenarios: (a)
peak shaving (PS), (b) renewable integration (RI), and (c) frequency regulation (FR), provided by the Korea
Electric Power Corporation (KEPCO) research institute, and (d) the urban dynamometer driving schedule
(UDDS) and (e) the worldwide harmonized light vehicles test procedure (WLTP). (f, g) Capacity retention
over one year of ESS and EV operations.
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