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Abstract

The maximum energy that lithium-ion batteries can store decreases as they are used because of various
irreversible degradation mechanisms. Many models of degradation have been proposed in the literature,
sometimes with a small experimental data set for validation. However, a thorough comparison between
different model predictions is lacking, making it difficult to select modelling approaches which can explain
the degradation trends actually observed from data. Here various degradation models from literature are
implemented within a single particle model framework and their behaviour compared. It is shown that many
different models can be fitted to a small experimental data set. The interactions between different models
are simulated, showing how some of the models accelerate degradation in other models, altering the overall
degradation trend. The effects of operating conditions on the various degradation models is simulated. This
identifies which models are enhanced by which operating conditions and might therefore explain specific
degradation trends observed in data. Finally, it is shown how a combination of different models is needed
to capture different degradation trends observed in a large experimental data set. Vice versa, only a large
data set enables to properly select the models which best explain the observed degradation.
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1. Introduction

The amount of energy that a lithium-ion (Li-ion) battery can store decreases over its lifetime. This is
the result of various mechanical and electrochemical processes, many of which are influenced by operating
conditions. In order to predict the lifetime of a battery the sensitivity of degradation to different load profiles,
many models of degradation have been proposed. These can broadly be divided into three categories:

First, empirical models, i.e. parametric functions interpolating a data set from a large scale cycling
experiment. These can be very effective, but lack generality because they are only valid for the exact battery
chemistry and operating conditions tested in the experiment, and they may exhibit growing inaccuracy of
battery health predictions when used for long range extrapolation [1, 2, 3, 4, 5].

A second class are physical models. These are typically collections of partial differential equations de-
scribing the physical processes taking place in a battery. They are useful for gaining insight into possible
degradation mechanisms, and could be more robust than pure empirical approaches, but often are compu-
tationally complex, and have many parameters which may be unknown [3, 6, 7, 8, 9].

Finally, a more recent development are machine learning models. These are typically black box ap-
proaches, similar to the empirical approach, but with greater flexibility. They can be fast and accurate,
but require a large data set to be effective, and it is often difficult to interpret and explain their outcomes
[10, 11, 12, 13, 14].

To investigate the mechanisms of battery ageing, physical models are interesting because they offer a set
of testable hypotheses about the underlying reasons for degradation. However, because of the multitude of
processes taking place, and the complexity of each, simplifications have to be made, for example by ignoring
certain processes, in order to have a computationally tractable approach.

For a single mechanism, i.e. a physical process that causes battery degradation, multiple models, i.e. sets
of mathematical equations, have been proposed in the literature. Table 1 gives an overview of the different
models that have been proposed. Fig. 1 represents the various models graphically. Most studies only consider
a limited number of models describing a few mechanisms. This paper gives a comprehensive overview of
the wide range of existing models including specific case studies as examples. They have been implemented
here within a flexible modelling approach which allows one to assess their individual effects and interactions.
Finally, the impact of variable operating conditions on degradation, according to the different approaches,
is investigated, and also, the fitting of a large experimental data set using a combination of models and
mechanisms is demonstrated.

The focus of this paper is on lithium-ion chemistries with graphite negative electrodes. An open-access

version of the code used to simulate the results in this paper is available on GitHub [15].
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Figure 1: Graphical illustration of the various degradation mechanisms with typical equations modelling each mechanism.



Table 1: Overview of various degradation models grouped by physical degradation mechanism
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2. Methods

2.1. Battery model

Physical degradation models depend on the underlying physical states, such as lithium concentration at
various points in the battery. Therefore, a model is needed in order to calculate these states starting from
an initial condition and assuming a given load profile. Various physical battery models exist, depending on
the amount of detail they simulate and their computational complexity. One of the simplest such models is
the single particle model (SPM), which is relatively fast and can calculate the basic average physical states.
However, it can not simulate inhomogeneities and other local effects, for which more complex battery models
are needed. Although inhomogeneities can be important for degradation [49, 50, 51] the SPM was chosen to
keep the computational time manageable whilst still capturing the average degradation of an entire cell.

In this study, a negative current means the battery is charging, while a positive current discharges the
battery. The terms anode and negative electrode are used interchangeably in this paper, in the usual fashion.
Whilst this is correct for discharging, strictly speaking during charging the anode is the positive electrode
and the cathode is the negative electrode. The time dependency of most variables has been omitted in the
equations for simplicity.

The SPM is a basic ‘averaged’ electrochemical model of a lithium-ion battery where only solid state
diffusion transport and spatially uniform kinetics are accounted for. Each electrode is represented by a
sphere. In the sphere, the time-dependent molar lithium concentration c;(r,t) in mol/m? is calculated as
a function of radius r, where subscript i € {—, +} refers to the negative or positive electrode respectively.

Fick’s law of diffusion relates the time derivative to the gradient and the diffusion constant D;, (1),

dei(rt)  D; 0 (M) (1)

ot rZor or
At the centre of the sphere, the gradient has to be zero due to symmetry while at the surfaces, the gradient

is equal to the molar flux j; , which is related to the current density on that electrode i; via Faraday’s constant

F and the number of electrons participating in the reaction, n. Thus the boundary conditions are

Oci(r,t)
D or

D c;i(r,t)

o =—J)i=— = (3)

—R, nF ~ VianF"

The product of the electrode volume V; and the effective electrode surface area a; relates the current

density to the total battery current I. The specific surface area is a function of the radius of the particle R;



and the volume fraction of active material €; [36] according to

Ly (4)

i=3
a o

The main intercalation reaction happens at the surface of each sphere, and is assumed to follow Butler-

Volmer kinetics with a rate constant k;, a constant lithium concentration in the electrolyte c¢;, a transfer

max

coeflicient «, the maximum lithium concentration ¢***, and the ideal gas constant R, such that the current

density i; can be calculated from the overpotential 7; at a battery temperature T' [36] according to

(O ()] .

where ’L'i70 = ﬂFkZCl(R“ t)aCil_a (Cmax — C; (Rl, t))l_a . (6)

(3

Because temperature is a key determinant of the battery degradation rate, a lumped thermal model
was added to the SPM [52]. There are three heat sources, viz. ohmic heating due to the DC resistance of
the battery Rpatt, reaction heating due to the overpotentials, and entropic heating as given by the entropic

coeflicient of the battery a%g\/. Convective heat transfer to the environment at a temperature of Te,, with a

constant heat transfer coefficient h over a battery surface Apay; cools the battery, which has a heat capacity

of ¢, a density p, and a cell volume v. Thus,

o0CV
or

or
pvcpa = I2Rbatt + I (77ncg - npos) + Ir - h'Abatt (T - Tcnv) . (7)

Arrhenius relations with activation energies Ep ; and Ej ; are used to calculate the temperature depen-
dency of the diffusion and rate parameters starting from the reference values D! and ki*f at a reference

temperature 7", according to

Ep; (1 1
_ ref D,i
D; = Di®exp [ R (T - Tmf)] , (8)

By, (1 1
ref ki
ki = kz exp |: R <T — T‘ref>:| . (9)

2.2. Growth of the SEI layer and loss of lithium

Many researchers have argued that the most important lithium-ion battery degradation mechanism is the

growth of a passivation layer on the graphite electrode. Components of the electrolyte solvent are reduced at



the graphite surface in a reaction with lithium-ions and electrons from the electrode. The reaction products
deposit on the graphite forming the solid electrolyte interphase (SEI) layer [53, 54, 55]. Various reactions
have been suggested to occur (depending on the local voltage) [56, 57], but the reaction modelled by most

researchers is one between ethylene carbonate and lithium ions [29, 36],

2C3H,03 (1) +2e~ +2LiT == (CH,0CO,Li), () + CoHy (g). (10)

In general, two models have been suggested for this process. Some authors [36, 40] propose a kinetically
limited SEI growth model using a Tafel equation, with the exchange current density ip s as a fitting con-
stant. The overpotential for the SEI side reaction 7. is a function of the anode potential Vg, the anode
overpotential nneg, the equilibrium potential of the SEI growth reaction Viei, and the resistive voltage drop

across the existing SEI layer of thickness § and specific resistance rge;:

ankF
isei = 10,sei B sei | 11
o omon (220 "
Tlsei = Vneg + Mneg — Viei + Tsei6 1. (12)

Alternatively, others have suggested a model which includes the limitation caused by diffusion of the
electrolyte through the passivation layer [20, 24, 27, 37, 45, 46, 48]. By assuming a constant bulk concen-
tration of solvent cg puix and linear diffusion across the existing SEI layer with a diffusion constant Dse;, the
concentration at the reaction surface can be calculated. This equation can be substituted into the equation
for the exchange current density igsei = nFkseiCs(R;,t), where ke is the rate constant and cs(R;,t) is the
solvent concentration at the particle surface. This results in equation 13 for the SEI side current density,
which has one term in the denominator for the reaction kinetics and one for the solvent diffusion. If diffusion
is considered to be the rate limiting step, these models predict the typical square root dependency that is
often, but not always, seen in the capacity fade over time. If the reaction kinetics is the rate limiting step,
the model is very similar to the kinetically limited case. Between those extreme cases, there is a situation
where both diffusion and kinetics matter in a similar magnitude.

) Cs,bulk
lsei = 1 — 5 (13)

nFkgeieap(— S ngei ) T WFD.

The SEI side reaction and resulting passivation layer growth can have various effects on the battery. First

of all, the growth rate of the SEI layer increases linearly with the SEI side current density according to [36]
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where M is the molecular weight of the SEI layer and p is its density. Secondly, the side reaction consumes
Li-ions which can no longer participate in the main reaction (this is termed ‘loss of lithium inventory’, or
LLI). Therefore, the boundary condition for the lithium diffusion at the surface of the graphite has to be
changed to include this side reaction [36]. The lithium concentration gradient at the negative particle surface
becomes a function of the main current density on the negative electrode i,.s and SEI side reaction current
density ige; according to
OCneg (1, 1) lneg s

D—m= = - . 15
or R nF  nF (15)

Thirdly, the SEI layer can block some of the pores of the graphite electrode, resulting in parts of the active
material in the electrode no longer being accessible, which increases the current density on the remaining
active material. In the single particle model, this can be achieved in an average sense by decreasing the volume
fraction of negative active material €,cq, which will increase the current density according to equations 3 and
4. The equations proposed for pore clogging suggest that the decrease rate of volume fraction of negative
active material is a linear function of the SEI side reaction current density [17, 48], with a fitting constant

1, according to

86neg

ot

= —B1isei- (16)

Others have argued that the decrease in porosity should affect the diffusion and rate constants also [45],

but this is not included here.

2.8. Surface cracking

When Li-ions are intercalated, most electrode materials expand, and they subsequently contract on
deintercalation. These volume expansion-contraction cycles lead to alternating stresses in the electrodes,
which in turn causes crack propagation and material fatigue. When cracks appear at the surface of the
electrode, they increase the surface area on which the SEI layer can grow, leading to more loss of cyclable
lithium.

To model this, Laresgoiti et al. [31] started with a physical model of the stress and strain in spherical
graphite particles and the SEI layer surrounding them, before simplifying it to a correlation between surface

concentration and stress. They then used Wohler curves with slope m; to relate the number of cycles to



failure to the stress variation during a cycle (0max — Omin) relative to the maximum yield strength Oyield-
Wohler curves are the result of statistical analysis of metal fatigue [58], and as such the value of m; is
determined by fitting the simulation to experimental data. The yield strength is a material property but
is treated as a fitting parameter due to a lack of experiments to measure it. Assuming a linear damage
accumulation, Laresgoiti et al. related the lost charge capacity Qost per cycle N to this mean stress with a

fitting parameter (s, according to

1

os Omax — Omin | !
e _ (s ) i

N Oyield

Alternatively, Deshpande et al. [23] started from a physical stress model, which they then simplified to
a quadratic relation between the increase in crack surface area A and the concentration swing over that
cycle, with fitting parameter $3. The concentration swing is the difference between the highest and lowest
Li-fractions = during the cycle. The Li-fraction is the lithium concentration relative to the maximum lithium

concentration x = ¢;/c***. Thus,

OAcr
ON

= ﬂd (fmax - xmin)2 . (].8)

Others follow a more empirical approach. Barai et al. [18] assume that crack growth increases expo-
nentially with charge throughput until it plateaus at a (constant) maximum crack surface area Apax. This
means that the time derivative of the crack surface area is proportional to the existing crack surface area

and the absolute value of the current with a fitting constant 4. They argue that these cracks also increase

the tortuosity, resulting in a decreasing effective diffusion constant foefg with a fitting parameter B5. This
can be expressed as
0A
atcr = ﬁ4 (Amax - Acr) |I|; (19)
A Bs
ff
DER = Dieg (1 - = ) : (20)
max

Ekstrom et al. and Kindermann et al. [24, 28] assumed that additional SEI growth due to crack growth
could be simulated by a second side reaction current which follows a Tafel equation. The difference compared
to the original SEI side reaction is that the rate constant of the crack growth reaction k.. is a function of

the Li-fraction @,eg, to represent the phase transitions in the graphite. Thus the side reaction current is

ank'

icr = ancr(xneg)eXp (Mn88i> . (21)



2.4. Loss of active material

The previous section was about cracks initiating at electrode surfaces and growing. Similar underlying
physical phenomena (such as alternating stresses) can also lead to cracks forming within electrodes. This
can cause loss of electrical contact, and a reduction of the usable active material.

Several researchers have developed mechanical stress models for spherical particles of radius Ry [59, 60,
61, 62, 63]. They all arrive at similar equations for the radial stress o, and the tangential stress o; at
radius r, where €2 is the partial molar volume, E is the Young’s modulus, v is the Poisson’s ratio, c is the
Li-concentration as a function of the radius and ¢ is a dummy integration variable. The equations for radial

and tangential stress, respectively, are

QF fo P
mm=£§m<%4 mvw—;édmnﬁ, (22

Ro r
oi(r) = 3(??”) (RQS/O c(r)r?dr + 7"%/0 c(¢)¢3d¢ - c) . (23)

The radial and tangential stress can be combined into the hydrostatic stress oy, given by

or(r) + 204(r) .

- (24)

(Th(T') =

These authors did not link this stress to a degradation effect, but the previous section provided many
correlations between stress and crack growth. Because the underlying principles are the same, these corre-
lations can also be used to calculate the loss of active material (LAM) in the electrodes. The LAM can be

simulated by decreasing the volume fraction of active material € according to

1

Oe Oh,max — Oh,min ™2
— =0 (,a,) ; (25)

ot Oyield
which is similar to equation 17. This will increase the current density on the remaining active material
according to equations 3 and 4 and therefore decrease the capacity of the cell. As before, the parameters g,
ma, and oyicq are fitting parameters.
Delacourt and Safari [21] made an empirical model where the volume fraction decreases as a function of

the current density ¢ according to

o = Bl + BT, (26)

with fitting parameters ; and fs, which are temperature dependent. Jin et al. [26] used a similar

10



equation but with g = 0.

Narayanrao et al. [35] modelled LAM by decreasing the specific surface area a directly rather than
decreasing the volume fraction ¢, which indirectly achieves the same effect, namely increasing the current
density on the remaining active material as given by equations 3 and 4. They assumed that the effective
surface area decreases proportionally to itself with rate constant 89, according to

da

- —Boa. (27)

Kindermann et al. [28] modelled cathode dissolution rather than stress-based loss of active material.
They assumed this process is inversely proportional to the maximum Li-concentration per unit of surface
area ¢ = ¢"™; where [; is the electrode thickness. They further assume dissolution has Tafel kinetics
with a constant exchange current density %9 giss and overpotential ngiss, which is calculated similarly to the
overpotential for the SEI side reaction given by equation 12. The resulting equation is

Depos  10,disseXD (B Tdiss )

ot nFq ' (28)

2.5. Lithium plating

Li-ions can be deposited as metallic lithium instead of intercalating in the electrodes, leading to loss of
cyclable lithium and of capacity, as well as possible safety issues. Most researchers suggest that this process
follows standard Butler-Volmer or Tafel kinetcs [19, 25, 32, 48]. The degradation effects of the plating side
reaction current i, are exactly the same as for the SEI growth side reaction in terms of growing a layer
and clogging the anode pores. It has been shown that the plated lithium can be partially re-inserted in the
electrode, thus recovering the lost capacity [64], but this is not included in the model. The equations used

to describe lithium plating are very similar to the kinetically limited SEI growth model, namely

. . ankF
ipl = G0, pl€Xp (RTW) , (29)
Tlpl = Vncg + Theg — Vpl + Tsci(§]~ (30)

2.6. Other degradation mechanisms

Various other degradation mechanisms exist, such as electrolyte drying, gas formation, current collector
corrosion, etc. [65]. They are not implemented in this model at this stage due to lack of agreement in the

literature regarding their implementation.

11



2.7. Model implementation and solution

The diffusion equation was discretised in space using Chebyshev collocation [66]. The battery and
degradation models were then formulated as a state space model, with the load current as input and the
outputs as the derivatives of all the states. Forward Euler time integration was used to solve this equation
system over time.

A challenge with implementing some of these degradation models is that they depend on cycle count
rather than time. In degradation experiments with well defined cycles, this might be possible. But when
real-life battery usage is predicted, it is very difficult to define what a single cycle means. Some researchers
have used rainflow counting to solve this problem [1, 67], but so far experimental proof that this is justified
is lacking. For the purpose of this work, it was assumed that there is a linear relationship between the cycle
count and calendar time in order to make the results more general without deviating too much from the
original models.

Similarly, some other models had to be adapted to fit in the framework of this work. The Li-fraction
evolves monotonically during a half cycle so equation 18 can be approximated by using the difference in
Li-fraction between the previous and present time steps, which will give the difference between minimum
and maximum values over the entire cycle. A similar approach was followed for equation 17, where it was
additionally assumed that the effect was to increase the crack surface area A, rather than directly decreasing
the capacity. The full implementation of the code is available on GitHub [15].

For the rest of this paper, capacity is defined as the charge accessible in a cell between the allowed voltage
limits. In the experiments, it is measured by integrating the current while charging the cell from its lower
voltage limit to the maximum voltage with a CC CV current. In the simulations, the same CC CV charge
between the same voltage limits is simulated and the simulated capacity is then the integral of the current
during this charge. Both in the experiments and simulations, a such capacity check is done after a predefined

number of cycles.

3. Results and discussion

3.1. Degradation data and parameter fitting

The simulations according to the various models are now compared with experimental data from two
cells. A small number of degradation experiments had been conducted by various partners in the Everlasting
project [68] using a high-energy LG Chem NMC 18650 cell (INR18650 MJ1, [69]). This cell was cycled with
a constant current, both on charge and on discharge, at 25°C. This was done between 10 and 90% state of

charge (SoC). The data used in this paper is from a cell which was charged at 1C and discharged at 1.5C.

12



A larger degradation experiment had been conducted by various partners in the Mat4Bat project [70] us-
ing a high power Kokam NMC prismatic cell (SLPB78205130H, [71]). These cells were cycled with a constant
current and constant voltage charge, and a constant current discharge. This was at various temperatures,
and between various SoC windows [3].

The parameters of the SPM were fitted twice, once for each cell type. This was done manually by
comparing the simulated and measured voltage during charging and discharging at various currents. The
fitting parameters of the degradation models were set differently for every result shown below in order to
match the simulations with the data. For example, when only SEI growth is considered, the values of the
diffusion constant Dggr and the exchange current density ig si Were set such that the predicted degradation
matched the data. When later SEI growth was combined with other degradation mechanisms, such as surface
cracking, the diffusion constant and exchange current density were changed such that the total predicted

degradation fitted the data.

3.2. Classification of degradation models

Three basic trends can be observed within existing lithium-ion battery degradation data sets. Some
types of cells degrade faster at the start of life and their degradation rate decreases later in life [72, 73].
The degradation behaviour of other cells is more linear with time, with rate of capacity decrease being
approximately constant for a fixed usage pattern [74, 75]. Other cells show an accelerating degradation,
especially towards the end of their lifetime when the capacity suddenly decreases very strongly [48, 76, 77].
Sometimes, different operating conditions can lead to different degradation trends for the same cell type.

The degradation model equations previously introduced determine the trend of degradation over time and
with usage. The kinetically limited SEI growth model (equation 11) will produce a constant capacity fade for
fixed usage because the magnitude of the side reaction current is broadly independent of the past degradation.
On the other hand, the diffusion limited SEI growth model (equation 13) will predict a decreasing rate of
degradation for fixed usage because the magnitude of the side reaction current is inversely proportional to
past degradation, represented by the thickness of the existing SEI layer §, which will produce a square root
of time dependency.

Laresgoiti’s model for surface cracking (equation 17) will give a constant degradation trend because the
stress is not affected by previous crack growth. The same applies for Deshpande’s model (equation 18).
Barai’s crack growth model (equation 19) will give a decreasing trend because the bigger the crack surface,
the smaller the remaining possible active area for crack growth Ap.x — Aer. Ekstrom’s model (equation 21)
will result in a constant degradation trend for the same reason as the kinetically limited SEI growth model.

There is more variability in the effects of the models for loss of active material. The physical stress model

13



from Dai et al. coupled with a proportional degradation model from Laresgoiti et al. (equations 22 to 25)
will give a strongly accelerating degradation trend with time, because the more active material is lost, the
higher the current density, the higher the Li-concentration gradients, the higher the stress, and the higher the
decrease in porosity. For similar reasons, Delacourt’s model (equation 26) will also give an increasing trend
but according to a square root. On the other hand, Narayanrao’s loss of active material model (equation
27) will give an exponentially decreasing trend because the smaller the effective surface a, the less it will
decrease. Kindermann’s model for electrode dissolution (equation 28) will give a constant degradation rate,
just like kinetically limited SEI growth. Finally, the Li-plating model (equation 29) predicts a more or less
constant degradation rate, because the rate of lithium plating does not depend on the previous amount of
plated lithium.

As an example, Fig. 2 shows the different models classified by the trends they predict, along with a
data set for each trend. None of the surface crack growth models are included because surface cracks don’t
decrease the capacity on their own. They only enlarge the surface area, and it is the SEI growth on this
additional surface which will cause extra degradation. Therefore, crack growth models only cause extra
degradation when they are combined with a model for SEI growth. It should be noted that the different
trends can be difficult to see in the simulation results of Fig. 2 because in some cases the rate of change
of the gradient is very gradual within the window shown. For instance, the capacity loss according to an
exponential process is more or less linear at the start of the battery life (since y = e %7 ~ 1 —t/7 for
large 7 and small ). Some exponential processes can decrease the capacity very suddenly, as is the case for
Delacourt’s LAM model. At the last successful capacity check in the simulation, the cell still had about 70%

remaining capacity but then the cell degraded very quickly until it had no more remaining capacity.

3.8. Combined models

Fig. 3 shows an example set of results when an SEI growth model is combined with one other degradation
model. As explained in the section on degradation data and parameter fitting, the parameters for the
degradation models were set differently for every combination of models in order to give a best fit against
the available data. For reference, the solid lines show the degradation according to the SEI model alone; each
different colour represents a different value of the diffusion constant and/or exchange current density in the
model. The dashed and dotted lines give combinations of SEI models with one other model, as indicated,
such that the difference between the dashed/dotted and solid lines represents the additional degradation due
to the second degradation model. The data and load cycles are the same as for Fig. 3.

The combination of a diffusion limited SEI growth model (which results in decelerating degradation over

time) with another decelerating or linear degradation model produces a decreasing trend over time. Combin-
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Figure 2: Basic degradation trends of the individual degradation models. The black markers are experimental results as
described in the section about degradation data, while the lines are the simulations according to the various models. (a)
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ing a diffusion limited SEI model with an accelerating degradation model produces a constant degradation
rate if the rates of acceleration and deceleration are similar. The same effect also results from combining two
models each having a constant degradation rate. Adding an accelerating degradation model to a kinetically
limited SEI growth model produces an accelerating trend. The crack growth models are a slight exception:
the SEI layer grows on the total electrode surface area, implying that the degradation rate is proportional
to the integral of the crack growth rate. Therefore, a crack growth model with a constant crack growth rate
will give an increasing degradation trend.

When implementing the combination of two models, it is important to include the feedback mecha-
nisms between them. For instance, if the active material of the graphite electrode decreases due to a LAM
degradation model, the current density for the same applied current will increase. This will lead to higher
overpotentials, which will enhance the SEI growth if a kinetically limited SEI growth model is used. This
effect is shown on Fig. 4, with Fig. 4(a) indicating the SEI layer thickness and Fig. 4(b) indicating the
electrode surface area. The blue area shows the model results when only the SEI growth is modelled; as
can be seen the electrode surface area does not change in this scenario, and the layer thickness grows almost
linearly with cycling assuming it is only kinetically limited. The yellow area shows the increase in the SEI
layer growth and surface area respectively when LAM is modelled alongside SEI growth. Although the LAM
model alone produces a constant degradation rate, when combined with the SEI growth model it results
in an accelerating growth rate. This is for the same reason as for crack growth described in the previous
paragraph: the SEI growth rate is proportional to the total active material, which is linearly increasing, not
to the rate at which this material is lost, which is constant. Note that this feedback mechanism does not
exist when a purely diffusion limited SEI growth model is used because in that case, higher overpotentials
do not lead to higher SEI growth rates. There are other similar cases, e.g. when the diffusion constant is
reduced due to crack growth as given by equation 20 and active material is lost due to a physical stress
model which is given by equations 22 to 25.

Negative feedback also exists, for example between kinetically limited SEI growth and Li-plating. Both
models remove cyclable lithium, which increases the anode potential, while both are enhanced by lower
voltages with respect to Li. This means that if there is more/less SEI growth, the anode potential is
higher/lower and there will be less/more Li-plating.

Finally, either electrode can be limiting. For example, Kindermann’s degradation model, given by equa-
tion 28, acts on the cathode, while the SEI growth models decrease the anode capacity by removing Li-ions
irreversibly. If the SEI model is dominant, the capacity is limited by the anode, and adding Kindermann’s

degradation model will have no effect on the overall capacity and vice versa.
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3.4. Dependence of degradation on usage

It is well known that battery degradation is influenced by operational usage factors such as current, SoC
and temperature [1, 4]. The different models of degradation respond very differently to varying operating
conditions, as shown in Fig. 5.

The kinetically limited SEI growth model predicts increased degradation at high current, high SoC and
high temperature, especially if the temperature dependency of the rate constant is explicitly considered,
similar to equation 9. The diffusion limited SEI growth model is however independent of current and SoC
and will only give higher degradation at higher temperature, again on the condition that the temperature
dependency of the diffusion constant is considered, similar to equation 8. Therefore, in the case of diffusion
limited SEI growth, the degradation of all cycles with the same temperatures maps onto a single line if
plotted against time on the x-axis. However, the x-axis of Fig. 5 is ‘full equivalent cycles’ (FEC), which is
the total charge throughput divided by twice the nominal cell capacity. Because the different cycles take
different amounts of time, the prediction does not map to a single line per temperature. This shows how
changing the independent variable can reveal different trends in degradation data, which might be useful to
identify which degradation models fit the data best.

There is a large difference between the results of the various models for crack growth as well as between the
various models for LAM. The most important difference is how much the stress is affected by they change of
the diffusion constant due to changing temperatures. Lower temperatures and corresponding lower diffusion
constants will always lead to larger spatial concentration gradients inside the active material, as well as to

faster concentration swings on the surface of the electrode. Desphande’s crack growth model and Dai’s LAM
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Figure 5: Dependencies of the various degradation models on usage. Each subplot gives the predictions according to one model,
with the exception of the crack growth models which are combined with a diffusion limited SEI growth model. Discharge is at
1C, and charging is CC CV at various currents indicated by the legend. Ambient temperatures and SoC windows are indicated
in the legend too. (a) Kinetically limited SEI growth, equation 11; (b) Diffusion limited SEI growth, equation 13; (c) Dai +
Laresgoiti LAM, equations 22 to 25; (d) Delacourt LAM, equation 26; (e) Kindermann LAM, equation 28; (f) Narayanrao LAM,
equation 27; (g) Li-plating, equation 29; (h) Diffusion limited SEI growth + Deshpande crack growth, 18; (i) Diffusion limited
SEI growth + Laresgoiti crack growth, equation 17; (j) Diffusion limited SEI growth + Barai crack growth, 19; (k) Diffusion
limited SEI growth + Ekstrom crack growth, equation 21.
model, respectively equations 18 and 22 to 25, are more sensitive to this than Laresgoiti’s crack growth model
(equation 17). Other models are independent of any operating condition, such as Narayanrao’s LAM model
(equation 27). Such models will predict identical degradation for all cycles of the same temperature, but
because the independent variable is FEC instead of time, the degradation for each cycle looks different. The
more empirical models such as equations 19 and 26 typically only depend on the current and temperature,
and given that the independent variable is proportional to the charge throughput, this means all predictions
for the same temperature map almost to a single line. The models using Tafel equations (equations 21, 28
and 29) have the same dependencies as the kinetically limited SEI growth model although the temperature
dependency of equations 21 and 29 is negative instead of positive.

Fig. 6 demonstrates how a combination of various models can generalise to match most of the trends
observable in the large data set recorded for the Kokam cell. The generalised model illustrated here is a

combination of diffusion limited SEI (equation 13), Delacourt’s LAM model (equation 26), Kindermann’s

model for cathode dissolution (equation 28) and Yang’s model for Li-plating (equation 29). All the models
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Figure 6: Degradation predictions for various cycling regimes, comparing a generalised model (lines) vs. measured degradation
data from Kokam cells with the same cycling regimes as in Fig. 5 (circles for 3C data, asterisks for 1C data). The generalised
model combines a diffusion limited SEI model, Delacourt’s LAM model, Kindermann’s model for cathode dissolution and Yang’s
model of Li-plating.

interact with each other as explained previously. A best fit of this generalised model is shown across the
entire experimental data set. The Li-plating model ensures the rapid degradation at low temperature is
captured, but fails to capture the later decreasing degradation trend fast enough. It is unclear why this
happens, but probably some negative feedback mechanism prevents further plating in the real cell, which is
not included in the model. The cathode dissolution model explains the degradation for cycles at high SoC

windows, and the combination of the SEI layer growth model and loss of active material model explains the

remaining degradation trends.

4. Conclusions

In this work, many different physical degradation models from literature were implemented within a
single particle model framework. When looking at the partial differential equations of the models, it is
straightforward to identify the basic degradation trend that each will predict: a decreasing, constant, or
increasing degradation rate.

Combining two degradation models might result in a different degradation trend. For instance the
combination of one model with decreasing and one with increasing degradation trends can result in a constant
degradation rate. However, feedback mechanisms between the models might alter the trends that would
normally be expected. For instance, the positive feedback between a kinetically limited SEI growth model
and a LAM model, both of which have a constant degradation trends, results in an increasing trend. Also
negative feedback mechanisms exist, for instance between lithium plating and kinetically limited SEI growth.

When considering a small degradation data set, it might seem as if all the models behave similarly
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and all can predict the observed degradation. But when variable cycling conditions are simulated, the
differences between the models become apparent. Fitting a large data set requires multiple degradation
models to capture the different degradation trends observed for different operating conditions. Therefore,
when deciding which degradation model to choose to explain a given data set, or to determine how accurate a
model might be, the largest data set possible should be used, and extremes of behaviour should be captured
in addition to normal behaviour. It is insufficient to compare the simulations with data for only a few cycling

regimes.
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