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Abstract—Battery ageing is one of the main concerns in most
battery applications. To reduce this degradation rate, it is key
to understand how batteries age. However, the diagnosis of
battery ageing is very challenging due to the little information
that can be obtained without disassembling the battery cells.
This paper presents a tool for battery degradation diagnosis.
By a multi-objective optimisation algorithm, the tool estimates
three degradation modes that lead to capacity fade: the loss of
active material (LAM) of each electrode, and the loss of lithium
inventory (LLI). The stepwise methodology tool is exposed and
proved on three different degradation scenarios and battery cell
chemistries. Two of the scenarios were simulated using a physics-
based model (PBM), and the other scenario was obtained from an
experimental degradation study. The results demonstrate accu-
racy and robustness of the tool while offering great simplicity and
intuitiveness compared to other tools reported in the literature.

Index Terms—Degradation modes, battery ageing diagnosis,
open-circuit-potential OCP, differential voltage analysis.

I. INTRODUCTION

Battery systems, particularly those integrating Lithium-ion
cells, are deeply reliant on their performance and degradation
attributes, which are subject to influence from variables such
as usage patterns and environmental conditions [1]. Accurate
diagnosis of battery degradation holds paramount importance
for the efficient management of energy across diverse power
sources, thereby facilitating informed decisions concerning
safe utilisation and potential re-usability [2]. This underscores
the critical need for conducting comprehensive health assess-
ments during their useful life.

The estimation of lithium-ion battery degradation is a chal-
lenging research topic due to the complex nature of several
degradation mechanisms that can occur inside battery cells
[3]. Most common methods for estimating degradation are
the capacity fade analysis and internal resistance measurement
[4]. The state-of-health (SOH) of a battery or cell is usually
calculated as the ratio of the actual cell capacity (measured
under the specified protocol by the manufacturer) and the

nominal cell capacity, which represents the fraction of the
actual battery capacity against its nominal value. However, this
capacity value is not completely representative of the actual
health of the components of the battery. Different studies
showed that capacity fade and internal resistance increase,
which are the most monitored effects, may only be the tip
of the iceberg of the degradation matrix [4], [5], since they
may not show the actual amount of ageing that the battery
has suffered.

Several degradation mechanisms could happen simultane-
ously during degradation of battery cells [3], but all these
mechanisms can be grouped into three main degradation
modes depending on how the mechanisms affect the ther-
modynamic behavior of the cell [5], [6]: LAM of both
electrodes and LLI. Various authors have classified numerous
degradation mechanisms using degradation modes [3], [6],
[7]. The estimation of specific degradation mechanisms would
be extremely challenging, if not impossible, using current
and voltage measurements. However, since these degradation
modes directly affect the open-circuit voltage (OCV) of the
cell [5], [6], the estimation of these modes is more tractable,
and could give more insight about battery aging than just a
capacity loss value.

In response to this, a tool that provides further information
on battery degradation modes is needed. Different tools have
been presented in the literature. Birkl et al. [6] conducted
degradation mode estimation by means of OCV fitting. On
the other hand, Wu et al. [8] presented a tool to estimate
degradation modes by assigning the observed incremental
capacity (dQ/dV) and differential voltage (dV/dQ) peaks to
each of the electrodes. Both tools present precise results in
their own, but may miss in each other considerations. Also,
they lack on intuitiveness, ease of use and robustness, as they
do not present results for different Li-ion chemistries.

Both authors presented above exhibit the fact that the OCV
is the combination of the open-circuit-potential (OCP) of the



positive and negative electrodes within their stoichiometry
limits between 100 % and 0 % SOC. The stoichiometry
is defined as the ratio between the lithium concentration
intercalated in an active material particle, and the maximum
theoretical lithium concentration that the material can embrace.
Figure 1 shows the relation between the OCV of the cell
and the OCPs of the electrodes. As shown, the OCV/capacity
relation of the cell comes from the combination of the OCPs
of the electrodes. When batteries age, the relation between
OCPs change, since the electrodes can lose capacity due to
LAM and there might occur a shift between both electrodes
due to LLI [5], [6].

The OCP refers to the active material potential considering
a Li/Li+ reference electrode when the current flowing is null.
OCV varies as a function of different conditions, but mainly
as a function of the state-of-charge (SOC). On the other
hand, OCP is dependant on the state-of-lithiation (SOL) of
the electrode. When charging a battery cell, positive electrode
is delithiated while negative electrode is lithiated and vice
versa for discharging. When a battery cell is manufactured,
the capacity of the electrodes is larger than the cell capacity
itself, meaning that the SOC window is placed somewhere
inside the SOL window of the electrodes.

a)

b)

c)

Fig. 1. OCV-OCP relation of a NMC cell: a) positive electrode OCP and
differential voltage curve, b) cell OCV and differential voltage curve, c)
negative electrode OCP and differential voltage curve

Hence, the OCV can be calculated as:

OCV = OCP p(θp)−OCPn(θn) . (1)

Where OCP p and OCPn stand for positive and negative
electrode potentials at open-circuit. θp and θn refer to the
stoichiometry of each electrode.

In this paper, a tool capable of estimating Li-ion battery
degradation modes is presented. The core of the tool is
a multi-objective optimisation algorithm. It considers both
OCV error minimisation and differential voltage (dV/dQ) error

minimisation between estimated and real curves, finding the
optimal point in the Pareto front. The main strengths of the
developed tool are:

• Intuitiveness and ease of use.
• Precision.
• Robustness, as it works well in different cell chemistries.
• Low computational cost.
The paper is organised as follows. In Section II, the

methodology of the developed tool is explained. The results
are illustrated and discussed in Section III. Finally, the main
conclusions of the study are presented in Section IV.

II. TOOL DESCRIPTION

The developed tool performs a multi-objective optimisation
using a genetic algorithm (GA). Genetic algorithm is an
heuristic approach that seeks the minimisation of the objective
function by evolving a population of randomly generated
individuals through an iterative process. Hence, the algorithm
can be iterated continuously until a sufficiently accurate value
is obtained or error threshold is reached. First, the tool
obtains the stoichiometry values at 100 % and 0 % SOC
for the beginning-of-life (BOL) OCV. Later, the constraints
for the optimisation of the aged cell are calculated based
on the BOL optimisation results. Then, the optimisation for
the aged cell is computed, so, two optimisation processes
are concatenated. Finally, from the results obtained at both
optimisation processes the degradation modes are calculated.

The inputs for the tool are the following:
• BOL OCV containing voltage, capacity and SOC data.
• BOL OCP containing potential, capacity and SOL data.
• Scaling information: Electrode size data or reconstructed

cell capacity.
• Aged OCV containing voltage, capacity and SOC data.

The outputs of the tool are the following:
• 100 % and 0 % SOC stoichiometries of both electrodes

at BOL and for the aged cell.
• Loss-of-active-material (LAM) of each electrode.
• Loss-of-lithium-inventory (LLI).

A. Half-cell scaling

As mentioned above, the cell OCV is obtained by sub-
tracting the negative electrode OCP to the positive electrode
OCP within their stoichiometry values between 100 % and
0% SOC, as shown in equation (1). The OCV curves can
be obtained by applying techniques as quasi-static voltage
measurement or voltage relaxation in the full commercial or
prototyped cell. However, the obtention of the OCP of each
electrode is not as immediate as obtaining the OCV. To obtain
the OCPs of the electrodes, reconstructed cells are usually
built using a small portion of the electrode. An example of
this methodology is explained in [10]. Different experimental
approaches exist, being the most commonly used the coin
half-cell (facing up the electrode to a lithium metal foil)
[10] and the three-electrode cell (facing up the electrode to
a lithium metal foil and including a lithium metal reference



RMSE = 0.64 mV/Ah

RMSE = 0.15 mV
RMSE = 0.30 mV

RMSE = 0.47 mV/Ah

a)

b)

c)

d)

Fig. 2. NMC cell [9] results: BOL optimisation a) OCV and b) dV/dQ fitting results, aged cell optimisation c) OCV and d) dV/dQ fitting results.

electrode) [11]. Preferably, the applied cycling protocol (quasi-
static voltage measurement or voltage relaxation) should be the
same as in the full cell (scaling the analysed cell capacity).
Once the OCPs of the coin cells are acquired, they have to be
scaled to the original cell dimensions, increasing its capacity
as in Figure 3. The tool admits two ways of scaling techniques
chosen by the user: by capacity or by electrochemically active
area.

a)

b)

Fig. 3. Kokam, reference SLPB554374H coin-cell scaling [10]: a) recon-
structed electrode curves, b) OCP and OCV curves at full-size scale

The first method uses the reconstructed cell level electrode
area and the full-size cell electrode area to obtain the scaling
factor as

Qr = Qr
rec

Ar

Ar
rec

, (2)

where Qr stands for the electrode capacity in the commercial
cell scale, Qr

rec for the electrode capacity in the coin cell scale,
and Ar and Ar

rec for the electrode area in the commercial cell
and the reconstructed cell, respectively. To apply this method,
the thicknesses of the electrodes need to be the same in both
commercial cell and reconstructed cell and their dimensions
need to be measured precisely. As the reconstructed electrodes
are the same, the thickness criteria is fulfilled. The calculation
of the electrochemically active area on both, reconstructed and
commercial cell, is not straightforward (although it should).
In reconstructed small cells, the electrode positioning when
producing a coin or three-electrode cell might affect this area.
Also, in big commercial or prototype cells the quantification
or this area should be very precise to obtain accurate scaling
results.

The second method requires an extra full reconstructed cell
(in addition to half-cells) to perform the scaling. When using
this full reconstructed cell, having the same electrochemically
active area of each half-cell, the scaling rate is more direct (and
considers other factors through the reconstruction process,
such as the use of different separator or electrolyte, that the
first method do not). This method compares reconstructed full
cell capacity and full-size cell capacity to obtain the electrode
capacity in the full-size cell scale as

Qr = Qr
rec

Q

Qrec
, (3)

where Q is the full-size cell capacity and Qrec is the recon-
structed cell capacity. Both methods are consistent and should
present very similar results.

B. Optimisation algorithm
The next step of the optimisation process is the core of the

developed tool. To estimate the degradation modes, 100 % and



RMSE = 0.97 mV/Ah RMSE = 0.55 mV/Ah

RMSE = 8.30 mV RMSE = 8.70 mV

a)

b)

c)

d)

Fig. 4. LFP cell [12] [13] results: BOL optimisation a) OCV and b) dV/dQ fitting results, aged cell optimisation c) OCV and d) dV/dQ fitting results.

0 % SOC stoichiometry values at BOL and for the aged cell
are needed. The optimisation procedure for both conditions is
the same. The parameters to optimise are:

• Upper stoichiometry capacity value
[Qn(θn100), [Q

p(θp100)].
• Electrode capacity variation coefficients [αn, αp]

The optimisation process is limited by physical constraints.
Upper stoichiometry capacity value cannot be lower than 0
nor a capacity value that makes the remaining capacity in the
electrode between the 100 % and 0 % SOC stoichiometries to
be lower than the cell capacity. Electrode capacity coefficient
cannot make the electrode capacity to be lower than the actual
cell capacity and can go as high as the total electrode capacity.
Therefore, the optimisation global constraints at BOL are
calculated as:

0 ≤ Qr
BOL(θ

r
100) ≤ Qr −Q , (4)

Q

Qr
≤ αr

BOL ≤ 1 . (5)

As stated above, aged optimisation maximum constraints
may be different to BOL constraints, as they depend on
the result of BOL optimisation. Upper stoichiometry capacity
value and maximum capacity coefficient constraints for the
aged cell optimisation are redefined as follows:

0 ≤ Qr
a(θ

r
100) ≤ Qr

BOL −Q (6)

Q

Qr
≤ αr

a ≤ Q

Qr
BOL

(7)

To keep the capacity of the electrodes above the capacity
of the cell, a nonlinear inequality constraint is added in both
optimisations as

αrQr −Qr(θr100) ≥ Q . (8)

The lower stoichiometry capacity value is obtained as
follows either for the BOL or for the aged cell:

Qr(θr0) = Qr(θr100) +Q . (9)

The OCP of each electrode is calculated as:

OCP r(θr) = OCP r(Qr(θr100), Q
r(θr0)) (10)

From the calculated OCP curves, OCV is calculated as in
equation 1, and the differential voltage is calculated as:

dV

dQ
=

dOCV

dQ
. (11)

The cost functions to minimise are the OCV and the dV/dQ
root mean square errors, which emphasises big errors and is
consistent with average values.

J1 =

√√√√ 1

n

n∑
i=1

(OCVi −OCV ∗
i )

2 (12)

J2 =

√√√√ 1

n

n∑
i=1

(
dV

dQ i

− dV

dQ

∗

i

)2

(13)

An example of the fitting evolution during the execution of
the tool can be seen in the Appendix.



RMSE = 6.90 mV
RMSE = 8.00 mV

RMSE = 0.037 V/Ah RMSE = 0.093 V/Ah

a)

b)

c)

d)

Fig. 5. Kokam SLPB554374H results: BOL optimisation a) OCV and b) dV/dQ fitting results, aged cell optimisation c) OCV and d) dV/dQ fitting results.

C. Degradation modes estimation

The LAM of an electrode is given by:

LAMr =

(
1− Qr

a

Qr
BOL

)
× 100 (14)

To calculate the LLI, first, the total amount of intercalated
lithium in the cell at any SOC was as

nLi =
3600

F
(zpQp + znQn) , (15)

where zn and zp stand for the SOL values for the negative
and positive electrodes that can be chosen from the entire SOC
range (both from the same SOC). In our case, we have chosen
to take the 100 % SOC values. F is the Faraday constant.
Then, the LLI can be calculated as

LLI =

(
1− na

Li

nBOL
Li

)
,×100 (16)

where na
Li is the aged lithium inventory, and nBOL

Li is the
lithium amount in the cell at BOL.

III. VALIDATION

To validate the estimates of the tool, in this section, we
present the results obtained at different degradation scenarios
for (a) simulation and (b) experimental data. To make the
validation process as faithful as possible, different battery
chemistries were evaluated, since different OCP curves can
make the estimation process more or less difficult [14]. The
results show the OCV and differential voltage fitting accuracy,
the stoichiometry of the electrodes, and the estimation of the
degradation modes.

A. Simulation degradation scenarios

Two different cells were used for the simulation validation
process. On the one hand, data from a high-power 28 Ah
NMC/graphite cell was acquired from [9]. On the other
hand, a LFP/graphite-Si cell was simulated to include a more
challenging scenario in the validation process. It is well known
that flat OCP curves lead to lower observability [14], and thus,
an LFP/graphite cell should be one of the most difficult cells
for degradation mode estimation. The OCP data for the LFP
electrode was obtained from [12], and the graphite-Si elec-
trode data from [13]. NMC technology presents higher OCV
observability than LFP technology due to former’s steeper
OCV behaviour. Therefore, in terms of OCV and differential
voltage curve fitting, higher accuracy is expected for the NMC
cell. The simulated OCV data was obtained using the single-
particle model with electrolyte dynamics (SPMe) presented
in [15], and the aged conditions were achieved by applying
the LAM and LLI values in the parameters of the SPMe as
in [16]. After adjusting the parameters, OCV simulations were
carried out to obtain the aged OCV data. Visual representation
of the curve fitting can be seen in Figure 2 and Figure 4.
As can be observed, the algorithm is able to correctly fit the
OCVs, with low root mean square (RMS) errors, as well as
the differential voltage curves in both cases. The estimated
degradation modes can be seen in Table I. As shown, the
tool is able to estimate the three degradation modes with high
accuracy in both simulation degradation cases. For the NMC
cell reltive differences of 2 % for LAMn, 0 % for LAMp and
0.2 for % LLI have been obtained. In the case of the LFP
cell, differences of 2.6 % for LAMn, 0.7 for % LAMp and
0.75 for % LLI .



TABLE I
SIMULATION DEGRADATION MODES ESTIMATION

LAMn LAMp LLI

NMC Estimated 9.80 % 20.00 % 14.51 %
Expected 10.00 % 20.00 % 14.48 %

LFP Estimated 9.74 % 19.86 % 12.09 %
Expected 10.00 % 20.00 % 12.00 %

B. Experimental degradation scenario

A 1.25Ah high-power cell (Kokam, reference
SLPB554374H) was used for this scenario. The negative
active material is composed of graphite, and the positive
active material is a mixture of Lithium Cobalt Dioxide
(LiCoO2) and Lithium Nickel Cobalt Oxide (LiNiCoO2). The
methodology for coin cell reconstruction, scaling, and OCP
curves of the materials was obtained from [10]. The cell
OCV was experimentally tested at BOL and EOL. For this
study, 1C-1C symmetric cycles at 25 ºC were employed. The
OCP curves scaling and OCV tests at both life instants are
shown in Figure 3. The OCV and differential voltage fitting
results are shown in Figure 5 and the estimated degradation
modes are: 0.5 % LAMn, 10.80 % LAMp and 11.66 %
LLI . As can be seen in Figure 5, the fitting of the OCV is
accurate, and the peaks of the OCPs are well aligned with
the OCV peaks, which gives confidence to the degradation
mode estimates.

IV. CONCLUSIONS

In this paper, a novel tool for the diagnosis of battery
degradation was presented. The tool is capable of estimating
the loss of active material and loss of lithium inventory among
different cell chemistries and degradation levels. The tool
has been first validated in simulated scenarios and has then
proven its effectiveness in experimental working conditions.
Relative differences below 2.5 % have been obtained for the
degradation modes estimation and curve fitting RMS values
below 8.7 mV even for the LFP cell, where the estimation is
more challenging as previously mentioned.

Experimental data from a previously aged LCO/NCA-
graphite cell was used to estimate the degradation modes,
obtaining that the negative electrode has suffered a LAM of
0.5 %, the positive electrode of 10.80 %, and the amount of
lithium in the cell has decreased 11.66 %. The differential
voltage peaks were well aligned and the RMS error of the
OCV was below 7 mV, suggesting that the degradation mode
estimates are reliable.

All in all, the tool can be used in a wide range of appli-
cations including lithium-ion batteries, accurately diagnosing
the degradation during their operating lifetime. In addition, the
tool can be used for electrode balancing purposes, which is ap-
plicable in several modelling and characterisation applications
to determine the lithiation ranges of the electrodes.
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APPENDIX

As stated in Section II-B, the next Figures 6 and 7 illustrate
the progression of the optimisation algorithm for the 1.25Ah
high-power cell (Kokam, reference SLPB554374H) for the
BOL OCV curve. Figure 6 specifically presents the initial
Pareto front, showcasing the associated scores distribution and
the population values.

a)

b)

c)

Fig. 6. Initial population scores and Pareto front (a), cost function scores
distribution (b) and individual values dispersion (c) for Kokam, reference
SLPB554374H, cell BOL optimization.

Figure 7 displays the results for the final population, demon-
strating its convergence towards a global minimum.

a)

b)

c)

Fig. 7. Last population scores and Pareto front (a), cost function scores
distribution (b) and individual values dispersion (c) for Kokam, reference
SLPB554374H, cell BOL optimization.
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