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Reusing high-energy-density Li-ion batteries (LIBs) in less
demanding applications can greatly reduce the environmental
impact of electric vehicles. However, for battery reconditioning
to be economically viable, it is crucial to accurately estimate the
state of health (SoH) of each accumulator connected in series
within the battery, at a lower cost. Traditional low-current or
relaxation methods are unfortunately too time-consuming to meet
the constraints of the reconditioning industry. This article presents
a new model-based approach that allows the fast, time-adjustable
estimation of the open-circuit voltage (OCV) to state-of-charge
(SoC) relationship of Li-ion cells, as well as their incremental
capacity (IC) curve. Indeed, tracking the peak amplitudes and
positions of the IC-OCV curve provides information on their state
of health and remaining useful life. The proposed method allows
for obtaining a State of Health (SoH) estimation in just 2.5 hours
with an accuracy of 2.7%.

Keywords–Li-ion batteries, Open circuit voltage, ICA-DVA,
Second-life, Model-based diagnosis, LIB modeling, Extended
Kalman filtering

1. INTRODUCTION
A battery consists of multiple Li-ion cells connected in series

or parallel, depending on the voltage and current requirements
of the system being powered. For several well-documented rea-
sons, cells degrade at different rates, with the most degraded
cell determining the overall capacity of the battery [1]. Con-
sequently, a battery may reach the end of its useful life when
only two or three cells have significantly deteriorated, while the
remaining cells remain in excellent condition.

It is therefore easy to understand the importance of being able
to accurately diagnose the state of health of all the cells in the
battery, either to reuse the battery without dismantling it in a less
demanding application, or to identify the few cells that need to
be recycled and those that can be reused in reconditioned bat-
teries. To do this, conventional diagnostic methods require the
battery cells to be fully charged and discharged at very low cur-
rent, which is time-consuming and impractical for large-scale
battery evaluation [2].

However, some researchers have developed alternative meth-
ods like L. Vichard et al. [3] who present an online estimat-
ing method for SoC and SoH using a model approach and a
Kalman filter. The model utilizes is a classic ECM with a com-
plex expression of the OCV. The results are interesting, and the
capacity-based SoH calculation uses the ratio between the vari-
ation of exchanged capacity and the variation of SoC. In [4] ,
X. Yu et al. propose a data-driven learning method to estimate
the State of Health (SoH) and Remaining Useful Life (RUL)
of batteries by analyzing online data received from the Battery
Management System (BMS). They train their algorithm using
datasets from NASA and CALCE, achieving promising results.
However, while the majority of the literature focuses on SoH
estimation of battery packs as a whole, rather than the SoH of
individual cells within the pack, we propose a distinct approach
to address this gap.

To deal with time constraints, we propose a model-based
approach whose underlying principle is to estimate the volt-
age drop due to the different internal electrochemical phenom-
ena (charge transfer, conduction, diffusion in solid and liquid
phases) during the charging or discharging phases. Due to sim-
plifying assumptions, the parameters values of the proposed
equivalent circuit model are highly dependent on the state of
charge, the temperature, and the current amplitude. And, their
online estimation therefore requires superimposing to the more
or less charging/discharging current a specific excitation opti-
mized to sensitize all model parameters sufficiently and using
efficient identification algorithms [5]. The following section
presents the identification principle by a time-adjustable excita-
tion protocol and the use of our original model to estimate the in-
cremental capacity (IC) curve without derivation. Indeed, many
recent works have shown that the amplitude and position of the
IC curve can be related to the loss of cycling lithium and of ac-
tive material [6, 7]. The next section presents the experiment
conducted to prove the effectiveness of the proposed method.
In particular, it is shown that the capacitance fading is clearly
correlated with the amplitude of the characteristic IC peak, al-
lowing for a significant reduction in the duration of experimental
measurements needed to assess the battery’s state of health.

2. METHODOLOGY

2.1. Local model of the LIB

The local behavior of the cell is illustrated by Figure 1 and
modeled by a continuous-time state-space representation :

M(θθθ)

{
ẋ(t, θθθ) = f(θθθ,x(t, θθθ),u(t))

ym(t, θθθ) = g(θθθ,x(t, θθθ),u(t)) (1)

where bold letters refer to vectors and u, ym, x, θθθ denote the
model input, output, state and unknown parameters, respec-
tively. These vectors are defined are follow:

• the 2-dimensional input is ut = [Icell, Qcell] with:

Qcell(tk) = Qcell(0) +

∫ tk

0

Icell(t) dt (2)

where Icell and Qcell are the current and exchanged capac-
ity of the cell;

• the 4-dimensional state vector is

xt = [Voc, Vd1, Vd2, Vd3] (3)

where Voc is the cell OCV and Vdi are the voltage of the
ith RC cell of the foster structure modeling the diffusion
phenomena in liquid and solid phases;
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Figure 1. From a Pseudo 2D model to an equivalent circuit model of a Li-ion
cell, by analogy between electrochemistry and electric circuit components.
Since the model parameters (Rstc, Rd, Cd, Go, K) deal with first- or
second-order approximations of physical phenomena, their values can only be
considered constant for very small variations of current Icell, temperature T
and state-of-charge SoC.

• the 5-dimensional model parameters vector is chosen as:

θθθt = [Rsct, Go,K,Gd, Fd] (4)

where Gd = 1/Cd and Fd = 1/(Rd Cd) characterize the
dynamics of the diffusion phenomena which is discretized
by a Foster struture of three components with resistance
equal to Rd, Rd/9 and Rd/25, the smallest time constant
is equal to few seconds and is two time higher than time
sampling in our method [8], whereas Go and K relate the
local variation of the OCV with respect to the SoC and Rsct
characterize the ionic and electronic conduction as well as
the charge transfert;

• the evolution equations are:

ẋ1(t, θθθ) =

(
Go +K u2(t)

)
u1(t) (5)

ẋ2(t, θθθ) = −Fd x2(t, θθθ) +Gd u1(t) (6)
ẋ3(t, θθθ) = −9Fd x3(t, θθθ) +Gd u1(t) (7)
ẋ4(t, θθθ) = −25Fd x4(t, θθθ) +Gd u1(t) (8)

• and the observation equation providing the simulated volt-
age:

ym(t, θθθ) =

4∑
i=1

xi(t, θθθ) +Rstc u1(t) (9)

2.2. Excitation protocol

The protocol is optimized by T and the principal time con-
stant of the diffusion phenomena, which depends on the elec-
trode chemistry of the tested cell and its power- or energy-
oriented design [9]. To ensure the sensitivity of the model pa-
rameters sufficiently, the current excitation consists of the su-
perposition of a constant current I and a periodic rectangular
current of period τp, amplitude ∆I and duty cycle α (see Fig.2)
where:

• The value of ∆I is tuned to be sufficiently large to en-
sure that the amplitude of the resulting voltage step re-
sponse significantly exceeds the voltage resolution of the
test bench. Concurrently, it is kept small enough to main-
tain the equivalent charge transfer resistance relatively con-
stant. This resistance is fundamentally the inverse of the
local derivative of the Butler-Volmer equation [10], which
relates the current density to the electrode potential;

• the selection of τp and α is choosen to maximize the sensi-
tivity of parameter vector.

Then, ∆I and α being defined, the constant current I required
to respect the test duration is given by:

I =
Qnom

T
− α∆I (10)

and the number of square pulses (during the charge) is equal
to T/τp. Finally, the time-adjustable protocol deals with the
following algorithm:

• Step 0: Initially, the cell is fully charged and maintained
at a constant maximum voltage until the current decreases
below a specified threshold.

• Step 1: the cell is discharged using a periodic excitation
current equal to −I during (1 − α) τp and to −(I + ∆I)
during ατp, the cell reaches the cut-off voltage. The volt-
age and current signals are sampled with a sampling period
Ts that is boss less than 0.2 times the smallest time constant
of the model and ensures that the voltage change between
consecutive samples does not exceed 1.5 times the peak-to-
peak measurement noise of the test bench. This approach
enables accurate capture of the voltage step while minimis-
ing the data recording size.

• Step 2: the cell is charged using a periodic excitation cur-
rent equal to I during (1−α) τp and to I +∆I during ατp
and acquired with the same sampling rule, until the charg-
ing cut-off voltage is reached.

The non-uniformly sampled record can subsequently be post-
processed using an estimation algorithm EKF to provide esti-
mated OCV values at each sample time.

2.3. Continuous-discrete extented Kalman filter

2.3.1. Guideline principles

For clarity, v[k] and M[k] denotes the values of the vector v
and the matrix M at time tk, respectively. The CDEKF [11]
is an identification algorithm derived from a continuous-time
dynamic model and a discrete-time measurements of the sys-
tem output. It estimates both the model states and parameters
which are assumed to be constant or randomly varying, using
an augmented state vector xa = [x;θθθ] with θ̇θθ = 0. The CDEKF
algorithm [12, 13] consists of a two-phase process:

• a continuous-time prediction of the augmented state
xp
a[k+1] and of the prediction error covariance matrix

Pp
[k+1] is achieved through the numerical integration of
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(a) Current and voltage used by the MHE and EKF identification algorithms.
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(b) Zoom on the excitation current wave and the resulting voltage response.
Figure 2. Protocol during the discharge phase dedicated to the OCV estimation by our model-based method, with ∆I = 60 mA, τp = 200 s, µc = 0.15 and
T = 10 h.

the following two Ordinary Differential Equations over the
interval from tk to tk+1:

ẋp
a(t) = fa (x

p
a(t),u(t)) (11)

Ṗp(t) = F(t) Pp(t) + Pp(t) F(t)t +Q (12)

with F(t) =
∂fa
∂xa

(xp
a(t),u(t)) (13)

with fa(xa,u) = [f(θθθ,x,u);000], and using xp
a(tk) = xe

a[k]

and Pp(tk) = Pe
[k] as initial values and u[k] as u(t). Q is

a covariance matrix evaluating the model inaccuracy. Eq.
11 can be efficiently solved using implicit Runge-Kutta al-
gorithms [14], whereas Eq. 12 can be efficiently solved
using Mazzoni’s formulas [15, 16];

• a discrete-time update of the augmented state estimate
xe
a[k+1] and its estimation error covariance matrix Pe

[k+1]

is performed using the predictions xp
a[k+1] and Pp

[k+1],
along with the present measurement ys[k+1] of the system
output:

xe
a[k+1] = xp

a[k+1] +K[k+1]

(ys[k+1] − ga (x
p
a[k+1],u[k]))

(14)

Pe
[k+1] = Pp

[k+1] −K[k+1]G[k+1]Pp
[k+1] (15)

with ga (xa,u) = g (θθθ,x,u) and

G[k+1] =
∂ga
∂xa

(xp
a[k+1],u[k]) (16)

K[k+1] = Pp
[k+1] G[k+1]

t S [k+1]
−1 (17)

S [k+1] = G[k+1] Pp
[k+1] G[k+1]

t +R (18)

where R is a covariance matrix evaluating the sensor noise.

In this context, ys[k] represents a one-dimensional signal. It has
been demonstrated [17] that R can be set to 1. The CDEKF
algorithm is set by the three matrices Q, xe

a[0] and Pe
[0]. Once

appropriately tuned, the CDEKF algorithm, when applied to the
proposed model, provides an estimation of the OCV and its un-
certainty (represented by the first diagonal element of the esti-
mation error covariance matrix Pe

[k]) at each time tk. Given
the cell capacitance Qnom, this allows for the construction of
the OCV-SoC curve with a high density of points, as well as the
ICA or DVA indicators.

2.3.2. Nonlinear observability of the model

Let’s recall that a sufficient local observability condition [18]

of a non-linear n-order model M :

{
ẋ = f(x,u)
y = g(x,u) at point xo

is that there exists an entry and its n − 1 first time derivatives
{u, du/dt, d2u/dt2, . . .} such as the rank of the Jacobian ma-
trix

J(xo) =

 ∂
∂x


g(x,u)

(Lfg)(x,u)
...

(Ln−1
f g)(x,u)

 |x=xo

 (19)

is full, the Lie operator Lf being defined by [19]:

Lfg(x,u) =

[
∂g(x,u)

∂x

]
f(x,u) +

[
∂g(x,u)

∂u

]
du

dt
(20)

To ensure the estimability of the model parameters using an
EKF, the observability of the extended state-space model, de-
fined by the state equation (Eq. 11) and the observation equation
(Eq. 9) can be analyzed. The classical approach involves deter-
mining the conditions under which the determinant of the Jaco-
bian matrix does not vanish. Due to the complex analytical ex-
pression of the Jacobian matrix, this analysis is conducted using
a computer algebra system. It was determined that local observ-
ability depends on the state variables and the input current pro-
tocol. For an input signal defined as u1(t) = 0.6+0.03 sin(ω t)
which approximates the excitation protocol, local observability
is guaranteed if the parameter Fd is non-zero, which is inher-
ently the case. Since the actual excitation protocol can be ex-
panded into a Fourier series, i.e. a sum of an infinite number of
sinusoids, the real system input is even more persistently excit-
ing than the above sum of one constant and one sinusoid. And
thus one can reasonably consider that the system is locally ob-
servable.

2.4. Estimation of the incremental capacity

At each SoC(t), the IC can be obtained by:

IC =
∂Voc

∂Q
(t, θ) =

∂Voc

∂t (t, θ)
∂Q
∂t (t)

= (Go +K u2(t)) (21)

Our model enables direct access to the IC indicator without the
need to derive it from the cell’s OCV by the exchanged cell
capacity Q. This approach avoids potential information loss and
noise generation associated with this process.



3. EXPERIMENTS AND DISCUSSIONS

3.1. Tested Li-ion cells

To validate the proposed method, we use three different Li-
ion cells. Their specifications are detailed in Table 1.

3.2. IC-OCV curve estimation

Figures 3 to 5 compare the IC-OCV curve otained by our
method (EKF) with ones obtained by a classical (LC) tests at
C/25 C-rate. We observe an accurate estimation of the IC-OCV
curve for two NMC cells by the proposed method. For the LFP
cell, the estimation is correct, but presents difficulty in dissoci-
ating the two peaks due to a change of lithium insertion stage in
the negative electrod; we estimate only a principal peak which
covers the two peaks. We can use this IC-OCV curve estimation
to estimate Li-ion cell SoH.
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Figure 3. IC-OCV curve comparison of Cell 1.
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Figure 4. IC-OCV curve comparison of Cell 2.

3.3. SoH estimation

For each Li-ion cell reference, we take nine samples and age
them at different stages. Their IC curves are derived from the
cell identification as detailed in section 2, and their remaining
capacity is measured by a standard industrial protocol.

Figures 6 to 8 exhibit accurate results for each Li-ion cell ref-
erence with a relative error of less than 2.8%. Moreover, using
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Figure 5. IC-OCV curve comparison of Cell 3.

the least squares approach, we show the linear relationship be-
tween the estimated IC peak amplitudes Hmp obtained with the
characterization protocol of 10 hours and the measured cell ca-
pacity (in accordance with previous work [20]):

Qcell = aHmp + b (22)

Table 2 summarizes the parameters of linear regression for Li-
ion cells tested and their accuracy. This method is accurate for
each reference tested with RMS error less than 1.02% and max-
imum error less than 2.69%.

RMSerror =

√√√√ 1

N

N−1∑
n=0

(
ŜoH− SoHref

)2

(23)

where N is the number of characterization points of SoH ob-
tained by the reference method, ŜoH are the SoH estimated by
the proposed method and SoHref are the SoH values provided
by the reference method.
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Figure 6. SoH estimation by linear regression of Cell 1.

3.4. Time constraint of the proposed method

To test the limit of the proposed method, we set the protocol
according to section 2.2 with I equal to C/5 and C/3. For the
cell reference 1 and 2 we apply the protocol between 0 and 30%



Cell 1 Cell 2 Cell 3
Reference Panasonic NCR 18650B Samsung INR1865035E PLB IFR266533A
Chemistry NMC NMC LFP

Capacity (Ah) 3.35 3.45 3.3
Format Cylindrical Cylindrical Cylindrical

Dimension 18650 18650 26650
Min Voltage cutoff (V) 2.5 2.5 2
Max Voltage cutoff (V) 4.2 4.2 3.65
Max charge current (A) 6.7 8.0 9.9

Max discharge current (A) 10 13 16.5
Weigth (g) 48 50 88

Table 1. Technical informations about tested cells for experiments.

Cell 1 Cell 2 Cell 3
a (V) 0.108 0.9292 0.028

b (Ah) 2.709 -0.048 2.310
RMS error (%) 0.99 0.96 1.02
Max error (%) 1.30 2.69 2.32

Table 2. Technical informations about tested cells for experiments.
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Figure 7. SoH estimation by linear regression of Cell 2.

of SoC and the cell reference 3 between 10 and 90% of SoC
which deals with SoC range Where IC is pretty sensitive to SoH
(see Fig 3 to 5). Two samples of each reference cell are used
and we compare the SoH identified with the proposed method
to the SoH estimate with a reference method.

Fig 9 shows the SoH estimation obtained by the proposed
method, we observe an error less than 2.2% with a current at
C/5 and 2.7% at C/3. The results are accurate and demonstrate
the possibility to estimate the SoH in only 1 hour at C/3 or 1
hour and half at C/5 for the reference cell 1 and 2 and in only 2
hours and half at C/3 or 4 hours at C/5 for reference cell 3.

4. CONCLUSIONS

To conclude, the use of the IC-OCV curve is a key tool to es-
timate accurately and rapidly the SoH of Li-ion cells, especially
in a pack configuration where it is impossible to charge and dis-
charge fully each cell as recommended with reference methods.
The proposed method is based on a model and EKF algorithm to
estimate online and accurately the OCV and on a tunable proto-
col to adapt the time protocol to the time constraints. The results
demonstrate the possibility to estimate the SoH in only 1 hour
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Figure 8. SoH estimation by linear regression of Cell 3.

at C/3 or 1 hour and half at C/5 for the NMC cell and in only
2 hours and half at C/3 or 4 hours at C/5 for LFP cell. To im-
prove our method, it will be interesting to couple our method
with a model of OCP superposition to estimate precisely the lo-
cation of the degradation and predict the remain usefull life.
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