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Continuous-Time System Identification and OCV Reconstruction of
Li-ion Batteries via Regularized Least Squares

Yang Wang, Riccardo M.G. Ferrari and Michel Verhaegen

Abstract— Accurate identification of lithium-ion (Li-ion) bat-
tery parameters is essential for managing and predicting bat-
tery behavior. However, existing discrete-time methods hinder
the estimation of physical parameters and face the fast-slow
dynamics problem of the battery. In this paper, we develop a
continuous-time approach that enables the estimation of battery
parameters directly from sampled data. This method avoids
discretization errors in converting continuous-time models into
discrete-time ones. Moreover, the developed method is capable
of jointly identifying the open-circuit voltage (OCV) and the
state of charge (SOC) relation of batteries without utilizing
offline OCV tests. By modeling the OCV-SOC curve as a cubic
B-spline, we represent the piecewise nonlinearity of the OCV
curve with high fidelity, facilitating its estimation. By solving
a rank and L1 regularized least squares problem, we identify
battery parameters and the OCV-SOC relation directly from
the battery’s dynamic data. Simulated and real-life data validate
the effectiveness of the developed method.

I. INTRODUCTION

Electric vehicles (EVs) have gained increasing attention
owing to low-carbon policies and the appeal of sustainable
transportation [1]. Lithium-ion (Li-ion) batteries are consid-
ered the most popular energy storage devices for EVs due
to their favorable energy density, efficiency, and extended
service life [2]. An accurate battery model is essential for
reliable EV operation as it allows for an accurate prediction
and management of the battery’s performance.

Equivalent circuit models (ECMs) are battery models con-
structed with primary electrical elements. They are widely
used in EVs because of their decent balance between accu-
racy and computational costs [3]. Current ECM identification
mainly relies on discrete-time methods [4], [5]. Though
directly manageable by digital computers, these approaches
are inconvenient in estimating the physical parameters of the
battery. Physical processes originally operate in continuous
time, and discretization will introduce approximation errors,
especially when the sampling time is incompatible with the
time constants of the battery [6]. Moreover, batteries exhibit
both fast and slow dynamics due to different polarization pro-
cesses. This characteristic renders the discrete-time methods
more challenging in identifying the battery’s parameters [7].

Direct continuous-time identification allows for identifying
a continuous-time model directly from sampled data without
applying discretization [8]. From the identified continuous-
time model, we can directly extract the physical parameters
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of the battery. The omission of discretization mitigates ineffi-
ciency and ill-conditioned problems in sampling stiff systems
such as batteries, where both fast and slow dynamics are
present [9]. This advantage benefits battery identification.

Identification of battery parameters presents another chal-
lenge in the nonlinear dependency between the open-circuit
voltage (OCV) and the state of charge (SOC) of the bat-
tery [10]. The nonlinear characteristic renders conventional
continuous-time methods not directly applicable to the ECM.
To overcome this, an existing approach [11] measures OCV-
SOC pairs via offline battery experiments and conducts
linear system identification at individual SOC points with
the continuous-time method. However, offline OCV tests are
time-consuming and cannot be performed after the battery
are installed on EVs, limiting their application [12]. A
fractional-order model is developed by [13] to identify the
battery parameters of a mobile robot. Though the OCV curve
is identified from dynamic data, this method requires the
time constants of the battery to be specified in advance and
thus cannot reveal the actual battery parameters to provide
physical interpretation.

In this paper, we develop a continuous-time method to
jointly identify battery parameters and the OCV-SOC curve
from sampled dynamic data of the battery. The OCV curve
is modeled with a cubic B-spline to represent the piecewise
nonlinearity of the OCV. Interaction between the dynamic
parameters and the static OCV results in bilinear variables
in the battery model. We utilize the low-rank property of a
structured matrix of the bilinear variables to impose the bi-
linearity on the parameters in a linear least squares problem.
With the constructed model, continuous-time identification
is applied using a Laguerre filter bank that provides a more
stable representation of the system than existing methods. By
solving a rank and L1 regularized least squares problem, we
simultaneously identify the continuous-time battery param-
eters and the OCV-SOC relation directly from the dynamic
data of the battery.

Contributions: The contributions of this paper are summa-
rized as follows:

• We develop a continuous-time method for identifying
battery parameters;

• We formulate the OCV-SOC curve as a cubic B-spline
for an enhanced OCV estimation;

• The battery parameters and the OCV-SOC relation are
jointly identified by solving a rank and L1 regularized
least squares problem;

• The effectiveness of the developed method is verified
on a simulated battery and real-life data.
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The rest of the paper is structured as follows. Section II
introduces the equivalent circuit model for modeling Li-ion
batteries. Section III describes the proposed continuous-time
method for battery identification. Section IV verifies our
method with a simulated battery and real-life battery data.
Section V concludes the study and presents future work.

II. LITHIUM-ION BATTERY MODEL

Li-ion batteries can be modeled with a second-order equiv-
alent circuit model (ECM) shown in Figure 1. The second-
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R0

voc v0 v1 v2

OCV(SOC)

Fig. 1. Second-order equivalent circuit model

order ECM consists of an ohmic resistor R0, two resistor-
capacitor (RC) networks R1C1, R2C2, and an ideal voltage
source voc. Resistor R0 emulates the internal resistance of
the battery, and the two RC networks represent the battery’s
fast and slow dynamics. Voltage source models the open-
circuit voltage (OCV). Load current ib and terminal voltage
vb are the model input and output, respectively. We define the
charging direction as the positive direction of the current. The
continuous-time state-space model of the ECM is as follows:[

v̇1(t)
v̇2(t)

]
=

[
− 1

R1C1
0

0 − 1
R2C2

] [
v1(t)
v2(t)

]
+

[ 1
C1
1
C2

]
ib(t) (1)

vb(t) =
[
1 1

] [v1(t)
v2(t)

]
+R0ib(t) + voc(z(t)) + nv(t), (2)

where v1, v2 ∈ R are dynamic voltages across two RC
circuits, nv(t) ∈ R is the white measurement noise. The
open-circuit voltage is a nonlinear function of the state
of charge (SOC), which reveals the percentage of charges
contained in the battery. The SOC, denoted by z(t), can be
calculated via Coulomb counting as:

z(t) = z(t0) +

∫ t

t0

1

3600C
ib(τ)dτ, (3)

where z(t0) is the initial SOC at the time instant t0, C ∈ R+

is the capacity of the battery in Ampere-hours (Ah), and the
factor 3600 converts Ah into Coulombs.

To identify the battery parameters, we adopt the following
assumptions about the input signal and the operating condi-
tions of the battery:

Assumption 1 (Zero-order-hold input) The input signal is
generated by a zero-order-hold machine, and the sampling
and the update of the input are synchronized exactly. The
output is sampled at the same time as the input.

Assumption 2 (Constant temperature and aging) The
ambient temperature of the battery is constant and does not
change the battery’s behavior, and the aging of the battery
is considered zero during the identification.

Assumption 3 (Constant battery parameters) We assume
battery parameters to be constant during charging and
discharging.

Assumption 1 can be adopted for batteries of EVs, where
the input signal is generated by a digital microprocessor
following a ZOH scheme. Synchronization between sampling
and update ensures the input during the sampling interval has
the same value as the previously sampled one. Assumption
2 excludes the influence of temperature and aging on the
variation of battery parameters. Assumption 3 is adopted to
maintain model simplicity and efficiency. This model has a
lower computational cost while yielding sufficient accuracy
for the typical SOC working range from 80% to 20%, where
battery parameters present minimum variations [7], [10].

In this study, we aim to identify the battery parameters
Ri, Cj , i = 0, 1, 2, j = 1, 2 of the ECM (1)(2) and the OCV-
SOC relation of the battery voc(z(t)) from sampled input
and output data of the battery.

III. CONTINUOUS-TIME BATTERY IDENTIFICATION

In this section, we start with deriving a regression model
of the ECM required by our continuous-time identification.
Then, we introduce the cubic B-spline used to model the non-
linear OCV-SOC relation. Finally, a regularized least squares
problem is formulated to identify the battery parameters and
the OCV-SOC relation.

A. Regression model of the ECM with Laguerre filters

To conduct continuous-time identification of the battery,
we write the state-space model (1)(2) into a continuous-time
transfer function as:

G(s) =
Vb(s)− Voc(s)

Ib
=

b0s
2 + b1s+ b2

s2 + a1s+ a2
, (4)

where s is the Laplace variable, and Vb(s), Ib(s), Voc(s) are
the Laplace transforms of vb, ib and voc. The transfer function
coefficients ai, bj , i = 1, 2, j = 0, 1, 2 are related to the
ECM parameters with relations shown in (32). The transfer
function (4) can be written into a linear equation as:

(s2 + a1s+ a2)Vb(s) = (b0s
2 + b1s+ b2)Ib(s)+

(s2 + a1s+ a2)Voc(s). (5)

In continuous-time identification, derivatives of signals are
not directly available from sampled data. To tackle this issue,
we convert the transfer function into a Laguerre filter basis
that captures the system’s dynamics. Specifically, we use the
Laguerre filter:

Lk(s) =
2ν

s+ ν

(
s− ν

s+ ν

)k

, (6)

where ν ∈ R>0 is the cut-off frequency, and k = 0, 1, 2, is
the order of the filter ranging from zero to the system order.
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Using the Laguerre filter (6), the transfer function (5) can be
converted into the following linear equation:

(ā0L2(s) + ā1L1(s) + ā2L0(s))Vb(s) =

(b̄0L2(s) + b̄1L1(s) + b̄2L0(s))Ib(s)+

(ā0L2(s) + ā1L1(s) + ā2L0(s))Voc(s), (7)

where the transformed parameters āi, b̄i, i = 0, 1, 2 can be
calculated from the original parameters in (5) and the cut-off
frequency ν by the following relations:

ā0 = ν2 − a1ν + a2, ā1 = 2ν2 − 2a2, (8)

ā2 = ν2 + a1ν + a2, b̄0 = b0ν
2 − b1ν + b2, (9)

b̄1 = 2b0ν
2 − 2b2, b̄2 = b0ν

2 + b1ν + b2. (10)

Detailed derivations of (7) can be found in [8]. By applying
the inverse Laplace transform to (7), we can write the linear
equation into time domain as:

ā0[L2vb](t) + ā1[L1vb](t) + ā2[L0vb](t) =

b̄0[L2ib](t) + b̄1[L1ib](t) + b̄2[L0ib](t)+

ā0[L2voc](z(t)) + ā1[L1voc](z(t)) + ā2[L0voc](z(t)), (11)

where

[Lkvb](t) = lk(t) ∗ vb(t) (12)
[Lkib](t) = lk(t) ∗ ib(t) (13)

[Lkvoc](z(t)) = lk(t) ∗ voc(z(t)) , (14)

and ∗ is the convolution operator and lk(t) is the impulse
response of the Laguerre filter Lk(s). From the time domain
relation (11), we can write its regression form as:

[L2vb](t) =
[
−[L(1,0)vb](t) [L(2,0)ib](t)

] [ã
b̃

]
+

[L2voc](z(t)) + [L(1,0)voc](z(t))ã (15)

where [L(i,j)vb] is the vector of filtered signals with different
Laguerre bases [[Livb], [Li−1vb], . . . , [Ljvb]], i ≥ j, and
ã =

[
ã1 ã2

]⊤
, b̃ =

[
b̃0 b̃1 b̃2

]⊤
are vectors of the model

parameters. ãi, b̃j are defined as ãi := āi/ā0, b̃j := b̄j/b̄0.
In this formulation, we assume that ā0 ̸= 0, which can
be satisfied for a properly defined system and a suitable ν,
followed by (8).

B. Cubic B-spline for modeling the OCV-SOC relation

Since the OCV voc is not directly measurable and exhibits
significantly different behaviors across different regions of
SOC, we model it with a cubic B-spline function. A B-spline
is a piecewise polynomial that enables local control of the
estimated curve [14]. The shape-preserving property of the
B-spline suits better our OCV identification than traditional
polynomial basis functions. To model the OCV as a cubic
B-spline, we write voc as:

voc(z(t)) =

h∑
i=1

γigi(z(t)) (16)

where gi are the B-spline basis functions, γi are the control
points, and h is the number of bases. The basis function is de-
fined over a non-decreasing knot vector Z := [z0, . . . , zh+3],
where z0 ≤ · · · ≤ zh+3 are the positions of the splines knots.
Define p ∈ Z≥0 the degree of B-spline. Then, the value of
the basis functions can be computed recursively via the de
Boor-Cox formula [15] as:
for p > 0:

gi,p(z(t)) =
z(t)− zi
zi+p − zi

gi,p−1(z(t))+

zi+p+1 − z(t)

zi+p+1 − zi+1
gi+1,p−1(z(t)); (17)

for p = 1:

gi,0(z(t)) =

{
1 if zi ≤ z(t) < zi+1

0 otherwise . (18)

In our case, p = 3 for the cubic B-spline. A p-th degree B-
spline has a (p− 1)-th order continuity, with the p-th order
derivative being a piecewise constant function. The d-th order
derivative of the basis of B-spline can be computed as:

s
(d)
i,p (z(k)) =

p

zi+p − zi
s
(d−1)
i,p−1 (z(k))−

p

zi+p+1 − zi+1
s
(d−1)
i+1,p−1(z(k)) (19)

We will use the derivative of the cubic B-spline in a sequel
for knot selection.

With the cubic B-spline (16) for modeling the voc, we can
write the Laguerre filtered version of voc used in (11) as:

[Lkvoc](z(t)) =

h∑
i=1

γi[Lkgi](z(t)), k = 0, 1, 2. (20)

This corresponds to applying the Laguerre filter to individual
bases of the cubic B-spline. Then, we rewrite the regression
model (15) with cubic B-spline bases as:

[L2vb](t) =
[
−[L(1,0)vb](t) [L(2,0)ib](t)

] [ã
b̃

]
+

[L2g](z(t))γ + [L(1,0)g](z(t))ã(γ) (21)

where g(z(t)) := [g1(z(t)), . . . , gh(z(t))] ∈ Rh is a vector
of B-spline bases, and [Lkg] denotes applying the Laguerre
filter Lk to individual elements of g. γ := [γ1, . . . , γh]

⊤ ∈
Rh represents the vector of B-spline control points. ã(γ) ∈
R2h is a bilinear vector of ã and γ:

ã(γ) := ã⊗ γ =

[
ã1γ
ã2γ

]
, (22)

where ⊗ is the Kronecker product.

From the formulation of the regression model (21), we can
write a data equation for the ECM as:

[L2Vb]m =
[
−[L(1,0)Vb]m [L(2,0)Ib]m [L2G]m

] ãb̃
γ

+

[L(1,0)G]mã(γ) (23)

2293

Authorized licensed use limited to: TU Delft Library. Downloaded on April 28,2026 at 13:39:44 UTC from IEEE Xplore.  Restrictions apply. 



where [L(1,0)Vb]m ∈ R(m+1)×2 is the data matrix:

[L(1,0)Vb]m =

 [L(1,0)vb](t0)
...

[L(1,0)vb](tm)

 , (24)

and [L(2,0)Ib]m ∈ R(m+1)×3, [L(1,0)G]m ∈ R(m+1)×2h are
similarly defined. ti := iTs is the time instant of the i-th
sample and Ts > 0 is the sampling time. With (23), we
can write the following least squares problem to identify the
battery parameters and the B-spline control points:

min
φ,ã(γ)

∥∥[L2Vb]m − Φφ− [L(1,0)G]mã(γ)
∥∥2
F

(25)

where Φ ∈ R(m+1)×(2+3+h) is the data matrix:

Φ =
[
−[L(1,0)Vb]m [L(2,0)Ib]m [L2Voc]m

]
, (26)

and φ = [ã⊤, b̃⊤, γ⊤]⊤ ∈ R2+3+h are the parameters of the
transfer function and the coefficients of the cubic B-spline.
Since ã(γ) (22) is the Kronecker product between ã and
γ, (25) is a bilinear optimization problem that is generally
expensive to solve due to nonconvexity [16]. To impose the
bilinear structure in ã(γ), we exploit the property that the

matrix P =

[
M ã
γ⊤ 1

]
∈ R3×(h+1), where M := ãγ⊤ ∈

R2×h has a rank of one:

rank
([

M ã
γ⊤ 1

])
= 1. (27)

The matrix M is formulated from the bilinear term ã(γ)
using ã(γ) = vec(M), where ã(γ) is a row-wise vector-
ization of M . To impose the low-rank property of P , we
regularize its nuclear norm, which is a convex relaxation of
the rank computation. With the low-rank regularization, we
formulated the bilinear optimization problem (25) into the
following rank regularized least squares problem:

min
φ,ã(γ)

∥∥[L2Vb]m − Φφ− [L(1,0)G]mã(γ)
∥∥2
F
+ λ1∥P∥∗

(28)

where ∥ · ∥∗ is the nuclear norm and λ1 ∈ R≥0 is the
regularization coefficient.

To mitigate overfitting to measurement noise in cubic B-
splines, we reduce the number of knots by selecting knots
where a high variation of the spline is required. This can be
achieved by using the property that the third-order derivative
of the cubic B-spline is a piecewise constant function, and the
discontinuities occur at the knot places [14], as illustrated in
Figure 2. To select knot positions, we regularize the sparsity
of the finite difference of the third-order derivatives of cubic
splines by using an L1 regularization in (28). This results in
the following rank and L1 regularized least squares problem:

min
φ,ã(γ)

∥∥[L2Vb]m − Φφ− [L(1,0)G]mã(γ)
∥∥2
F
+

λ1∥P∥∗ + λ2∥DG(3)
m γ∥1 (29)

Fig. 2. Cubic B-spline and its first to third-order derivatives. Knot places
represented by red triangles mark the derivatives’ discontinuities

where G
(3)
m is the derivatives of the cubic B-spline bases:

G(3)
m =


g
(3)
1 (z0) · · · g

(3)
h (z0)

g
(3)
1 (z1) · · · g

(3)
h (z1)

...
. . .

...
g
(3)
1 (zm) · · · g

(3)
h (zm)

 , (30)

g
(3)
i is the third-order derivative of gi computed by (19), and
D ∈ Rm×(m+1) is a finite difference matrix:

D =

1 −1
. . . . . .

1 −1

 . (31)

In (30), the sequence {zi} is a sorted SOC, where zi ≤
zi+1, i = 0, 1, . . . ,m− 1, to ensure that the finite difference
is computed over a monotonic SOC instead of time [4]. By
reducing the L1 norm, we can achieve a sparse solution in the
discontinuities of the third-order derivative of the cubic B-
spline, thus revealing the necessary variation of the B-spline
to represent the OCV-SOC curve [17].

With the parameters ã, b̃ identified by solving (29), we can
find the transfer function coefficients ai, bj in (4) by solving
equations using (8)-(10), and ãi = āi/ā0, b̃j = b̄j/ā0 for
i = 1, 2, j = 0, 1, 2. Then, the physical parameters of the
battery can be retrieved using the following relations:

a1 =
1

R1C1
+

1

R2C2
, a2 =

1

R1C1R2C2
, b0 = R0,

b1 = R0

(
1

R1C1
+

1

R2C2

)
+

1

C1
+

1

C2
,

b2 =
R0 +R1 +R2

R1C1R2C2
(32)

In the next section, we evaluate the effectiveness of the
developed method for battery identification and OCV-SOC
reconstruction on a simulated battery and real-life data.

IV. NUMERICAL EXPERIMENTS WITH SIMULATED AND
REAL-LIFE BATTERY DATA

We first validate the efficacy of the developed method by
a simulated battery. Then, we apply this approach to real-life
battery data from [12].

A. Validation on a simulated battery

The simulated battery is built with parameters shown in
Table I, where the different time constants τ1 = 18s and τ2 =
100s are used to validate the performance of the developed
method for identifying a fast and a slow dynamic of the
battery.
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TABLE I
RESISTORS (Ω) AND CAPACITORS (F ) OF THE SIMULATED BATTERY

Parameters R0 R1 R2 C1 C2

Values 0.06 0.03 0.02 600 5000

Fig. 3. Federal Urban Driving Schedule Profile

The OCV-SOC curve emulating experimental OCV data
[7] is simulated with the following function:

voc(z(t)) = 3 + 0.03(1.5− z(t))−4 + 0.1 log(z(t) + 0.01).

The input to the simulated battery shown in Figure 3 is
the FUDS profile designed to emulate the real-life driving
conditions of EVs. The output of the simulated battery
is contaminated by white noise with a standard deviation
σ = 10−4 to emulate measurement noise. Monte Carlo
simulations with 20 different noise realizations are applied
to evaluate the performance of the developed method.

We solve the rank and L1 regularized least squares (29)
using data from the simulated battery to identify the battery
parameters. The cut-off frequency of the Laguerre filter is
1e − 3, and the number of knots of the B-splines is 21.
The optimization problem is solved in MATLAB by cvx
toolbox [18] with Mosek solver [19]. The performance of the
identified model is evaluated with root mean squares error
(RMSE) and variance-account-for (VAF) [20] defined by:

VRMSE =

√∑m
i=0(vb(ti)− v̂b(ti))2

n
, (33)

V AF =

(
1− var(vb(ti)− v̂b(ti))

var(vb(ti))

)
× 100%, (34)

where vb is the measured or simulated battery voltage and
v̂b is the estimated value of the model.

The regularization coefficients λ1, λ2 for the nuclear norm
and L1 norm are determined by using grid search on the coef-
ficient space. We selected the coefficients that yield the mini-
mum RMSE in solving the regularized least squares problem
(29). The selected coefficients with minimum RMSE are
λ1 = 2e− 06, λ2 = 1e− 08.

With these coefficients, the fitting of the identified model
to the simulated data is shown in Figure 4. The RMSE of the
model is 0.29 mV, and the VAF is 99.74%. The identified
parameters of 20 Monte Carlo simulations are shown in
Figure 5. The figure indicates that the estimated parameters
are generally consistent with the actual values. The OCV-

Fig. 4. Model output in comparison with the simulated output

Fig. 5. Estimated battery parameters in comparison to the actual values

SOC identification is shown in Figure 6. The estimated
OCV curve is aligned with the actual value with a mild
deviation. The results of the simulated data demonstrate the
effectiveness of the developed method in jointly identifying
the battery parameters and the OCV-SOC curve. The physical
parameters with distinct time constants can also be success-
fully identified.

B. Application to real-life battery data

With the efficacy validated via the simulated battery, we
apply the developed method to real-life battery data. We used
the data from the CALCE dataset [12]. The studied battery is
discharged with the FUDS profile at a temperature of 25◦C
and 80% initial SOC. The OCV-SOC curve of the battery
is measured under the incremental OCV test to validate the
OCV-SOC identification.

Fig. 6. Estimated OCV-SOC mapping with 2σ standard deviation bounds
in comparison to the actual values
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Fig. 7. Model output in comparison with the measured voltage

Fig. 8. Estimated OCV-SOC mapping in comparison with the results of
the OCV test

The regularization coefficients are λ1 = 1.67e − 06,
λ2 = 1.00e − 08, determined by conducting a grid search
as applied in the simulated battery. The voltage fitting of
the identified model is shown in Figure 7. The RMSE of
the voltage fit is 0.0156V, and the VAF of the model is
99.3522%. The identified battery parameters are shown in
Table II. The time constants of the tested battery are 1.55s
and 30.94s, indicating the fast-slow dynamics of the battery.

The reconstructed OCV-SOC curve is pictured in Figure
8. From the figure, we see that the identified OCV is aligned
with the OCV test, and the estimated curve provides more
details about the OCV during intervals between OCV sam-
ples, especially in the range from 60% to 70%. The drastic
decrease of the OCV within 0% to 10% SOC indicates a
large voltage drop of the battery when approaching depletion.
This information cannot be attained from the battery OCV
tests but is feasible by direct estimation of the OCV-SOC
relation. The validated result illustrates the advantages of
directly identifying the OCV-SOC relation from the dynamic
data over conducting OCV tests.

TABLE II
IDENTIFIED RESISTORS [Ω] AND CAPACITORS [F ] VALUES OF THE

TESTED BATTERY

Parameters R0 R1 R2 C1 C2

Values 0.0648 0.0105 0.0158 147.9061 1958.39

V. CONCLUSION

We developed a continuous-time method to jointly identify
battery parameters and the OCV-SOC relation from dynamic

data. Laguerre filters were utilized to achieve continuous-
time identification, and the OCV-SOC relation was modeled
using a cubic B-spline to represent the piecewise nonlin-
earity. Battery parameters and the OCV curve are jointly
identified by solving a rank and L1 regularized least squares
problem. Simulated and real-life data validate the effective-
ness of the developed method. Future work will account for
variable battery parameters.
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