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Abstract—Online State of Charge (SoC) and State of Health
(SoH) estimations are essential for efficient, safe, and reliable oper-
ation of Lithium ion batteries. Based on the first-order equivalent-
circuit model (ECM), a multi-scale extended Kalman filter is
adopted in this paper to estimate ECM parameters and battery
SoC using dual time scales. The nature of the battery excita-
tions significantly influences the estimation performance. When
the input–output data, i.e., the input current and output voltage,
is insufficiently rich in frequency content, the estimation perfor-
mance is poor. Thus, the excitation current should be optimized
for the accurate estimation of parameters and states. A Cramer–
Rao bound analysis is conducted considering voltage noise, current
amplitude, and current frequency, which shows the loss of accuracy
in multi-parameter estimation (estimating all states and parame-
ters) when compared to single-parameter estimation (estimating
only one parameter/state). However, it also shows that the loss of
accuracy can be significantly reduced when the excitation current
is carefully chosen to satisfy certain criteria. Both simulation and
experimental results verify the analysis results and show that a cur-
rent profile with optimal frequency components achieves the best
estimation performance, thereby, providing guidelines for design-
ing battery current profiles for improved SoC and SoH estimation
performance.

Index Terms—Cramer–Rao (CR) bound, current profile de-
sign, estimation accuracy, lithium ion battery, multi-scale extended
Kalman filter (EKF), State of Charge/State of Health (SoC/SoH)
estimation.

I. INTRODUCTION

L ITHIUM-ion batteries have relatively high energy density,
high power density, long life, and low environmental im-
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pact, hence they have been widely used in consumer electronics,
electric vehicles, and grid storage applications [1]. Accurate es-
timation of critical battery states, such as the State of Charge
(SoC) and State of Health (SoH), play an important role in
ensuring safe, reliable, and efficient operation [2]. State estima-
tion and parameter estimation are tightly interconnected when
model-based approaches are used [3]. Commonly used models
for SoC and SoH estimations include the open-circuit voltage
(OCV) model [4], neural-network model [5], equivalent-circuit
model (ECM) [6], and electrochemical model [7]. ECM has
been extensively investigated for battery monitoring and man-
agement due to its simplicity and adequate fidelity in many
applications [8].

For SoC estimation, the basic approach is Coulomb counting,
where the battery current is numerically integrated over time to
quantify the change of stored charge [9]. However, this open-
loop method does not provide sufficient accuracy for practical
applications, as it is sensitive to initial SoC error and measure-
ment noise [10]. Other approaches include, but are not limited
to extended Kalman filter (EKF) [11], unscented Kalman filter
[12], H∞ observer [13], sliding mode observer [14], and fuzzy-
logic-based method [15]. The above estimation methods require
knowledge of battery parameters, which is often acquired via of-
fline measurement or identification. As a result, variations in the
battery model parameters caused by aging and changes in oper-
ating conditions can lead to performance degradation [16]. SoH
reflects the battery health state, and is generally defined as the
ratio of the remaining capacity to the original capacity [17]. The
estimation of battery capacity (i.e., SoH) and other parameters
can be conducted independently from SoC estimation. SoH esti-
mation algorithms, including Kalman filters [18], least-squares
methods [19], moving-horizon observers [20], and Lyapunov-
based methods [21] can be found in the literature. The influence
of battery degradation and operating condition changes should
be considered in SoC/SoH estimation [16], motivating the in-
vestigation of the combined estimation of SoC and SoH. For
example, the standard dual EKF (DEKF) has been developed
to identify SoC and SoH simultaneously [22]. The multi-scale
DEKF uses a “slow” time scale to calculate battery parameters
and a “fast” time scale to calculate SoC [23]. This dual estima-
tion method lowers the computational cost [16], thus it is also
employed in this paper.

0885-8993 © 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information.

https://orcid.org/0000-0003-3164-5234
https://orcid.org/0000-0002-1830-0437
https://orcid.org/0000-0003-3148-7061
https://orcid.org/0000-0002-1223-8986
https://orcid.org/0000-0003-0915-2919
https://orcid.org/0000-0001-7116-2945
mailto:ziyou.songthu@gmail.com
mailto:jingsun@umich.edu
mailto:xgwu@hrbust.edu.cn
mailto:lixuefeng_ma16@hrbust.edu.cn
mailto:hofmann@umich.edu
mailto:junhou@umich.edu


7068 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 34, NO. 7, JULY 2019

In addition to the estimation algorithm, the input–output data
used in the estimation process, i.e., the battery current and volt-
age, also affects the estimation accuracy [24]. A persistently
exciting (PE) input condition must be satisfied to guarantee the
convergence of the estimated parameters. Generally, the input
signal should contain one frequency component for every two
estimated parameters [25]. For all the works mentioned above,
the data is used in the estimation without analyzing whether it
is sensitive to the parameters/states. Furthermore, the noise and
bias of the sensors (voltage and current sensors) cause errors
in battery state and parameter estimation, and these errors are
enlarged when insufficiently rich data is used [24].

The impact of data on the estimation quality has previously
been studied analytically in [24] and [26] considering parameter
sensitivity, the Fisher information matrix, and the Cramer–Rao
(CR) bound. These references provide guidelines on data selec-
tion by exploring the fundamental relationship between estima-
tion accuracy and measurement data. Similarly, Rothenberger
et al. optimized the battery cycling current to maximize the
Fisher information matrix for a nonlinear second-order model
of a lithium-ion battery cell [27], [28]. Klintberg et al. com-
puted the posterior CR lower bounds numerically to quantify
the accuracy of Bayesian estimators [26]. Lin et al. derived
analytic bounds on the estimation accuracy of SoC, capacity,
and ohmic resistance under various circumstances [29]. SoC
estimation error considering sensor bias [30], model inaccu-
racy [31], and algorithms are also investigated. However, the
current profile optimization for the simultaneous estimation
of all battery states and parameters, which is more complex
than the problems addressed in above papers, has not been
investigated.

In this paper, the sinusoidal current excitations are adopted.
Considering voltage noise, current amplitude, and current fre-
quency, the CR bounds on the estimation accuracy of SoC, SoH,
and the ECM parameters are derived using the time-averaged
Fisher information matrix. Results show a loss of accuracy in
combined estimation where all states and parameters are esti-
mated simultaneously when compared to single-parameter es-
timation where only one parameter or state is estimated (the
other parameters and states are assumed to be well-known). In
addition, the CR bound analysis result shows that the estimation
accuracy of combined estimation can be significantly improved
when the battery current contains optimal frequency compo-
nents, although different states and parameters may inherently
require different excitation frequencies. The analysis is verified
using both simulation and experimental results, focusing on the
Samsung 18 650 Lithium ion battery. By carefully designing the
current profile, estimation accuracy and reliability can be signif-
icantly improved. The conclusions in this paper can be directly
used to design offline experiments for estimation. In addition, for
the over-actuated systems, such as a battery/supercapacitor hy-
brid energy storage system, the method can provide guidelines
for optimizing the battery current waveform online to improve
the estimation performance when battery states and parameters
need to be updated simultaneously [32].

To the best of our knowledge, this is the first paper investi-
gating current waveform design for simultaneous parameter and

Fig. 1. First-order ECM of battery.

state estimation of Lithium ion batteries to improve the estima-
tion accuracy. The rest of this paper is organized as follows.
In Section II, the battery model and the DEKF are introduced.
In Section III, CR bounds of battery states and parameters are
derived for both single-parameter and multi-parameter estima-
tion scenarios. In Section IV, a current profile is designed to
improve the estimation performance, and is validated through
simulation. In Section V, experimental results are provided for
verification. Some conclusions are given in Section VI.

II. COMBINED ESTIMATION OF SOC AND SOH

A. Estimation Problem Description

The first-order ECM adopted in this paper is shown in Fig. 1,
where an ohmic resistor with resistance Rs , a parallel RC pair
(Rt//Ct), and a dc source with voltage Voc are connected in
series [33]. The battery terminal voltage is defined as Vb and
the battery current is defined as ib (positive for discharging
and negative for charging). We point out that, when compared
to the first-order ECM used in this paper, higher order mod-
els (e.g., 2RC and 3RC circuit models as well as the elec-
trochemical model) can represent the battery dynamics more
accurately. However, there is a tradeoff between model accu-
racy and computational cost. When compared to the first-order
circuit model, the parameter estimation of higher order models
has much higher computational cost and a more critical require-
ment on the battery current waveform. For example, when the
second-order ECM is adopted, there are seven parameters to be
identified, consequently four sinusoidal current components are
required to persistently excite the battery [25], which is hard to
realize in practical applications. In addition, the CR bound anal-
ysis, which will be shown in Section III, becomes very complex
since more parameters are involved in the estimation process
for high-order models, meaning that it is difficult to determine
and implement the optimal current waveform for higher order
models. As a result, the choice of the model is the result of
a tradeoff between accuracy and simplicity. We note that the
proposed algorithm can be directly generalized for higher order
ECMs by following the same procedures provided in this paper.

According to Kirchhoff’s laws, the ECM dynamics can be
presented as follows:{

V̇C = − 1
Ct Rt

VC + 1
Ct

ib

Vb = VOC − Rsib − VC

(1)
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where VC is the voltage across the RC pair, which cannot be
measured in experiments. The OCV-SoC curve can be expressed
as [34]

VOC(z) = K0 − K1

z
− K2z + K3 ln(z) + K4 ln(1 − z) (2)

where K0−4 are the model parameter and z is the normalized
SoC (from 0 to 1). The SoC under load can be modeled as [35]

z = z0 −
∫ t

t0

η

Qb
ib(t)dt (3)

where z0 is the initial SoC, η is the charge/discharge efficiency,
t0 is the initial time, t is the time, and Qb is the battery capacity.
The coefficients K0−4 in the OCV-SoC relationship do not sig-
nificantly change with different battery degradation levels and
operating conditions, as verified by previous research [36], [37].
This means that the OCV can be accurately estimated by (2) as
long as the true SoC can be provided. The battery capacity Qb

and the parameters Rs,Rt , and Ct in the ECM are significantly
influenced by battery degradation and/or the operating condi-
tion. It is difficult to calibrate these parameters offline over all
battery degradation levels and operating conditions. Thus, these
parameters, which directly influence SoC and SoH estimations,
need to be estimated when the operating condition dramatically
changes (e.g., temperature) [38].

In this paper, the estimation problem involves two states (i.e.,
the RC pair voltage VC and the SoC z) and four parameters
(i.e., ohmic resistance Rs , diffusion resistance Rt , time constant
τ = RtCt , and battery capacity Qb ). Based on (1)– (3), the
general discrete time state-space equation for the multi-scale
EKF can be expressed as follows [16]:⎧⎪⎪⎨

⎪⎪⎩
θk+1 = θk + rk

Xk,l+1 = H (Xk,l ,θk , uk,l) + wk,l

Yk,l+1 = G (Xk,l ,θk , uk,l) + vk,l

(4)

where

θk =

⎡
⎢⎢⎢⎢⎣

Rs (k)

Rt (k)

τ (k)

1/Qb (k)

⎤
⎥⎥⎥⎥⎦ ,Xk,l =

[
VC (k, l)
z(k, l)

]
,

uk,l = ib(k, l), Yk,l+1 = Vb(k, l + 1)⎧⎪⎪⎨
⎪⎪⎩
H (Xk,l ,θk , uk,l) =

[
e−

T
τ 0

0 1

]
Xk,l +

⎡
⎣Rt

(
1 − e−

T
τ

)
− ηT

Qb

⎤
⎦uk,l

G(Xk,l ,θk , uk,l) = OCV(z (k, l)) − VC (k, l) − Rs (k) uk,l

k and l are the two time-scale indices, T is the sampling period
(i.e., 1 s), Xk,l is the state vector at the time tk,l ,θk is the
parameter vector at the time tk,0 , uk,l is the system input, Yk,l is
the system output, rk is the process noise for parameters, wk,l

is process noise for states, and vk,l is the measurement noise.
The relationship between the two time scales is given by

tk,l = tk,0 + l × T, 1 ≤ l ≤ L (5)

Fig. 2. Flowchart of the multi-scale EKF.

where L represents the time-scale separation ratio, and Xk,0 =
Xk−1,L . In Section II-B, the dual EKF is designed to estimate
X and θ simultaneously based on input u and output Y .

B. Review of Multi-Scale EKFs

The multi-scale EKF is developed based on the standard
dual EKF method, which is a commonly used technique for
simultaneous estimation of battery states and parameters [39].
For the dual EKF, two EKFs are run concurrently and, at
every time step when the observation is available, the state EKF
estimates the states using the latest model parameter estimates
from the parameter EKF, while the parameter EKF estimates
the model parameters using the latest state estimates from the
state EKF [23]. The standard dual EKF estimates both states
and parameters on the same time scale. However, for systems
like batteries, given the physical time-scale separation, it is de-
sirable to estimate the slowly time-varying parameters on the
macrotime-scale while estimating the fast time-varying states
on the microtime-scale [39], which can reduce computational
effort and provide more stable estimates [16], [23], [39]. The
flowchart of the adopted multi-scale EKF is depicted in Fig. 2,
and the detailed information is provided in [16].

III. CR LOWER BOUNDS FOR BATTERY

PARAMETERS AND STATES

Although the estimation method is important, the influence of
the battery current waveform (i.e., the input) on the estimation
performance is also significant. The relationship between the
estimation accuracy and the data is quantitatively investigated
in this section. The CR bound, which indicates the lower bound
of the estimation error covariance of unbiased estimation, can
be used to quantify the estimation accuracy [40]. A sinusoidal
current is adopted in this paper, and the CR bounds of the battery
parameters and states are derived using Laplace transforms.
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A. Process for Calculating Time-Averaged CR Bound

The process for computing the time-averaged CR bound is
introduced in this section. VC is not considered in the CR bound
analysis for simplification, since it highly depends on Rt and
τ . Assume the battery voltage Vb(t) and current ib(t) are mea-
sured continuously and used to estimate a parameter vector
θ = [θ1 , θ2 , . . . , θm ]T. The relationship between input ib(t) and
output Vb(t) in the frequency domain assumes the generic form

Vb (s) = J [θ, ib (s)] (6)

where s is the complex Laplace variable. The sensitivity of the
output to parameter θi is defined as

∂Vb

∂θi
(s) =

∂J [θ, ib (s)]
∂θi

. (7)

The sensitivity in the time domain can be expressed using the
inverse Laplace transform L−1

∂Vb

∂θi
(t) = L−1

[
∂Vb

∂θi
(s)

]
. (8)

Considering Gaussian noise in the voltage measurement,
when the periodic input (with a period of Ti) is used, the time-
averaged Fisher Matrix F̄c can be calculated as [24]

F̄c =
1

σ2
V

1
Ti⎡

⎢⎢⎢⎢⎢⎢⎢⎣

∫ Ti

0

(
∂Vb

∂θ1

)2
dt

∫ Ti

0
∂Vb

∂θ1

∂Vb

∂θ2
dt · · · ∫ Ti

0
∂Vb

∂θ1

∂Vb

∂θm
dt∫ Ti

0
∂Vb

∂θ2

∂Vb

∂θ1
dt

∫ Ti

0

(
∂Vb

∂θ2

)2
dt · · · ∫ Ti

0
∂Vb

∂θ2

∂Vb

∂θm
dt

...
...

...
...∫ Ti

0
∂Vb

∂θm

∂Vb

∂θ1
dt

∫ Ti

0
∂Vb

∂θm

∂Vb

∂θ2
dt · · · ∫ Ti

0

(
∂Vb

∂θm

)2
dt

⎤
⎥⎥⎥⎥⎥⎥⎥⎦
(9)

where the overbar symbol (−) denotes a time-averaged value
and σ2

V is the variance of the voltage measurement noise. The
CR bound can be obtained by inverting the Fisher Matrix [41]

var (θi) ≥ σ−
2 (θi) = diag

(
F̄−1

c

)
i

(10)

where var(θi) is the variance of the estimation error for θi, σ−
2(θi)

is the CR lower bound of θi , which represents the mini-
mum achievable variance of the estimation error for θi , and
diag(F̄−1

c )i is the ith diagonal element of F̄−1
c . This paper fo-

cuses on the cases when m = 1 (i.e., single-parameter estima-
tion) and m = 5 (i.e., multi-parameter estimation).

B. CR Lower Bound Derivation for Single-Parameter
Estimation

To derive the transfer function from ib to Vb , several assump-
tions are given as follows:

1) The initial value of VC is assumed to be 0.
2) The variations of Rs,Rt , and τ with respect to time are

neglected in the estimation process [42].

Based on (1), the transfer function can be derived using the
Laplace transform

Vb (s) = VOC (s) − Rsib (s) − Rt

1 + τs
ib (s) . (11)

The OCV-SoC is characterized by (2). It has been proven
the slope of the OCV-SoC curve is constant for most battery
chemistries within the normal operation range. For example, the
OCV slope is nearly constant in the range of 10%–90% SoC,
e.g., 0.65 V/100% for a LiNiMnCo battery and 0.17 V/100%
for a LiFePO4 battery [6], [43]. As a result, (2) is linearized to
simplify the CR bound analysis

VOC (t) = a

(
z0 −

∫ t

t0

ηib (υ)
Qb

dυ

)
+ b (12)

where a and b are the coefficients of the linearized OCV-SoC
function, and ν is the integration variable. It has been proven that
the OCV-SoC relationship does not significantly change with
different battery degradation levels and operating conditions
[36], [37], therefore, a and b can be treated as known constants.
As shown in (12), the errors in initial SoC (i.e., z0) and the
battery capacity Qb will induce significant estimation errors in
the SoC and battery terminal voltage. Based on (11) and (12),
we have

Vb (s) =
az0

s
− a

s

η

Qb
ib (s) +

b

s
− Rsib (s) − Rt

1 + τs
ib (s) .

(13)
The CR bound analysis is based on (13). In this section,

we consider the single-parameter estimation where only one
parameter/state is estimated, while the other states/parameters
are assumed to be known. The sensitivity of the output (i.e.,
battery terminal voltage) to the estimated state/parameter can
be derived in the frequency domain according to (7)

∂Vb

∂z0
(s) =

a

s
,

∂Vb

∂Rs
(s) = −ib (s) ,

∂Vb

∂Rt
(s) = − 1

1 + τs
ib (s)

∂Vb

∂τ
(s) =

Rts

(1 + τs)2 ib (s) ,
∂Vb

∂ (1/Qb)
(s) = −aη

s
ib (s) .

(14)

We consider a sinusoidal current input{
ib (t) = M cos (ωt)

ib (s) = M s
s2 +ω 2

(15)

where M is the current magnitude and ω is the current fre-
quency. Using (15) in (14), and taking the inverse Laplace trans-
form L−1 , the sensitivities for z0 , Rs , and 1/Qb can be easily
derived as⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

∂Vb

∂z0
(t) = L−1

{a

s

}
= a

∂Vb

∂Rs
(t) = L−1 {−ib(s)} = −M cos (ωt)

∂Vb

∂ (1/Qb)
(t) = L−1

{
−aη

s
ib (s)

}
= −M aη sin(ωt)

ω .

(16)
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For Rt and τ , the sensitivity expressions are relatively com-
plex. Specifically, for Rt , based on (14) and (15), we have

∂Vb

∂Rt
(t) = L−1

{
− 1

1 + τs
ib(s)

}

=
M e−

t
τ

1 + ω2τ 2 − M cos (ωt) + Mωτ sin (ωt)
1 + ω2τ 2 . (17)

As t → ∞, (17) asymptotically converges to

∂Vb

∂Rt
(t) → −M cos (ωt) + Mωτ sin (ωt)

1 + ω2τ 2 . (18)

Similarly, for τ , the asymptotic sensitivity can be given as

∂Vb

∂τ
(t) → −MRtω

[
ω2τ 2 sin (ωt)−sin (ωt) + 2ωτcos (ωt)

]
(1 + ω2τ 2)2 .

(19)
Based on (16), (18), and (19), the time-averaged Fisher Ma-

trices for z0 , Rs,Rt, τ , and 1/Qb can be calculated according
to (9)⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

F̄ (z0) = 1
σ 2

V

ω
2π

∫ 2 π
ω

0

[
∂Vb

∂z0
(t)

]2
dt = a2

σ 2
V

F̄ (Rs) = 1
σ 2

V

ω
2π

∫ 2 π
ω

0

[
∂Vb

∂Rs
(t)

]2
dt = M 2

2σ 2
V

F̄ (Rt) = 1
σ 2

V

ω
2π

∫ 2 π
ω

0

[
∂Vb

∂Rt
(t)

]2
dt = M 2

2σ 2
V (1+ω 2 τ 2 )

F̄ (τ) = 1
σ 2

V

ω
2π

∫ 2 π
ω

0

[
∂Vb

∂ τ (t)
]2

dt = M 2 R2
t ω 2

2σ 2
V (1+ω 2 τ 2 )2

F̄ (1/Qb) = 1
σ 2

V

ω
2π

∫ 2 π
ω

0

[
∂Vb

∂ (1/ Qb ) (t)
]2

dt = M 2 a2 η 2

2σ 2
V ω 2 .

(20)
Consequently, the time-averaged CR bounds can be obtained

as follows: ⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

σ̄− (z0) = F̄(z0)
− 1

2 = σV

a

σ̄− (Rs) = F̄(Rs)
− 1

2 =
√

2σV

M

σ̄− (Rt) = F̄(Rt)
− 1

2 =
√

2σV

√
1+ω 2 τ 2

M

σ̄− (τ) = F̄(τ)−
1
2 =

√
2σV (1+ω 2 τ 2 )

M Rt ω

σ̄− (1/Qb) = F̄(1/Qb)
− 1

2 =
√

2σV ω
M aη .

(21)

Based on (21), several remarks for single-parameter estima-
tion can be obtained.

Remark 1: As expected, reducing the noise in voltage mea-
surement would lead to improved estimation accuracy. But this
is generally limited by the voltage sensor performance.

Remark 2: The SoC estimation is not influenced by the cur-
rent and only related to the OCV slope a. The accuracy of esti-
mated SoC can be improved with a larger OCV slope because

it makes the SoC more detectable from the battery terminal
voltage, and this conclusion is also given in [24].

Remark 3: The estimation accuracy of Rs,Rt, τ , and 1/Qb

can be improved by increasing the current amplitude. The esti-
mation of Rs is not influenced by the current frequency.

Remark 4: The current frequency ω should be as small as
possible to increase the estimation accuracy of Rt . In addition,
the CR bound of τ achieves the minimum value 2

√
2σV τ

M Rt
when

ω = 1
τ .

Remark 5: The estimation accuracy of 1/Qb can be im-
proved by decreasing the current frequency. When ω is 0, the
input is a direct current with amplitude of M , which is the best
case to estimate 1/Qb . The reason is that the battery capacity
influences the output (i.e., battery terminal voltage) via the SoC
variation, and only a large SoC variation can lead to a detectable
voltage change given the relatively small OCV-SoC slope.

C. CR Lower Bound Derivation for Multi-Parameter
Estimation

When z0 , Rs,Rt, τ , and 1/Qb are estimated simultaneously,
the error variance will be no less than that of single-parameter
estimation, as shown in [24] and [29]. The estimation processes
of different states/parameters will influence each other, which
involves substantial uncertainties in the estimation. Based on
(9), (16), (18), and (19), the time-averaged Fisher matrix F̄c5
for multi-parameter estimation can be derived as

F̄c5 =

[
a2

σ 2
V

0

0 F̄c4

]
(22)

where F̄c4 is the time-averaged Fisher matrix for the multi-
parameter estimation of Rs,Rt, τ , and 1/Qb , and is given by
(23) shown at the bottom of this page.

It can be seen that the CR bound of SoC only depends on the
measurement noise and OCV slope, which is the same as in the
case of single-parameter estimation. This means that the SoC
estimation is not influenced by other parameters. As a result,
we will focus on the multi-parameter estimation of Rs,Rt, τ ,
and 1/Qb . Similar to single-parameter estimation, the estima-
tion accuracy for multi-parameter estimation is proportional to
the noise level in the voltage measurement. Following the gen-
eral rule that one frequency component is needed for every two
unknown parameters [25], a current waveform with two sinu-
soidal components is considered. To simplify the problem, we
consider the two sinusoidal signals to have the same amplitudes
and with frequencies ω and 5ω, i.e.,

ib (t) = M cos (ωt) + M cos (5ωt) (24)

F̄c4 =
1
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(23)
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TABLE I
SPECIFICATIONS FOR THE 18 650 BATTERY CELL

Fig. 3. OCV-SoC curve.

which has the following Laplace transform:

ib (s) =
Ms

s2 + ω2 +
Ms

s2 + 25ω2 . (25)

The time-averaged Fisher matrix for this current waveform
is complicated. Moreover, it is difficult to derive closed-form
expressions for the CR bound because of the matrix inversion
involved. Therefore, only numerical analysis is given in this
paper to investigate the influence of the current frequency on the
CR bounds. To this end, a Samsung 18 650 Lithium battery cell
is studied in this paper. The static capacity test and hybrid pulse
test are conducted at 20 °C to determine the values of parameters.
The specifications and main parameters of the chosen battery
cell are listed in Table I. We point out that Rs,Rt , and τ change
with varying SoC. However, in the CR bound analysis, only the
nominal values Rs,Rt , and τ , listed in Table I, are used for
simplification.

As shown in Fig. 3, the OCV-SoC curve can be linearized
over the SoC range of 50%–90% and the slope used in the CR
bound analysis is 8.845 mV/100%. The coefficients K0−4 in the
OCV-SoC curve are specified in Table II.

To compare the CR bounds of two estimation scenarios,
the current waveform including two sinusoidal components
[see (24)] is also used to calculate the CR bounds for single-
parameter estimation.

TABLE II
COEFFICIENTS OF THE OCV-SoC CURVE

Fig. 4. CR bounds of single-parameter and multi-parameter estimations.

The numerical results are depicted in Fig. 4, and several
observations are summarized as follows.

Remark 6: For Rs,Rt, τ , and 1/Qb , the estimation accuracy
of single-parameter estimation are always higher than that of
multi-parameter estimation. However, the estimation error of
multi-parameter estimation is very sensitive to frequency, and it
can be significantly reduced by choosing sinusoids of optimal
frequency.

Remark 7: For multi-parameter estimation, there are optimal
frequencies for Rt and τ estimations (the optimal frequencies
for Rt and τ are slightly different, and both low).

Remark 8: There is a tradeoff between the estimation of Rs

and 1/Qb since the estimation of Rs prefers high-frequency
current, while the estimation of 1/Qb prefers low-frequency
current.

For the studied battery cell, the optimal current frequency
can be chosen at 0.002 Hz (5ω is therefore 0.01 Hz), since
the CR bound of Rs does not significantly decrease when the
frequency is higher than 0.002 Hz. Due to the space limitations,
the analysis considering other frequency sets (e.g., ω and 10ω)
is not presented, but we note that the results are similar.

A constant temperature is assumed in the CR bound analy-
sis. However, temperature heavily affects the impedance values
and the battery degradation behavior. We point out that, when
the external temperature is constant the analysis/results can be
directly generalized, although parameters of the battery change
significantly under different temperatures. When the tempera-
ture changes, the CR bounds of the estimated parameters may
also change, and the optimal frequency components in the cur-
rent waveform, therefore, change as well. In this case, the CR
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Fig. 5. Simulation model of the first-order circuit.

bounds of estimated parameters can be derived considering dif-
ferent parameters’ values related to different temperatures. As
a result, the optimal frequency components, which are injected
online to improve the parameter estimation performance, can
be determined for different temperatures offline. In general, the
battery temperature does not change quickly due to its large
thermal capacity. However, for the extreme case where the bat-
tery temperature does change quickly, it is difficult to directly
generalize the results in this paper, since the battery parameters
are assumed to be constant in the CR bound analysis. Param-
eter estimation will be more difficult in this case because the
estimation algorithm needs to handle not only the erroneous ini-
tial guesses of the estimated parameters, but also the parameter
dynamics related to the temperature change.

IV. SIMULATION RESULTS

Most previous studies directly use experiments to validate
the battery states/parameters estimation algorithm. However,
we point out that the estimation error comes from the following
three aspects:

1) The limitation of the battery model.
2) The limitation of the estimation algorithm.
3) The inherent limitation of the estimation problem

formulation.
In this paper, the error from the estimation algorithm is not

considered, as the adopted multi-scale EKF has been verified
to have satisfactory performance [16]. This paper investigates
the influence of the battery current waveform on estimation
accuracy. To remove errors from the battery model limitation, a
simulation is conducted to verify the CR bound analysis results,
which cannot be realized in experiments.

As shown in Fig. 5, the simulation is conducted based on the
first-order ECM whose voltage is governed by the same dynam-
ics as the battery cell adopted in this study [i.e., (2) and (3)].
The parameters Rs,Rt , and τ are set to vary with SoC (i.e., z)
based on the hybrid pulse power characterization (HPPC) re-
sults of the Samsung battery to examine whether both the initial
parameters/states errors and system dynamics can be handled
simultaneously. In this case, the battery model limitation does
not exist because we estimate the parameter of the first-order
ECM rather than the battery cell.

The CR bound analysis in Section III-C focuses on four pa-
rameters, but the real estimation focuses on six states/parameters
in total. To satisfy the PE condition, for the optimal current

Fig. 6. Simulation results of parameter estimation. (a) Results with optimal
current profile. (b) Results with non-optimal current profile.

profile, three sine waves with frequencies of 0.002, 0.01, and
0.005 Hz (an additional component) are adopted. For the com-
parison, in the second simulation, the frequencies of the sine
waves increase to 0.02, 0.05, and 0.1 Hz. The amplitudes of all
sine waves are set at 0.5 C (1.22 A). The time scale ratio L in
the multi-scale EKF is chosen to be 5 s for all simulations and
experiments. In the simulation, the initial guess of the parame-
ters is set to 80% of the real value, and the initial guess of the
state is set to [VC (0, 0) z(0, 0)] T = [ 0 1] T.

As shown in Fig. 6(a), when the optimal current waveform is
used, the estimated Rs quickly converges to the actual value, and
there is hardly any error. For Rt and τ , the estimated parameters
can by-and-large track the actual values. The estimated battery
capacity converges to the real value, but there is a small static
error (i.e., 0.05 Ah, or 2%). In contrast, as shown in Fig. 6(b),
when the non-optimal current is used, the estimated values of Rt

and τ cannot track their actual values at all, and the static error in
the estimated Qb significantly increases, although the estimation
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Fig. 7. Simulation results of SoC estimation. (a) Optimal current profile.
(b) Non-optimal current profile.

Fig. 8. Simulation results of Vb estimation. (a) Optimal current profile.
(b) Non-optimal current profile.

result of Rs is still satisfactory. In addition, it shows that the
estimated Rt and τ cannot accurately track the trajectories of the
real values, even though the optimal current profile is used. We
point out that the errors in Rt and τ are also caused by limitations
of the estimation problem itself. As shown in Fig. 6, the diffusion
resistance Rt is much smaller than the ohmic resistance Rs .
Thus, when compared to Rs , the influence of Rt and τ on the
battery terminal voltage is small. Consequently, it is difficult to
estimate Rt and τ accurately when an estimation of Rs is also
included.

As shown in Fig. 7(a), the estimated SoC follows the real value
accurately and quickly when the optimal current profile is used,
though significant initial error exists, and the SoC estimation
error is less than 0.5%. However, since the estimated battery
capacity directly influences the estimation of SoC, the estimated
SoC becomes worse when the non-optimal current profile is
used, as shown in Fig. 7(b).

Since all parameters and states can be accurately estimated
when the optimal current profile is used, the estimated voltage
follows the true voltage very well and the estimated error is
less than 0.05 V, as shown in Fig. 8(a). It is interesting to see
that, when the current frequency increases, the estimation er-
ror of the voltage does not significantly increase, as shown in
Fig. 8(b). The reason is that a local minimum is achieved and
the estimation errors of SoC and Qb compensate their influences
on the terminal voltage. In addition, the RC pair has a negligi-
ble influence on voltage, therefore, the estimated voltage can
track the real value even when the estimated Rt and τ are far
from the real values. The simulation results in this section quan-
tify the estimation error mainly caused by the estimation prob-
lem itself. Thus, the CR bound analysis result in Section III-C is

Fig. 9. Experimental result of parameter estimation with optimal battery
current.

demonstrated. The estimation performance can be significantly
improved when the optimal current profile is used.

V. EXPERIMENTAL RESULTS

The experiments use a Samsung 18 650 Lithium ion battery,
whose specifications are listed in Table I. Besides error from the
estimation problem itself, the error caused by the inaccuracy of
the first-order ECM is also involved in the experiment. The simu-
lation results in Section IV show that, when the ECM parameters
are similar to the “true values” of the studied battery, the RC pair
is difficult to characterize, even when the optimal battery current
profile is used. Thus, the parameters of the RC pair are more
difficult to be estimated in experiment. In addition, the optimal
frequency for Rt and τ estimations, which are pretty low, will re-
sult in a long time before parameters are estimated, hence there is
a tradeoff between estimation accuracy and speed. In the first ex-
periment, the optimal current profile, including three sine waves
with frequencies of 0.01, 0.05, and 0.1 Hz, is employed. In the
following experiment, the initial guess of the parameters are set
to [Rs(0) Rt(0) τ (0) 1/ Qb (0)] T = [0.06 0.02 15 1/ 2] T, and the
initial guess of the state is set to [VC (0, 0) z(0, 0)] T = [ 0 0.4]T.
The parameter estimation results are shown in Fig. 9, show-
ing that the estimated Rs converges quickly to the real value;
however, for Rt and τ , the estimated parameters cannot track
the “actual values.” Along with the simulation results, it can be
concluded that the RC parameters are difficult to be estimated
for the studied battery cell. The reasons are that are as follows:
First, the influence of RC pair dynamics on the battery terminal
voltage is negligible, and second, the first-order ECM cannot
represent the battery dynamics precisely.

The estimated battery capacity can converge to the real value,
which takes about 2000 s. The errors in Rt and τ are mainly
caused by the limitations of the estimation problem and the first-
order RC model. It is difficult to ascertain how accurate the Rt

and τ values from the HPPC test are. When compared to the
simulation results, the SoC estimation result of the experiment
is worse, as shown in Fig. 10. In addition, the steady-state esti-
mation error in the battery terminal voltage is also slightly larger
due to the limitations of the first-order RC model.
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Fig. 10. Experimental result of SoC and Vb estimations with optimal battery
current. (a) SoC. (b) Vb .

Fig. 11. Experimental result of parameter estimation under NEDC.

Fig. 12. Experimental result of SoC and Vb estimations under NEDC. (a) SoC.
(b) Vb .

To present the influence of the current profile on estima-
tion performance, another experiment based on the scaled New
European Driving Cycle (NEDC), which contains higher fre-
quency currents than the optimal profile, is also conducted. The
parameter estimation result is shown in Fig. 11, which shows
that Rs converges to the actual value accurately and quickly.
The CR bound analysis result that the estimation of Rs prefers
high frequency is verified. Both the estimations of SoC, Rt, τ ,
and Qb are compromised due to the high-frequency current
of the NEDC. The estimated battery capacity converges to the
wrong value, which may be due to a local minimum for the
estimation problem, which also induces a low estimation error
of battery terminal voltage, as shown in Fig. 12(b). Therefore,
the experimental results in this section validate that the battery

SoC/SoH estimation performance can be significantly improved
by injecting the optimal current profile.

Based on observations from the simulation and experiment,
it can be found that the current waveform is critical to battery
states and parameters estimation. We point out that the battery
parameters vary over a large range depending on the chemistry.
However, the CR bound analysis in this paper presents quanti-
tative insights of the combined SoC/SoH estimation based on
the ECM, and provides important guidelines on designing the
optimal current profile for a better estimation performance.

For electric vehicles, it is difficult to design the battery current
profile, since battery is the sole power source onboard and needs
to supply the power demand throughout. However, batteries are
often used in over-actuated systems, e.g., the hybrid electric
vehicle [44] and the hybrid energy storage system [45]. These
over-actuated systems offer an additional degree of freedom to
generate excitation currents for battery to achieve better param-
eters/states estimation performance. Thus, the optimal current
profile can be directly used in these applications.

VI. DISCUSSION

As shown in Figs. 9 and 10, the estimation process takes a sig-
nificant amount of time to make the estimated parameters/states
converge, even though the optimal current profile is adopted.
The long estimation time is inherently caused by the estimation
problem itself, since many parameters/states (i.e., four param-
eters and two states) are estimated simultaneously, while only
one input (i.e., current) and one output (i.e., terminal voltage)
are available. Therefore, there are many local minimums in the
estimation process, which make the estimation algorithm diffi-
cult to obtain the expected global minimum. The long estimation
time has also been noticed in the existing literature [16], and it
takes even more time without the injection of optimal current
signals. If the battery is the only power source, it is true that one
cannot vary the power demand to satisfy parameter estimation
requirements without negative consequences. The best way to
inject the optimal current signals is by manipulating the battery
charging profile, since it has much less negative consequences
when the battery is being charged. However, when the battery is
used in an over-actuated system (e.g., hybrid electric vehicle),
which has multiple power sources that provide the ability to
achieve sufficiently rich input signals and output regulation ob-
jectives simultaneously, the long period of estimation may not
interrupt the application. For any power demand Pd , we have
Pd = Ps1 + Ps2 , where Ps1 and Ps2 are the power from source
1 (e.g., battery) and source 2 (e.g., engine). The optimal cur-
rent waveform for identification can be designed for one source,
while the other source can be used to deliver the power demand
and eliminate the negative consequences of the excitation.

For the frequency ratio, we have performed some simulations
and selected the optimal ratio based on the CR bound analysis.
The frequency ratio k in the current signal, which is used in the
CR bound analysis, can be defined as

ib (t) = M cos (ωt) + M cos (kωt) . (26)
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Fig. 13. CR bound results under different frequency ratios.

In the CR bound analysis shown in Section III, k is chosen
to be 5. This is based on the CR bound results, as shown in
Fig. 13. The CR bounds of the estimated parameters under
k = 2, 5, and 50 show that the best performance can be achieved
in the “optimal frequency range (around 0.002 Hz)” when k
is 5. When k is extremely low (i.e., 2), the CR bound of Rs

is much higher than others due to the lack of high-frequency
current component. In contrast, when k is extremely high (i.e.,
50), the CR bound of Rs is significantly reduced, however, the
CR bounds of Rt, τ , and Qb are dramatically increased, since
they prefer low-frequency current components. As a result, k
cannot be too low or too high to achieve satisfactory estimation
performance.

We did not investigate all k values because another frequency
component is added in both the simulation and the experiment,
while the CR bound analysis only adopts the current signal con-
sisting of two frequency components. When the third frequency
component, which is used to achieve the PE condition, is added
in (26), the CR bound analysis will be very complicated, and
even the numerical result is hard to be obtained. Consequently,
the third frequency components of both simulation and experi-
ment are randomly chosen without the loss of generality.

In addition, fixed parameters are assumed in the CR bound
analysis, while the actual nominal values of the ECM parameters
change significantly with the battery SoC. The nominal param-
eters used in the CR bound analysis are the average values over
the SoC operation range, and the nominal values are calibrated
through HPPC using the recursive least-squares method.

We point out that current frequencies that are considered to be
non-optimal in the CR bound analysis and simulations (i.e., 0.01,
0.05, and 0.1 Hz) are selected as optimal values for experiments.
The reasons are listed as follows:

1) In the CR bound analysis, all battery parameters are con-
sidered to be constant. However, the parameters, espe-
cially the parameters of RC pair, significantly change with
the battery SoC, as shown in Fig. 9. The parameter varia-
tion influences the CR bound result, and therefore, results
in different optimal frequency components. For example,
when τ changes and the other parameters remain con-
stant (as listed in Table I), the CR bounds of different
estimated parameters significantly change, as shown in

Fig. 14. CR bound results under different τ values.

Fig. 14. It is intuitive that small τ prefers high-frequency
current, and vice versa. In the simulation, the SoC oper-
ating range is narrow (i.e., 75%–90%), thus, the battery
parameters are relatively constant and near to the values
used in the CR bound analysis provided in Section III.
As a result, the optimal current signals derived from the
CR bound analysis can be directly used in the simulation.
In contrast, battery parameters change dramatically in the
experiment because the SoC operation range is wide (i.e.,
35%–90%). Considering the parameter variations of the
RC pair, we slightly increase the optimal frequencies of
the current waveform from 0.002 and 0.01 Hz (derived
from CR bound analysis) to 0.01 and 0.05 Hz.

2) The first-order ECM does not perfectly represent the bat-
tery dynamics. Hence, the optimal current waveform de-
rived from the CR bound analysis can be directly used in
the simulation, since the dynamics of the first-order ECM
is studied. However, in the experiment, the inaccuracy of
the first-order ECM is involved, therefore, the optimal fre-
quencies of battery current will change when compared
to the CR bound analysis to adapt to the actual battery
dynamics.

VII. CONCLUSION

This paper presents a combined SoC/SoH estimation of a
Lithium ion battery based on a first-order ECM. A multi-scale
EKF is adopted to estimate battery parameters and states using
dual time scales. Considering voltage noise, current amplitude,
and current frequency, a CR bound analysis is conducted to
quantify the influence of the current profile on estimation ac-
curacy. Several important observations were made, such as the
following.

1) CR bounds of SoC for both single-parameter and multi-
parameter estimations are the same and only depend on
measurement noise and OCV slope.

2) For Rs,Rt, τ , and 1/ Qb , the estimation accuracy of
single-parameter estimation is higher than that of multi-
parameter estimation.
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3) The CR bound of Rs monotonically decreases with in-
creasing current frequency.

4) For multi-parameter estimation, there are optimal frequen-
cies for Rt and τ estimations.

5) The estimation accuracy of 1/ Qb can be improved by
decreasing the current frequency. Therefore, the optimal
current profile can be designed based on CR bound anal-
ysis results.

Both simulation and experimental results verify the CR bound
analysis and show that the battery current profile with optimal
frequency components achieves satisfactory estimation perfor-
mance. The CR bound analysis in this paper presents quanti-
tative insights into the SoC/SoH estimation problem when a
first-order ECM is adopted. In this experiment, the estimation
result with the optimal current profile is much better than the
one under NEDC. Thus, the CR bound analysis in this paper
provides important guidelines on designing the optimal current
waveform for a better performance for online estimation and
offline calibration.
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