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Abstract—Estimating the State-of-Charge (SoC) and State-of-
Health (SoH), together with the parameters used in representing
the dynamics of a lithium-ion battery, is essential to ensure optimal
and reliable operation. However, this simultaneous estimation can
take a significant amount of time to converge, and the estimation
accuracy is limited by measurement noise and model inaccuracy.
Note that for overactuated systems (e.g., hybrid energy storage sys-
tems and hybrid electric vehicles), the overactuation feature can be
exploited to optimize the battery current profile for the estimation
purpose. This article shows the potential to improve estimation
accuracy when the desired current is actively injected and the esti-
mation algorithm is properly structured. Specifically, by incorpo-
rating a high-pass filter, battery parameters can be independently
characterized by injecting high-frequency and medium-frequency
currents, and battery SoC/SoH can then be estimated sequentially
from the estimated parameters. A Cramer–Rao bound analysis
shows that the accuracy of the proposed sequential estimation is
much better than the case where all parameters and states are
simultaneously estimated. The analysis is verified by simulation
and experimental results. We point out that for battery-only appli-
cations (e.g., electric vehicles); the proposed method has limitations,
as generally, the battery current profile cannot be changed.

Index Terms—Cramer-rao bounds, estimation error, lithium
batteries, parameter estimation, sequential analysis, state
estimation.

I. INTRODUCTION

L ITHIUM-ION batteries have been widely used in many
applications, such as electric vehicles and renewable en-

ergy systems [1]. Online monitoring of State-of-Charge (SoC)
and State-of-Health (SoH) plays an important role in ensuring
safe, reliable, and efficient operation [2]. However, when simul-
taneously estimating all parameters and states of the battery, the
estimation can take a significant amount of time to converge,
and its accuracy can be compromised when considering model
uncertainty and measurement noise [3].
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Most of the literature on battery state and parameter estima-
tion has focused on battery models [4] and estimation algorithms
[5]. While these studies are important, the input–output data
used play a significant role in the estimation performance [6].
A persistently exciting (PE) input condition must be necessarily
satisfied to ensure that all parameters can converge to the actual
values [7]. In addition, most existing estimation approaches use
the data indiscriminately without exploiting the sensitivity of
the data to the specific parameters to be identified [8]. The esti-
mation accuracy will be impaired when data without a sufficient
“richness” are used [9], [10].

In recent years, more attention has been paid to the impact of
data on estimation performance. Analytical results provided in
[11] and [12] use the Fisher information matrix and Cramer–Rao
(CR) bounds to analyze the influence of data on estimation accu-
racy. Rothenberger et al. optimized the battery current profile to
maximize the Fisher information matrix for a better estimation
performance [13], [14]. Lin and Stefanopoulou derived analytic
bounds on the estimation accuracy of SoC, capacity, and ohmic
resistance under various circumstances [6]. The connection be-
tween the excitation and the SoC estimation error considering
measurement noise/bias [15], model uncertainties [16], and
estimation algorithms has also been addressed.

However, in the case where all battery parameters and states
are estimated simultaneously, the estimation performance is
limited even when the battery current profile is well-designed
[17]. This is caused by the fact that the state and parameter
estimation problems are inherently intertwined, and noise is
introduced in the measurement. The separation of state and
parameter estimation, which could lead to reduced uncertainty
in each estimation problem, however, has not been explored.
Based on analysis of the first-order equivalent circuit model
(ECM), it has been shown that it is possible to estimate battery
parameters/states sequentially by incorporating a high-pass filter
and actively injecting current signals to improve the estimation
accuracy. Performance of the sequential algorithm has also been
demonstrated [18]. Such a sequential algorithm is, therefore,
adopted in this article. We note that the sequential algorithm was
designed for overactuated systems (e.g., hybrid electric vehicles
and the battery/supercapacitor hybrid energy storage system),
since the overactuation feature can be exploited for the active
current injection.

This article focuses on establishing the properties of the
sequential algorithm and the optimization of the inputs for
estimation. The main contributions of this article include the
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Fig. 1. First-order ECM for battery.

following aspects. First, the time-averaged CR bound, which
indicates the lower bound of the estimation error covariance
of unbiased estimation, is used to establish the advantage of the
sequential algorithm when compared to the multiparameter case
where all parameters and states are estimated concurrently. Sec-
ond, the influence of frequency on the estimation performance is
investigated for the sequential algorithm to optimize the current
profile. Third, simulations are conducted considering noise, and
the effectiveness of the sequential algorithm is validated. Finally,
initial experimental results are provided to further verify the
proposed algorithm.

The rest of this article is organized as follows. In Section II,
the first-order ECM battery model is described and the dynamics
are analyzed. In Section III, the time-averaged CR bound is
briefly introduced and the CR bound analysis is performed.
Simulation results are shown in Section IV. Experimental results
are presented in Section V. Section VI concludes this article.

II. SYSTEM DESCRIPTION

The state estimation of lithium-ion batteries, including battery
SoC and SoH, is an important task in practical applications. To
perform this task, model-based algorithms have been widely
studied. Generally, the model parameters are significantly influ-
enced by battery degradation and operating conditions, there-
fore, the model parameters should be estimated together with
the battery states. However, it is challenging to simultaneously
estimate all parameters and states given model inaccuracy, un-
certainties, and measurement noise. In this section, the battery
dynamics are analyzed, and the possibility of separating different
dynamic components in the frequency domain is investigated to
decompose the coupled estimation problem.

There are various models for lithium-ion batteries, such as the
ECM [4], impedance model [19], and electrochemical model
[20]. While the more complex models (e.g., the electrochemical
model) are more accurate, the first-order ECM is widely used in
practical applications given its simplicity and sufficient accuracy
[4]. We point out that even though the analysis in this article
focuses on the first-order ECM, the proposed methodology
can be generalized to other models. As shown in Fig. 1, the
battery terminal voltage and current are denoted as vb and ib,
respectively. The ECM dynamics can be presented as follows:{

v̇C = − 1
CtRt

vC + 1
Ct

ib

vb = vOC −Rsib − vC
(1)

TABLE I
SPECIFICATION FOR THE 18650 BATTERY CELL

where vC is the voltage of RC pair. The open circuit voltage
(OCV)–SoC relationship is given as [21]

vOC(z) = K0 − K1

z
−K2z +K3 ln(z) +K4 ln(1− z) (2)

where K0-4 are the model coefficients and z is the normalized
SoC. The SoC dynamic is described as [22]

z = z0 −
∫ t

t0

η

Qb
ib(t)dt (3)

where z0 is the initial SoC, η is the charging/discharging ef-
ficiency, t0 is the start time, and Qb is the battery capacity.
The slope of the OCV–SoC curve is constant for most battery
chemistries within the normal operating range [23], [24]. Con-
sequently, (2) is linearized to simplify the CR bound analysis in
the following section:

vOC (t) = a

(
z0 −

∫ t

t0

ηib (υ)

Qb
dυ

)
+ b (4)

where a and b are the coefficients of the linearized OCV–SoC
function. The battery SoC and SoH are represented by z0 and
Qb, respectively. An 18650 lithium-ion battery cell made by
Samsung is considered, and its parameters are listed in Table I.
The coefficients K0–4 of the OCV–SoC for the adopted cell are
2.6031, 0.0674,−1.527, 0.6265, and−0.0297, respectively. The
battery parameters and OCV–SoC coefficients were obtained
by conducting hybrid pulse power capability (HPPC) and static
capacity tests on the adopted battery cell.

For the combined state and parameter estimation problem
studied in this article, the following assumptions can be made:

1) the initial value of vC is 0;
2) the values of Rs, Rt, and τ are constant in the estimation

process, since they vary much more slowly than the battery
SoC [25].

Based on (1)–(3), the transfer function from ib to vb can be
given as

vb (s) =

[
az0
s

+
b

s

]
−
[
a

s

η

Qb
ib (s)

]
− [Rsib (s)]

−
[

Rt

1 + τs
ib (s)

]
(5)

where s is the complex Laplace variable. Note that the battery
terminal voltage expression includes four components, with each
term associated with a specific subset of parameters. The first
term is due to the initial SoC. The second is related to the SoC
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variation, and is significantly influenced by the battery capacity
Qb. The third and fourth components are related to the ohmic
resistance and the RC pair, respectively.

These four components of the battery voltage have signifi-
cantly different characteristics in the frequency domain; a prop-
erty will be exploited in this article by incorporating filters and
actively injecting current signals that decompose the state and
parameter estimation problem.

Consider passing the battery voltage and current measure-
ments through a first-order high-pass filter

vbf (s) =
Tcs

1 + Tcs
vb (s) , ibf (s) =

Tcs

1 + Tcs
ib (s)

where Tc is the time coefficient of the high-pass filter, and vbf
and ibf are the filtered battery voltage and current, respectively.
The filtered system can be described as

vbf (s) = vc1 (s)− vc2 (s)− vc3 (s)− vc4 (s) (6)

where

vc1 (s) =
(az0 + b)Tc

1 + Tcs
, vc2 (s) =

a

s

η

Qb
ibf (s)

vc3 (s) = Rsibf (s) , vc4 (s) =
Rt

1 + τs
ibf (s)

and vc1, vc2, vc3, and vc4 are the terms associated with filtered
initial SoC, SoC variation, ohmic resistance, and RC pair voltage
components, respectively. After filtering, the response to the
initial SoC is given as

vc1 (t) = L−1

{
(az0 + b)Tc

1 + Tcs

}
= (az0 + b) e−

t
Tc → 0 (7)

which will vanish over time and can, therefore, be neglected. A
sinusoidal battery current, which is frequently used for parame-
ter estimation, is considered to analyze the battery dynamics{

ib (t) = M cos (ωt)

ib (s) =
Ms

s2+ω2

(8)

where M is the current magnitude andω is the current frequency.
The filtered voltage components vc2, vc3, and vc4 asymptotically
converge to⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

vc2 (t) → −MaηTc
Tcω sin(ωt)−cos(ωt)

Qb(1+T 2
c ω

2)

vc3 (t) → −MRsTcω
Tcω cos(ωt)−sin(ωt)

1+T 2
c ω

2

vc4 (t) → −MRtTcω
[(Tcω+ωτ) cos(ωt)+(Tcω

2τ−1) sin(ωt)]
(1+T 2

c ω
2)(1+τ2ω2) .

(9)
As shown in (9), vc2, vc3, and vc4 converge to sinusoidal

waveforms. To investigate the influence of frequency ω on the
battery dynamics, the amplitudes of vc2, vc3, and vc4 at different
frequencies are shown in Fig. 2 for Tc = 80 s. As shown in
Fig. 2, when the current frequency is “high” (i.e., >0.1 Hz), the
battery voltage is dominated by the term that is associated with
the ohmic resistance. When the current frequency is “medium”
(e.g., 0.004 Hz), the SoC variation voltage can be neglected.

The reason is that only the low-frequency current induces a
significant SoC change. When the current frequency is “low”

Fig. 2. Battery voltage components at various current frequencies.

(e.g., 0.0004 Hz), vc2, vc3, and vc4 should all be considered.
Therefore, by incorporating a high-pass filter, the battery voltage
components can be “stripped out” by injecting battery current
waveforms of different frequencies. We point out that the anal-
ysis shown earlier should be conducted for different battery
chemistries, where the frequency ranges may slightly change.

III. CR BOUND ANALYSIS

A. Time-Averaged CR Bound

The CR bound can be used to quantify estimation accuracy
[13]. The process for computing the time-averaged CR bound
is briefly introduced as follows. The sensitivity of the voltage
measurement vb to the ith parameter θi in the time domain can
be expressed using the inverse Laplace transform L−1

∂vb
∂θi

(t) = L−1

[
∂vb
∂θi

(s)

]
. (10)

Assuming Gaussian noise in the measurement of vb, the time-
averaged Fisher information matrix F̄c can be calculated when
the battery current ib(t) is a periodic signal with period 2π/ω.
The details of this calculation are provided in as follows:

F̄c =
1

σ2
V

ω

2π⎛
⎜⎜⎜⎜⎜⎜⎜⎝

∫ 2π
ω

0

(
∂vb

∂θ1

)2

dt
∫ 2π

ω

0

(
∂vb

∂θ1
∂vb

∂θ2

)
dt · · · ∫ 2π

ω

0

(
∂vb

∂θ1
∂vb

∂θN

)2

dt∫ 2π
ω

0

(
∂vb

∂θ2
∂vb

∂θ1

)
dt

∫ 2π
ω

0

(
∂vb

∂θ2

)2

dt · · · ∫ 2π
ω

0

(
∂vb

∂θ2
∂vb

∂θN

)
dt

...
...

...∫ 2π
ω

0

(
∂vb

∂θN
∂vb

∂θ1

)
dt

∫ 2π
ω

0

(
∂vb

∂θN
∂vb

∂θ2

)
dt · · · ∫ 2π

ω

0

(
∂vb

∂θN

)2

dt

⎞
⎟⎟⎟⎟⎟⎟⎟⎠

(11)

where θ = [θ1, θ2, . . . , θN ] is the vector of parameters to be
identified and σ2

V is the variance of the battery voltage measure-
ment noise. The CR bounds can then be obtained by inverting
the Fisher information matrix

cov (θi) ≥ σ2 (θi) = diag
(
Fc

−1
)
i

(12)



4442 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 35, NO. 4, APRIL 2020

where the over bar symbol (–) denotes a time-averaged value,
cov(θi) is the variance of the estimation error for θi, σ2(θi) is
the CR lower bound of θi, indicating the minimum achievable
variance, and diag(Fc

−1
)i is the ith diagonal element of Fc

−1
.

B. Sequential Algorithm

The sequential algorithm includes three steps, which are as
follows.

Step #1: The ohmic resistance is estimated by using a high-
pass filter and injecting a high-frequency current.

Step #2: The estimated ohmic resistance is then used in the
estimation of Rt and τ , which are estimated by using
a high-pass filter and injecting medium-frequency
current.

Step #3: Based on the estimated Rs, Rt, and τ , the SoC and
SoH are then simultaneously estimated.

The CR bounds of the filtered system are derived following
the process shown in Section III-A. Based on (6), it can be seen
that by injecting high-frequency current, the filtered system can
be simplified as

vbf (s) ≈ −Rsibf (s) . (13)

Therefore, the ohmic resistance Rs can be estimated solely in
the first step. By using the sinusoidal current shown in (8), the
asymptotic sensitivity and the time-averaged CR bound of Rs

can be given as

∂vbf
∂Rs

(t) = −MTcω
Tcωcos (ωt)− sin (ωt)

T 2
c ω

2 + 1

σ (Rs) =

√
2σV

√
T 2
c ω

2 + 1

MTcω
. (14)

This shows that the estimation accuracy of Rs can be improved
by decreasing the voltage measurement noise σV and the cutoff
frequency (i.e., 1/Tc) as well as increasing the current amplitude
and frequency. Note that 1/Tc cannot be too low, especially when
the battery current involves medium-frequency components, as
the dynamics of the RC pair should also be considered and it
makes the simplification in (13) inaccurate, as shown in Fig. 2.
When the medium-frequency current is injected, the filtered
system can be simplified as follows:

Vbf (s) = −R̂sibf (s)− Rt

1 + τs
ibf (s) (15)

where R̂s is the estimated ohmic resistance that can be used in the
second step to estimate Rt and τ . The asymptotic sensitivities
and time-averaged CR bounds of Rt and τ can, therefore, be
obtained as follows:
∂vbf

∂Rt
(t) = −MTcω

Tcω cos(ωt)−sin(ωt)+ωτ cos(ωt)
(T 2

c ω
2+1)(τ2ω2+1)

∂vbf

∂τ (t) =
[(Tcω−Tcω

3τ2 +2ωτ) sin(ωt)+(1−ω2τ2−2Tcω
2τ) cos(ωt) ]

(T 2
c ω

2+1)(τ2ω2+1)2/(−MTcω2Rt)

σ (Rt) =
σV(τ2ω2+1)

√
2(T 2

c ω
2+1)

MTcω

σ (τ) =
σV(τ2ω2+1)(T 2

c ω
2+1)

√
2(T 2

c ω
2+1)

MTcω2Rt
.

(16)

It is clear that the estimation of the RC pair (i.e., Rt and τ )
can be improved by decreasingσV (i.e., measurement noise) and
increasing M (i.e., signal amplitude). However, the influences of
1/Tc andω are complex and will be numerically analyzed. Based
on the abovementioned estimated parameters, the battery SoC
and SoH can be estimated using (5). The asymptotic sensitivities
and time-averaged CR bounds of z0 and 1/Qb are

∂vbf
∂z0

(t) = a,
∂vbf

∂ (1/Qb)
(t) =

Maη sin (ωt)

ω

σ (z0) =
σV

a
, σ (1/Qb) =

√
2σVω

Maη
. (17)

The estimation of SoC only depends on the OCV slope a. The
estimation accuracy of 1/Qb can be improved by decreasing
the current frequency as the battery capacity influences the
battery terminal voltage via the SoC change, and therefore,
the detectable voltage variation requires a large SoC change.
It is obvious and intuitive that the estimation accuracy can be
increased by reducing noise and increasing current amplitude, as
the SoC estimation accuracy can be improved when the battery
has a more detectable voltage change. We point out that the
quantified relationships presented in this article can be used
to evaluate the influences of different estimation techniques,
which involve different amounts of uncertainty, on the estima-
tion accuracy. Specifically, the improvement of the sequential
algorithm is quantified when compared to the case where all
parameters/states are estimated simultaneously, as will be shown
in the sequel. The quantified relationships are important in the
design of different estimation techniques and theoretically prove
the effectiveness of the new design.

In this article the CR bounds of estimated parameters/states
under the sequential algorithm are compared with the multipa-
rameter case. According to the analysis in [17], two sinusoidal
waveforms with the same amplitudes and with frequencies of ω
and 5ω are used in the multiparameter case to persistently excite
the battery. The same amplitudes are chosen to simplify the
analysis, whereas the frequencies of ω and 5ω were determined
based on the CR bound analysis, which shows that the good
performance is achieved when the frequency ratio is 5 [17].

Regarding the sequential algorithm, high-pass filters are
adopted to ensure that the battery dynamics induced by the
injected signals can be extracted for estimation purposes. The
cutoff frequencies of the high-pass filters for estimating ohmic
resistance and RC pair were set to 0.05 and 0.001 Hz, respec-
tively, as the frequencies of the injected current were 0.5 and
0.02 Hz. In the comparison, the single-parameter case, which
only estimates one parameter (or state) and assumes all other
parameters/states to be well known, is considered as the bench-
mark. The CR bounds of SoC are not shown because they are
same for all cases. The CR bounds are shown in Fig. 3, and some
remarks can be given as follows.

Remark 1: The single-parameter case has the best estimation
performance over all conditions since the least uncertainty is
involved.

Remark 2: For Rs, the estimation performance of the sequen-
tial algorithm is slightly worse than the multiparameter case
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Fig. 3. CR bounds results.

Fig. 4. Simulation model of the first-order circuit.

at low frequency due to the use of high-pass filter. However,
when the frequency increases, the estimation performance of
the sequential algorithm is better due to the reduction of un-
certainty. In addition, the sequential algorithm achieves much
better performance when estimating the RC pair.

Remark 3: The SoC estimation accuracy of the sequential
algorithm is the same as that of the single-parameter case, and
much better than the multiparameter case.

Remark 4: For the multiparameter case, there is a tradeoff
between Rs and RC pair. As a result, the optimal frequencies,
which can achieve a good performance for all estimated param-
eters, are set to 0.002 and 0.01 Hz.

IV. SIMULATION RESULTS

To verify the analysis in Section III, simulations were con-
ducted based on the first-order ECM, as shown in Fig. 4. The
battery parameters listed in Table I were adopted. Note that
the OCV–SoC curve of lithium-ion batteries generally presents
nonlinear characteristics. The OCV–SoC curve for the studied
battery cell is shown in Fig. 5, which indicates that the OCV–SoC
curve can be approximately linearized over the SoC range of
50%–90% where the slope is approximately 8.8 mV per 1%
SoC variation. It means that when the battery SoC changes 1%,
the battery OCV changes 8.8 mV averagely over the SoC range
of 50%–90%. To simplify the CR bound analysis, a linearized
OCV–SoC curve is used, whereas the nonlinear OCV–SoC curve
is used in the simulation model as well as in the sequential
algorithm. In addition, in the simulation, white noise signals
are generated in MATLAB and then added to the voltage mea-
surement generated by the simulation model shown in Fig. 4.

Fig. 5. OCV–SoC curve of the adopted Samsung ICR18650-26H cell.

In the multiparameter case, the multiscale extended Kalman
filter (EKF), which has been proven to have good performance
[3], is used to simultaneously estimate all parameters and states.
The optimal current profile, which includes three sinusoidal
waveforms with frequencies of 0.002, 0.01, and 0.005 Hz, is
used in the multiparameter case. We point out that two fre-
quencies are included in the CR bound analysis for the four
estimated parameters, since the SoC estimation is independent
of the current frequency. However, SoC is also estimated in the
simulation, therefore, the 0.005 Hz waveform is an additional
component to persistently excite the system because in total,
five parameters/states are estimated [7]. For the sequential al-
gorithm, according to the CR bound results shown in Fig. 3,
we incorporate a first-order high-pass filter (3-dB bandwidth of
0.05 Hz) and inject a 0.5-Hz sinusoidal current with an amplitude
of 0.5 C (i.e., 1.22 A) to estimate Rs. This value is then used in
the second step to estimate Rt and τ by injecting a 0.02-Hz
sinusoidal current with an amplitude of 0.5 C. A first-order
high-pass filter with 3-dB bandwidth at 0.001 Hz is adopted. The
EKF is used in the abovementioned steps. After obtaining the
abovementioned parameters, a combined SoC/SoH estimation
is finally conducted using the dual EKF. Two sinusoidal currents
(0.01 and 0.05 Hz) and a dc current (all current amplitudes
are 0.02 C rate) are used. For a fair comparison, the initial
guesses of the estimated parameters/states are the same for both
the multiparameter and sequential algorithm cases, which are
set to [Rs(0) Rt(0) τ (0) 1/Qb(0) SoC(0)]T = [0.02 0.01 10 1/2
1]T. White noise with the standard variance of 10 mV is added
to the battery voltage measurement. Note that the frequency
of the injected current depends on the battery parameters. For
example, for some battery types, the time constant of the RC
pair is much smaller than the one of the studied battery cell.
As a result, the frequencies of the injected current for ohmic
resistance and RC pair estimation should be increased to strip out
the battery dynamics dominated by the parameter in question.
The frequency can be selected based on the battery dynamic
analysis, as shown in Fig. 2. We point out that the selected
frequencies for the injected current may not be able to be adopted
to other types of batteries. But the same analysis presented in
this article can be followed for the frequency selection, which
does not influence the effectiveness of the proposed algorithm.

The simulation results are shown in Figs. 6 and 7. Note that
the actual states are generated using the simulation model shown
in Fig. 4 together with the battery parameters given in Table I.

Regarding Rs, both cases have satisfactory estimation per-
formance. In addition, although the best performance of the
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Fig. 6. Simulation results of the sequential algorithm. (a) Parameter estimation
results. (b) State estimation results.

multiparameter case is obtained using the optimal current pro-
file, the sequential algorithm still achieves much better perfor-
mance when estimating RC pair parameters, SoC, and SoH. The
CR bound analysis shown in Section III is, therefore, verified.
When the estimation of parameters and states can be separated
and conducted sequentially, the estimation accuracy can be
significantly improved since less uncertainty is involved.

V. EXPERIMENTAL RESULTS

To verify the CR bound analysis and the effectiveness of
the sequential algorithm, experiments were conducted using
a lithium-ion battery cell, whose parameters can be found in
Table I. As shown in Fig. 8, the test bench consists of an
ARBIN BT2000 tester, a temperature chamber, and the MITS pro
system used for programming the current profile and monitoring
the battery [26]. The battery cell is placed in the temperature
chamber, which is accurately controlled to provide a constant
temperature environment during the experiment. The voltage
and current of the battery cell are measured by the ARBIN tester
and then sent to a computer through TCP/IP communication.
Unlike the simulation, the battery parameters are changing in
the experiment as they depend on SoC, and errors caused by
unmodeled dynamics are also introduced. The “actual values” of
battery parameters were calculated based on the HPPC test. The
experiment was conducted at 20 °C and an initial battery SoC of
60%. The initial values of the estimated parameters are chosen

to be ̂[R̂s(0) R̂t(0) τ̂(0) Q̂b(0)] = [0.02 0.03 15 2], and the

Fig. 7. Simulation results of the multiparameter case. (a) Parameter estimation
results. (b) State estimation results.

Fig. 8. Experimental test bench [26].

initial values of estimated SoC and vC were set to 30% and
0 V, respectively.

In Step #1, a 0.5-Hz sinusoidal current with an amplitude of
0.5 C was injected, as shown in Fig. 9(a). The first-order But-
terworth high-pass filter used had a 3-dB bandwidth of 0.05 Hz.
As shown in Fig. 9(b), the estimated Rs can accurately track
the actual value. In Step #2, a 0.02-Hz sinusoidal current with
an amplitude of 0.5 C was added to a “base” current (0.004 Hz
sinusoidal current with amplitude of 0.5 C), as shown in Fig. 9(a).

The first-order Butterworth high-pass filter used had a 3-dB
bandwidth of 0.002 Hz. By using the estimated Rs, the estimated
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Fig. 9. Experimental results. (a) Battery current profile. (b) Rs estimation result (Step #1). (c) Rt and τ estimation result (Step #2). (d) SoC estimation result
(Step #3). (e) Qb estimation result (Step #3). (f) vb estimation result (Step #3).

Rt and τ can largely track the real values, even though the
estimated Rt has a static error when compared to its “actual
value,” as shown in Fig. 9(c). This indicates that the first-order
ECM model has limitations, since the RC pair is difficult to be
characterized and estimated.

Finally, in Step #3, the estimated Rs, Rt, and τ are used
to estimate SoC and SoH concurrently. A scaled bus driving

cycle is used in Step #3 to represent a practical current profile
for the battery. As shown in Fig. 9(d), the SoC estimation is
accurate given that the estimated error is below 1.5% under
a significant initial error (30%). As shown in Fig. 9(e), the
estimated capacity Qb converges to the actual value, which is
obtained from the static capacity test, and there is no obvious
error after convergence. Since all parameters/states are well
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estimated, the estimated terminal voltage also tracks the actual
value well, as shown in Fig. 9(f).

Experimental results for the multiparameter case have been
shown in [17] and [18] using the same Samsung 18650 battery
cell. Due to space limitations, the experimental comparison is
not provided in this article. Based on the experimental results
provided in [17] and [18], it is clear that the sequential algorithm
achieves much better estimation performance when compared
to the multiparameter case.

In terms of the implementation of the proposed method, we
point out that if the battery is the only power source, it is difficult
to inject the high-frequency current while keeping the system
operating normally since the battery needs to satisfy the power
demand. It may be feasible to manipulate the battery charging
profile to inject the desired current signals for the parameter/state
estimation; however, it is still difficult to implement the proposed
algorithm as the charging process is not easy to be changed
in most battery-only applications (e.g., the charging station
for electric vehicles). Especially, when the battery parameters
under charging conditions significantly differ from the ones
under discharging conditions, it is difficult to use the proposed
sequential algorithm as the parameters, which are estimated in
charging processes, cannot be used in discharging processes.

Furthermore, when the battery is adopted in overactuated
systems (e.g., the battery/supercapacitor hybrid energy storage
system and hybrid electric vehicles), which have the additional
power source and only follow one power demand, the desired
current signals and output regulation objectives can be achieved
concurrently, and estimation over a long period may not interrupt
the normal operation. The optimal current for parameter identifi-
cation of battery can be compensated by the other power source
(e.g., supercapacitor). In addition, since the sinusoidal current is
injected in the battery current profile, the corresponding compen-
sation current for the other power source would not continuously
drain its energy, meaning that it can be produced indefinitely.
Specifically, given that the battery voltage is generally stable, the
sinusoidal signal injected in battery will induce a corresponding
sinusoidal power demand to the supercapacitor, meaning that
the supercapacitor is not required to constantly discharge (or
charge). For example, when there is no power demand from the
load, the supercapacitor only needs to provide a periodic current
with an average value of zero to compensate the injected signal.
Therefore, only a small amount of energy is consumed due to
losses in the power electronic components. In addition, without
disturbing the current injection, the battery can be used to charge
the supercapacitor in practical applications.

We note that the estimation process of the RC parameters takes
a long time since Rt does not entirely converge to its actual value
at 800 s, as shown in Fig. 9(c), and this may pose some problems
in practical applications. We would like to point out that the
RC voltage is small for the studied battery cell, therefore, the
estimation of RC parameters is inherently difficult, but this in
turn gives us some hints that the RC parameters can be potentially
neglected for this specific battery cell when focusing on the
SoC/SoH estimation from the battery modeling perspective,
since the RC voltage only slightly contributes to the battery
terminal voltage and, hence, would not significantly influence

the SoC/SoH estimation accuracy. In future work, the tradeoff
between the model complexity and the estimation accuracy of
battery states (e.g., SoC and SoH) will be further investigated.

VI. CONCLUSION

The estimation of battery parameters and states based on a
first-order ECM is studied in this article. The CR bound is used
to evaluate the parameter/state estimation accuracy for three
cases: the single-parameter case, the multiparameter case, and
the sequential algorithm case. The analysis shows the possibil-
ity of improving estimation accuracy by injecting PE signals
into the current waveform and estimating the parameters/states
sequentially. The CR bound analysis shows that the estimation
accuracy of sequential estimation is much better than that of the
multiparameter case. The effectiveness of sequential estimation
is verified by simulation results. The initial experimental result
is also provided to further validate the proposed algorithm.

We note that the proposed algorithm is designed for overac-
tuated systems, since the overactuation feature can be exploited
for the active current injection. For the battery-only applications
(e.g., electric vehicles), the feasibility of the proposed method
should be further evaluated and it has limitations because gener-
ally, the battery current profile cannot be changed for the signal
injection.
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