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Abstract—The impedance of a Li-ion battery is an important
parameter for the battery’s state-of-charge (SOC) and state-of-
health (SOH) estimation. Battery impedance is typically modeled
by an equivalent-circuit-model (ECM) in which the variations
in the specific model parameters can be used for estimating
the SOC and the SOH. However, the fact that the battery
impedance is highly non-linear complicates the parameterization
of the model. The model is traditionally obtained by a complex
non-linear least-squares fitting algorithm which comes with high
complexity. This paper proposes a novel approach to extract all
the ECM parameters of the battery impedance obtained with
online-capable pseudo-random-sequence (PRS) measurements.
Although the algorithm has low complexity, it still captures the
desired variations in the ECM parameters as a function of SOC.
The algorithm is validated for the impedance data from a lithium-
iron-phosphate cell.

Index Terms—Li-ion batteries, PRS, Online impedance mea-
surements, SOC, SOH, State-estimation

I. INTRODUCTION

Li-ion battery technologies are widely recognized as a

state-of-the-art solution for energy storages in electrical trans-

portation and renewable energy source applications [1]. The

increasing power and energy levels in these applications will

make it necessary to improve the safety and performance of

battery storages. Li-ion battery storages are usually equipped

with a battery management system that actively monitors the

state-of-charge (SOC) and the state-of-health (SOH) indirectly

by voltage, current and temperature measurements [2]–[4].

The Coulomb counting method and voltage profile methods

have conventionally been used for SOC estimation, while the

capacity fade and the internal resistance increase have been

utilized in the SOH estimation [2]. However, the temperature

has a strong non-linear dependency on the SOC and the SOH

that weakens the performance of the methods. Moreover, the

unequal capacities and aging of the individual cells in the

battery pack complicates the estimation of the SOC and the

SOH even more. As the number of the series and parallel

connected cells in battery storages increases, the conventional

state-estimation methods may not meet the demands of the

battery applications in the future.

Because battery impedance has been shown to have a strong

dependency on the battery SOC and the SOH, [3], [4], the on-

line measurements of the battery impedance can be utilized for

estimating the SOC and the SOH. However, the measurements

for online applications should be accurate, fast, and computa-

tionally light to implement. A common approach for obtaining

the battery impedance is applying non-parametric frequency-

response measurement [5]. In the method, the battery output

current is perturbed (for example, through battery charger) and

the resulting output voltage is measured. Fourier methods are

then applied to extract the impedance information. Most often,

a sine sweep or multi-sines are applied as a perturbation [6]–

[8]. The sine sweep typically provides the impedance with

high accuracy, but the method is difficult to implement in

practical low-cost applications as the sweep contains a large

number of different signal levels. An interesting alternative

is to use pseudo-random-sequence (PRS) signals, which are

simple to implement and capable for producing fast impedance

measurements. Such signals have already been successfully

applied in several battery and renewable-energy applications

[5], [9]–[13].

In order to study the SOC and SOH dependency and

reduce the data of the measured impedance, the impedance

data is mapped to the equivalent-circuit-model (ECM) pa-

rameters [14]–[18]. However, the battery impedance is often

highly non-linear and accurate modeling requires complex

ECMs, which complicates the fitting procedure. Algorithms

such as complex-non-linear-least-squares (CNLS) method are

typically used to fit the impedance data to the model in offline

applications [16], [17]. The drawback of the CNLS method is

that it requires high computational effort. However, the shape

of the measured impedance preserves the information about

the ECM parameters [14], [15], [18] although the methods



Fig. 1: Impedance plot of a LiFePO4 battery cell and the used

ECM of the impedance

for extracting specific parameters for the ECM (such as the

suppression factors and capacitors) are yet to be derived accu-

rately. Therefore, a systematic approach to obtain all the ECM

parameters makes it possible to fit the ECM parameters to the

impedance data with low complexity and good performance.

This work proposes a simple and fast extraction algorithm of

the ECM parameters based on the characteristic trends of the

measured impedance data. The proposed algorithm is applied

for practical impedance measurements from a lithium-iron-

phosphate (LiFePo4) cell carried out with the three-level PRS

signal [9], [11]. In addition, it is shown that some of the ECM

parameters fitted by the proposed method is dependent on the

SOC of the battery which proves the method’s capability for

battery state-estimation.

The rest of the paper is organized as follows. The applied

impedance ECM model is presented in Section II and the

proposed fitting algorithm is introduced in Section III. The

PRS signal used for the impedance measurements is designed

and discussed in Section IV. The experiments and the obtained

results are discussed and presented in Sections. V and VI,

respectively. Conclusions are drawn in Section VII.

II. IMPEDANCE MODEL

The impedance of a LiFePo4-cell with the corresponding

ECM are shown in Fig. 1. The impedance can be separated into

regions caused by different electrochemical processes inside

the battery cell and each region has its counterpart in the

applied ECM [7], [16]. The impedance at the charge-transfer

and diffusion regions is highly non-linear which is why a non-

linear constant-phase-element (CPE) is applied in the ECM.

The CPE is expressed mathematically as

ZCPE =
1

(jω)NC
, (1)

where C is the capacitance and N is the suppression factor

having values between 0 and 1. Therefore, the impedance of

the CPE is realized as a constant slope in the complex plane so

the CPE solely models the diffusion region sufficiently. For the

charge-transfer region impedance, the parallel connection of a

CPE and a resistor can be used to model the suppressed semi-

circle shape in Fig. 1. The impedance behavior at the ohmic

and inductive region can be modeled with a series resistor and

an inductor. The ECM in Fig. 1 can be expressed as

ZECM = jωLs +Rs + ZCT + ZD (2)

where Ls is the inductance of the series inductor and Rs is

the series resistance. ZCT represents the charge-transfer region

impedance given in (3). For the parametrization of the model,

it is convenient to separate the impedance real and imaginary

parts of the ZCT which are given in (4) and (5) respectively. ZD

represents the diffusion region impedance given in (6) both in

the complex form and with separated real and imaginary parts.

ZCT =
1

1
RCT

+ (jω)NCTCCT

(3)

ZCT-re =
RCT + cos(πNCT

2 )R2
CTCCTω

NCT

1 + 2cos(πNCT

2 )RCTCCTωNCT + ω2NCTR2
CTC

2
CT

(4)

ZCT-im =
−jsin(πNCT

2 )R2
CTCCTω

NCT

1 + 2cos(πNCT

2 )RCTCCTωNCT + ω2NCTR2
CTC

2
CT

(5)

ZD =
1

(jω)NDCD

⇐⇒ ZD =
cos(πND

2 )

ωNDCD

− jsin(πND

2 )

ωNDCD

(6)

III. PROPOSED FITTING ALGORITHM

The diffusion region impedance can be configured sep-

arately because its influence at higher frequencies can be

considered negligible. The parametrization of ZD also requires

an approximation that the diffusion region is a constant slope,

which is the case when neglecting the very low frequencies

from the model. In reality, the diffusion region will swerve

towards the real axis usually at the frequencies below 100mHz

which will make the fitting more difficult [17]. Moreover, the

time-consuming nature of measuring very low frequencies is

challenging in terms of online applications.

The diffusion region impedance is illustrated in Fig. 2 where

R symbols represent the real part of the specific data point

and X the corresponding imaginary part. The suppression

factor ND is defined by the angle between the diffusion region

impedance and the real axis [15]. Thus, ND can be obtained

as

ND =
2

π
atan(

X(1)−X(2)

R(1)−R(2)
) (7)



Fig. 2: Parameter illustration of ZD -element characterizing

the diffusion region impedance

where R(1) and R(2) are the real parts and X(1) and X(2)
are the imaginary parts of the two arbitrary datapoints in the

diffusion region. The value for CD can then be calculated from

the imaginary part in (6) as given in (8).

C2 = − sin(πND

2 )

ωND

1 X(1)
(8)

The effect of the parameters to the impedance at the charge-

transfer, ohmic and inductive regions are shown in Fig. 3. The

derivation starts by obtaining the resistors Rdiffusion, Rsemicircle

and Xsemicircle from the impedance data. Rs, given by the

minimum real part of the impedance, is obtained from (9),

while RCT can be derived from (10) [14].

Rs ≈ Rminreal (9)

RCT ≈ Rdiffusion −Rs (10)

The value for NCT can be derived roughly by using only

ZCT and neglecting the other parts in (2). When obtaining the

zero derivative of (5) in terms of ωNCT and substituting the

resulting ωNCT back to (5), the following relation at the top of

the semicircle for ZCT can be obtained.

Xsemicircle =
RCTsin(

πNCT

2
)

2(cos(
πNCT

2
) + 1)

(11)

It yields from (11) that Xsemicircle is independent of the capac-

itor value and is defined only by NCT and RCT. Therefore,

NCT can be solved from (11) with the use of trigonometric

identities as given in (12).

NCT =
4

π
atan(

Xsemicircle

RCT

2

) (12)

Note that (12) is valid for the ideal case where ZCT solely

defines the model impedance without the rest of the parameters

Fig. 3: Parameter illustration of the impedance model param-

eters in the charge-transfer region and ohmic/inductive region

in (2). In reality, the inductor will affect the imaginary part

value at the top of the semicircle, as well as the previously

obtained value for RCT, which will be readjusted in the

later parts of the algorithm. Nevertheless, (12) gives a rough

estimate for the suppression factor and an accurate fit can

be produced even with the applied simplifications, as will be

shown later in this paper. The top of the semicircle impedance

is also utilized for the extraction of CCT. The real-part of

ZCT in (4) can be arranged in terms of CCT as in (13), from

which the solution for CCT is given by the quadratic equation.

The derivation of CCT from the real part is useful because

inductance Ls is not required for the calculation at this point,

as it would be if using the corresponding imaginary part.

RsemicircleR
2
CTω

2NCT

semicircleC
2
CT

+ cos(
πNCT

2
)RCTω

NCT

semicircle(2 ∗Rsemicircle −RCT)CCT

+ (Rsemicircle −RCT) = 0

(13)

Finally, Ls can be solved from (5) (with the inductor included)

at the point where the impedance minimum real part is

reached.

Ls =
Xminreal

ωminreal

+
sin(πNCT

2 )R2
CTCCTω

NCT

minreal

(ωminreal + 2cos(πNCT

2 )RCTCCTω
NCT+1
minreal + ω2NCT+1

minreal R2
CTC

2
CT)

(14)

The steps applied for the algorithm in (7) - (14) are regarded

as the initialization. This is because the resulting fit is not

likely to match the measurement data immediately due to the

simplifications made to the model during the initialization. In

particular, the values for RCT and Rs should be re-adjusted by

substituting the initialized values to (2) and obtaining new real

and imaginary part values at the end of the diffusion part and at

the top of the semicircle, as well as for the minimum real part

from the model. New values for Rs and RCT are then updated

according to (15) and (16), where the single quote denotes the

updated value from the model. The values without the single



Fig. 4: Illustration of the convergence of the fitting algorithm

quote are the initial values extracted from the measurement

data.

Rs = Rs + (R′
minreal −Rminreal) (15)

RCT = RCT + (R′
diffusion −Rdiffusion) (16)

After applying (15) and (16), (13) and (14) will be repeated.

Therefore, the algorithm is iterative but will rapidly converge

as shown in Fig. 4, where the 10th iteration is already providing

good fit. By way of conclusion, the algorithm is step-wisely

clarified in Fig. 5.

IV. IMPEDANCE MEASUREMENTS

The impedance measurements are carried out by injecting

the current of the battery cell with a carefully designed per-

turbation signal, which generates a voltage response according

to the battery impedance dynamics. The measured current

and voltage can then be Fourier-transformed to obtain the

frequency characteristics of the measurements. The impedance

Fig. 5: Step-by-step block diagram of the proposed fitting

algorithm

Fig. 6: Time-domain representation of the ternary-sequence

perturbation

Fig. 7: Frequency-domain representation of the ternary-

sequence perturbation

can then be obtained according to the well-known Ohm’s law

in the frequency domain as

Z(jω) =
V (jω)

I(jω)
(17)

For the perturbation signal, a three-level ternary PRS signal

is used due to its good performance for measuring non-

linear systems [10]–[12]. Besides the simple representation of

the ternary-sequence in the time-domain, it also has useful

frequency-domain characteristics, as shown in Figs. 6 and 7.

The even-order harmonics are suppressed in Fig. 7, which

reduces the non-linear effects of the system in the measure-

ments results [9]. Moreover, there are no sudden changes in the

spectral power of the non-zero harmonics and each harmonic

component is equally weighted making the measurements

reliable. However, the spectral power will decrease to zero at

the generating frequency fgen of the sequence, which is 1kHz

in Figs. 6 and 7. The reduction of the spectral power limits

the usable bandwidth of the measurements to approximately

0.5 ∗ fgen [5]. The sequence length N along with fgen deter-

mines the frequency resolution of the sequence given in (18),

which is also the lowest frequency harmonic that is measured.

fres =
fgen

N
. (18)

In terms of battery impedance measurements, the parameters

in (18) play a significant role for obtaining the appropriate

bandwidth for the battery impedance measurements. For the

design guidelines used in this paper, the bandwidth should

cover the end of the diffusion region of the battery impedance,

as well as the beginning of the ohmic/inductive region. To

avoid aliasing effect of the measurements, the generated

ternary sequence is sampled at rate fs, which is higher than

fgen. Another important parameter is the amplitude of the se-

quence, which is the battery current. As the battery impedance

is usually very small, the current should be relatively high

in order to provide an appropriate signal-to-noise ratio for



Fig. 8: Measurement setup for the battery impedance measure-

ments

the measurements. The comprehensive characterization of the

diffusion region at very low frequencies is avoided because this

significantly increases the measurement time, which should be

kept tolerable for online applications. The design parameters

of the ternary-sequence covering the desired bandwidth, am-

plitude, and sampling frequency are shown in Table I. The

generation algorithm of the ternary-sequence is presented in

[9].

V. EXPERIMENTS

The experiment setup is illustrated in Fig. 8 where the

impedance of a LiFePo4 battery cell with a nominal voltage

of 3.3V and a capacity of 2.5Ah was measured. The ternary-

sequence perturbation with design parameters given in Table I

was injected to the battery as the current reference for the bi-

directional power supply. The impedance measurements were

carried out with 10 percent SOC resolution by discharging the

cell to the desired SOC with a current of 1C. The current and

voltage were measured and the resulting impedance spectra

was filtered by moving-average-filter (MAF) to smooth the

resulting spectra for the ECM fitting [11], [13]. The design of

the MAF is done according to [11], where two windows with

25 percent overlap are applied to the impedance measurements

due to the logarithmic nature of the impedance. The window

lengths (20 for the smaller and 120 for the larger window) are

chosen according to the data indices at the end of the diffusion

and at the top of the semicircle of the impedance data (indices

of Rdiff and Rsemicircle in Fig. 3). The temperature for the

measurements was kept constant at 35◦C since measurements

at various temperature points were considered to be beyond

the scope of this the paper.

The proposed fitting algorithm is applied to all measured

impedances at 10 percent SOC intervals. The difference in

TABLE I: Ternary-sequence design parameters for the mea-

surements

amplitude fgen N frequency band fs

1A 7kHz 32762 210mHz - 3.5kHz 35kHz

Fig. 9: Measured and fitted impedances at different SOC

values

(16) was selected as the convergence limit as the algorithm

is stopped when the difference R′
diffusion − Rdiffusion is smaller

than 1e-6. The maximum number of iterations was set to 30.

The performance of the algorithm is analyzed in terms of

root-mean-square-error (RMSE), which is defined as given in

(19), where Zfit is the fitted impedance, Zmeas is the measured

impedance, and N is the length of the impedance vectors.

RMSE =

√√√√ 1

N

N∑
i=1

(1− Zfit(i)

Zmeas(i)
)2 (19)

VI. RESULTS

The fitted impedances are showing a good match to the

measured impedances in Fig. 9. The RMSE values in Table

II are also showing good performance of the algorithm as

the errors are less than 0.5 percent for most of the fits. The

extracted parameter values for ND, CD, NCT, and CCT in Fig.

10 can be observed to have the most linear or nearly linear

variations as a function of SOC. It is widely recognized that the

diffusion region is the most sensitive for the SOC variations,

and ND and CD are the parameters that most dominantly

characterize the low-frequency response of the impedance

[2], [3]. However, the charge-transfer region parameters NCT

and CCT are also showing a SOC-dependent trend along the

whole SOC excluding the value at SOC=90%. The SOC

dependency at the charge-transfer region parameters can be

explained by the slightly increasing radius of the charge-

transfer region semicircle which can be observed from Fig. 9.

The error in the parameters at SOC=90% is likely to be caused

by some errors in the measurement data and the distortion

caused by the applied MAF. However, the algorithm is proved

to work sufficiently and can provide linear or near linear

dependency for the ECM parameters, which is important if

the method is utilized for state-estimation in battery appli-

cations. Although the number of iterations for some cases is

relatively high (30 iterations), the algorithm can be considered

to be computationally light because only a few steps and

calculations are required within an iteration. Moreover, the



TABLE II: Fitting errors and the number of iterations required for the algorithm to converge

SOC 10% 20% 30% 40% 50% 60% 70% 80% 90%
RMSE 0.62% 0.54% 0.45% 0.42% 0.32% 0.34% 0.39% 0.45% 0.78%

Iterations 30 22 18 23 30 30 26 19 18

Fig. 10: Extracted ECM parameters with the proposed algo-

rithm as a function of SOC

proposed fitting algorithm can be considered to be scalable to

the SOH impedance-based estimation, even though the SOH-

dependency of the parameters was not analyzed due to the

long time required for the battery aging to obtain experiment

data.

VII. CONCLUSIONS

This paper has presented a novel fitting algorithm for

extraction of the battery ECM parameters from the measured

impedance data. The performance of the method is shown

for real LiFePo4-cell impedance data measured with a three-

level PRS signal. It is shown that the proposed method is

computationally light to implement and provides accurate fit to

the impedance data. The extracted parameter values, which are

widely recognized as SOC-dependent parameters, are observed

to have clear dependency to the battery SOC. Therefore, the

algorithm could be used to improve the Li-ion battery state-

estimation. Together with the ternary-sequence measurements,

the proposed algorithm could also be utilized for online battery

applications.
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