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Abstract—The impedance of a Li-ion battery is an important
parameter for the battery state-of-health (SOH) estimation.
The dependency of the battery impedance to the SOH can
be monitored by fitting an equivalent-circuit-model (ECM) to
the impedance data and observe the changes in the ECM
parameters. The ECM is typically fitted by the complex-non-
linear-least-squares (CNLS) algorithm which requires accurately
chosen initial conditions for the parameters to guarantee the
consistent performance of the algorithm. In order to use the ECM
parameters for SOH estimation in practical applications, the
impedance measurements should be fast and simple to implement
to the battery system. This paper demonstrates the utilization
of practical and fast pseudo-random-sequence (PRS) impedance
measurements to the SOH analysis of a nickel manganese
cobalt Li-ion battery by observing the variations in the ECM
parameters. The measured impedances are fitted to the ECM
by using the CNLS with adaptively obtained initial conditions.
It is shown that the ECM parameters are changing as the
battery capacity degrades. In addition, it is observed that some
parameters are able to indicate a drastic reduction in the battery
capacity and SOH.

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

I. INTRODUCTION

Lithium-ion (Li-ion) batteries are widely recognized as

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

transportation and renewable energy source applications [1].

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) of the battery. These pa-

rameters are typically estimated indirectly by voltage, current

and temperature measurements [2], [3].

As the Li-ion battery ages, the electrochemical properties

of the battery cell are weakened which leads to capacity

and power fade and reduction in the SOH [4]–[7]. Typical

aging effects in the Li-ion batteries are the lithium-plating

and the growth of SEI-layer which are leading to capacity

and power fade in the Li-ion batteries. In addition, corro-

sion of the electrodes and current collectors are increasing

the capacity and power fade. In general, high temperatures,

overcharging/discharging and too low/high SOC levels are

accelerating these effects [4]. In addition, the lithium plating

effect is increased at low temperatures with high cycling rates.

Moreover, these effects are often simultaneously taking place

and many of them are difficult to identify accurately. These

aspects significantly complicates the accuracy of the SOH

estimation in battery applications.

Recent studies have shown that the impedance of a Li-ion

battery has a strong dependency on the battery SOH [5]–[7]. A

common approach for obtaining the battery impedance is ap-

plying electrochemical-impedance-spectroscopy (EIS) where

a sinusoidal perturbation is applied to the battery current [8].

The method provides accurate impedance information but is

difficult to be implemented in practical on-board applications

as it is slow and complex. An interesting alternative is to

use broadband pseudo-random-sequence (PRS) signals [9]–

[11]. The PRS methods are simple to implement and ca-

pable for producing fast impedance measurements but their

performance is often limited for non-linear systems. However,

some PRS signals can be designed to reduce the effect of

the nonlinear distortion [10], [11]. One of such signals is the

direct-synthesis-ternary (DST) sequence which is reported to

provide accurate measurements in specific non-linear system

case studies [11].

In order to study the dependency between the battery

impedance and the SOH, the measured impedance should be

fitted to the non-linear equivalent-circuit-model (ECM) param-

eters [12]–[15]. The complex-non-linear-least-squares (CNLS)

method is typically used to fit the impedance data [6], [13],

[16]. However the CNLS method requires initial conditions for

the ECM parameters which should be appropriately chosen to

guarantee the consistent fitting results. The initial conditions

can be provided based on the shape of the impedance in

the complex plane [12], [14], [15]. A systematic approach

to provide the initial conditions for all ECM parameters is

presented in [15]. The approach works adaptively and is well

scalable to impedances of different battery chemistries and,

therefore, is useful for practical implementation of the ECM

fitting for the SOH analysis.

This work demonstrates the use of ECM parameters and

practical impedance measurements for the SOH analysis of

the nickel-manganes-cobalt (NMC) Li-ion battery cell. The

battery cell is cycled by the Worldwide-harmonized-Light-

duty-driving-Test-Cycle (WLTC) profile which provides realis-

tic charge/discharge profile for the battery cycling. The battery

performance is occasionally tested during the WLTC tests with



Fig. 1: Impedance plot of a NMC battery cell

capacity measurements and impedance measurements based

on the DST sequence. The CNLS algorithm with adaptively

obtained initial conditions are used to fit the non-linear ECM

to the impedance measurements. The results show that the

ECM is accurately fitted throughout the experiments to the

impedance data. In addition, it is shown that the ECM pa-

rameters are increasing as the battery capacity and SOH are

decreasing. Therefore, applying the impedance measurement

along with the ECM parameters provides a highly potential

tool for reliable SOH estimation in on-board battery applica-

tions.

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

impedance measurements and DST sequence design are pre-

sented in Section IV. The experiments and the results are

presented in Sections V and VI, respectively. Conclusions are

drawn in Section VII.

II. IMPEDANCE MODEL

A typical impedance of a Li-ion NMC cell is shown in Fig.

1. In the impedance plot, different regions can be identified.

Each region is formed by different electrochemical processes

in the battery cell. The impedance shape consists of two

semicircles. The first one at low frequencies is the charge-

transfer region describing the charge-transfer and electrochem-

ical double-layer reactions The second one, more indistin-

guishable semicircle at the middle frequencies is formed by

the solid-electrolyte-interface (SEI) effect which is caused by

the layer developing at the surface of the electrodes. The

ohmic and inductive region is formed by the resistance and

inductance of the current collectors, electrodes, and wirings

and is generally affecting the high frequencies above 1 kHz.

[4], [5], [13]

A non-linear ECM for the studied NMC-cell is shown in

Fig. 2 and its mathematical representation is given in (1). The

ECM utilizes a non-linear constant-phase-element (CPE) given

Fig. 2: Suitable ECM for the used NMC cell

in (2) where C is the capacitance and α is the suppression

factor having values between 0 and 1 [12]–[15]. The charge-

transfer and SEI region impedances ZSEI and ZCT are modeled

by a parallel connection of a resistor and CPE which are given

in (3). The impedance at the ohmic and inductive region can

be modeled by a series resistor Rs and an inductor Ls.

ZNMC = jωLs +Rs + ZSEI + ZCT (1)

ZCPE =
1

(jω)αC
, (2)

ZCT =
1

1
RCT

+ (jω)αCTCCT

, ZSEI =
1

1
RSEI

+ (jω)αSEICSEI

(3)

The aging phenomenons of the battery have an effect on

the shape of the battery impedance [4]–[7], [17]. Typical

aging effects, such as, lithium plating, SEI-layer formation and

corrosion of the current collectors, are generally increasing the

series resistance Rs of the impedance. The SEI-layer formation

also affects on the SEI-region by changing the semicircle

and, thus, the parameters of ZSEI. The charge-transfer region

impedance ZCT is affected by both the SEI formation and the

lithium-plating. Although these aging phenomena are more or

less mixed in the impedance curve, the relative effect of the

SOH on the ECM parameters can be investigated by tracking

the variations in these parameters throughout the battery life.

III. ECM INITIALIZATION AND FITTING

In order to fit the ECM to the battery impedance data, a

fitting algorithm, such as, the complex-non-linear-least-squares

(CNLS) algorithm can be used [16]. The CNLS requires a

selection of initial conditions for the ECM parameters which

should be relatively accurately chosen. As the ECM parame-

ters changes along the battery aging, the initial values should

be adaptively chosen to guarantee consistent performance

for the CNLS in all operating conditions. Appropriate initial

conditions can be extracted by utilizing the shape of the

impedance curve [12]–[15]. In this paper, the initialization is

mostly based on the methods presented in [15].

Fig. 3 illustrates the location of the important points in

the impedance data which are utilized to extract the initial

conditions. These points are the minimum derivative point

in the SEI region (RD-SEI, XD-SEI) and zero-derivative point

in the charge-transfer region (RD-CT, XD-CT). In addition, the

minimum real part of the impedance (Rminreal, Xminreal) and

the first data point in the impedance data (Z(1)) are utilized



Fig. 3: Illustration of the specific points in the impedance curve

for the extraction of the ECM parameters

for the initialization. To simplify the extraction process, each

part in the impedance in (1) is individually extracted.
The initial conditions for the series resistance RSEI and

RCT are approximated by the width of the corresponding

semicircles which, from Fig. 3, can be given as in (4) and (5).

The suppression factors are extracted based on the fact that,

for the parallel connection of the resistor R and CPE (ω, C,

α), the impedance in the top of the semicircle is independent

of the frequency and capacitor values [15]. Moreover, the real

and imaginary parts of the impedance have a relation given

in (6) [15]. The suppression factor αSEI and αCT can then

be solved from (6) as given in (7) and (8). As there is no

semicircle top in the SEI-region, (8) is approximated by the

extracted minimum derivative point in this case.
The capacitor values can then be initialized by separating

the real parts of ZSEI and ZCT in (3) and arranging it in terms

of CSEI and CCT, respectively. The data points and frequencies

corresponding the extracted RD-SEI and RD-CT should be used

for the calculations. The obtained coefficients given in (9) and

(10), can then be substituted to (11) to solve CSEI and CCT.

[15]

RCT = real(Z(1)) −RD-SEI (4)

RSEI = RD-SEI −Rminreal (5)

X =
Rsin(

πα

2
)

2(cos(
πα

2
) + 1)

(6)

αCT =
4

π
atan(

XD-CT

RCT

2

) (7)

αSEI =
4

π
atan(

XD-SEI

RSEI

2

) (8)

CCT →

⎧⎪⎨
⎪⎩

a = (RD-CT −RD-SEI)RCT
2ω2αCT

D-CT

b = cos(παCT

2 )RCTω
αCT

D-CT(2(RD-CT −RD-SEI)−RCT)

c = RD-CT −RCT −RD-SEI

(9)

Fig. 4: Time and frequency-domain representation of the DST

signal (N =1002, fgen =1 kHz)

CSEI →

⎧⎪⎨
⎪⎩

a = (RD-SEI −Rminreal)RSEI
2ω2αSEI

D-SEI

b = cos(παSEI

2 )RSEIω
αSEI

D-SEIRSEI

c = RSEI −RSEI

(10)

C =
−b−√

b2 − 4ac

2a
(11)

For the extraction of series resistance and inductance, the

minimum real part impedance point is utilized. In this case,

the SEI-region should also be taken into account as it has

considerable effect on the impedance at high frequencies. By

separating the real and imaginary parts of Rs + jωLs + ZSEI,

the series resistance can be solved from the real part and

inductance from the imaginary part as given in (12) and (13).

[15]

Rs = Rminreal−
RSEI + cos(παSEI

2 )R2
SEICSEIω

αSEI

minreal

1 + cos(παSEI

2 )R2
SEICSEIω

αSEI

minreal + (ωαSEI

minrealRSEICSEI)2
(12)

Ls =
Xminreal

ωminreal

+

sin(παSEI

2 )R2
SEICSEIω

αSEI

minreal

(ωminreal + 2cos(παSEI

2 )RSEICSEIω
αSEI+1
minreal + (ωαSEI+1

minreal RSEICSEI)2

(13)

IV. IMPEDANCE MEASUREMENTS

In this paper, the battery impedance measurements are

carried out by perturbating the battery by a direct-synthesis-

ternary (DST) signal [11]. The DST signal is a broadband

signal which provides fast measurements and is simple to

implement in practical application due to only three required

signal levels. In addition, the method tends to suppress the

effect of system non-linearities, thus, providing more accurate

estimate of the underlying linear dynamics [10], [11].



Fig. 5: WLTC current profile used for the battery cyclic aging

Fig. 4 illustrates the time and frequency domain charac-

teristics of an example DST sequence. The signal length is

1002 and it is generated at 1 kHz. In the frequency domain,

the signal has zero power at harmonic multiples of two and

three which reduces the effect of second- and third-order non-

linearities in the measurements [10], [11]. There are no sudden

changes in the spectral power and the signal harmonics have

power up to the generation frequency [9]. The DST signal can

be generated according to the generation algorithm presented

in [11].

The sequence length N and the sequence generation fre-

quency fgen determine the frequency resolution of the mea-

surements as given in (14) which is also the lowest frequency

harmonic that is measured. Due to the reduction in the signal

power towards higher frequencies, the highest frequency that

can be measured with the signal is approximately as given in

(15) [9].

fmin = fres =
fgen

N
. (14)

fmax = 0.45 ∗ fgen. (15)

Eqs. (14) and (15) define the DST signal parameters that are

required to cover the designed bandwidth of the impedance

measurements [9]. The bandwidth for the battery measure-

ments is determined by the battery impedance characteristics.

The comprehensive characterization of very low frequencies

(below 100 mHz) is avoided because this significantly in-

creases the measurement time, which should be kept tolerable

for practical applications. In addition, very high frequencies

(above 5 kHz) are also avoided to keep the parameters for

the DST measurements in (14) within tolerable limits for

practical implementation. Another important design parameter

is the amplitude of the sequence, which is the battery current.

TABLE I: DST signal design parameters for the measurements

amplitude fgen N bandwidth (fmin - fmax)
2A 6kHz 32826 180 mHz - 2.7 kHz

Fig. 6: Measurement setup for the battery impedance measure-

ments

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 the measurements. The amplitude

should also be low enough to prevent additional non-linear

effects corrupting the measurements. As the magnitude of the

impedance depends on the battery chemistry, the amplitude is

often experimentally chosen.

V. EXPERIMENTS

In the experiments, a Li-ion NMC battery cell with a

nominal voltage of 4.2V and a capacity of 1.5Ah was exposed

to a cyclic aging. In order to introduce a realistic aging

for the battery cell, the Worldwide-harmonized-Light-duty-

driving-Test-Cycle (WLTC) was used as the cycling profile.

The WLTC is a driving profile of an electric vehicle which

is scaled to corresponding current of the battery cell. A 30-

minute-long WLTC current profile shown in Fig. 5 is used for

the experiments as follows: A fully charged cell is discharged

to 90% of SOC and applied by three consecutive WLTC

profiles which consumes a total capacity of 0.9Ah from the

battery cell. The battery cell is then fully discharged and

charged again with a current of 0.5C for the next full WLTC

cycle.

The experimental setup for the battery capacity and

impedance measurements is illustrated in Fig. 6. The DST

signal design parameters are given in Table I. The DST signal

was injected from the DAQ device to the battery as the current

reference of the bi-directional power supply. The current and

voltage of the battery were measured and collected through

the DAQ device and Fourier transform was used to obtain the

battery impedance which was then applied to the ECM fitting.

The impedance measurements were carried out with zero offset

current to keep the SOC constant. The measurements were

carried out with a 10% SOC resolution between 10%-90%.

A relaxation time of 1 minute was considered before each

impedance measurement. The resulting impedance spectra

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

resulting spectra for the ECM fitting [18]. The amount of

data was reduced by taking 150 logarithmically spaced data

points from the impedance measurements. The temperature for

the measurements was kept constant at 25◦C throughout the

experiments. In addition, the capacity of the cell was measured

according to Coulomb counting method [2].

All of the measured impedances were fitted to an ECM by

the CNLS algorithm with initial values calculated according



Fig. 7: Measured and fitted impedances at different aging

conditions at 50% of SOC

to Section III. The SOH was defined in terms of capacity

degradation of the battery with respect to the capacity at the

beginning of the experiments (Q0) as given in (16).

SOHi =
Qi

Q0

(16)

VI. RESULTS

Fig. 7 shows that the CNLS fits the ECM accurately to the

impedance measurements. The initialization method provides

relatively accurate fit and it can be considered as an efficient

method to obtain the initial conditions for the CNLS. The

largest error in the CNLS fits can be seen on the few first data

points in the data at the charge-transfer region. This is caused

by the fact that the frequency resolution of the measurement

for this part of the impedance spectrum is too low to cover the

semicircle shape sufficiently. Nevertheless, the fits are regarded

to provide consistent ECM parameter values for the SOH

analysis of the battery.

The fitted ECM parameters as a function of WLTC cycles

are shown in Fig. 8. The most consistent dependency can be

seen in the series inductance and resistances which is most

likely caused by the corrosion of the current collectors [5]. RCT

has a huge increase although it has some inconsistent behavior

at low cycles. Other charge-transfer region parameters exhibit

some inconsistencies as well which may be due to the poor

fitting performance of the CNLS at the first data points of

the impedance curve (Fig. 7). The suppression factors are

remaining relatively constant which is desired as they are re-

garded to have no practical relation to battery electrochemical

phenomena. At SEI region, CSEI shows very minor increase

while RSEI is reduced at the beginning of the WLTC cycles.

The effect may be caused by the fact that the SEI layer

formation is not consistent but taking place at local spots at

the surface of the electrodes [4]. In addition, it can be an

indication of the lithium-plating effect which is also affecting

the SEI region impedance [5].

Fig. 8: Fitted ECM parameters at various SOCs as a function

of WLTC cycles

The relative changes in the ECM parameters and in the

SOH at 50% of SOC are shown in Fig. 9. The linearly

changing series resistance and inductance values indicate that

the corrosion of the current collectors is affecting rather

linearly to the SOH of the battery. The SEI-region resistance is

reduced approximately up to 150 cycles and starts to increase

at higher cycles. Similar behavior of SEI-region resistance is

also reported in [17]. This states that the SEI region impedance

is not consistently increased during the battery life. On the

other hand, the SEI region behavior may be a consequence of

the non-lineariry of the ECM and the fact that the width of the

SEI region semicircle is included in other resistance Rs and

RCT in the ECM. This can be reason why the greatest increase

is realized for RCT as lithium plating effects usually affecting

to RCT is taking place at significantly lower temperatures than

what was used for the experiments. The most drastic reduce in

the battery capacity is taking place between 250 and 350 cycles

where RSEI shows the highest increase. This may indicate



Fig. 9: Beginning-of-life normalized ECM parameters during

WLTC cycling at 50% of SOC

that the SEI-layer formation becomes constant throughout the

electrode surface as the battery performance starts to drop.

Moreover, the increase in RSEI can be observed before the

SOH is rapidly reducing. Therefore, the increase in RSEI can

be a valuable anticipatory indicator of the drastic capacity and

SOH drop in the battery.

VII. CONCLUSIONS

This paper has demonstrated the use of PRS impedance

measurements technique to track the SOH evolution of the

Li-ion NMC battery cell. The battery cell was cycled at 25◦C

with the WLTC profile to provide a realistic current profile

for the analysis. During the cycling, the battery performance

was tested with capacity measurements and fast DST signal

impedance measurements. The measured impedances were

fitted to the ECM by the CNLS algorithm with adaptively

obtained initial conditions. The results showed that the ECM

was accurately fitted to the impedance data and many of

the ECM parameters were changing as the battery SOH

reduced. In particular, it was observed that the increase in

the SEI region resistance can indicate the upcoming drastic

reduction in the battery capacity. The most consistent behavior

with respect to the SOH degradation was concluded in the

series resistance and inductance parameters of the ECM. The

presented methods can be used as an efficient real-time tool

for reliable SOH estimation in on-board battery applications.
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