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Abstract—Lithium-ion (Li-ion) batteries have become the dom-
inant energy storage technology of transportation and various
industrial products in recent years. Despite the rapid growth in
popularity, Li-ion battery usage faces several challenges such as
safety and waste management difficulty. Safe and reliable use
of Li-ion batteries depends on accurate state-of-health (SOH)
estimation. While studies have shown various techniques of
battery health estimation, most require either high computational
effort or high cost of implementation. Battery state estimation
based on impedance spectroscopy have gained traction in recent
years due to many attractive benefits such as direct indication of
battery performance and non-destructive measuring approach.
Furthermore, online impedance measurement techniques based
on broadband perturbations have been shown as a fast and
cost-effective alternative to traditional impedance spectroscopy.
This paper demonstrates the use of discrete-interval binary
sequence (DIBS) method in developing an efficient SOH es-
timation algorithm for Li-ion batteries based on least-square
techniques. Experimental results based on several commercial Li-
ion battery cells at various conditions are presented and analyzed.
A health prediction error of less than 1% was achieved from the
experimental work.

I. INTRODUCTION

The application of Li-ion batteries in transportation, energy
production and consumer products have been continuously
increasing in recent years. The wide adoption of Li-ion bat-
teries is due to several high-performance properties of lithium
ions such as high energy density and high power density [1].
However, safe and reliable operation remain challenging as
Li-ion batteries carry highly reactive chemicals and complex
electrochemical processes. Li-ion battery applications thus
require constant monitoring of state parameters such as the
battery state of health (SOH) and temperature in order to
maintain a safe and long-lasting operation.

The battery SOH, conventionally defined as the percent-
age of the current charge capacity against the factory-rated
charge capacity, is a direct indication of a battery storage
performance. As the battery operates by being charged and
discharged, aging processes occur leading to a reduction of
SOH over time. A threshold value of 70%-80% is conven-
tionally adopted by automotive industry to indicate the end of
Li-ion battery life, after which the battery storage capacity is
deemed insufficient for vehicle operation [2].

Accurate SOH estimation allows for in-time detection of
end-of-life age limit, ensuring safety and performance of

battery-powered products. In addition, SOH estimation can
be used in the sorting process for second-life battery re-
manufacturing. Despite strong efforts to improve and develop
new SOH estimation techniques, accurate and cost-effective
implementation of SOH estimation in practical applications
remain limited, which can generally be attributed to battery
degradation complexities, modeling sensitivity, high computa-
tional effort or high cost of implementation [3]–[5].

Studies have shown that internal impedance is an effective
indicator for determining the SOH of Li-ion batteries [6]–
[8]. Impedance spectroscopy is a non-destructive measurement
technique that provides direct information about key battery
state parameters. Despite its high predictive accuracy, the ap-
plication of impedance-based SOH estimation remains largely
confined to laboratory research for several reasons. First,
conventional impedance measurement methods require expen-
sive equipment and lengthy measurement times, making them
impractical for real-world battery applications. Second, SOH
estimation using impedance spectroscopy typically involves
modeling techniques such as electrochemical modeling or
equivalent circuit modeling, which are sensitive to parameter
changes over the battery’s lifespan and prone to model fitting
errors [4], [5].

Studies have proposed methods based on binary broadband
perturbations and Fourier techniques for performing online
battery impedance measurements [9]–[11]. Binary excitations
offer several advantages over the sinusoidal excitations used
in traditional electrochemical impedance spectroscopy (EIS),
including lower implementation costs and faster measurement
times. However, conventional broadband perturbations, such
as the pseudo-random binary sequence (PRBS), are sensitive
to noise, which can reduce the accuracy of impedance mea-
surements in practical applications. To address this limitation,
recent studies have demonstrated the effectiveness of the
discrete-internal binary sequence (DIBS) for onboard battery
impedance measurement [12], [13]. DIBS is a computer-
optimized binary signal in which the energy of several har-
monic frequencies is significantly enhanced without increasing
the signal’s time-domain amplitude. As a result, DIBS pro-
vides a high level of noise resistance, making it well-suited
for practical battery measurement scenarios.

This paper presents a practical method for estimating the



Fig. 1: Li-ion cell internal impedance spectra and charge
transportation across different cell layers.

SOH of Li-ion batteries using the DIBS for online impedance
measurement. The proposed approach leverages the key advan-
tages of the DIBS, including fast measurement, high accuracy,
and minimal system disturbance. To ensure computational
efficiency, least-squares and linear modeling techniques are
employed, while also accounting for variations in other state
parameters such as state of charge (SOC) and temperature.

The remainder of the paper is organized as follows. Section
II provides the theoretical background on the relationship
between Li-ion battery health and internal impedance. Section
III outlines the proposed methodology. Section IV presents
experimental measurements conducted on several commercial
Li-ion batteries and applies the proposed method to estimate
battery health. Finally, Section V concludes the paper.

II. THEORY

Studies have shown that the internal impedance provides
key information about a Li-ion battery dynamic processes
[14]. The impedance is typically represented as a complex-
value function in the frequency domain as Z = R + jX ,
where R is the real part of the impedance that describes the
resistive characteristic and X is the imaginary part of the
impedance that describes the reactive characteristic. Fig. 1
shows a typical impedance spectra of a Li-ion battery cell
as a Nyquist plot. The imaginary axis is inverted to show the
capacitive characteristic in the first quadrant of the diagram.

The impedance spectra can be divided into several regions
that describe the movement of charges at different parts of
the cell. At low frequencies of less than a few hundred

Fig. 2: Battery impedance measurement setup.

mHz, a 45° tilted line in the impedance spectra describes
the diffusion of Li-ions in the electrodes. The mid-frequency
region, which usually ranges from several mHz to a few kHz,
describes the charge transfer kinetics of Li-ions in between
the solid-electrolyte interphase (SEI) layer, the electrolyte and
the electrodes. At higher frequencies, ohmic and inductive
behaviors dominate and characterize the electronic flow in the
outer conductive parts of the cell.

Li-ion battery aging is driven by various naturally occurring
degradation processes, such as the corrosion of electrode mate-
rials, the thickening of the SEI layer, and electrolyte depletion
[15]–[17]. External factors like high load currents and elevated
temperatures further accelerate these degradation mechanisms.
Among them, the growth of the SEI layer—formed at the in-
terface between the negative electrode and the electrolyte—has
been identified as the dominant cause of battery capacity
loss over time [15], [18], [19]. This SEI buildup results in
increased internal resistance and double-layer capacitance,
which is typically reflected as an enlarged semicircular arc
in the Nyquist plot of the impedance spectrum.

III. METHODS

A. Broadband impedance measurement

The battery impedance is conventionally obtained by ap-
plying an EIS [20]. In EIS, sinusoidal excitation currents at
multiple frequencies are sequentially injected into the test
battery, as shown in Fig. 2. The EIS method provides accurate
impedance measurement results; however, applying sinusoidal
excitations requires a relatively long measurement time. More-
over, sinusoids contain a large number of signal levels, making
signal generation challenging in practice, especially when cost
minimization is a priority.

Recent studies have demonstrated that broadband pertur-
bation methods, such as the pseudo-random binary sequence
(PRBS), can measure battery impedance in a fraction of
the time required by conventional electrochemical impedance
spectroscopy (EIS) [9]–[11]. PRBS is a widely used binary
signal that distributes spectral energy across multiple harmonic
frequencies. Its binary nature makes it easy to generate using
low-cost electronic components. In the frequency domain,
PRBS exhibits a nearly uniform energy distribution across
the spectrum, enabling full spectral coverage with a single
signal injection. Consequently, impedance measurements using



PRBS can be completed much faster than those using tradi-
tional EIS.

B. Discrete-interval binary sequence

Applying PRBS in practical battery applications poses a
challenge due to the signal’s high sensitivity to noise. This
issue arises from the broad distribution of the signal’s to-
tal energy across a large number of harmonic frequencies
in the measurement spectrum. Onboard battery impedance
measurement is especially vulnerable to noise disturbances,
given the small magnitude of Li-ion battery impedance and
the presence of significant electromagnetic interference. Al-
though increasing the PRBS injection amplitude can reduce
noise sensitivity, it may adversely affect online operation and
risk violating the linearity conditions required for accurate
impedance measurement.

Recent studies have demonstrated the discrete-interval bi-
nary sequence (DIBS) as an effective alternative to PRBS for
online battery impedance measurement [12], [13]. DIBS is a
computer-optimized broadband binary signal that concentrates
signal power at user-defined harmonic frequencies without in-
creasing its time-domain amplitude. Compared to conventional
PRBS, DIBS achieves significantly greater noise tolerance at
selected frequencies while preserving the same low-amplitude
profile. It retains all the advantages of PRBS, such as cost-
effective implementation and fast measurement, while provid-
ing improved measurement quality in noisy environments.

The optimization procedure for synthesizing the DIBS can
be summarized as follows [21]–[24].

1) Specification: Select the sequence length, bandwidth and
the amplified frequencies inside the bandwidth.

2) Initialization: Start with a random binary sequence,
obtain the phase angle in the frequency domain.

3) Adjustment: Form a new Fourier Transform sequence
by using the phase angle and the user-defined spectral
amplitude.

4) Normalization: Apply Inverse Fourier Transform to the
newly formed sequence and collect only the signs of the
time-domain sequence in order to form a new binary
sequence, then apply Fourier Transform to convert the
binary sequence back to the frequency domain.

5) Iteration: Repeat step 2 until the phase angle sequence
remains unchanged.

6) Result: The last binary sequence obtained in the itera-
tions becomes the optimal DIBS.

C. Battery health estimation

This work proposes a practical approach to battery SOH
estimation using linear regression in combination with real-
time battery impedance measurements. The ultimate goal is to
develop a predictive model capable of estimating battery SOH
based on measured impedance and known state parameters, as
formulated in (1).

Ĥ = f(Z,C, T ) (1)

In (1), f represents the SOH estimation function, Ĥ denotes
the estimation outcome, Z denotes the measured impedance
spectra of the battery at a given condition, C denotes the
battery SOC level and T denotes the battery temperature.

The construction of the estimation function f is guided
by the following propositions. First, the growth of the SEI
layer is correlated with an increase in the internal resistance
of the battery cell across a continuous range of frequencies.
Second, linear relationships between battery impedance and
capacity loss are observed and remain consistent across cells
with the same chemical composition. Third, each discrete
frequency point in the impedance spectrum can be treated as
an independent health indicator, each associated with its own
linear model.

The proposed method consists of two stages: modeling stage
and deployment stage. A linear regression analysis is applied
in the modeling stage to select optimal battery indicators and
build the prediction models while online impedance mea-
surement is applied in the deployment stage to estimate the
battery SOH using the built models. The DIBS is applied to
all impedance measurements in both stages.

The modeling stage aims to produce a set of SOH estimation
models and consists of the following steps.

• Data collection: An aging experiment is performed.
Impedance and capacity performance test results are col-
lected at each aging stage at various SOC and temperature
conditions.

• Data preprocessing: Reference SOH values and the real
part of the impedance spectra from each state condition
are calculated from the performance test results, as shown
in (2) and (3), respectively, where k denotes the k-th
harmonic of the applied DIBS.

SOH =
Current capacity
Rated capacity

× 100% (2)

Rk = Re{Zk} (3)

• Model fitting: Least-square fitting method is applied to
obtain parameters for SOH prediction linear models based
on impedance values, as shown in (4), where βk and ϵk
are the linear model parameters corresponding to the k-th
harmonic of the applied DIBS.

Ŷk = βkRk + ϵk (4)

• Model evaluation: The coefficient of determination (R2

index) is used to evaluate the fitting performance of the
obtained linear models.

• Model selection: Select an optimal range of frequency
in which the R2 index shows consistently high value
across cells. Collect the harmonic indexes of the DIBS
harmonics inside the selected frequency range, denoted as
Kopt. The parameters of the models associated with the
selected optimal harmonics are stored in a lookup table.

In the deployment stage, the built models are applied to
estimate the battery SOH in real time. The DIBS is used to
perform online impedance measurements, which leverages all



the benefits of the signal such as fast measurement, noise-
resistant and minimal disturbance to online battery operation.
The estimation process consists of the following steps.

• Measurement: The battery impedance is measured online
by applying the DIBS. Battery temperature and SOC
are measured using onboard sensors or estimated by the
battery management system.

• Feature extraction: Impedance real-part values at the
optimal harmonic frequencies are extracted from the
measurement.

• SOH estimation: Linear models corresponding to the
measured battery SOC and temperature state condition
are loaded and used along with the impedance mea-
surement to estimate the battery SOH. The estimation
outcomes from all the harmonics are combined by the
use of averaging, as given in (5), to compute the final
estimation result.

Ĥ =
1

|Kopt|
∑

k∈Kopt

Ŷk (5)

where Ŷk represents the estimation output at the k-th
harmonic of the applied DIBS excitation.

IV. EXPERIMENTS

A. Experiment setup

An aging experiment was conducted on four commercial
Li-ion battery cells (labeled C1, C2, C3, and C4) of the
same manufactured model (INR21700-40T). The cathode ma-
terial of the cells was nickel manganese cobalt dioxide (Li-
NiMnCoO2). The rated capacity of the cells was 4000 mAh.
The experiment was accelerated by cycling the cells inside
temperature-controlled chambers. Cells C3 and C4 were cy-
cled at an elevated temperature of 35 °C, while cells C1 and C2
were cycled at 15 °C. The cycling followed a standard electric
vehicle working cycle profile during the discharge phase and
a constant-current constant-voltage (CC-CV) charging method
during the charge phase (CC 2 A, CV 4.2 V). The experiment
lasted for 400 cycles for cells C3 and C4, resulting in a 20%
capacity loss by the end. Cells C1 and C2 were aged up to 200
cycles, reaching approximately 90% SOH at the conclusion of
the experiment.

Reference performance tests were conducted for each cell
at the beginning of the experiment and at every 200 cycles
of accelerated aging. Cells C3 and C4 were additionally
tested at cycle 100. The performance tests include charge
capacity measurement and internal impedance measurement.
Both capacity and impedance tests were conducted at various
temperature set points: 15 °C, 25 °C and 35 °C. To ensure
temperature stability, the cells were allowed to rest in the
temperature-controlled climatic chamber for two hours before
each test. In addition, at each test temperature, impedance
measurements were conducted at various SOC conditions:
10%, 30%, 50%, 70% and 90%.

A measurement setup based on Fig. 2 was constructed to
perform impedance measurements at all the test conditions.

Cycle

0 100 200 300 400

SOH / %

80

85

90

95

100

C1 C2 C3 C4

Fig. 3: Reference SOH of all cells during the aging experiment
(capacity measured at 25 °C).

The DIBS was applied to measure the cell impedance within
the frequency range 0.1 Hz to 2 kHz. The DIBS excitation
amplitude was set to 250 mA and 35 harmonic frequencies
were logarithmically selected inside the measurement band
including the DIBS fundamental frequency. The DIBS was
optimized in order to obtain accurate impedance measurements
at the chosen frequencies.

B. Experimental results

Fig. 3 shows the progression of the SOH state parameter of
all the cells during the cycling experiment. The reference SOH
was calculated based on the capacity measurement at 25 °C,
according to (2). As can be seen in Fig. 3, cycling the cells at
an elevated temperature (45 °C for cells C3 and C4) results in
a quicker loss of capacity, compared to the cycling at a lower
temperature (15 °C for cells C1 and C2).

Fig. 4 presents the impedance measurements of cell C3 at
different aging stages at 70% SOC and 25 °C temperature. As
seen in the Nyquist plot, the effect of aging has resulted in
the expansion of the semicircle arc most notably in the lower
part of the frequency range (less than 100 Hz). It is useful to
plot the real part of the impedance spectra at different cycling
stages, as shown in Fig. 5. It can be seen that the lower part of
the real-part impedance spectra (less than 10 Hz) shows more
aggressive changes during the aging process.

C. Health estimation: least-square fitting

The obtained SOH and real-part impedance values were
used to build SOH prediction models at various frequencies
according to (4). A least-square method was applied to fit the
impedance values to the SOH values for the training dataset
consisting of cells C1, C3 and C4. Fig. 6 shows examples of
the fitted linear models between the SOH and the real part of
the cell impedance at various frequencies for cell C3 at 70%
SOC and 25 °C temperature.

The coefficient of determination R2 which describes the
fidelity of a linear regression model on a dataset was used to
evaluate the performance of the fitted linear regression models.
Fig. 7 shows the R2 index values at various frequencies of cells
C3 and C4 validated against their own measurement data. The
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Fig. 4: Battery impedance spectra of cell C3 measured with
the DIBS technique at various stages of cycling at 70% SOC
and at room temperature 25 °C.
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Fig. 5: Real part of the battery impedance spectra of cell C3
measured with the DIBS technique at various stages of cycling
at 70% SOC and at room temperature 25 °C.

results show that the R2 index is consistently high (above
0.8) for the frequencies less than 10 Hz, suggesting a strong
predictive performance in this frequency range.

Based on the observations, a frequency range of 1 Hz to
5 Hz was selected as the optimal range for input feature
extraction. The fitted linear models in such frequency range
were extracted for each cell at 70% SOC and 25 °C. The
model parameters from each cell are combined and averaged
to produce a set of cell-averaged linear models parameters for
each DIBS harmonic frequency in the frequency range 1 Hz

𝑅 / mΩ

10.0 12.5 15.0 17.5 20.0

SOH / %

80

90

100

Linear models

1.4 Hz 25.3 Hz 108.6 Hz

466.1 Hz 2000.0 Hz Measured

Fig. 6: Linear model fitting between the cell SOH and the real
part of the measured impedance at various frequencies for cell
C3 at 70% SOC and 25 °C temperature.

Frequency (Hz) β ϵ

1.03 -36.38 1.46

1.38 -37.86 1.48

1.84 -40.98 1.52

2.46 -45.07 1.57

3.3 -51.45 1.66

4.41 -60.82 1.78

TABLE I: Averaged SOH-prediction linear model parameters
between 1 Hz and 5 Hz applicable for 70% SOC and 25 °C
temperature conditions.

to 5 Hz. Table I shows the linear coefficients of the average
models inside the optimal frequency range.

D. Estimation results at a single SOC and temperature

Cycle SOH (%) SOH estimation (%) Absolute error (%)

0 96.78 96.91 0.13

200 90.75 90.6 0.15

TABLE II: SOH estimation results of cell C2 at a single SOC
at 25 °C.

The effectiveness of the built models were tested against
a test dataset consisting of cell C2. The obtained averaged
linear models parameters were applied to estimate the SOH of
the test cell (C2) at 70% SOC and 25 °C temperature. Table
II shows the estimation values along with the absolute error
deviation for cycle 0 and 200. The average absolute error of



10−1 100 101 102 103

𝑅²

0.0

0.5

1.0

At 15 °C

10−1 100 101 102 103

𝑅²

0.4

0.6

0.8

1.0

At 25 °C

𝑓 / Hz

10−1 100 101 102 103

𝑅²

0.80

0.85

0.90

0.95

1.00

At 35 °C

C3 C4

Fig. 7: R2 index of SOH-impedance linear fitting for cells
C3 (blue) and C4 (orange) from self validation at various
temperatures.

the estimation was 0.14%. It is noted that by selecting 1 Hz as
the lower end of the optimal frequency range, the measurement
time of the applied DIBS in the deployment stage is reduced
to only 3 seconds.

E. Estimation results at various SOC values and temperatures

Temperature
SOC

10% 30% 50% 70% 90%

15 °C 0.28 1.09 1.07 0.79 1.2

25 °C 0.74 0.43 0.21 0.14 0.77

35 °C 1.44 1.35 1.28 1.15 0.99

TABLE III: Absolute SOH estimation errors of cell C2 at
multiple SOC and temperature conditions.

The optimal linear models parameters were applied to esti-
mate the SOH of test cell C2 at various SOC values between
10% and 90% and various temperatures between 15 °C and
35 °C. Table III shows the deviation error values of the esti-
mation at each temperature and SOC condition. The measured

SOH values at cycle 0 and 200 were used as reference values
for error calculation. The prediction errors were averaged
across the cycles for each SOC point and temperature value.
Table III shows that the selected linear models are able to
estimate battery SOH at various SOC values and temperatures
with a high level of accuracy, although the estimation error
slightly increases at both lowered temperature (15 °C) and
elevated temperature (35 °C). An average estimation error of
around 0.86% across all SOC and temperature conditions was
obtained from the test results.

V. CONCLUSIONS

The battery SOH is a critical parameter which has a sign-
ficant impact on safety and performance of Li-ion batteries.
Studies have shown a strong relationship between the battery
impedance and battery SOH. The recently proposed DIBS
technique can be applied to quickly and accurately measure
the battery impedance from which the SOH of a battery cell
can be rapidly estimated online without relying on complex
modeling techniques.

This paper has demonstrated the application of the battery
impedance measured using the DIBS method in determining
the SOH of a commercial Li-ion battery cell. Experimental
measurements were carried out and analyzed to show the ef-
fectiveness of the method. An average SOH estimation error of
0.86% have been obtained by applying regression techniques
to a wide temperature interval ranging from 15 °C to 35 °C.
The estimation performance varies slightly depending on the
cell temperature and SOC.
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