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Abstract

Impedance characterization of a Lithium-ion cell is a commonly used method to assess its
state of health or internal temperature. However, Electrochemical Impedance Spectroscopy
(EIS) requires a dedicated excitation system and can only be performed under steady-state con-
ditions, making it challenging to implement onboard. The objective of this work is to develop a
passive EIS method, which does not require an external excitation device and allows impedance
estimation even under dynamic operating conditions. This paper proposes an impedance mea-
surement approach based on the analysis of the naturally occurring harmonic content in electric
vehicle driving cycles. To achieve this, a signal processing algorithm was developed to extract
and analyze these harmonics while compensating for non-stationary effects related to current,
State of Charge (SoC), and temperature. The methodology is validated through experimental
tests reproducing realistic operating conditions.
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1 Introduction

In the context of the energy transition, reducing the environmental impact of the trans-
portation sector is a major challenge [1]. The electrification of vehicles, through electric
vehicles (EVs), is seen as a key strategy to address this issue. However, large-scale de-
ployment of EVs raises several challenges, particularly regarding the lifecycle management
(manufacturing, usage, recycling, and repurposing) of Lithium-ion (Li-ion) batteries, which
are the core component of the propulsion system [2]. Indeed, the degradation of these bat-
teries directly affects vehicle range, performance, and safety, and indirectly influences their
environmental footprint.

In light of these challenges, increasing attention is being paid not only to the optimization
of battery usage during their first life, but also to their repurposing in stationary applications,
paving the way for a second life. This approach extends the service life of batteries while
contributing to material recyclability, provided that their State of Health (SoH) can be
accurately assessed.

Ensuring a reliable and real-time diagnosis of battery SoH is therefore essential. Among
the available methods [3, 4], electrical impedance analysis, and particularly EIS, stands out
for its ability to identify internal electrochemical processes across a wide frequency range.
This technique is now widely recognized as a reference for characterizing aging mechanisms

[5, 6] and enhancing internal temperature monitoring [7, 8].



However, the application of EIS in embedded contexts remains complex. Generating an
excitation signal requires specific technical means, and maintaining the battery in a steady-
state condition during EIS can impact vehicle availability. Indeed, several studies have pro-
posed using the power converter as a signal generator [9, 10, 11], notably through duty cycle
modulation. However, this approach is restrictive and highly dependent on the vehicle’s
electronic architecture.

A promising avenue involves leveraging naturally occurring signals during driving cycles,
without the need for artificially injected signals. Several studies have demonstrated the
potential of this strategy [12, 13, 14], particularly through frequency analyses and impedance
calculations using optimized signal processing algorithms. However, these approaches still
face two major limitations: the difficulty of identifying relevant frequencies within a complex
signal, and the non-stationary behavior of the battery due to dynamic driving conditions. The
latter is especially critical [15], as it directly affects the quality of the impedance estimates.

This article specifically addresses this issue. It presents a passive impedance estima-
tion method designed to exploit the natural harmonics generated by the powertrain while
accounting for non-stationary phenomena. This approach enables impedance estimation un-
der realistic battery usage conditions during vehicle operation, without disrupting normal
operation or requiring specific hardware modifications.

In this context, the first part of the article provides an analysis of the parameters affecting
non-stationarity and their impact on electrochemical impedance. Then, an original signal
processing method is introduced, leveraging the natural harmonics generated during driving
cycles to passively estimate impedance. Finally, the approach is experimentally validated
through a series of studies, including test bench experiments, electrochemical cell character-

ization, and impedance tracking under dynamic conditions.

2 Parameters Influencing Non-Stationarity and Their

Effects on Electrochemical Impedance

Electrochemical Impedance Spectroscopy is a widely used tool for studying internal
electrochemical phenomena [16]. This technique is based on applying a sinusoidal excitation
signal at a given frequency and at a fixed operating point, allowing the analysis of the voltage
and current responses. By repeating this process over a wide frequency range, it is possible
to obtain the impedance spectrum of the battery.

Its use is particularly relevant when the system is under stationary conditions, that is,

when the parameters that influence impedance remain stable, such as temperature, SoC,



SoH, or current. This stationarity condition is a standard requirement to ensure the validity
and reproducibility of impedance measurements [15].

However, this requirement becomes a limitation when studying systems subjected to dy-
namic conditions, as is the case in this study [15]. Temporal variations in SoC, temperature,
or current complicate the direct interpretation of impedance spectra. Therefore, as a first
step, it is necessary to investigate the evolution of impedance under various stationary condi-
tions. This will help better interpret the responses observed under non-stationary conditions.

To gain a deeper understanding of the underlying phenomena, it is essential to associate
the various contributions of the impedance spectrum with internal electrochemical processes,
and more specifically with Equivalent Circuit Models (ECMs) [17]. This association provides
a more direct interpretation of the physical components and chemical effects reflected in the

results (Figure 1).

A

Section 1 Section 2 Section 3 Section 4
1 1
1 L
e — Rsei Rer <<
L
R, // //
ap,Q
asg; ,Qsg \\ appQpL \\ orep

-Im(92)

Ohmic resistance Double-Layers capacitance Diffusi
Solid Electrolyte Charge-Transfer reactions ITiusion
\ Interface layers process
Inductance High Frequencies Low Frequencies Re(Q)

Figure 1: Nyquist diagram from EIS with the corresponding Equivalent Circuit Model

Extensively studied in the literature [16, 18], the impedance spectrum can generally be

divided into four main regions (Figure 1):

o Section 1: At very high frequencies, inductive effects from metallic components appear,
followed by the ohmic resistance (Rg), which reflects the intrinsic resistances of the

cell’s materials and interfaces.

 Section 2: Solid Electrolyte Interphase (SEI) response: associated with capacitive and

resistive phenomena at the electrode-electrolyte interface.



o Section 3: Charge transfer process and double-layer capacitance: reflects the kinetics

of electrochemical reactions at the interfaces.

o Section 4: Diffusion (Warburg region, low-frequency): associated with ionic diffusion

processes within the electrodes.

Numerous studies have highlighted how these different impedance contributions evolve
depending on the operating conditions (current, SoC, temperature, SoH) [6, 19]. The study
by J. Li et al. [20] analyzes the sensitivity of the EIS spectrum to various influencing variables

and specifies, for each condition, which sections of the impedance are impacted:
o Current: slightly affects the charge transfer resistance;
» State of Charge : mainly affects the charge transfer resistance and diffusion processes;
o Temperature: influences both the SEI resistance and the charge transfer resistance;

» State of Health : impacts the ohmic resistance, charge transfer resistance, and diffusion

behavior.

Based on these observations, a sensitivity ranking has been established, from the most
to the least influential factor: SoH > temperature > SoC > current. However, J. Li et al.
[20] also point out that SoH and temperature have a more significant impact than SoC and
current on certain impedance components [14]. These results highlight the value of impedance
monitoring as a diagnostic tool, particularly for tracking internal temperature and the state
of health of the battery.

Moreover, these parameters also influence the stationarity of the system during EIS mea-
surements [21]. It is essential to consider the time constant associated with each parameter,
since an EIS measurement typically lasts several minutes [9]. As a result, not all parameters
challenge the stationarity condition to the same extent.

For instance, current has a very short time constant (nearly instantaneous response),
making it particularly critical under dynamic conditions. SoC and temperature evolve over
intermediate time scales and can also induce non-stationary effects during the measurement.
In contrast, SoH, which is characterized by a very long time constant (evolving over the long
term), can be considered quasi-stationary over the duration of an EIS measurement.

Therefore, in the context of our study, system non-stationarity is primarily attributed
to variations in current, SoC, and temperature, while SoH is assumed to remain stationary
during the measurement. These considerations define the dynamic conditions under which

our system is studied.



It is now necessary to identify how impedance evolves under such dynamic conditions
and to determine appropriate analysis methods capable of extracting meaningful information
about the state of the batteries. The method was developed so that it can detect impedance
variations regardless of the source of the change, whether it is current, SoC, temperature, or
SoH.

3 Signal Processing Algorithm

The objective of this method is to achieve passive EIS, meaning without signal injection,
under dynamic conditions. The first step is to identify the harmonics naturally present in
the battery current. The second step involves studying algorithms and methods that can
leverage these harmonics under dynamic conditions to compute the associated impedance.
A synthesis of the research conducted has been presented, which then enables the proposal
of an optimized signal processing algorithm. The choice of parameters for this processing is

explained to ensure optimal accuracy in impedance estimation.

3.1 Origin of Current Harmonics in Electric Traction

The harmonics naturally present in embedded power electronics systems offer a unique
opportunity for Passive EIS (PEIS). Indeed, the power converters used in the traction chain
generate current harmonics on the DC bus [22, 23]|. These harmonics are directly related to
the inverter control laws, particularly Pulse Width Modulation (PWM). The choice of mod-
ulation type influences both the amplitude and the frequency of the harmonic components
observed on the DC bus, as noted by B. P. McGrath [23].

Studies by B. P. McGrath et al. and J. Hu et al. indicate that these harmonics are
unavoidable, even in well-designed systems, due to switching effects, transistor dead times,
and mechanical nonlinearities [23, 24]. The resulting harmonic spectrum is relatively broad,
extending from a few tens of hertz up to several kilohertz. In terms of amplitude, the
dominant low-frequency DC-link current harmonics are typically several orders of magnitude
lower than the phase fundamental current, with amplitudes on the order of 1072 to 1072
relative to the phase current, as can be estimated from the analytical spectra reported by
McGrath et al. [23].

In conventional traction systems, the dominant low-frequency harmonic components are
typically located at integer multiples of the motor fundamental frequency [23, 24]. Fur-
thermore, as highlighted in the work of H. Hu et al. [24], in a motor/gearbox assembly,

these motor-induced harmonics create periodic variations in currents and torques, resulting



in well-identified frequency signatures on the DC bus. During real driving conditions, addi-
tional frequency components originating from the driving profile further enrich the spectral
content propagating through the converter to the battery.

The objective of this study is not to exactly reproduce specific harmonic frequencies or
amplitudes, but rather to consider excitation frequencies and amplitudes within physically
realistic ranges. In practice, the harmonic amplitudes present on the DC bus strongly de-
pend on the inverter control strategy, operating point, load conditions, and DC-link sizing,
which makes a precise a priori estimation difficult. Therefore, the experimental tests rely on
representative harmonic frequencies and amplitude levels chosen to reflect realistic operating
conditions, allowing the proposed method to be evaluated while accounting for variations in
harmonic amplitude.

Analyzing this naturally occurring harmonic content, without introducing any additional

excitation signal, enables passive impedance observation.

3.2 Exploitation of Harmonics

Several studies have investigated the estimation of a Li-ion cell impedance from driving
cycles, without relying on specific excitation signals. In this context, a notable early con-
tribution is that of Lohmann et al. [13], who analyzed the frequency content of a driving
cycle. The Goertzel algorithm was employed [25], under the assumption that the frequencies
of interest were already known. This work laid the foundation for the approach, although it
was limited to cases where signal processing targets only pre-defined injected frequencies.

B. Liebhart et al. [12] further developed this approach by focusing on the estimation of
Li-ion battery impedance from the dynamic regimes of a driving cycle, using power spectral
density analysis. Through a signal processing method based on segmentation, they were
mainly able to estimate impedance in the high-frequency range (100 Hz to 1 kHz).

More recently, B. Yang et al. [14] revisited part of this methodology, inspired by the
PEIS technique developed by Liebhart et al. [12], and applied it to various types of driving
cycles, urban, mountainous, and rural. The results are promising, as they demonstrate the
feasibility of exploiting these signals without prior knowledge of their frequency content.

Analysis of this body of work highlights a critical need: the development of a robust
signal processing algorithm capable of estimating impedance from natural harmonics un-
der dynamic conditions. Existing approaches already provide some elements of a solution.
Indeed, unlike excitation signals used in electrochemical impedance spectroscopy, signals de-
rived from driving cycles exhibit harmonics with unknown frequencies and amplitudes. This
implies that observation windows are not necessarily synchronized with the frequencies of

interest, which necessitates the use of segmentation and windowing techniques.



However, these studies face several limitations. Notably, the issue of signal stationarity is
not addressed, despite being a key factor in improving estimation accuracy. Under dynamic
conditions, the stationarity assumption is generally invalid, leading to signal drift over time
and compromising the quality of impedance estimation.

This specific challenge is precisely what the algorithm developed in this study aims to

address, by explicitly accounting for non-stationary phenomena.

3.3 Detailed Algorithm

To address these specific challenges, a rigorous methodology has been developed to enable
reliable impedance calculation under dynamic conditions. The proposed approach builds
upon the previously discussed work, while introducing a key contribution: the compensation
of signal drift through a dedicated correction procedure.

This method is designed to mitigate the effects induced by the non-stationary nature of
the signals, which remains a major limitation in existing techniques. By integrating this
compensation mechanism, the algorithm enhances the accuracy of impedance estimations
derived from the natural harmonics present in driving cycles.

The following outlines the different stages of the proposed signal processing methodology,

from the measured time-domain signals to the estimation of the cell impedance (Figure 2):
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Figure 2: Optimized signal processing algorithm

Drift Compensation: During impedance measurement, any deviation from a stationary
state can lead to a progressive voltage drift [15]. This drift, often caused by slow phenomena
such as electrochemical polarization or thermal variations, distorts the low-frequency com-
ponents of the signal. If not corrected after acquisition, it can bias the frequency-domain
analysis and thus impair the accuracy of impedance estimation. Therefore, compensating
for this drift is essential to ensure the reliability of the results. In addition to compensating
for drift, the frequency ranges (segmentation) are separated so that only the frequencies of

interest are kept in each range.



Segmentation: Segmentation consists in dividing the voltage and current signals into
multiple segments of equal duration [26]. These durations are defined based on the three
targeted frequency ranges: high, medium, and low frequencies. This segmentation enables
observation of the entire frequency spectrum relevant to the battery’s impedance by adapting
the sampling frequency to the selected range. Moreover, the segments are not extracted
sequentially without overlap; instead, they are generated with a defined overlap ratio to
enhance frequency detection, as illustrated in Figure 2.

Windowing & FFT: A windowing function is then applied to limit spectral leakage and
reduce discontinuities at the signal boundaries. Since the signals under analysis are dynamic,
windows such as Hamming, Hanning, or Gaussian are used to attenuate edge effects [27],
thereby improving the quality of the resulting spectrum. Following this, a Fast Fourier
Transform (FFT) is applied to convert the signal from the time domain to the frequency
domain.

Averaging: Averaging is used to smooth out random variations due to noise or signal
variability. Additionally, impedance values are averaged for each detected frequency over a
time window shorter than the thermal and state-of-charge time constants, in order to im-
prove measurement reliability. This approach is particularly useful for monitoring impedance
variations, for example by measuring over multiple windows during changes in temperature
or state of charge. By following these steps, impedance estimation becomes feasible under
dynamic conditions. Now that the algorithm has been described, it can be tuned, a key

strength of this approach.

3.4 Selection of Parameters

In the proposed algorithm, two parameters have a significant impact on the impedance es-
timation: the cutoff frequency associated with drift compensation, and the selected frequency

ranges under analysis.

3.4.1 Frequency Ranges

The frequency ranges are determined by a few key factors: the number of points per
period required at the lowest and highest detectable frequencies in each band, the available
computation time, and temperature effects. To maintain reliable impedance measurements,
a minimum of 10 points per period is imposed. To prevent overly long computations, the
number of points per period is capped at 100. Taking these constraints into account, and

using equation (1), several distinct frequency ranges can be defined. [9].
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Let Npts denote the minimum or maximum number of points required for the detected
frequency in each range, I the sampling frequency, F' the minimum or maximum frequency
to be detected, and Dec the decimation factor.

However, it is essential to define the overall frequency range beforehand, in order to
observe the desired electrochemical phenomena. Identifying which phenomena are detectable
within a given frequency range is crucial. As discussed previously, ohmic behavior, SEI
formation, and charge transfer processes are strongly influenced by temperature and the
cell’s SoH. These phenomena can be observed in the frequency domains corresponding to
Sections 1, 2, and 3 of Figure 1 [28, 29], which typically span from the kilohertz range down
to tenths of a hertz, depending on the cell chemistry and design. Based on the characteristics
of the cells used in this study [8], the chosen working frequency range extends from 1 Hz to
1000 Hz. The decision was made to exclude the diffusion-related Warburg region (below 1
Hz), which is associated with drift from a stationary state. Three sub-frequency bands were

defined as follows:
e A high-frequency band: 1000 Hz to 100 Hz;
e A mid-frequency band: 100 Hz to 10 Hz;
o A low-frequency band: 10 Hz to 1 Hz.

The voltage and current measurements, combined with appropriate decimation, allow for the
required number of points per segment to be obtained. This, in turn, enables impedance

calculation with sufficient resolution across the selected frequency bands.

3.4.2 Cutoff Frequency: Drift Filter

Drift compensation is achieved by applying a low-pass filter, whose purpose is to separate
the slow variations due to stationary drift from the fast signals associated with EIS excitation.
To do this, an appropriate cutoff frequency must be defined, allowing a clear distinction
between the slow dynamics and the signals relevant for the measurements.The distinction
is made through the impedance spectrum by identifying the frequency where the charge-
transfer and diffusion parts intersect. This provides a spectrum rich in information when
sweeping the frequencies, thanks to the non-stationary behavior.

A digital filter is used for this step. After comparing common options, the key factors

were how the filter shapes the amplitude, the amount of ripple, how sharp the cutoff is, and
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how it handles phase. The filter needed to stay as linear as possible in phase, which narrowed
the choice to Bessel and Butterworth. Butterworth offered the best overall tradeoff, so it was
selected. An eighth-order design was chosen to get fast attenuation.

In addition to compensating for the drift, for each of the three frequency ranges we ana-
lyzed, a specific cutoff frequency is set based on the minimum frequency of the corresponding
range. This allows the ranges to be separated and only the frequencies of interest to be re-
tained. In this way, the cutoff frequencies are designed both to separate the frequency bands
and to compensate for the drift (Table 1). This compensation is applied to both voltage and

current signals to prevent any amplitude or phase errors.

Table 1: Selected cut-off frequency

Name Range Frequency Cut-off Frequency
High frequencies (HF) 1000 to 100 Hz F. =T75Hz
Medium frequencies (MF) 100 to 10 Hz F.="75Hz
Low frequencies (LF) 10 to 1 Hz F.=0.75Hz

Each segment within each frequency range is thus rectified and corrected using the filter
and by subtracting the filtered signal from the unfiltered one, with the goal of eliminating
drift and offset. The choice of parameters is crucial to obtain accurate impedance measure-
ments. This is precisely the strength of the algorithm, which allows these parameters to be
adjusted in order to optimize measurement accuracy. The algorithm was first implemented
and configured in MATLAB to validate its functionality, and then prepared for application

to more practical cases.

4 Experimental Application

This section focuses on the experimental application of PEIS, based on the optimized
signal processing algorithm. Three main steps are required for this approach: validating
the developed algorithm, performing the electrochemical mapping of the tested cell, and
analyzing its behavior during a representative driving cycle.

All measurements were carried out on a dedicated test bench, designed to characterize
the cell under various experimental conditions such as temperature, SoC, and current. The
tests were conducted on a cylindrical Samsung ICR18650-26J cell (NMC111 cathode), with

a nominal voltage of 3.7 V and a nominal capacity of 2600 mAh.
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4.1 Test Bench

An electronic load (Chroma), connected in parallel with an ITECH power supply, enables
precise control of the current applied to the battery. The voltages and currents in the circuit
are observed and measured using a Tektronix oscilloscope with 8-bit resolution. The current
is measured with a clamp meter that provides +2% accuracy. The voltage is measured with
a sensor connected to a calibration circuit that amplifies it with a gain of 18. Combined with
the oscilloscope’s selected range, this setup ensures reliable measurements of both voltage and
current. The entire setup is controlled via a LabVIEW interface, which ensures automatic
recording of voltage, current, and temperature data.

The test bench (Figure 3), equipped with a thermal chamber, allows for cell testing under
various temperature conditions. In addition to internal chamber temperature measurement, a
surface temperature measurement system has been implemented. A PT100 sensor, connected
in a four-wire configuration to a National Instruments board via a CompactDAQ system,
enables accurate surface temperature measurements of the cell. Furthermore, open-circuit
voltage (OCV) measurements combined with coulomb counting are used to estimate the SoC
of the cell.

This test bench makes it possible to inject excitation signals under controlled operating
conditions in order to establish reference EIS measurements. It also supports the injection
of driving cycles to be used for passive EIS.

Two measurement methods are used depending on the type of EIS performed:

o Reference EIS: Voltage and current are measured for each frequency by taking 10,000
points per frequency. The sampling frequency and the voltage and current per division
are adjusted accordingly to achieve the best possible precision and resolution. A file

containing 10,000 points for voltage and current is generated for each frequency.

» Passive EIS: Voltage and current are measured over a duration that depends on the
injected cycle. Unlike reference EIS, the sampling frequency is fixed. Additionally, a file
containing all the points is generated, allowing the proposed signal processing method

to be applied.

For this purpose, the bench was used to validate the signal processing algorithm.
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Figure 3: Experimental test bench designed for passive and reference EIS

4.2 Electrochemical Characterization of the Cell

Electrochemical characterization of the cell is a crucial step in understanding the factors
influencing battery impedance under real operating conditions. To this end, EIS measure-
ments are performed at various charge and discharge currents, different SoC levels, and under
a range of temperatures.

A conventional signal processing algorithm, distinct from the one developed above, is used
to establish these reference EIS datasets. It analyzes the signals at each injected frequency,
adjusting the sampling frequency and acquisition window to obtain the optimal number of
data points, thereby ensuring the highest possible impedance measurement accuracy [9].

Traditionally, cell characterization is conducted at zero current to minimize variations in
temperature and state of charge. However, in this study, which focuses on the analysis of
driving cycles involving a continuous current component, the characterizations are carried
out at non-zero operating points. This approach also avoids rest periods, which are known
to influence impedance measurements [30].

Accordingly, two measurement campaigns were conducted using the LabVIEW-based test

bench supervision system to characterize the cell’s behavior.
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Table 2: EIS campaign at different currents

# Process Units
1 Set the Temperature of the cell in the thermal Chamber 2h Before test
2 Measure OCV, Calculate SoC Instantaneous before Test
3 Cell preheating 2 min at 0.25C and 2 min at -0.25C
4 14 EIS test at Socinitial = 90% IDC = [:tOl, :|:03, :I:O57 :|:077

EIS during discharging / charging +0.9,+1.1,+1.3] A,

No relaxation time Iac =0.25A,

finj = 0.01Hz — 10kHz

5 Repeat the procedure for all Temperature Toamb = [5,15,25]°C

A first measurement campaign aimed to evaluate the impact of current on impedance
(Table 2). To this end, EIS measurements were performed at various operating points, both

in charge and discharge, and at several temperatures, covering a frequency range from 10

kHz to 0.1 Hz.

Table 3: EIS campaign at different SoC levels and temperatures

#  Process Units
1 Set the Temperature of the cell in the thermal Chamber 30 min Before test at 25°C
2 Measure OCV, Calculate SoC Instantaneous before Test
3 Cell preheating 2 min at 0.25C and 2 min at -0.25C
4 1 EIS tests at SoCipjtial = 100% Ipc =05A,Iaoc =05 A,
EIS during discharging finj = 0.01Hz — 10kHz
No relaxation time
5  Discharge cell by 8% of SoCipnitial 0.75 A, 0.3C for 900 s
6 1 EIS test (SoCinitia1 — 8%) Inc =0.5A,Iac = 0.25A,
EIS during discharging finj = 0.01 — 10kHz

No relaxation time
7  Repeat (steps 5, 6 until SoC drops to 30%)
8 Repeat the procedure for all Temperature Tomb = [5,15,25]°C

A second campaign was then conducted to assess the impact of the cell’s SoC on impedance
(Table 3). EIS measurements were performed every 15 minutes under a constant discharge
current of 0.2 C, at three different temperatures. This methodology allows for characteriza-
tion of the impedance evolution as a function of SoC, from 100% down to 30%, without any
rest periods between steps, thereby avoiding transient effects associated with relaxation [30].

The obtained spectra (Figure 4.a) show a very slight variation in impedance [19] as a
function of current. This variation can be attributed to the combined effects of current on
charge transfer and the internal Joule heating it induces [31, 32]. These results indicate
that the influence of current on impedance is minor compared to that of temperature, SoC,
and SoH [6, 33]. However, the self-heating associated with increased current must be taken
into account. To this end, the surface temperature measurement described earlier provides a
more accurate estimation of the cell’s internal temperature. Given the temperature variations
observed during EIS measurements under varying current, impedance changes are primarily

attributed to Joule heating, while the influence of current on charge transfer is considered
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negligible in this study for the tested cell.
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Figure 4: (a) Reference EIS measurements as a function of current at 25°C and 90% SoC,
(b) State of Charge at 0.2C and 5°C , (c¢) Temperature at 0.2C and 90% SoC

The analysis of spectra as a function of SoC (Figure 4.b) also shows impedance variations
at low frequencies, mainly due to changes in electrochemical kinetics. Kinetics are generally
less favorable at both low and high SoC, leading to an increase in charge transfer resistance
in these regions. This phenomenon occurs at both low and high temperatures.

Regarding the spectra as a function of temperature (Figure 4.c), they clearly show that
impedance is highly temperature-dependent. At low temperatures, impedance increases sig-
nificantly, particularly with respect to the charge transfer resistance and the resistance as-
sociated with the SEI layer. This is due to slower electrochemical reactions and reduced
ionic conductivity. These observations highlight the significant impact of temperature on the
electrochemical behavior of the cell.

This characterization campaign provides insight into the influence of current, SoC, and
temperature on impedance. Furthermore, the mapping is validated by the literature discussed

in Section 2, given the similarity of the results. The data obtained will serve as a reference
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for comparisons with data collected under real operating conditions, particularly during the
analysis of the driving cycle. The next step, following the algorithm validation, will consist of

identifying the frequency components of the driving cycle and their associated impedances.

4.3 Validation of the Drift Compensation Method

To validate the drift compensation method, an EIS measurement was performed under
conditions that induce significant drift. Specifically, the EIS was conducted at a current of
2A, a temperature of 25°C, and a SoC of approximately 90%, which leads to a voltage drift
due to the applied current. The resulting spectrum was processed in two ways: first, using
a signal processing algorithm without drift compensation, and second, using the algorithm
with drift compensation.

To assess whether the processed signal is valid, the Kramers-Kronig (KK) method was
applied [34]. This method evaluates the stationarity of a signal by analyzing its linearity.
Specifically, the Kramers-Kronig relations are used to estimate the real part of the impedance

from its imaginary part, and vice versa (2)(3).
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More specifically, this method allows for assessing the linearity of the analyzed signal

from the impedance spectrum by estimating the residual at each frequency (4)(5).

Zpe(w) — Zge(w)

Age(w) = 1Z(w)| (4)
. ZIm(w) — 21m(w)
Aml) = =70 ©)

As a general rule, minimum and maximum thresholds are defined for the residual, allowing
determination of whether the signal can be considered linear. This threshold is typically set

at 0.5%, beyond which the system is no longer considered linear [35].
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Figure 5: EIS performed with and without drift compensation and corresponding residuals
analysis

The spectra in Figure 5 clearly demonstrate the importance of drift compensation, espe-
cially at low frequencies. Furthermore, residual analysis highlights non-linearity, with resid-
uals exceeding the 0.5% threshold. It should be noted, however, that in both cases, inductive
effects related to the test setup slightly affect signal linearity. This effect is nonetheless
considered negligible in our analysis, as this part of the spectrum is not under study.

The next objective is to test the optimized algorithm with drift compensation by com-

paring it to a conventional signal processing algorithm.

4.4 Validation of the Algorithm on a Spectrum

This approach aims to test the optimized algorithm on the same signal obtained under
steady-state conditions by comparing the impedance spectrum it produces with that derived
from a conventional signal processing algorithm (used for the reference EIS).

The conventional algorithm analyzes the signals at each injected frequency by adjusting
the sampling frequency and acquisition window to obtain the optimal number of points,
thereby ensuring the highest possible accuracy in impedance measurement. This method
establishes the reference EIS.

In contrast, the optimized algorithm analyzes the same signal acquired at a fixed sampling
frequency, reflecting embedded system conditions. It then employs decimation, segmentation,
and overlapping techniques, presented in the previous section, to exploit a maximum number
of time windows and effectively detect the frequencies present in the signal. This corresponds

to passive EIS.
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Both EIS measurements were performed consecutively while maintaining the battery un-
der steady-state conditions. The reference EIS takes 3 minutes and 30 seconds for a full
frequency range (0.1 Hz to 10 kHz), with the processing algorithm analyzing one acquisition
file per injected frequency, and 1 minute and 10 seconds for a reference EIS over the reduced
frequency range used for the passive EIS (1 Hz to 1 kHz). In contrast, the passive EIS lasts 10

seconds and uses the optimized algorithm, which processes a single file containing all injected

frequencies.
Table 4: Reference EIS vs Passive EIS

Process Reference EIS Passive EIS
Current 0.5A 0.5A
Sinus injection 0.1 Hz to 10 kHz 1 Hz to 1 kHz
Sampling frequency 250 Hz to 25 MHz 10 kHz
Windowing One Hamming
Knowledge of injected frequencies Yes No
EIS duration 3 min 30 10 seconds
Outside temperature 5°C 5°C
SoC ~ 90% ~ 90%
Signal processing algorithm Conventional Optimized

Thus, the differences presented in Table 4 allow distinguishing between the reference EIS
and the passive EIS.

In this approach, the passive EIS is tested and compared with the reference spectra
to validate the signal-processing algorithm. The steps of the method are shown from the
current and voltage measurements up to the impedance calculation for each frequency range.
First, the current and voltage signals are recorded (Figure 6.a). Drift compensation and
frequency-band separation are then carried out with filters to perform the segmentation of
the signals for each range (Figure 6.b). Each segment is windowed, and a FFT is applied to
extract the spectral components. The impedance is computed from the frequency content
of each windowed segment, which then makes it possible to average the impedance over the
selected period, here 10 seconds. Figure 6.c shows the spectra obtained by both methods: the
reference EIS is displayed in black, and the passive EIS in red. The detected frequency ranges
appear on the spectrum, showing that PEIS can capture both high and low frequencies. The

identified frequencies are listed in Table 5.
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Figure 6: (a) Raw measured current and voltage signals, (b) Current after filtering and seg-
menting for the three frequency ranges, (¢) Impedance calculated by DFT for each segment,
averaged over 10 seconds, (d) Error analysis using the Kramers-Kronig method

A strong correlation was identified between the curves and verified using the Kramers-

Kronig method, confirming the linearity of the EIS measurements (Figure 6.d). This step

validates the optimized algorithm under steady-state conditions, without prior knowledge of

the injected frequencies, and over a duration of 10 seconds.

Table 5: Measured frequencies in each frequency range for passive EIS

High frequencies

Medium frequencies

Low frequencies

Measured frequencies (Hz)

1000 500

100 80 60 40 20

107531

Another aspect of the study focuses on evaluating the algorithm’s ability to detect super-

imposed excitation signals with different amplitudes. So far, the frequencies were injected

sequentially, which does not necessarily reflect the conditions encountered in embedded sys-

tems. A multi-sine excitation was therefore implemented, allowing several frequencies with
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different amplitudes to be superimposed simultaneously. The cycle presented in the table

below was tested and analyzed using passive EIS (Table 6).

Table 6: Reference EIS vs Passive EIS - Amplitude

Process Reference EIS Passive EIS - Amplitude

Current 0.5A 0.5A

Sinus injection 0.1 Hz to 10 kHz Multi-sine varying from 1 Hz to 1 kHz
Sinus amplitude C/10 Varies between C/30 and C/10
Sampling frequency 250 Hz to 25 MHz 10 kHz

EIS duration 3 min 30 8 seconds

Outside temperature 25°C 25°C

SoC ~ 100% ~ 100%

Signal processing algorithm Conventional Optimized

As shown in Figure 7.a, the measured signal is significantly different from what has
been observed so far. However, when comparing the reference impedance spectrum with the

estimated impedance points (Figure 7.b), a very good correlation is observed.

Calibrated voltage signal

b) x107°

QD
~

Voltage (V)

-0.1 1 1 1 1 1 1 1

Time (s)
Current signal

-Im(92)

Reference EIS
@ Passive EIS

Current (A
T

L L L L L L L L L L L
0 1 2 3 4 5 6 7 8 0.068 0.07 0.072 0.074 0.076 0.078 0.08 0.082 0.084 0.086 0.088
Time (s) Re(Q2)

Figure 7: (a) Raw measured current and voltage signals with multi-sine injection, (b)
Impedance calculated using the DFT for each segment, averaged over 8 seconds

It is nonetheless important to note that the system studied in this work is only weakly
current-dependent. In systems where this dependence is stronger, certain precautions should
be taken. Indeed, the amplitudes present in the system can affect the accuracy of impedance
measurements: if they are too high, measurements may be distorted due to nonlinearity. It
is also important to note that identifying harmonics with different amplitudes implies that
if the amplitude is too low, the algorithm may not detect them. Real cycles were analyzed,
and it was found that high-amplitude harmonics are rare. However, if they do occur, the

averaging process helps to smooth out the impedance values. Additionally, one approach not
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directly implemented in the algorithm is to use the Kramer-Kronig equations to check for
linearity, which would allow the removal of nonlinear segments.
The two experiments conducted make it possible to move on to the next stage: calculating

impedance under dynamic, non-stationary conditions.

4.5 Monitoring of Impedance Z=f(T) over a Driving Cycle

The objective of this section is to validate the concept of passive EIS under dynamic condi-
tions. To do so, a driving cycle is injected, supplemented with several harmonics representing
the system’s natural components, all under varying temperature and SoC conditions. The
goal is to use the optimized signal processing algorithm to passively calculate the impedance,
then compare the results with the previously established reference EIS from the mapping,

utilizing surface temperature measurements and SoC estimation.

4.5.1 Driving Cycle and Algorithm Parameterization

The cell is subjected to a 40-minute profile designed to induce dynamic variations in
current, SoC, and temperature (Figure 8.a). This profile is tailored to the cell’s technical

specifications, including its nominal current and capacity.
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Figure 8: (a) Dynamic profile of current, state of charge, and temperature; (b) Zoomed-in
view of a 10-second segment

The goal is to demonstrate the method’s ability to detect and track variations in cell

impedance. To do this, a test reproduces impedance changes related to SoC, temperature, or
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current. These variations are monitored at regular intervals using passive EIS. The chosen in-
terval corresponds to the resolution needed to observe impedance changes that are significant
in relation to SoC and temperature.

Thus, every 4 minutes, an impedance measurement is taken over 10 seconds. This mea-
surement, based on passive EIS, relies on a driving sequence constructed from the harmonics
present in a representative driving cycle (Figure 8.b). In an onboard application, the passive
EIS process would be applied continuously.

During impedance measurements, the signal is sampled at a frequency of 10 kHz, allowing
the detection of present frequencies with a sufficient number of points. Harmonic content in
the system is generated by the Chroma. In this case, their amplitude follows the references
presented in section 3.1, where the natural harmonic content of the system was identified
through EIS.

As for the mean value, setting the current to 0.1 A without harmonics between dynamic
cycles was a deliberate choice, since no measurement is taken during that period. This part
isn’t meant to reflect actual behavior, but it’s needed to simulate the cell discharge.

This entire current profile was reproduced using the test bench, which allows faithful
injection of the desired signal. The objective is therefore to identify, via the signal process-
ing algorithm, the impedances under dynamic conditions using a passive approach, without
prior knowledge of the frequency content. During the studied cycle, the cell experiences a

temperature variation from 25°C to 5°C according to the protocol detailed in Table 7.

Table 7: Dynamic condition test protocol

Process Units
1 Set the Temperature of the cell in the thermal Cham- 30 min before test at 25°C
ber
2 Measure OCV, Calculate SoC Instantaneous before Test
3 Cell preheating 2 min at 0.25C and 2 min at -0.25C
4 Set the Temperature of the cell in the thermal Cham-  5°C, dynamic condition
ber
5 Injected driving cycle 10 sec, 10 kHz
6  Discharge cell 0.1 A, 0.05C for 250 s

7  Repeat (steps 5, 6 until temperature drops to 5°C)

The impedance measurement relies on the proper parameterization of the signal process-
ing algorithm. As previously presented, the optimal parameters were selected (Table 8). The
current and voltage of the cycle were measured, along with the associated surface temper-
ature. Then, using Coulomb counting, an estimation of the SoC throughout the cycle was
performed. For simplicity, the cell’s internal temperature is here assumed to be equal to its

surface temperature.
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Table 8: Signal processing algorithm parameters

Parameter High frequencies Medium frequencies Low frequencies
Signal duration 2400 sec

Sampling frequency before decimation 10 kHz

Windowing Hamming

Number of points per segment 100

Decimation 1 10 100
Overlap 50% 80% 90%
Cutoff frequency of the anti-aliasing filter 1250 Hz 200 Hz 50 Hz
Cutoff frequency of the low-pass filter 75 Hz 10 Hz 0.5 Hz

4.5.2 Measured Impedances

The output of the signal processing algorithm is displayed on a 3D Nyquist plot that
incorporates the time dimension. This allows visualization of the impedance evolution over
time, reflecting its variation during the temperature dynamics. The algorithm is calibrated
to identify and average impedances over 10-second intervals, thus generating as many spectra
as there are 10-second cycles injected, in this case, nine. Importantly, the algorithm processes

the signals without prior knowledge of their frequency content.
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Figure 9: (a) Evolution of impedance on a 2D Nyquist plot. (b) Impedance monitoring over
40 minutes under dynamic conditions

To validate the passive impedance measurement, the obtained spectra are compared with
reference EIS measurements. As shown earlier, spectra were recorded at different temper-
atures, which makes it possible to know the impedance at each temperature. During the
driving cycle, the surface temperature is continuously monitored to track its evolution, and
the SoC is recorded the same way. By combining the surface temperature and the SoC,
each impedance measurement from the cycle can be matched to the corresponding reference

spectra.
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The Figure 9.a illustrates this: the raw reference spectra are shown in black, and the
impedances measured during the cycle appear in red.

The passive impedance method correlates well with the reference EIS (Figure 9). A small
discrepancy is observed between the passive EIS and the reference EIS due to temperature.
Indeed, even a slight variation in temperature can have a significant impact on the impedance.
A more accurate measurement of the cell temperature, particularly regarding the estimation
of the internal temperature, could reduce this error. Table 9 shows the relative errors for three
frequencies at three different temperatures. The maximum error is around 3%, indicating a

fairly good agreement between the two EIS measurements.

Table 9: Relative error calculated for 3 frequencies at 3 different temperatures

Temperature [ Reference EIS Passive EIS Rel. Error
1000 Hz

25°C 0.0495+0.0021i  0.0511-+0.0028i 3.29%

15°C 0.0497+0.0028i  0.0514-+0.0032i 3.46%

5°C 0.0514+0.0037i  0.0527+0.0045i 2.64%
20 Hz

25°C 0.0596+0.0024i  0.05964-0.00271 0.02%

15°C 0.0647+0.0051 0.0642+0.0051 0.77%

5°C 0.0733+0.0103i  0.0725+0.0097i 1.18%
1 Hz

25°C 0.0609+0.009i 0.0617+0.0013i 1.33%

15°C 0.074-0.00171 0.0708+0.0018i 1.15%

5°C 0.0884+0.0035i1 0.0864-0.0037i 2.7%

This also demonstrates the relevance of the proposed passive approach, which can detect
both high and low frequencies under dynamic current, SoC, and temperature conditions. Such

capability could enable monitoring of temperature or SoH through impedance measurements.

5 Conclusion

This article proposes a method to calculate the impedance of a Li-ion cell by exploiting

the harmonic content naturally present in a driving cycle. Specifically:

o A preliminary study was conducted to identify these harmonics in signals from typical

driving cycles.

o Based on this analysis, a signal processing algorithm was developed to calculate the
impedance associated with these natural harmonics, regardless of their frequency and
without prior knowledge of them. This introduces the concept of passive EIS, impedance

spectroscopy performed without artificial excitation.

e One of the strengths of this algorithm lies in its ability to operate under dynamic condi-

tions. This was made possible by integrating a drift compensation method designed to
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separate effects related to signal non-stationarity from those genuinely due to battery

excitation.

e The careful selection of algorithm parameters is essential to refine the accuracy of

impedance measurement.

To validate the method, tests were conducted on a test bench by injecting a driving cycle
with reconstructed harmonic content, subsequently analyzed using the optimized method.
Then, based on SoC estimation and surface temperature measurement of the cell, a correla-
tion between the reference EIS and the passive EIS was established, thereby validating the
passively measured impedances.

This highlights the key advantage of the proposed method: using natural harmonics to
monitor the cell’s temperature or State of Health through impedance measurements. One of
the future research directions will focus on developing a thermal model of the cell’s internal
temperature, with the aim of better capturing the influence of current on charge transfer and
internal heating and further improving PEIS accuracy. Testing the method at the battery-
pack level, using an equivalent impedance approach, would also bring it a step closer to real

embedded applications.
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