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Abstract: Multisine electrochemical impedance spectroscopy (EIS) represents a highly
promising technique for the online characterization of battery functional states, offering
the potential to monitor, in real-time, key degradation phenomena such as aging, internal
resistance variation, and state of health (SoH) evolution. However, its widespread adoption
in embedded systems is currently limited by the need to balance measurement accuracy
with strict energy constraints and the requirement for short acquisition times. This work
proposes a novel broadband EIS approach based on a multiband multisine excitation
strategy in which the excitation signal spectrum is divided into multiple sub-bands that are
sequentially explored. This enables the available energy to be concentrated on a limited
portion of the spectrum at a time, thereby significantly improving the signal-to-noise ratio
(SNR) without substantially increasing the total measurement time. The result is a more
energy-efficient method that maintains high diagnostic precision. We further investigated
the optimal design of these multiband multisine sequences, taking into account realistic
constraints imposed by the sensing hardware such as limitations in excitation amplitude
and noise level. The effectiveness of the proposed method was demonstrated within a
comprehensive simulation framework implementing a complete impedance measurement
system. Compared with conventional excitation techniques (i.e., the sine sweep and
the classical single-band multisine methods), the proposed strategy is an optimal trade-
off solution both in terms of energy efficiency and measurement time. Therefore, the
technique is a valuable solution for real-time, embedded, and in situ battery diagnostics,
with direct implications for the development of intelligent battery management systems
(BMS), predictive maintenance, and enhanced safety in energy storage applications.

Keywords: EIS; online impedance spectroscopy; lithium-ion batteries; multisine excitation;
multiband; signal-to-noise ratio; BMS

1. Introduction

Electrochemical impedance spectroscopy (EIS) has been proven to be a valuable tool
for the characterization of the battery functional state. EIS data can be used for extracting
equivalent circuit models (ECMs) of the battery [1,2], inferring state parameters as the rate
capacity, the state of charge (SoC) and the state of health (SoH) [3,4], and predicting the
degradation and thermal runaway [5,6]. In recent years, some progress has been made
to adapt and integrate EIS-based techniques into battery management systems (BMSs)
for the online monitoring of large battery packs [7,8], such as those used in electrical
vehicles, but may also be a powerful method for the online monitoring and diagnosis at the
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cell-level [9-11]. This would enable a much more precise monitoring of the real behavior
of the whole battery pack, allowing for the implementation of smart functionalities that
can lead to a more reliable battery system [12,13]. For this reason, online EIS has attracted
interest from the research and technical community [14-16].

The most efficient method to directly estimate and analyze the impedance of a battery
is by exciting it with a specially designed excitation signal in conjunction with a dedicated
processing algorithm to improve the signal-to-noise ratio (SNR) and measurement quality.
In particular, the type of excitation signal has been the subject of several investigations
in order to both improve the impedance measurement accuracy and account for the mea-
surement constraints given by the concept of the impedance of an electrochemical system.
Indeed, the underlying assumption at the basis of EIS techniques is that the observed
electrochemical system can be considered as a causal, linear time-invariant (LTI) system.
For batteries, this requirement is valid only under specific conditions. Linear behavior can
be assumed only when considering an appropriately small excitation amplitude, trading
off with the SNR, while the prerequisite of stationarity is usually assured in offline EIS
measurements but can only be fulfilled in online EIS measurements by shortening the
total measurement time needed for a complete spectrum estimate in the bandwidth of
interest, in order to meet the assumption of negligible time-variance of the battery during
the measurement time. In addition, a fast online measurement is also necessary to have an
adequate sampling rate of the evolution of the state of the battery cell (i.e., its SoC and SoH).

Excitation signals in impedance spectroscopy are divided into two main groups: the
stepped frequency sweep (or narrowband excitation) and the broadband signals. Stepped
frequency sweep is considered, to date, as the reference method in impedance spectroscopy
and is blindly accepted when high accuracy is required [17]. However, it suffers from a
very long measurement time as the selected frequencies are applied sequentially, making
it impractical in online EIS. On the contrary, broadband signals are designed to contain
multiple superimposed sine waves, each at a different frequency, to perform simultaneous
excitation throughout the bandwidth and minimize the measurement time [18].

The most common broadband signals used for EIS are multisine signals and pseudo-
random binary sequences (PRBSs). The multisine signal excites a selected limited number
of frequency bins and allows for the highest degree of customization in terms of the number
of parameters of the signal that can be controlled, thus the following analysis was focused
on this kind of excitation. In the design of a multisine excitation signal, there is an inherent
trade-off between the number of excited frequency points in the spectrum, the available
power that limits the excitation amplitude, and the required SNR for accurate impedance
measurements. Many works have discussed this problem [19-21].

This paper faced this trade-off by proposing an efficient version of a multisine exci-
tation signal based on a “sub-band division” technique. More precisely, the division in
sub-bands of the overall excitation spectrum allows for the maximum power available
from the source to be concentrated, at each measurement step, within a smaller band with
respect to the total bandwidth investigated, thus achieving a higher SNR on each tone while
preserving fast measurement times. The proposed multiband multisine excitation is a novel
and effective approach that balances between fast measurement and high accuracy, which
are essential key performance indicators for online battery impedance spectrum diagnosis.
This method has the potential to enhance the accuracy of online EIS-based systems without
requiring substantial changes to existing hardware and takes approximately the same
measurement time.

The rest of this article is organized as follows. Section 2 discusses the challenges of
designing multisine excitation signals for impedance spectroscopy applied to battery cell
monitoring. Section 3 describes the proposed multiband multisine approach and how
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it represents a satisfactory trade-off between the measurement time and accuracy while
Section 4 explains how to design a multiband multisine sequence in light of the system
constraints, together with the simulations. Finally, the preliminary results are presented
in Section 5, where the proposed strategy is applied for the acquisition of the impedance
spectrum of a battery cell by simulating an EIS-based measurement system. Conclusions
are drawn in Section 6.

2. Multisine Excitation Signal for EIS
2.1. Linearity and Stationarity Criteria

The definition of the impedance concept for an electrochemical system is possible
only if the system meets the requirements of linearity and stationarity [22]. However,
batteries are (i) inherently nonlinear due to the nonlinearity effects associated with the
diffusion and charge transfer effects and (ii) not stationary while under operation, that is,
when the battery cell is actively charged or discharged. If EIS is used for making an online
diagnosis (i.e., when the battery is working in its application environment), very restricted
experimental conditions must be adopted to adequately approximate the requirements
stated above.

Linearity is fulfilled when the amplitude and the phase response of the system under
test do not depend on the magnitude of the excitation signal. For battery cells, this means
that a small excitation amplitude should be used so that the behavior of the system can
be assumed to be linear in a certain operating region with an acceptable inaccuracy level.
Given the very low level of resistance provided by a typical battery cell, the implementation
of a current excitation is easier and more accurate than a voltage one; therefore, the battery
is usually excited with a current in the mA to A range [15] but it should be as small as
possible to assume that the battery is working in the linear regime [23]. Although the
linearity constraint is generally considered easier to enforce in the single sine case, in the
multisine scenario, it is sufficient to ensure that the overall multisine signal remains within
acceptable bounds by monitoring its peak value.

Stationarity is achieved when all transients fade out and the “steady-state” condi-
tion is reached. Conventional EIS performed at the laboratory-level complies with this
time-consuming condition, while during battery operation in online applications, the
quasi-stationarity approximation has to be considered, which implies shortening the mea-
surement time to assume that the internal state of the cell does not change significantly
during the measurement process. As for multisine excitation, all frequencies are applied
simultaneously within a relatively fast period of time, so the quasi-stationarity hypothesis
is respected.

The conformity of an impedance spectrum to the constraints of linearity and stationar-
ity is typically checked through the Kramers—Kronig relations [24], which relate the real
and the imaginary component of the impedance value. The direct application of such
relations requires integration over the frequency range from zero to infinity, but practical
EIS measurements involve a finite frequency range, thus approximations usually rely on
measurement models employed to check the compatibility of the impedance data with
the Kramers—Kronig relations. Kramers—Kronig analysis is a valuable tool to validate
the sine sweep impedance data; while it was first suggested in [25] and then empirically
shown in [26] through measurements and numerical simulations, multisine impedance
data always satisfy the Kramers—Kronig conditions, so they cannot be used as a verification
method. To inspect nonlinearity and non-stationarity in multisine impedance spectra,
a full Fourier domain analysis is necessary. For example, the inherently nonlinear and
non-stationary behavior of electrochemical systems is easily detected by applying an odd
random phase multisine excitation and studying the measured frequency domain data [27].
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Alternative solutions have been developed during the last decade to estimate nonlinear
and time-varying impedances, which make use of advanced algorithms [28,29] but are not
covered in this work. A random phase multisine excitation was implemented in this study;,
together with a dedicated discrete Fourier transform (DFT) algorithm.

2.2. Crest Factor

By definition, a multisine signal is expressed as the sum of purely sinusoidal contribu-

tions as follows:
Nr—1

x(t) = Z Ajcos(2mfit + ¢;). (1)
i=0
The available degrees of freedom when designing the excitation signal include the ampli-
tudes A;, frequency f;, and phase ¢; of each individual component, along with the total
number Nt of frequency components.

Given this definition and the number of parameters involved, the multisine signal
can be properly designed to concentrate the excitation power into selected frequency
components and achieve specified SNR values for each frequency [20].

In impedance spectroscopy, the excitation signal must remain within the linearity
region of the device under test, which generally limits its maximum amplitude. Conversely,
the individual tone amplitudes A; should be maximized to achieve sufficient SNR and
ensure adequate accuracy. Therefore, after the determination of the number of frequency
components Nt and amplitudes of the tones A;, the phases ¢; should be properly designed
to minimize the peak value of the overall multisine signal, that is, X,e;x = max{|x(t)|}.
The variable used to describe the relationship between the phases and peak value of the
multisine is the crest factor (CF), defined as the ratio of the peak value to the signal root
mean square (RMS) value Xgys. For a signal x(t) measured over a time interval [0,T], the
CF is estimated according to the following formula:

CF — Xpeak _ max(|x(t)|) @)

s\ 3 f ()t

For a single sine wave, the crest factor is v/2, and the phase does not play any role. As
a common practice and for ease of implementation, the amplitudes A; of the individual
components of the multisine signal defined in (1) are kept at the same value A, then the
RMS values Xgyrs,; of all the components are equal to each other, and the RMS value of
the sum of the sine waves depends only on the value A and the number Nt of components:

N’r*l N’r*l A2 A\/Ni’]"
Xrms = | Y, Xmsi = 71 = = Xgrums,iV Nrt-
i=0 i—0

1

(3)

However, the peak value X of the multisine signal also depends on the phases ¢; of the
frequency components. Thus, the CF optimization is crucial to finding the optimal set of
phase values, which ensures the minimum peak value X of the multisine signal at the
same RMS value Xgps. Alternatively, the RMS value of each i-th frequency component can
be related to the signal amplitude as:

Xpeak

X = 4
RMS,i = RCF (4)

The lower the CF, the higher the energy throughout the measurement time per tone
for a given multisine peak value. A high energy per tone means that the signal is less
susceptible to noise, thus improving the impedance measurement quality. In most cases,
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an optimization procedure of the crest factor is necessary to ensure a good SNR. State-
of-the-art methods for reducing CF can be divided into three main categories: direct or
analytical methods, iterative methods, and meta-heuristic methods. Analytical methods
can typically return the phases directly. One of the first analytical strategies was proposed
by Schroeder [30]. The Schroeder algorithm uses a single-shot, closed formula by choosing
the initial phase values of a flat-power spectrum signal, resulting in an acceptable CF for
signals with a uniform distribution of frequency components. For a multisine signal with
non-uniform distribution, the strategy does not produce better results than simply choosing
random initial phase values. The Littlewood and Newman formulae also apply to multisine
signals with equidistant amplitude spectrum and are unsuitable for multisine signals
with arbitrary or logarithmically distributed frequencies [31]. Iterative methods are more
computationally expensive but can achieve better CF values. Van der Ouderaa (VDO) [31]
and Yang [32] described a fast Fourier transform (FFT)-based method where a continuous
exchange between the time- and frequency-domain was applied with nonlinear time-
domain clipping and frequency-domain filtering. Guillaume [33] proposed another method
where Lp norms of the time-domain multisine signal are used as an optimization objective
for the Gauss—Newton algorithm. Various attempts have been made to improve the results
of the Schroeder and VDO algorithms by also utilizing combinations of the analytical
formula and/or numerical iteration methods [20,34,35]. However, the optimization was
carried out for a relatively low number of sinusoidal components. Currently, no iterative
optimization algorithm is capable of returning signal optimization with a reasonable
number of iterations. Meta-heuristic methods are based on evolutionary principles, starting
with a population of randomly generated initial phases that are progressively optimized
over successive generations. Techniques such as the genetic algorithm [36] and artificial bee
colony [37] have been applied to optimize the crest factor. These meta-heuristic approaches
typically yield solutions close to the global optimum and often perform as well as or
better than deterministic methods. However, their main drawback is the significant time
required, as they can take several days to run when applied to Li-ion battery excitation
signals. Recently, hybrid stochastic-deterministic optimization algorithms have also been
introduced [38].

The solution to the CF problem, which consists of selecting the optimal set of starting
phases of the frequency components, remains a challenge to this day. However, even if CF
minimization is crucial for the optimal measurement setup, the choice of the optimization
method does not affect the excitation strategy proposed in this study.

3. Multiband Multisine Excitation Strategy

Although the multisine is one of the most energy-efficient signals and CF optimiza-
tion algorithms allow for the maximization of the energy on a single tone, the limitation
on the amplitude set by the linearity hypothesis may affect the measurement accuracy.
Moreover, an EIS system with limited hardware resources could set a further limitation on
the peak value of the excitation signal or could introduce quantization-related errors that
also affect the measurement accuracy. To overcome this problem, it is possible to divide
the bandwidth of interest into K sub-bands, each one investigated sequentially by using
different multisine signals that excite a subset of N = N1/K frequency tones. A graphic
representation of the proposed multiband multisine concept is shown in Figure 1c. With
this method, it is possible to concentrate, during each measurement step, the maximum
energy available from the excitation source onto a smaller number of tones (in analogy
with the sine sweep technique, Figure 1a), thus improving the SNR and accuracy in the
estimation of each frequency point of the impedance spectrum while preserving a still
acceptably short overall measurement time with respect to that potentially offered by a
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(a) Sine sweep

single-band multisine technique (Figure 1b). In other words, the proposed multiband
multisine excitation technique represents the optimal trade-off between the accuracy and
measurement time, which makes the implementation of online EIS investigation at the
battery cell-level feasible.

(b) Single-band multisine (c) Multi-band multisine

Frequency Frequency Frequency

Figure 1. Multiband multisine excitation method compared with the classical sine sweep and single-
band multisine. The red contours identify each excitation step in the EIS investigation.

3.1. Measurement Time

In the sine sweep technique, the measurement time needed to excite the entire fre-
quency bandwidth, not including delays of other nature (e.g., computation times), is usually
defined as meslswggp = Np Zf\fofl 1/fi = Np Zf\fo*l T; , where Np is an integer of the num-
ber of periods the signal must complete for proper excitation. However, from a practical
standpoint, any architecture used to generate the excitation signal takes a short time-lapse
to change the frequency parameter to the next one. This waiting time, T, can be negligible
or not, depending on the specific system implementation. However, it should be considered

in the calculation of the total measurement time, as follows:

Np—1

Tmeas, sweep — NP Z Ti + (NT - l)Tw (5)
i=0

For broadband signals such as the multisine signal, the lowest frequency is the one
that most affects the excitation time, thus the measurement time can be approximated to
Np periods of the sinusoidal component at the lowest frequency f,,;:

Tmeas, single—band — NP(l/fmin) = NpTmax (6)

Following the same criteria, in the proposed multiband multisine excitation technique,
the measurement time of the j-th sub-band can be approximated as the excitation time
NpTinay,j of the component at the lowest frequency of the sub-band. Then, the total measure-
ment time can be estimated by summing the excitation times of each sub-band and adding
the time needed to switch between sub-bands. Assuming that such a time-lapse originates
from the system implementation as before, we named it T, again. It is reasonable to expect
that the hardware resources can manage the switching time between the sub-bands with
sufficient speed to be considered practically negligible, particularly compared with the
sub-band with a lower frequency. This assumption is fundamental to preserve the validity
of the method as it ensures that the transition between bands does not introduce significant
delays that could affect the measurement in the online approach. In this study, the same
number of frequency points, or tones, N in each sub-band of the multiband multisine was
considered, so the total measurement time can be expressed as:

K-1

Tmeas,multi—band = Np Z Tmux,j + (K - 1)Tw (7)
=0
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In Table 1, the total measurement time of the proposed technique was compared with those
of the conventional sine sweep and single-band multisine by also making explicit the most
burdensome time contribution NpTyx0 = NpTpax.

Table 1. Comparison of the excitation techniques in terms of the measurement time and RMS value
of a single tone.

Excitation Technique Measurement Time Single Tone RMS
1 -1 X peak
Sine sweep Tineas,sweep = NpTmax + Np Z T+ (Nr—1) Ty XRrMs,i = \;E
i=
Single_band multisine Tmeas,singlefband = NpTmax XRMS,i = \/JHEF’ CF > \[

Multiband multisine

K-1 X . peak CE f
Tmeas,multifband = NpTax + 'Zl Tmax,j + (K - 1)Tw RMS,i = /N CE’ >
j=

3.2. Energy-Efficiency

The comparison in terms of SNR between the three techniques was carried out by
assuming the same limitations in terms of the maximum allowed peak value of the exci-
tation signal and noise level. Under these hypotheses, the SNR of each single frequency
component can be directly related to the RMS value of the same frequency tone. In other
words, maximization of the SNR turned out to be a problem of maximizing the energy on
each frequency tone.

For the sine sweep method, the RMS value of a single tone is easily derived as
Xrms,i = Xpeak/ V2. The single-band multisine case has already been dealt with in
Section 2, where Equation (4) defines how to obtain the RMS value for each tone, consider-
ing that the CF always assumes values higher than /2. A similar equation can be derived
for the multiband multisine method by simply substituting the total number of components
Nt with the effective number of tones N contained in a single sub-band:

X - Xpeak
RMS,i = :
" VNCF

All the cases are summarized in the second column of Table 1. From the table, and

(8)

assuming that the same minimum CF value can be obtained by the same source for both
the multisine and multiband cases, it is clear to infer that the proposed multiband multi-
sine technique is an intermediate solution that tries to obtain the best trade-off between
measurement time and accuracy.

4. Design of Multiband Multisine Sequence

According to the analysis given above, the proposed method is not the optimum
solution in terms of measurement time nor energy efficiency, but it allows for a trade-off
between the measurement time and single-tone RMS value to be obtained in relation to
specific requirements and limitations set by the hardware technology or the application.
This section shows how to exploit the multiband multisine strategy starting from defined
constraints. More precisely, it examines the case in which the maximum value for the peak
of the excitation signal and the overall noise level are set by the EIS-based sensing system
and the specific battery cell under test. The first step of the process involves the choice of
the frequency points in the bandwidth of interest for the impedance monitoring and their
spacing. Then, an optimization procedure of the CF of the signal follows, considering a set
of possible values for the minimum RMS required for each frequency tone.
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4.1. Frequency Components and Spacing

To maximize the extracted information about the frequency domain behavior of the
battery for online diagnosis, special care must be taken in the choice of the frequency points
to be excited. To preliminarily validate the proposed approach by means of simulations,
the study focused on the band B = [1-10] Hz by considering it as one of the sub-bands of
the overall multiband multisine signal. Using logarithmic spacing in this frequency band
results in uneven or impractical frequency points for the tones to be evenly distributed. In
contrast, linear spacing is more advantageous, as it ensures a perfectly even distribution of
tones while using simple and convenient frequency values.

Moreover, from the CF optimization perspective, it was noticeable that the linear
frequency spacing can be optimized to significantly lower CF values compared with signals
with (quasi-)logarithmic spacing [19,39]. In the simulation, N assumes the values (1, 2, 4, 5,
10), while the excitation signal is sampled at frequency Fs fixed to 200 kHz, much higher
than the excitation band. Each excitation signal is thus represented by L samples, where
L varies with the number of sinusoidal tones in the excitation signal to ensure coherent
sampling. In Table 2, the design parameters related to the frequency components are
summarized for each multisine excitation signal.

Table 2. Design parameters in the sub-band B = [1-10] Hz for the set of multisine signals used in
the simulation.

No. of Tones (N) Frequencies (Hz) Fs (kHz) No. of Samples (L)
1 [5] 200 40,000
2 [3,9] 200 66,666
4 [2,4,6,8] 200 100,000
5 [1,3,5,7,9] 200 200,000
10 [1,2,3,4,5,6,7,8,9,10] 200 200,000

4.2. Amplitude and CF Optimization

The minimization algorithm of the CF of the multisine signal was implemented in
MATLAB® R2024A by using the fdident toolbox and following the VDO method [31]. This
algorithm iterates toward an optimum set of phases for which the CF of the multisine with
the given amplitudes is the minimum. This method is based on swapping between the
time and frequency domain: the time domain waveform is clipped, then transformed to
the frequency domain, and the amplitude is restored to the desired values. The clipping
level (which is defined as a percentage of max(|x(t)]), typically between 75% and 95%) is
slightly adjusted according to the evolution of the CF (i.e., when the result is improved, the
clipping level is decreased, otherwise it is increased). The algorithm was set to perform 10*
iterations starting from a set of random phases. The number of tones N and the frequencies
fi of the multisine signals were set following Table 2, together with the parameters Fs and L.
The amplitudes of the frequency components were kept at the same level in the process,
assuming that the additive noise was white throughout sub-band B (i.e., for achieving
the minimum, equal SNR on each tone that is required by the application it suffices to
impose the same Xgss;). Four normalized values Xgp5; = [1, 2, 4, 8] were used in the
following example. The used toolbox allowed us to arbitrarily choose the Xgrp;s,; value,
automatically scaling the generated signal. In Figure 2, the results for N = 4 tones and
Xrms,i = 4 (i=0,1,2,3) are shown in both the time domain and frequency domain.
Specifically, the obtained values of the CF and the X ¢y of the signal confirm the relation
expressed in Equation (8).
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(a) X =8, CF =1.4465, x =11.5724
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Figure 2. Amplitude and CF optimization algorithm applied to the multisine signal in sub-band
B =[1-10] Hz when N = 4 and Xgpys,; = 4. The signal is shown in the time domain (a) and in the
frequency domain by magnitude (b) and phase (c).

4.3. Simulation Results

The overall results of the CF optimization algorithm for the simulated set of N and
single-tone RMS are reported in Figure 3. They can be read in two different ways, depending
on the scenario the user must face. In the first, shown in Figure 3a, the aim is to find the
required value of the (current) excitation signal Xpesx = Imax according to the chosen
number of tones N for each sub-band of the multisine sequence and to the desired Xgps ;.
In the second, represented in Figure 3b, the operative parameter to be extracted is the
maximum number of tones N4y that one can excite in a sub-band when the amplitude of
the excitation signal is limited to I;;;x and a specific minimum Xgy;s ; value (i.e., a SNR, i
level) is requested. Both the excitation current [;;;;x and the RMS values are expressed in
arbitrary units, since the goal of this discussion is to present the working principle of the
multiband strategy; units can be then customized to the requirements and specifications of
the available HW /SW EIS system.

a b
45 v v {.) v 12 T v .{ ), v v !
Xrus,i (2:4-)
401 —4—1
—4—2 10+
L| —4—4
35 :
301 8t
g 25+ <
— E 6
B2 =
15+ 4
10k xams.n (au.)
ol —4—1
——2
5f 1 ——a
—4—8
0 L L L L L 0 L i L i L i T "
0 2 4 6 8 10 12 0 5 10 15 20 25 30 35 40 45
N I (au)

max

Figure 3. (a) Maximum current excitation value in relation to the number of tones and the desired
single-tone RMS value. (b) Maximum number of tones in the sub-band in function of the maximum
current excitation available/exploitable for linearity purposes and the desired single-tone RMS value.
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5. Numerical Tests and Experimental Examples
5.1. Co-Simulation Framework

To test the proposed excitation strategy, the architecture presented in [18,40] was
refined in terms of hardware and SW-implemented in the co-simulation framework pre-
sented in [41]. The latter is an integrated numerical framework that combines a CAD circuit
simulator of the hardware architecture of an EIS-based sensing system (including the model
of the battery cell under test) and an environment for the post-processing of data provided
by the hardware analyses to obtain the final estimate of the cell impedance spectrum. Such
a numerical framework can simulate a complete EIS system with an arbitrary excitation
pattern, simply uploading the excitation signal designed as input to the DAC used for the
generation of the test signals. Moreover, it takes into account not only the non-idealities
and sources of uncertainty in both the hardware (HW) and software (SW) sub-sections,
but also those that are generated due to the inherent interrelations between them. Thus,
it consists of an actual digital twin of the overall sensing system, being an excellent and
flexible environment to compare, in particular, different excitation techniques and validate
them as efficient excitation methods to perform online EIS.

Figure 4 shows the general structure of the co-simulation framework. The circuit
simulator of the HW architecture has four inputs: the description of the analog circuit,
the description of the analog-to-digital converters (ADCs), the battery model, and the
excitation pattern. The specific architecture implemented for the present work consisted of
a 1-bit Delta-Sigma current digital-to-analog converter (DAC), a bandpass filter, and two
identical measurement channels: one used to sense the voltage drop across the battery cell
and the other used to sense the voltage across a reference resistor. The acquisition chain
included instrumentation amplifiers and high-resolution digitizers, which were modeled
as ideal ADCs in Verilog-A. A commercial battery cell was modeled with a fractional-order
ECM whose parameters were experimentally extracted by means of measurements carried
out with the Hioki IM3590 Chemical Impedance Analyzer connected to a fully-charged
cylindrical lithium-ion battery cell Samsung ICR18650-26] 2600 mAh (Figure 5). The main
input to the numerical environment was the algorithm used to estimate the impedance
spectrum based on the raw data provided by the HW simulator. Such a custom algorithm,
already presented in [18], was based on the FFT and on a peak search algorithm to identify
the harmonic components of interest.

CO-SIMULATION FRAMEWORK

’ Hardware section \ Software section

Algorithm to extract
frequency components

| \

I
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Figure 4. Block scheme of the co-simulation framework presented in [41] and used in this work.
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Ro

CPE(Q, q)

Figure 5. Equivalent circuit model of the fully-charged battery cell Samsung ICR18650-26] used in
the simulation framework. Values of the parameters were experimentally extracted using a Hioki
IM3590 Chemical Impedance Analyzer.

5.2. Multiband Multisine Excitation Signal Design

For lithium-ion batteries, the most interesting frequency region of the impedance
spectrum is from 0.01 Hz to 1000 Hz [3,21], where electrochemical and physical processes
mainly occur. This is the typical bandwidth explored in EIS-based tests performed at
the laboratory-level, with the cell in quiescent conditions after a suitably long relaxation
time. However, for online battery cell diagnosis, when the cell is working under the
operating conditions forced by the application, the investigated region must be reduced
to shorten the measurement time in order to guarantee the time-invariancy conditions of
the cell state during the observation while preserving adequate spectral information, by
focusing on the most informative portion of the impedance spectrum. A lower excitation
frequency of 1 Hz is commonly chosen in the online EIS of battery cells [10,42,43], while
a higher frequency point is usually limited by the hardware implementation [18]. In the
following, the selected bandwidth for the simulation tests covered the range [1-100] Hz.
Higher sub-bands could be easily introduced, but the time needed to apply them be-comes
practically negligible when compared with that associated with the range [1-100] Hz, since
it would only introduce additional waiting times Ty, which were dealt with as purely
HW-dependent parameters in this work (see Section 3.1 and Table 6 in the following).

Firstly, the single-band multisine signal was designed by choosing an arbitrary number
of tones Nt = 20 in the frequency bandwidth. Following the same approach as the previous
simulations, the frequency points were linearly spaced. Even if logarithmic frequency
spacing is commonly chosen in battery cell diagnosis to monitor the different phenomena
in the impedance spectrum, logarithmically spaced signals show an inherently higher CF
and therefore are not the best choice to demonstrate the validity of the proposed study.
Moreover, the selected bandwidth was still small enough to allow for a good investigation
with linear spacing. The CF minimization procedure was performed by setting the RMS
value of the single tone Xgpss;, so the single-band multisine signal was Xgys = 4.47
and had a peak of 7.97 a.u. The result of the minimization algorithm, together with the
parameters of the single-band multisine sequence, is summarized in Table 3. The signal in
the time- and frequency-domains is depicted in Figure 6. Since the lowest frequency was
1 Hz, the minimum measurement time was 1 s for the single-band multisine when Np = 1.

Table 3. Parameters of the single-band multisine sequence designed for the simulation with the

numerical framework.

Frequencies (Hz)

Fs (kHz) Nr. of Samples (L) Xgrms (a.u.) CF Xpeak(a.u.)

[1,6,11,17,22,27,32,37,43, 48, 53,
58, 64, 69, 74,79, 84, 90, 95, 100]

200 200,000 4.47 1.7831 7.9703
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Figure 6. Amplitude and CF optimization algorithm applied to the multisine signal in bandwidth
B =[1-100] Hz when Nt =20 and Xgps; = 1. The signal is shown in the time domain (a) and in
frequency domain (b). A multiband technique was implemented by dividing the frequency band in
K = 4 sub-bands as shown in (b).

To implement the multiband technique, the same frequency band of interest was
divided into sub-bands of N = 5 tones each, resulting in K = 4 sub-bands (Figure 6b). The
number of tones and their frequency location were chosen in accordance with the single-
band case described above. An arbitrary choice is possible in this simulation, where the
amplitude of the excitation signal is fixed and limited by the EIS-based circuit implemented
in the framework, and the RMS value of the excitation signal is user-selectable in the CF
minimization procedure. In a real application, the optimal number of tones N derives
from an accurate evaluation of the available excitation current I,;,;, and the desired RMS
value, as presented in the simulation results in Section 4.3 (see Figure 3). The design of
each sub-band multisine signal was obtained with the same algorithm implemented for
the single-band multisine. For a proper comparison between the two techniques, the Xeqx
value of each sub-band multisine signal was fixed to the same value as the single-band
multisine signal (i.e., Xpeq = 7.9703a.u.), thus the RMS values Xgys; were derived from
Equation (8). The details of each sub-band sequence are shown in Table 4.

Table 4. Sub-band multisine sequences designed for the simulation with the numerical framework.

j-th Sub-Band Frequencies (Hz) Xgrus,i (au.) CF Xpeak(a.u.)
j=0 [1,6,11,17,22] 1.79 1. 8971 7.9703
j=1 [27, 32,37, 43, 48] 1.88 1.6926 7.9703
j=2 [53, 58, 64, 69, 74] 1.87 1.9179 7.9703
j=3 [79, 84, 90, 95, 100] 1.98 1.9976 7.9703

5.3. Impedance Estimation

The comparison between the two excitation techniques was carried out by looking at
the impedance values estimated by the framework described in Section 5.1. In Figure 7,
the impedance spectrum of the battery cell is represented both in the Cole—Cole plot
(Figure 7a) and in the Bode diagrams (Figure 7b,c). The results of the single-band multisine
excitation (cyan circles) and the multiband excitation (blue squares) were compared with the
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reference analytically provided by the battery ECM (red points) over the frequency points of
interest. The proposed multiband multisine method clearly demonstrated better accuracy
in the impedance estimation with respect to the classical method, as the frequency points
estimated by the multiband multisine signal fit the reference curve better. In Figure 8, the
estimation errors of the magnitude and phase of the battery impedance over the frequency
range are reported for both techniques computed as the difference with respect to the
battery ECM. The RMSE of the impedance magnitude improved from 7.30 m() for the
single-band multisine to 0.40 m() for the multiband multisine approach, while the RMSE
of the impedance phase improved from 67.8 mrad to 4.9 mrad. This simulation example,
which takes into account the overall HW + SW components of the EIS-based sensing system,
demonstrates that, with equal parameters of I,y and noise level, the use of the multiband
multisine excitation leads to a better estimation of the battery spectrum on the very same
frequency tones.

Furthermore, to emphasize the importance of performing the CF optimization pro-
cedure for each sub-band of the multiband multisine signal, the impedance estimates
obtained using the proposed multiband excitation were compared with those derived
from a sub-band design that had not been optimized with the CF algorithm (magenta
diamonds in Figure 7). In this case, the sub-band multisine signals, generated using the
idinput MATLAB® function, were designed by selecting random phases that provided the
smallest signal amplitude and frequencies equally spread over a custom frequency grid.
With an RMSE of 0.47 mQ) and 11.2 mrad for the magnitude and for the phase, respectively,
this method was confirmed to be less accurate than the CF optimized sub-band design. All
of these results are summarized in Table 5 for synoptical comparison.
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Figure 7. Impedance data of the battery cell estimated by the co-simulation framework are shown
in the Cole-Cole plot (a) and in the Bode diagrams in magnitude (b) and phase (c). The single-
band multisine excitation method was compared with the multiband multisine excitation method
considering the sub-band design with both the CF optimization procedure and without the CF
optimization. The battery ECM impedance spectrum is shown as a reference.
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Figure 8. Errors of the estimated values of magnitude (a) and phase (b) of the battery impedance
when comparing the simulation results and battery ECM.

Table 5. RMS errors of the estimated impedance values in magnitude and phase when comparing
the simulation results for the classical (single-band) and proposed (multiband) excitation techniques
with the battery ECM analytical spectrum.

Excitation Technique Magnitude RMSE (m(}) Phase RMSE (mrad)

Single-band multisine 7.30 67.8
Multiband multisine

with CF optimization 040 49
Multiband multisine 047 1.2

without CF optimization

Further considerations must be made regarding the measurement time needed to
investigate the frequency bandwidth considered when comparing the two excitation tech-
niques and also including the sine sweep method described in Section 3.1. An arbitrary
number of periods of the signal Np = 10 was considered, while the waiting time Ty,
which depends on the system implementation was left as a parameter. To excite the same
frequency points in Tables 3 and 4, the sine sweep technique took 16.4 4 19 T, seconds
while the multisine technique took only 10 s. The multiband multisine technique took a
little more than 10 seconds, but was faster than the sine sweep. The calculated measurement
times are shown in Table 6.

Table 6. Comparison between the excitation techniques in terms of measurement time needed to
investigate the frequency bandwidth considered.

Excitation Technique Measurement Time (s)

Nr—1
T=Np ¥ Ti+(Ny—1)T,, = Np1.64+19T,, = 164+19 T,
i=0

Sine sweep

Single-band multisine T=NpT,.c =Npl=10

K-1
Multiband multisine T = Np ¥ Ty, + (K—1)Tyw = Np 1.07+3 Ty = 10.7+3 Ty,
j=0
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Table 6 shows how the proposed technique allowed for a still short measurement
time to be preserved when compared with the fastest single-band method while offering
better accuracy (see Table 5), thanks to the higher SNR values obtained at the frequency
points investigated.

To demonstrate the practical feasibility of the proposed multiband multisine exci-
tation method, it was implemented using the hardware prototype described in [18] and
experimentally assessed in the framework of an automotive-grade laboratory environment.
Specifically, a commercial cylindrical 18650 lithium-ion cell with 3.6 V nominal voltage,
2.9 Ah nominal capacity, and 2.5-4.2 V voltage limits was monitored during the capacity
check test, which is part of a standard industrial procedure known as the Reference Perfor-
mance Test (RPT) [44], and performed to quantitatively assess the SoH of the cell after a
given aging cycle by measuring key parameters such as capacity, internal resistance, and
discharge efficiency [45] under controlled conditions (e.g., at constant ambient tempera-
ture). In this case, the capacity check involved a CCCV charge at a C-rate 1/3 up to 4.2 V
and a CC discharge at a C-rate 1/3 down to 2.5 V. The online EIS measurement using the
prototype with multiband multisine excitation was performed at different values of battery
voltage during the charge and discharge cycles of this capacity check. The investigated
frequency band was [4-100] Hz and the frequencies were arranged in K = 3 sub-bands
of N = 4 tones each: Bij=0) = [4,6,7,9] Hz, B(j=1) = [14, 16, 20, 27] Hz, Byj=2) = [70, 80, 90,
100] Hz. In Figure 9, the estimated impedance is shown during the discharging (Figure 9a)
and charging (Figure 9a). Both the trends of the battery impedance were correctly identified
by the measurement system, proving the capability of the proposed excitation technique to
monitor the battery cell state time-evolution online during operation.

(a) Discharging (b) Charging
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Figure 9. Experimental online acquisition of the impedance spectrum by the EIS sensing system
presented in [18] and implementation of the multiband multisine excitation method during the
capacity check discharge (a) and charge process (b) of a commercial cylindrical 18650 lithium-ion cell.

6. Conclusions

In this paper, a novel technique to perform broadband online EIS on battery cells based
on a multiband multisine excitation signal was presented. The innovative approach consists
of dividing the overall spectrum of interest into sub-bands to be sequentially excited with
different multisine signals, thus concentrating, at each step, the energy of the perturbation



Batteries 2025, 11, 188

16 of 19

source in a smaller number of frequency tones with respect to a single-band multisine
technique. The multiband technique resulted in being faster than the conventional sine
sweep and just slightly slower than the single-band multisine excitation, thus being a
reliable method for the real-time diagnosis of the battery state. In terms of energy efficiency,
the sub-band division allowed for a higher SNR for a single frequency component to be
obtained with respect to the single-band multisine signal. Even if it does not reach the
efficiency of the sine sweep, by properly choosing the number of frequency points and
following an optimization procedure of the CF, the impedance measurement accuracy can
be considerably improved. The choice of the maximum number of tones N,y excited
in each sub-band is related to the available amplitude of the excitation signal I;;;x and
the required RMS for single-frequency tone Xgps;. In the first part of this work, the
implemented simulation showed how it is possible to find the best combination of these
three parameters when limitations due to the hardware technology or the application must
be faced.

Preliminary tests with the proposed strategy were carried out by means of a numerical
simulation framework used as an EIS-based measurement system for battery cell moni-
toring, where a commercial cell was modeled with a fractional-order ECM. The battery
impedance spectrum was estimated by both the single-band multisine excitation and the
proposed technique and investigated the same frequency range (i.e., [1-100] Hz) and excit-
ing the same frequency points. With equal parameters of I;;;x and RMS of the excitation
signal, the RMSE of the estimated impedance with respect to the ECM assumed lower
values when implementing the multiband approach. Additionally, the accuracy of the
impedance measurement was higher when the sub-band multisine signals were designed
following the CF minimization algorithm. Moreover, a new practical design method re-
garding the frequency distribution of the excitation signal can be deduced from this study.
Since the interesting spectrum of the battery can extend to the [0.1 Hz-1000 Hz] range, with
multiband excitation, it is possible to select sub-bands logarithmically spaced to each other
to cover the entire spectrum and at the same time choose a linear frequency distribution
for each sub-band to optimize the CE. These results, together with the comparison of the
effective measurement times calculated for each excitation technique, confirm that the
proposed multiband multisine strategy is a trade-off solution in terms of the measurement
time and accuracy with respect to the single-band multisine and the sine sweep excita-
tions. It represents a promising choice for the real-time monitoring of the electrochemical
impedance of battery cells with adequate accuracy and in reduced times, compatible with
online applications.

From an implementation point of view, the proposed strategy does not introduce any
further limitations. Assuming that the excitation sequences are pre-calculated offline, the
level of complexity in the realization of the overall excitation is not a problem, while the
amount of required memory is increased by a factor K, but is not an issue given the capabil-
ities of state-of-the-art microcontroller-based digital systems. The sequential application of
the sub-bands in place of a single-band is not an issue for both present and future hardware.
The challenges are those typical of integrated sensing, specifically the EIS sensing integra-
tion on the BMS, which is an active research topic for next-generation BMSs [14,46,47]. The
work presented in this paper could be applied to improve such activities.

As a result, the proposed methodology constitutes a robust solution for real-time,
embedded, and in situ battery diagnostics, with significant implications for the design of
BMSs, the implementation of predictive maintenance frameworks, and the reinforcement
of safety protocols in energy storage technologies.
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