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ABSTRACT

The capability to assess and monitor the state of health (SOH) of lithium-based cells is a highly demanded feature for
advanced battery management systems. Due to the existing relation between SOH and internal impedance,
electrochemical impedance spectroscopy (EIS) methods are adopted for SOH diagnosis. Nevertheless, accurate EIS
tests demand expensive facilities, long time test procedures, and algorithms with high-computational efforts, which
makes them almost unsuitable for on-board systems. This paper presents a new diagnostic method aimed at detecting
battery SOH using fast impedance measurements. Key factor is the application of a broadband current signal excitation
on the battery; for the application here presented, a pseudo-random binary sequence (PRBS) excitation is adopted. To
demonstrate the functionalities of a prototype testbed, several cells of the same manufacturer but presenting different
SOHes, due to their past load history, have been subjected to the EIS test, acquiring voltage response under imposed
excitation. Finally, test results have been processed: the key step being the clustering of impedance measurements
(represented in Nyquist diagram) in different rectangular areas, which are related to actual SOH. The performed
experimental test results showed the possibility to determine frequency points in which the impedance measurements
dramatically change due to different cell SOH; as a consequence, these peculiar frequencies can be adopted as reference
for cluster separation. According to the results here presented, the proposed method is sufficiently accurate and is a

promising solution for real-time diagnostic of battery health thanks to its simplicity and speed.

Keywords: Lithium-ion battery; second life; end of life; state of health; electrochemical impedance spectroscopy;

PRBS; ordinary coherence; electric vehicle.
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NOMENCLATURE
EIS Electrochemical impedance spectroscopy
LIB Lithium battery
EV Electric vehicle
HEV Hybrid electric vehicle
ICE Internal combustion engine
EOL End of life
SOL State of life
SOH State of health
SOC State of charge
C Battery nominal capacity (in Ah)
z[n] Impulse response
Z(k) Freqguency response
k Normalized frequency
N Total harmonics number
R, Series resistance used in sample impedance circuit
R, RC resistance used in sample impedance circuit
C; RC capacitance used in sample impedance circuit
R, Parasitic resistance in capacitance C;
Rint Internal resistance
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Rsg; Solid electrolyte interphase resistance
Rer Charge-transfer resistance

CpL Double-layer capacitance

SEI Solid electrolyte interphase

D, Power spectral density of signal x
Dy Cross power spectral density of 1/0 signals x & y
Yay Ordinary coherence of 1/0 signals x & y
PRS Pseudo-random sequence

PRBS Pseudo-random binary sequence

LTI Linear and time-invariant

DFT Discrete Fourier transform

BIBO Bounded-input bounded-output

PSD Power spectral density

CPSD Cross power spectral density

KK Kramers Kronig

SNR Signal-to-noise ratio

NMC Nickel-Manganese-Cobalt

cC Constant current

Ccv Constant voltage

m Number of PRBS registers

t Step time
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a; PRBS gain factors

rem(x,2) Modulo-2 operation

M PRBS sample period

fe Clock frequency

fs Sampling frequency

Ly Number of disjointed frames
Ny Samples length of frames

Oreal,dataset

Standard deviation of real impedance dataset

Jimag,dataset

Standard deviation of imaginary impedance dataset

Oreal ins Real impedance measurement uncertainty of the
instrument

Oimag,ins _Imaginary impedance measurement uncertainty of the
instrument

Gy Gain factor

Z Impedance
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I.  INTRODUCTION
Lithium batteries (LI1Bs), with their high energy and power density, long cycle life, are widely used as energy storage

units for electric and hybrid vehicles (EVs, HEVS). Currently, the automotive market is still dominated by vehicles
powered with an internal combustion engine (ICE). However, the current market and technology trends are leading to
the rapid growth of the diffusion of EVs and HEVs. The market share of ICE vehicles is predicted to fall from 99% in
2015 to 68% in 2030 [1]. Research works [2][3] agree on the growth estimation of LIB cells demand, driven
predominantly but not exclusively by growth of automotive sector. According to [1] the limit of 100 $/kWh will be
reached in 2025-2030 for several lithium-based batteries. Currently, there are several solutions to overcome this limit,
e.g. developing battery chemistry with less costly new materials, adopting recycled materials (if available), increasing
energy density per element, etc. The reuse of EV/HEV LIBs after their end-of-life (EOL), giving them a second life,
has been considered one of the promising solutions to satisfy the battery demand of various sectors by extending use
phase. Automotive LIBs are considered in EOL if its current capacity is at 85-80% of nominal capacity [4]-[8]. Despite
a noticeable decrease in battery performance in EOL, as depicted in [4], second-life batteries are still expected to be
capable of storing, delivering substantial energy and to meet the requirements of less-demanding applications, where
reduced performances are still acceptable. Today, car manufacturers can also consider the second use option as an
opportunity to expand their portfolio and enter in the stationary battery market.

In cooperation with utility companies, they are launching several pilot projects of battery second-life. The summary
of these projects is presented in [5]. Therefore, several studies are focused on this topic: first investigations of the
second-life battery from an economic, technical, and environmental viability perspective are carried out in [6][8]. A
depth analysis of the aging evolution and impact of the battery in automotive applications, considering the impact on
SOH of fast charging events or temperature conditions, is shown in [4][7]. Even if second life topics are stimulating a
broad literature due to the need for diagnostics, standardization, and implementation in different contexts, diagnostics
methods are a key need not only for such a life prolongation proposal but also to guarantee efficiency, safety and
reliability of vehicle during first-life use. Amongst other reasons, it can be noted that accurate SOH assessment also

improves SOC estimation, thus providing useful information for the vehicle user [9]; it has been demonstrated, also,
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that certain aged cells can react in a worse to abuse evens in comparison with fresh ones [10], thus making diagnostics
a matter of overall vehicle safety.

A. Literature review and contribution of the work
Hence, the battery state of health needs to be continuously monitored. Battery state of health (SOH), as defined in

[11], is a metric to evaluate the aging level of batteries, which often includes capacity fade and/or power fade. Indeed,
the capability of the battery to store energy (measured in current capacity Ah) and provide a certain power decreases
over the battery life because of aging or unexpected events. Despite the importance of battery SOH analysis, it still
does not a consensus in the literature on how the SOH should be determined. One of the most common SOH parameter
assessment is the comparison of the current evaluated capacity with standard cycle respect to the initial capacity [11].
Recent control architectures include a new battery condition indicator similar to SOH, the so-called state of life (SOL).
SOL evaluates the aging process due to the charging/discharging cycles performed during the normal operation of the
storage system [12]. Instead, the SOH indicator monitors the battery health after anomalous or failure events, i.e.
exceeding the peak current, overcharge, etc.

As previously mentioned, the initial level of SOH of second-life batteries, in terms of remaining capacity, is at
SOH=85-80%, and the final value is considered at SOH=50% in [6][8], or SOH=60% in [13]. The development of
improved battery SOH monitoring methods is still one of the main research topics in the field of LIBs in the automotive
field, also concerning battery second use [11][14]. Generally, different approaches for SOH estimation through the use
of model-based observers are proposed in the literature, such as Kalman filters [15][16], sliding mode observers[17], or
least square filters [12][18]. These methods are usually based on voltage and current measurements, and adopt a battery
equivalent circuit for model-based assessment. The model parameters should be adaptable to different operating
conditions to ensure high accuracy on SOH estimation. A known disadvantage of these methods is the high
computational efforts.

Data-driven methods, including statistical approach and machine learning methods, don’t require accurate battery
mathematical models, leading to a reduction of computational efforts [19]-[21]. However, an immense amount of

measured data history is needed for a good SOH estimation accuracy.


https://doi.org/10.1016/j.est.2021.102566

This document is the pre-print version of the article:
Locorotondo, E., Cultrera, V., Pugi, L., Berzi, L., Pierini, M., Lutzemberger, G., 2021. Development of a battery real-time state of

health diagnosis based on fast impedance measurements. Journal of Energy Storage 38, 102566.
https://doi.org/10.1016/].est.2021.102566

Finally, electrochemical impedance spectroscopy (EIS) based methods are more diffused because they provide
detailed information about the battery chemical-physical changes properties and different aging mechanisms [22]-[24].
Battery SOH monitoring based on EIS information is discussed in current research of secondary batteries [24]-[26] and
other energy storage systems [27]-[29]. Concerning this promising method, there is a need to investigate the correlations
between impedance information and battery SOH, the frequency range suitable for the analysis, and the implementation
methods to make it easy to use. The aging mechanism can be studied using electrical circuit equivalent models, whose
parameters are well identified fitting EIS data in a defined frequency band. Usually, the Randles circuit models [30][31]
are used to fit impedance data.

Phenomena induced by cell structure and by its modification over time include: inductive behaviors, film formation,
charge-transfer resistance and double-layer capacitance on the electrode-electrolyte interface, and diffusion processes
in the active materials of the electrodes; according to literature, such phenomena can be investigated adopting EIS.
Several research works in [22]-[36] confirm a monotonous increase of ohmic resistance (Rg) with battery degradation.
To demonstrate the robust correlation between R, and SOH, experiments are carried out at different battery operating
conditions: in [32][33] at different battery state of charge (SOC), considering fixed room temperature; in [34][35] at a
different rate of discharge (C-rate); finally at different room temperature in [24][36]. Research work in [37] confirms a
correlation between the increase of the resistance charge transfer (Rcr) between electrodes with the aging cycles
considering different temperature and SOC. In [38], the growth of the solid electrolyte interphase (SEI) film resistance
(Rsgy) is identified and correlated with battery SOH. Finally, the increase of double-layer capacitance (Cp,) with aging
is considered in [22][24]. The parameters cited are identified by using a non-linear best-fitting algorithm, for example,
the most commonly used Levenberg-Marquardt method, which requires a high computational effort and an accurate
choice of initial parameter values. Other research works [20][21] propose data-driven algorithms based on machine
learning techniques to estimate battery SOH. Finally, research works in [39][40] present significant results since they
correlate one single frequency response of battery with SOH: in [39], the increase of measured 100 mHz real battery
impedance with aging is evaluated, testing four different lithium battery chemistry; in [40], the 316 Hz impedance shows

negligible change respect to battery SOC and changes dramatically during overcharge. These last methods could be
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considered an idea to perform a fast SOH diagnosis. However, for the development of an original method, it is
fundamental to understand how to perform impedance spectroscopy identification with a simple test procedure;
requirements of the application are also the adaptability to embedded systems and the reduced test time. Rapid and real-
time EIS measurement methods are proposed in the literature in the last years. Authors in [41]-[48] propose different
types of “broadband” current signal excitation for EIS identification in a set of frequencies at the same time. One of the
most popular broadband excitation signals used is the multi-sine [41]-[43]: this signal is a sum of sines which frequency
corresponds to the desired discrete set of frequency measured, with random phase. The multi-sine excitation approach
offers more accurate EIS measurements [41][42], and various advantages in the detection of non-linear behaviors [43].
Pseudo-random sequence (PRS) signals are attractive alternatives, due to their low complexity, measurement time, and
good accuracy [44]-[49]. The PRS family signals are periodic sequences that switch between two or three logic levels
[44], so it shows a simple hardware implementation. Despite the multi-sine signal could provide accurate EIS
measurements, the PRBS offers a more simple hardware implementation, which is fundamental for real-time battery
state monitoring.

In conclusion, literature analysis shows an extensive investigation in literature of LIBs SOH monitoring during aging
using EIS. Despite many authors in their research works have defined some condition indicators in the frequency domain
to directly quantify SOH, the identification of these parameters has been obtained by high computational effort
algorithms or with expensive facilities. This brief review shows that there are relatively few methods for monitoring
battery SOH with EIS data adaptable in real-time applications. The main contribution of this work is the development
of a new methodology to diagnose battery SOH by fast EIS measurements, addressed to embedded applications. This
was achieved by realizing a low cost, low energy consumption, and low test time hardware PRBS generator. A large
number of experimental EIS tests are performed at four EOL cells with different SOHs. Impedance measurements on
cells under test are extracted performing EIS tests at various SOCs and different excitation current amplitudes. By
experimental results, we will infer a noticeable correlation between SOH and impedance measurements. Indeed, we
will determine frequency points (SOH frequencies) in which the impedance measurements dramatically change at

different cell SOH. This was possible by clustering the set of cell impedances, measured at different SOH, in rectangular
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areas defined in Nyquist diagrams (SOH clusters). The remainder of this paper is structured as follows. Section I
describes the proposed method including requirements, indicators, and excitation signal characteristics. Section 11
describes the prototype testbed and shows measurements on new cells. Section IV includes the results obtained by aged
cells testing and the data processing procedure.

[I. A GENERAL PRINCIPLE FOR FAST EIS IDENTIFICATION
A. System Requirements

To perform EIS measurement, the battery system under test must be assumed and validated as LTI dynamic system.
The linearity property can be assumed if the system is submitted to a small current excitation. However, a very small
current perturbation causes noisy voltage response. Hence, it’s important to select the input signal excitation with an
appropriate amplitude, not too large because it would induce a non-linear response of the system and not too small
because it would induce noisy responses. The time-invariant property can be assumed if the parameters, which define
the battery system, are not changing with time. The main causes for time-variance in the battery system are the variations
of temperature, SOC, current excitation (in terms of amplitude and sign), and finally aging. Moreover, if the battery
voltage is in a transient state and has not reached its steady state, the system is considered as time-variant. The effects
of time-variance in EIS measurements are noticeable in low frequency and are shown in [50][51]. Hence, to avoid
impedance errors related to time-variant system behavior, sufficiently long rest time is required before the EIS test start,
and, during the test, influence factors, especially temperature, must not change.

If the LTI assumptions are validated during the EIS test, battery impedance can be represented by the discrete-Fourier

transform (DFT):

N-1

Z(k)=> z[nle ™ @

n=

The variable k € [-1/2, 1/2] is the normalized frequency and N is the number of the harmonics. If the system is
bounded-input bounded-output (BIBO) stable and the battery current input used for the EIS test is a periodic signal or a
signal realization of a stationary stochastic process, the steady voltage response is the result of a stationary stochastic

process. Hence, the impedance transfer function estimate is the ratio of two spectral estimates [52]:
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_ (Dvi (k)
- @, (k)

Z(k) 2

Where: ®;; (k) is the battery current input power spectral density (PSD), and ®,,; (k) is the cross-PSD (CPSD) of the
battery voltage-current signal, computed by the voltage and current DFTs V (k), and I (k):

®, (k) =al (K)1" (k)

* 3)
®, (k) =aV (K)1" (k)

Where a is a normalization factor, * denotes complex conjugation.

B. Quality Indicators

The validity of EIS measurements can be monitored by using different methods discussed in the literature [50]-[57].
As mentioned, the battery system’s LTI property must be validated, and, given a current input, the observed output
voltage response must not be noisy. One of the most common methods to check if the LTI property of a system is
maintained is the Kramers-Kronig relation validity test [50][51]. The Kramers-Kronig relation dictates that real and
imaginary parts are interdependent, presented in the Kramers-Kronig (KK) transform integrals [50], for a LTI and causal
system. An interesting KK test algorithm is employed to validate the EIS measurements and it is presented in [51] and
applied in [42]. The drawback of this method is the high computational effort. An alternative approach is the monitoring
of the ordinary coherence value in frequency. Given the current input and voltage output PSD ®;;(k), ®,,,(k), and the

CPSD @,,,, (k) ordinary coherence function [52]-[54] at the frequency k is defined as:

|, (K) P

9= % 0o, K

(4)

This quality indicator, normalized between [0,1], can be viewed as the correlation coefficient between the input and
output sequences at the frequency k. For an ideal LTI system, ordinary coherence is 1 in the frequency domain. If the
input-output relation is completely unrelated, the coherence value is O. If at a given frequency the coherence is greater
than 0 and less than 1, the input-output relationship is not perfectly linear, or extraneous noises interfere in the output

voltage measurement. The noise PSD &,,,,, (k) is related to coherence in [52] and evaluated according to the equation:

10
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D,y (K) = (1= 75 ()P, (k) (®)

According to (5), given noise and output PSD, the output signal-to-noise ratio (SNR) can be estimated by ordinary

coherence:

SNR(K) :% (6)

The ordinary coherence is a reliable quality indicator that can validate the impedance measurements, checking the
LTI assumption for the battery system under test and the relative output SNR for each frequency measured k.
C. Excitation input signal: Pseudo-Random Binary Sequence (PRBS)

Broadband input signals are usually used for system identification in a wide frequency range, reducing test time.

Three different classes of broadband signals have been considered in literature [52]-[54]:
o random signals (filtered Gaussian white noise and binary signals);
e transient signals (pulse or burst signals);
e periodic signals (multi-sine, pseudo-random sequences).

Periodic excitation signals are often used because they exhibit a lower crest-factor [52][53]. In this way, an accurate
impedance estimation can be performed with low energy consumption. Finally, the spectral content of periodic signals
can be optimized to prevent harmonic distortions due to leakage problems [54]. In this work, the pseudo-random binary
sequence (PRBS) signal is chosen as the excitation input signal because it requires simple hardware implementation in
comparison to a multi-sine approach or other periodic signals. This is a very important feature for a large scale industrial
application. Denoted by the variable u;, the PRBS is a deterministic and periodic sequence of length N which that
switches between two logic levels {0,1}, and it is generated by the differential equation at step t:

u, =rem(au,_, +...+a.u, . ,2) )

m-t-m?

Where rem(x, 2) is the modulo-2 addition on x [52], and q; is the i —gain factor that takes integer values {0,1}, for
i =1,...,m. The vector of past inputs [u;_q, Us_3, ..., Uty ] Can only assume 2™ different values. Thus, the input signal

u; is periodic with a period of at most 2™. In [52] it’s proven that PRBS signal can have a maximum period of M =

11
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2™ — 1 using an appropriate combination of gain factors vectors [a4, ay, ..., ay]. In [55], the PRBS signal (7) is
generated considering a closed-loop shift register configuration of n bits in series, requiring a very simple hardware
implementation. This binary sequence, if well designed, has properties similar to those of a white noise signal in the
frequency domain. This is a clear advantage since it’s possible to excite the system over a wide bandwidth, accelerating
testing procedures.

The difference between the PRBS with maximum period length M = 2™ — 1 and white noise auto-covariance
function decreases when the number of registers considered increases. Consequently, the difference between white noise
and PRBS power spectral density (PSD) function decreases. In [52][53] we observe that the spectrum expression of

PRBS of amplitude U is according to the following equation, at the angular frequency w:

M-1
CDUU(a))=U2—”25(a)—2—”k), 0<w<2rx (8)
V= M

Where ¢ is the Dirac delta function. By (8), in the angular frequency region [—m, ] there will be M — 1 frequency
peaks. Therefore, PRBS shows a flatter PSD increasing the period, similar to the white noise signal. In this work, the
number m = 10 of registers, hence a period of M = 1023 samples, is chosen for the PRBS generator used for the EIS
test. Therefore, the PRBS with a period of M = 1023 samples has a band-limited flat PSD (8). We define the clock

frequency f. at which the input PRBS u; (7) is synchronized. In [53] it is demonstrated that the PRBS presents an almost

flat spectrum over the frequency band [f C/m , fc], hence, in this work, over one frequency decade. Finally, the choice
of a sampling frequency fs about ten times the maximum frequency band is advisable for system identification in the
frequency domain [52].

1. EXPERIMENTAL APPROACH AND VALIDATION EIS RESULTS
A. Laboratory setup and test procedure

The scheme of the proposed laboratory EIS test setup is depicted in Figure 1: the testing procedure, for system
identification in the frequency domain, consists of exciting the battery in current with the periodic PRBS signal, using
a low-cost programmable PRBS generator, discussed in the previous work [49]. An electronic circuit was designed to

generate discharging PRBS current on the battery, shown on the left of Figure 1: the excitation signal is generated by

12
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the microcontroller Texas F23879D, which, driving a power Mosfet, opens and closes the circuit at the clock frequency
fe-

The current PRBS signal generated has two current levels {0, I}, where I is controlled by the variable resistance
R} ,qq nserted in series with the transistor. There is the possibility to conduct two different tests, switching manually
the circuit selector shown in Figure 1: if the circuit is selected in 1, EIS test is performed on the battery under test (BUT);
else, if the circuit is selected in 2, a reference sample impedance is inserted in series with the previous circuit. This last
circuit will be used to validate impedance measurements and check the instrument accuracy. During the EIS test, battery
voltage and current are measured and acquired by the DSpace MicroLabBox at a sampling frequency of 20 kHz, which
is ten times the maximum EIS frequency band on which authors investigate for SOH diagnosis. Moreover, room and
battery surface temperature are measured, with a sample time of 1s. When the EIS tests are finished, voltage and current

data are processed to evaluate impedance (2) and coherence (4), following the approach explained as following.

le : Voltage & -
current
./2 ® 1 == measurements] .,
| e (20kHz) |* - /
Circuit () @ R I P =X o
Select 0 N = T
elector : ‘W x;.
o l \/ D ]
T R, G | Battery under test Electronic Load Mi 'S[I)JacbeB
BUT I (BUT) (PRBS signal) HWIOLADNYOX | wipei
I Ethernet
| interface
. RLoad
N RO Texas 1
Eaaron ! EIS measurements
(uC) 1 & <
1 ali s Data processing with ‘\
I validation data N iafiob Bob

Host PC

Figure 1. Laboratory battery EIS test setup on the right, electronic circuit of PRBS current generator on the left.

The experimental test protocol is illustrated in Figure 2: a charged battery (SOC=100%) is subjected to different EIS
tests. Research works [22]-[38] investigated the battery SOH by EIS data in the frequency range approximately from
mHz to kHz. In this work, battery impedance is evaluated in the frequency band [4,1600] Hz. In this specific range,
research works [33]-[38] depicted that SOH characterizes the change of impedance curve, such as the change of ohmic,

charge-transfer, and SEI resistance. Moreover, fast impedance measurements can be carried out in this range. As
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mentioned, the PRBS, with m = 10 registers, has a flat spectrum in about one-decade frequency, based on the clock
frequency. Therefore, the battery impedance spectrum will be estimated taking three consecutive PRBS tests at different
clock frequency into consideration: 50, 500, and 4000 Hz. More details about PRBS are illustrated in Table 1. Tests are
repeated considering various SOC and amplitude levels of PRBS current (C-rate), described in Table 2. Tests are
performed starting from the highest SOC to the lower ones. Assuming that all EIS tests performed require less than 1%
of battery SOC consumed, the battery is discharged at the rate of discharge of C/2 until it losses the remaining energy
that is needed to reach the next desired SOC level. After a rest time of 1 h, to allow the battery voltage to reach its
steady-state, EIS tests are carried out again. The experimental test is finished when the EIS tests are performed on the
battery at the end of the discharge (about 2%). Based on battery voltage and current measurements, with a sample time
of 20 kHz, battery impedance is evaluated in the frequency range [4,1600] Hz: we extracted 21 linearly spaced frequency
points for every PRBS test at different clock frequency, as shown in Table 1. The guideline for appropriate bandwidth
measured, by using the PRBS, is given in [53] equalling to 0.4f.. By results shown in Figure 3, we maintain this
constraint for the 4 kHz PRBS, whereas we relax the last constraint considering the 50 and 500 Hz PRBS.

Table 1. Impedance measurement specifications

PRBS clock Period time (s)  Test duration time (s)  Number of impedance  Frequency Frequency

frequency (Hz) (1023 samples)  (=6-period repetitions) measurements in the resolution band (Hz)
frequency (Hz)

50 20.6 125 21 1.4 [4,40]

500 2.6 60 21 13.25 [45,400]

4000 0.256 10 21 82.50 [450,1600]
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Table 2. EIS Test specifications performed on a single cell

Parameters change Values N. of test repetition

PRBS clock frequency [50,500,4000] Hz 3

PRBS discharging current  [C/3,C/4,C5,C/6,C/20,C/25] 3
amplitude (C-rate)

Battery SOC [100,80,60,40,20,2] % 3

Impedance and coherence are estimated at different frequencies based on battery current PSD and voltage-current
CPSD according to (2) and (4). These power spectral densities are estimated in frequencies applying the Welch

periodograms [56]: voltage and current measurement signals are split into disjointed L, frames of length N¢. Then, the
voltage and current Fast Fourier transforms of every frames are computed according to (1), and multiplied by using
Hamming window function. Hence the PSD and CPSD are computed according to (2), finally, the Welch periodogram
estimator evaluates the PSD and CPSD computing the following mean value:

CDii (k) = Li_zf(bii,w,j (k)
o ©)

CI)vi (k) = Lizfq)vi,w,j (k)

f o=l
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B. Reference sample impedance circuit measurements
As mentioned in the previous section, the accuracy of EIS measurements is validated considering the electrical

equivalent circuit given in Figure 1, switching the circuit selector in 2. Similar work was carried out in [57]. Referring
to Figure 1, the circuit configuration, composed by the passive circuit elements R, R1, C1, defines the reference sample
impedance. The circuit parameters are selected to describe a portion of a semi-circle. The resistance R, = 1 Q +5% is
in series with RC group in parallel, composed by R; = 50 mQ +5% and C; = 0.01 F +£20%, considering a parasitic
resistance R, = 10 mQ +5% in series to capacitive element, given by the manufacturer. The battery under test is a
Li[NiCoMn]O.-based Cathode type (briefly called NMC) pouch cell, having a nominal capacity of 20 Ah [58]. For each
PRBS signal at different clock frequency, impedance measurements are performed at various current amplitudes and
different SOCs, shown in Table 2. This leads to a large number of EIS tests, in which impedance and coherence are
computed. Impedance estimate results are compared with the theoretical impedance in the frequency range of [4,1600]
Hz. The results demonstrated that measurements of sample impedance at different SOCs are very similar. Therefore,
the authors will neglect this difference when discussing the validation of the sample impedance estimation. The
corresponding estimated coherence, at different PRBS input signal, is depicted in Figure 3, whereas the estimated
sample impedance is depicted in Figure 4. The estimated ordinary coherence is close to 1 all over the frequency band.
Therefore, we infer by results in Figure 3 that the battery under test can be considered as LTI system, hence sample
impedance can be well estimated. The results shown in Figure 4 demonstrate that the real and imaginary part of the
sample impedance measurement of the laboratory test setup’s accuracy slightly decreases when the clock frequency of
the PRBS signal is increasing, especially during the test with a clock frequency f. = 4 kHz. This is noticeable also
observing the coherence estimated in Figure 3. Finally, the results of measured sample impedance had shown a well-

known bias estimation error of 5%, which is corrected by authors. A similar bias estimation error is obtained in [57].
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Figure 3. Ordinary coherence estimated using input PRBS signal excitation at different clock frequencies and current
amplitudes (Battery is at 60% of SOC, estimation of sample impedance)

1.06 = 1
—Reference sample impedance!
Mean measured impedance

1.05 ‘—ﬁ Measurement uncertainty

5 1.04
3
5
0.025 'é_ 1.03
=102
0.02 & (b)
& 1.01
o .
20015 3 1
2 10! 10° 10°
g LU 3 Frequency (Hz
= 001} {( g === Reference sample impedance equency, (Hz)
i." & * Current Amplitude (C-rate): C/3
-:-f d ¢ Current Amplitude (C-rate): C/4 0.025
0.005 Current Amplitude (C-rate): C/5 =

—Reference sample impedance
* Current Amplitude (C-rate): C/6

Current Amplitude (C-rate): C/20
Current Amplitude (C-rate): C/25

0 - S \
1.005 1.01 1.015 1.02 1.025 1.03 1.035 1.04 1.045 1.05 1.055 & \\
Real Impedance (£2) H 0.015 X
0.01
" 0.005 (C) //

0

——Mean measured impedance
0.02 Measurement uncertainty

Imag Impedance (2)

10! 10° 10°
Frequency (Hz)

Figure 4. Reference impedance measurements using input PRBS signal excitation at different current amplitudes

(Battery is at 60% of SOC, estimation of sample impedance): a) Nyquist plot, b) Real impedance and c) — Imaginary
impedance vs frequency

18


https://doi.org/10.1016/j.est.2021.102566

This document is the pre-print version of the article:

Locorotondo, E., Cultrera, V., Pugi, L., Berzi, L., Pierini, M., Lutzemberger, G., 2021. Development of a battery real-time state of
health diagnosis based on fast impedance measurements. Journal of Energy Storage 38, 102566.
https://doi.org/10.1016/j.est.2021.102566

C. New cell impedance measurements
The battery impedance estimation is performed considering the equivalent circuit given in Figure 1, switching the
circuit selector in 1. In this section, the NMC new cell is under test. EIS results are depicted in Figure 5.

0.6 1

0.5

0.8 b
—~ 5 B g (a) — ( )
S 04 e e o a
E p %«. E
N o % ~ 0.6]
8 03 o Y % g o
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Figure 5. EIS measurements using input PRBS signal at different a) current amplitudes (fixed SOC 60%) and b) SOCs
(fixed current amplitude C/4)

We notice that all the battery impedance measurements are about in the interval of 2 mQ, in the real part, and 0.5
mQ, in the imaginary part. These intervals are shorter than the sample impedance measurements in the previous
experiment, hence, the external noise sources could strongly affect the EIS measurements, decreasing the ordinary
coherence. As just mentioned, noise contributions can be minimized by increasing the excitation power when an
improved coherence is reached, as shown in Figure 6. The battery impedance curves measurements given in Figure 5
(on the left) show a slight difference when changing the current discharging amplitude. Instead, results given in Figure
5 (on the right) show that there is a drastic change of impedance curve when the battery is at the end of discharge,
confirmed also in [33][35].

IV. SOH DIAGNOSIS BASED ON EIS DATA
A. Testing cell at different state of healths

To detect battery SOH using EIS tests, five pouch NMC cells, of the same manufacturer, were tested at different
SOHes. In this work, battery SOH is considered by the variation of battery capacity compared to its ideal condition, in
this case, 20 Ah. One of the five cells under test is fresh and therefore considered as at the beginning of life (new cell).

The other four cells have been cycled until they reached EOL for automotive application, and beyond. Results of the
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capacity test, which denote the current battery SOH, are shown in Table 3. The EOL cells were subjected to 4 different
cycle life test, composed by constant-current (CC), at current amplitude C/2, and, finally, constant-voltage (CV)
charging; followed by discharging phases (C/2), interspersed with pauses, at a room temperature of 35°C [59]. Cycle
life tests were carried out in ENEA research center from 2015 to 2018. More details about cycle life tests and cell history
are shown in [12][59]. Afterwards, the cells have not been used for about 2 years, and have been stored in the same
conditions (in a not thermally controlled environment).

Table 3. Battery cells at different SOHs

Battery n. Last capacity estimated State of Health
(Ah) (%)

#0 20 100

#3 16 80

#4 17 85

#5 12 60

#8 10 50

B. Battery impedance data-set
The laboratory setup, shown in Figure 1, was used to perform EIS in the frequency band [4,1600] Hz, using the

PRBS signal excitation in current at three different clock frequencies. For each PRBS test, we extract 21 impedance
measurements for each different clock frequency PRBS in the band specified in Table 1. To investigate if there is a
robust correlation between impedance information and SOH, we measure battery impedance at various operating
conditions. According to Table 2, EIS is executed at six different battery SOC, and two different PRBS discharging
current amplitudes, exactly at C-rate C/4, and C/20. To test the laboratory setup’s repeatability, tests were repeated three
times. Summarizing, we performed a large number of EIS experiments for each cell, collecting a large number of
impedance measurements. Results of the repeatability test had shown a very negligible variation of battery impedance
estimation, then, the mean impedance value will be shown in this work whereas the authors will discuss of EIS data set

and data clustering. Finally, the data set of each cell under test is composed of 756 impedance measurements in the
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defined frequency band. Concerning a single frequency investigated, the data-set is composed of 12 impedance
measurements, at various SOCs, and rate of discharge. Results obtained by ordinary coherence for EOL cells are shown
in Figure 6. We infer that there is a slight increase in ordinary coherence with SOH decreasing. A complete view of the
impedance points extracted for every cell is depicted in Figure 7. It’s noticeable, as mentioned in the literature, the shift
on the right of the impedance curve, which means an increase of the real part of battery impedance, i.e. the increase of
the ohmic resistance, a fact in accordance with other literature observations [22]-[36]. Moreover, the increase of the
semi-ellipses arcs with aging is noticeable in Figure 7, which means the increase of the charge transfer resistance [37]
and the SEI resistance [38] with aging. We observe in Figure 7 that the impedance curve of the new cell is an order of
amplitude different respect to the EOL cells. Moreover, the new cell is completely disjointed with the EOL cell
impedance curves. Therefore, using the EIS test, it is simple to distinguish a new cell from the EOL cell by performed

measurements of impedance.
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Figure 6. Mean ordinary coherence estimated during EIS test for different cells using the excitation PRBS with
discharging current amplitude of a) C/4, b) C/20
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Figure 7. Battery EIS measurement data-set in the frequency band [4,1600] Hz, at various SOCs and PRBS
discharging current amplitudes

C. Data clustering

Diagnosis and identification of the battery SOH are performed by using the EIS test. The question remains as to

whether there are frequency points in which battery impedance is evaluated in a well-disjointed range of measurement,

carried out at various operating conditions, such as SOCs and current C-rate. We infer by Figure 7 that, in some

frequency points, there is the possibility to cluster disjointed area of impedance measurements in the Nyquist diagram.

An example is shown in Figure 8, considering the frequency measurement of 88.8 Hz. For every frequency, all the SOH

area clusters are defined in the Nyquist diagram enclosing the 12 impedance measurements, by using rectangle

geometry. Every rectangle’s edge is defined by the maximum and the minimum value of the real and imaginary part of

impedance measured, adding or subtracting an external factor:

O-( Ja)) = GO [(O-real,dataset + O-imag,dataset) + (O-real,ins + jo—imag,ins )] (10)

The value of the external factor corresponds to the sum of the maximum variation (std) observed by the impedance

measurements in all the single frequency clusters (Greaz,dataset + ]'Uimag,ins), and of the uncertainty (Greaz,ins +

J'Gimag,ins) of the laboratory setup shown in Figure 4, relative to the diameter of the reference sample impedance. The

gain factor Go=0.5 is considered in (10).
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Figure 8. Battery EIS measurement data clustering at frequency 88.8 Hz

V. RESULTS & DISCUSSION
A. Detection of SOH frequencies

In section Il, we have demonstrated that battery impedance can be fast measured by using the low-cost PRBS
generator shown in Figure 1. A large number of EIS experiments are performed on four EOL cells and described in
section I11. By clustering the impedance measurements in rectangular areas, we can detect the SOH frequencies. In these
frequencies the SOH area clusters are disjointed, hence, they are candidates as reliable SOH indicators. As noticeable
in Figure 8, the SOH clusters are disjointed if and only if there is no intersection between real-axis or between imaginary-
axes of rectangles. The EIS measurements were carried out at different battery operating conditions, hence SOC
variations [0,100] % and PRBS current C-rate amplitudes variations (C/4, C/20). The SOH clusters are defined for each
frequency measured and cited in Table 2. The results obtained have demonstrated that it is not possible to highlight a
SOH frequency in which the imaginary-axes of SOH clusters are disjointed and real-axes not. Indeed, as demonstrated
by some research work in literature [22][24], the real impedance measurement is usually exploited to detect battery
aging defined. The total number of SOH frequencies detected is 3 than 61 frequencies measured, in the band [4-+1600]
Hz. The SOH frequencies and the corresponding SOH clusters are shown in Table 4 and Figure 9. We infer that there
is a noticeable variation of battery impedance measurement at different SOH in the three frequencies measured in the
band [53.8+-88.8] Hz, by using the 500 Hz PRBS. In this first result, we consider all the EIS experiments. In the next

section, we will detect larger and new SOH frequency bands by filtering experimental data.
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Figure 9. Detection of the SOH frequencies, illustrating the real impedance measurements for the different aged cells
enclosed by disjointed area clusters

B. Detection of SOH frequencies filtering data
SOH cluster’s areas change when filtering the EIS experiment. Hence, the number of SOH frequencies detected

could be changed. We have analysed and defined the clusters considering 4 different types of EIS experiment filtering:

e Case (a): EIS experiments in the SOC interval [20+80] % (impedance measurements at extreme of SOC values are
less reliable).

e Case (b): EIS experiments with PRBS current of discharge amplitude of C/20 (response with lower currents).

o Case (c): EIS experiments with PRBS current of discharge amplitude of C/4 (response with higher currents)

e Case (d): EIS experiments in the SOC interval [20+80] %, with PRBS current of discharge amplitude of C/4 (best
condition, high current, reliable SOC values).

The SOH frequencies detected, filtering data according to the four different cases study are shown in Table 4. The
corresponding SOH clusters obtained in the SOH frequencies are shown in Figure 10. Results obtained in the case (a)
confirm the detection of the same SOH frequency band observed in the previous analysis. Moreover, a new frequency
band is detected: [4=+-24] Hz, measured by using the 50 Hz PRBS. This last results confirm that, as cited in the literature
[24], and shown in Figure 5, impedance measurements drastically change their value when the EIS test is performed at

the extreme of battery SOC. Hence, removing these data, impedance measurements are closes to them. Referring to the

24


https://doi.org/10.1016/j.est.2021.102566

This document is the pre-print version of the article:
Locorotondo, E., Cultrera, V., Pugi, L., Berzi, L., Pierini, M., Lutzemberger, G., 2021. Development of a battery real-time state of

health diagnosis based on fast impedance measurements. Journal of Energy Storage 38, 102566.
https://doi.org/10.1016/].est.2021.102566

case (b), the SOH frequency band becomes larger ([54, 125] Hz) than the case (a). Nevertheless, the SOH frequency
band [4--24] Hz disappears, because we consider the impedance measurements at the extreme of SOC.

Generally, the impedances measured in the cases (a) and (b) are not very close to them. Indeed the power spectral
of PRBS excitation signal with C/20 current amplitude is low, hence, voltage output observed is more affected by noise,
decreasing the coherence spectra results, as shown in Figure 6. Hence impedance measurements are less reliable. This
deduction is confirmed by the case (c): increasing the power of the PRBS excitation signal until C/3, the impedance
measurements in the SOH frequencies, are very close to them, as shown in Figure 10. We infer that all frequencies
measured by using 50 Hz and 500 Hz PRBS become a good indicator of battery SOH. Moreover, the new SOH
frequency band [461-+-922] Hz extracted by the 4 kHz PRBS is detected. Finally, results obtained in the case (d)
demonstrate that all the frequency measured become as SOH frequencies. This last case, considering only the impedance
measurements at the SOC in [20+-80] % and high current excitation, could be an acceptable constraint for EIS
measurements in real-time applications. Usually, battery packs are used with a reduced DOD (not 100%), prolonging
their lifetime. Moreover, all the EIS tests consumed less than 1% of battery SOC. As it is well observable from Figure
8-10, the clustering of the impedance measurements allows us to determine the SOH directly. The experimental EIS
tests allowed us to define each SOH cluster region in an appropriate range of impedance measurement (real or imaginary
part). For every single SOH frequency detected, the SOH clusters are disjointed between them. Hence, we can assess

SOH with low computational efforts by performing the fast EIS test in one of the SOH frequency bands detected.
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Table 4. Detection of the SOH frequencies considering different battery impedance data set

Impedance  Number of 50 Hz PRBS 500 Hz PRBS 4 kHz PRBS

data set impedance
measured  Frequency SOH Frequency SOH Frequency = SOH

insingle-  band (Hz) frequency band (Hz) frequency band (Hz) frequency
frequency band (Hz) band (Hz) band (Hz)

SOC 36 [4+40] / [53+400] [53,89] [450+1600] /
[0+100]

%, Current

amplitude

PRBS

C/4,C/20

SOC 24 [4+40] [4+24] [53 +400] [53 +89] [450+1600] /
[20+80]

%, Current

amplitude

PRBS

C/4,C/20

SOC 18 [4+40] / [53 +400] [53 +125] [450+1600] /
[0-+-100]

%, Current

amplitude

PRBS

C/20

SOC 18 [4+40] [4+40] [53 +400] [53 +400] [450+1600] [450,922]
[0-+-100]

%, Current

amplitude

PRBS C/4

SOC 12 [4+40] [4+40] [53 +400] [53 +400] [450+1600] [450-+1600]
[20+80]

%, Current

amplitude

PRBS C/4

CONCLUSIONS
The electrochemical impedance spectroscopy (EIS) is a powerful method to investigate the state of lithium batteries.

The proposed methodology is applied to a specific benchmark cell but it should be extended almost to any kind of energy

storage system. In this work, authors not only explore the feasibility of the proposed approach but evaluate how specific
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test parameters/specifications can affect the quality of performed evaluations. The chosen excitation signal plays a key
role in defining the complexity and consequently the industrial applicability of proposed spectroscopy techniques.

The PBRS excitation signal has proven, in this work, to be a good solution for possible industrial implementation.
Authors have experimentally verified that it’s possible to generate the PRBS signal with relatively cheap hardware to
perform battery impedance measurements that in literature are typically obtained with far more expensive and specialized
equipment.

Preliminary experimental activities have been performed both on a reference sample impedance to assess the
capability of the system to identify a generic impedance and to propose a simple calibration method for field or industrial
related activities.

Finally, EIS tests are performed on four end-of-life (EOL) automotive cells, ready for possible second use in less-
demanding applications. Results confirm the existence of specific frequency bands candidate as a reliable and robust
indicator of the state of health, depending on the operating conditions of the battery. Clustering impedance measurements
in SOH regions allowed to detect these frequencies and correlate SOH with cell impedance with low computational
efforts.

More generally, the study of second-life batteries is the only one of the many possible applications of a method that
has proven to be fast and reliable. This novel method should be extended to many other applications in which a fast and

accurate diagnostic of cell state of health has to be performed.
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