
Journal of The Electrochemical
Society

     

OPEN ACCESS

State-of-Health Diagnosis of Lithium-Ion Batteries Using Nonlinear
Frequency Response Analysis
To cite this article: Nina Harting et al 2019 J. Electrochem. Soc. 166 A277

 

View the article online for updates and enhancements.

This content was downloaded from IP address 134.169.218.80 on 01/04/2020 at 12:23

https://doi.org/10.1149/2.1031902jes


Journal of The Electrochemical Society, 166 (2) A277-A285 (2019) A277

State-of-Health Diagnosis of Lithium-Ion Batteries Using
Nonlinear Frequency Response Analysis
Nina Harting,1,2 Nicolas Wolff,1,2 Fridolin Röder,1,2 and Ulrike Krewer 1,2,z
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Estimation of the State-of-Health (SOH) of Lithium-ion Batteries (LIBs) is commonly conducted using in-situ measurement methods,
such as Incremental Capacity Analysis (ICA) and Differential Voltage Analysis (DVA) as well as impedance based techniques. In
this study, we present an alternative method for SOH estimation: The nonlinear dynamic measurement method Nonlinear Frequency
Response Analysis (NFRA) is shown to be able to estimate capacity fade of LIBs due to loss of active material. Capacity loss
correlates with the quotient of the root mean square of the second and the third harmonic response for different excitation amplitudes
in the frequency range sensitive to electrochemical reactions at approximately 1 Hz. The results of the experimental cycle-aging
study are validated and further analyzed by using a reaction model containing Butler-Volmer kinetics with a dynamic charge balance
of the electrode. Simulations show that the NFR quotient and capacity fade due to loss of specific surface area correlate exactly. We
identify the NFR quotient as a reliable, easily measurable parameter for the diagnosis of the SOH of LIBs. Therefore, this study
reveals a novel approach for SOH estimation of LIBs based on dynamic analysis with NFRA.
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Reliable and precise state diagnosis of Lithium-ion Batteries
(LIBs) is essential for estimating cycle life and reducing safety risks
of battery systems used in electric vehicles (EVs).1 This includes an
exact and accurate estimation as well as monitoring of the State-of-
Health (SOH) of the battery cells. Manifold aging processes lead to a
distinct decrease of the usable capacity and to an increase of the inter-
nal resistance of the LIB.2–4 Additionally, aging processes are complex
and always depend on the cell chemistry and design. Three main cat-
egories of LIB aging mechanism are often distinguished, i.e. loss of
active material, loss of lithium inventory and reduced conductivity.5

In general, degradation of LIBs includes performance loss of the bat-
tery and therefore leads to a loss of driving range per charge of EVs.4

Thus, the accurate diagnosis of SOH is an indispensable part of effec-
tive battery health management of every battery management system
(BMS).6

Typically, BMS use capacity decrease and power fade with regard
to the nominal values to quantify the SOH.7 Other approaches use
the internal resistance R0 for the estimation of the SOH.8–11 For the
measurement of cell capacity, in-situ techniques are proposed, e.g. In-
cremental Capacity (IC),12 Differential Voltage (DV),13 combined IC-
DV techniques5 as well as Electrochemical Impedance Spectroscopy
(EIS).14 IC-DV and EIS are thereby suitable for SOH diagnosis as well
as identification and differentiation of various aging mechanisms.5,15

Both methods have specific advantages in regard to SOH estimation.
EIS has shorter a measurement time and can be used at particular
frequencies and State-of-Charges. In contrast, IC-DV comes with a
long test duration of approximately 10 hours per cell.14 However, IC-
DV is superior to EIS in regard to the universal, model-independent
application and low-cost hardware implementation as well as easy
calculation.5 Nevertheless, the LIB has to be in a steady-state for both
diagnosis techniques. In general, an efficient BMS benefits from a
fast, cheap and accurate on-board SOH diagnosis of state and cycle
life of LIBs.6,16

EIS is the most commonly applied method for state and process
characterization of LIBs.15,17 With EIS, a small sinusoidal current IAC

for linear system excitation is applied. According to literature, elec-
trochemical and physical processes in the cell cause distinct, charac-
teristic signals in the resulting impedance spectra. LIBs, however, are
systems with a nonlinear relation between current and voltage, e.g. as
for Butler-Volmer kinetics. Capacitive effects, such as charging and
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discharging of double-layers can show a nonlinear relation of current
and voltage.18 Further, diffusion in the spherical particles is coupled
to the electrochemical reactions via the activity of Lithium at par-
ticle surface, which is a nonlinear function of concentration. Those
processes cause specific nonlinearities measurable by Nonlinear Fre-
quency Response Analysis (NFRA), which we demonstrated in our
previous studies.19,20 Nonlinear analysis methods have been already
used in the field of electrochemical analysis and concentration sensing
of fuel cells21,22 and for the SOC estimation on lead acid batteries.23

Further, NFRA has been shown in the last two years to be ap-
plicable to characterize operating processes and aging of LIBs.19,24,25

Different measurement and interpretation approaches have been used
to study the nonlinear voltages responses of LIBs. The main reason
why there is some diversity in measurements and interpretation for
nonlinear analysis is that in contrast to EIS, nonlinear system analysis
has no standardized unique theory based on control engineering, and
it is not yet clear how to best trigger, analyze and interpret nonlinear
responses. Our research is focused on the analysis of individual har-
monic voltage responses as well as the root mean square of the second
and third harmonic excited by sinusoidal currents with amplitudes of
>1C in the overall frequency range. Another approach is used by Mur-
bach et al., who apply moderate nonlinear currents between 0.2–0.3C
at frequencies higher than 10 Hz to analyze experimentally the second
harmonic voltages as well as the phase shift in the Nyquist domain.25

Additionally, it has been demonstrated that modeling NFRA is the key
for an in-depth understanding and thus better interpretation of NFR
spectra, e.g. to understand the effect of particle size on spectra or the
origin of a given high nonlinearity at a certain frequency.20,24 Simula-
tions drastically enhanced and verified process identification of LIBs
using NFRA.20,24 Further, Harting et al. discovered that it is possi-
ble to identify the crucial aging effect Lithium plating based on their
nonlinear dynamics, as plated cells cause specific nonlinear voltage
responses.26 By only analyzing the linear system behavior with a lin-
ear amplitude IAC , sensitive and valuable dynamic information about
nonlinearity is lost. Recently, we presented an effective data-driven
identification of the SOH of LIBs based on a degradation model using
Support Vector Regression derived from NFRA.27

In this paper, we propose NFRA as a possible alternative method to
established diagnosis methods for SOH estimation. We present NFRA
in a novel quantification approach for the SOH estimation by correlat-
ing specific NFR-based signals to cyclic-aging induced capacity fade
of LIBs. Therefore, we explicitly take advantage of the characteris-
tic, highly informative dependency of nonlinear cell processes on the
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excitation amplitude IAC , which has not been analyzed yet. In detail,
the ratio of nonlinearities of two different AC excitation amplitudes
IAC is shown to correlate to capacity fade of LIBs in characteristic fre-
quency ranges. Additionally to experiments, a surface reaction model
based on Butler-Volmer kinetics, is applied to give a physical reason-
ing for the proposed measurement method, as our focus in this study
is to give an extensive insight into how and why the method is feasible
for SOH diagnosis. As such, a detailed comparison with other SOH
diagnosis methods is out of scope of this work and should be done in
future with a focus on robustness and limitations of each method.

Theory

Nonlinear frequency response analysis.—With NFRA, a sinu-
soidal input signal with high current amplitude IAC is applied to the
system in a defined frequency range from mHz to kHz. Changes in
the sinusoidal output voltage UAC in time domain are measured. By
applying a Fast-Fourier Transformation (FFT), the sinusoidal voltage
output signal UAC is transferred from the time to the frequency do-
main. However, not only the voltage signal corresponding to input
frequency Y1 as in EIS, but also higher harmonic responses Yn with
n > 1 can be detected. Higher harmonic amplitudes of the responses,
Y2 to Yn , are observed at multiples of the fundamental frequency f1

of the sinusoidal input signal:

fn = n · f1 [1]

Due to their different parities, even Y2n as well as odd harmonics Y2n+1

each have a different characteristic dependency on the input amplitude
and frequency. Their intensity decreases with increasing n. We have
examined this dependency for Lithium-Ion batteries in our previous
work, by investigating individual higher harmonic responses Yn as
well as the square root of the squares of all higher harmonics over the
inlet frequency.19

In this and future studies we recommend to use the root mean
square of the first two harmonics given in Equation 2 instead of the
sum of all higher harmonics, or the square root of the squares of the
higher harmonics, which we used in past work,19,26,27 because the rms
is a well known measure in metrology and electrical engineering, also
for THD,28 and it gives a sound mean value of overall nonlinearity of
a system.

Yrms =

√√√√√ 3∑
n=2

Y 2
n

2
[2]

As the rms requires division by the number of higher harmonics,
comparability of rms will be only given if the same number of higher
harmonics is used. Distinct nonlinearities are visible for Y2 and Y3, and
their comparison allows to distinguish between aging phenomena.26

The amplitudes are therefore chosen so that nonlinear responses for
Y2 and Y3 are visible, but all further higher harmonics, i.e. i>3, are
negligible. This also prevents interference of the signals.29

In our study, we introduce a dynamic analysis parameter for aging
quantification of LIBs based on NFRA. The NFRA quotient λ is
defined as the ratio of the root mean square of the second and the
third harmonic response measured with a higher sinusoidal amplitude
IAC1 and the root mean square of the second and the third harmonic
response measured with a different, smaller amplitude IAC2.

λ =

√
3∑

n=2
Y 2

n

2 IAC1√
3∑

n=2
Y 2

n

2 IAC2

[3]

The correlation of this frequency dependent value to SOH is analyzed.

Reaction model.—For an in-depth analysis of the presented capac-
ity estimation, a reaction model is used. The focus of the model is to

Table I. Simulation parameters used in the reaction model.

Parameter Symbol Value Unit

Initial potential E(0) 0 V
Exchange current density i0 10 A m−2

Double layer capacitance CDL 18 F m−2

Temperature T 300 K
Particle radius Rp 10 · 10−6 m

Volume fraction of active material εs,0 0.6 -
Symmetry factor α 0.5 -

investigate the degradation of LIBs due to loss of specific surface area
of the electrode at a given SOC and therefore one single electrochem-
ical reaction is implemented and lithium accumulation is neglected in
all phases. Transport processes in the electrode and electrolyte as well
as the process dependency of the open circuit voltage are neglected
in the model. The base case parameter set is provided in Table I and
parameters are chosen to be in broad range suitable for LIBs.31 All
functions are embedded in Matlab, and time derivatives are solved
with an ode-15s-solver. The reaction model contains a charge transfer
reaction following Butler-Volmer kinetics:

jLi = as j0

(
exp

(
α

zηF

RT

)
− exp

(
−(1 − α)

zηF

RT

))
, [4]

where jLi is the current density generated for the reaction of Lithium,
as is the specific surface area of the electrode, j0 is the exchange
current density, F is the Faraday constant, R is the ideal gas constant,
T the temperature and η the overpotential, which is calculated as
following:

η = �φ − E(0), [5]

with the electrical potential difference �φ and the initial potential
E(0), which is set to a constant value. Further, charge and discharge
of the electrochemical double layer at electrode/electrolyte interfaces
is implemented as:

as · CDL
∂�φ

∂t
= jDL, [6]

where CDL is the electric double layer capacitance, �φ is the electrical
potential difference, and jDL is the volumetric current density of the
electrochemical double layer. Both volumetric rates, jLi and jDL sum
up to the total current leaving/entering the electrode.

jtot = jLi + jDL . [7]

The specific surface area of the electrode as , is calculated as

as = 3
εs

Rp
[8]

using the particle radius Rp and the volume fraction of active material
εs .31

The capacity loss as an aging effect of LIBs is simulated based
on the approach that active material loses the contact to the matrix of
conducting additives and binder, for example by particle cracking.30

Thus, the decreasing amount of active material, respectively capacity,
is implemented via decreasing the volume fraction of active material
εs . Due the implementation of one single electrochemical reaction, εs

is not specific to anode or cathode and therefore the initial volume
fraction of active material εs,0 is a chosen value. εs,i is calculated fol-
lowing the experimentally determined capacity loss, given in Equation
9. This correlation is defined as:

C = C0
εs,i

εs,0
[9]

where εs,0 is the initial volume fraction of active material, εs,i the
volume fraction of active material after i cycles and C0 the initial
capacity. This leads to a smaller specific surface area of the electrode
as , according to Equation 8. Thereby, as shown in Equation 4, the
current density j0 has to increase, if the same current IAC is applied
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Figure 1. Schematic illustration of (1) an electrode with original matrix of
binder and conductivity and (2) an aged electrode after cyclic aging due to
loss specific surface area as , e.g. due to loss of active material in the matrix of
binder and conductivity.

to the reaction model. In Figure 1, aging process of the electrode is
illustrated schematically. To analyze cell dynamics, NFR spectra are
simulated using the reaction model. For this purpose, an excitation
current IAC is applied to the model and the voltage output UAC in
the time domain is transferred to the frequency domain using a Fast-
Fourier Transformation (FFT). As in the experiments, the root mean
square of the second and third harmonic is calculated (Equation 2).

Experimental

Cell specifications.—Single layer Lithium-ion pouch cells with
NMC as cathode, graphite as anode and a Celgard 2320 separator
were used in this study. Electrodes were obtained from Battery Lab-
Factory Braunschweig (BLB). As electrolyte, a solvent mixture of
ethylene carbonate, dimethyl carbonate and ethyl methyl carbonate
(EC/DMC/EMC) with a ratio of 1:1:1 with 2% Vinyl chloride (VC)
and 3% cyclohexylbenzene (CHB) as additives and 1 M LiPF6 as con-
ducting salt were used. The inactive components are polyvinylidene
fluoride (PVDF) as binder and carbon black (CB) as conducting addi-
tives. The characteristic cell parameters are listed in Table II and initial
capacity C0 and resistance R0 as representative performance parame-
ters in Table III. The specific surface area of anode as,a and cathode
as,c can be calculated from the given parameters with Equation 8.

Measurements.—NFRA and EIS were measured with a Zahner
Electrochemical Workstation (Zennium E) in galvanostatic mode. The
frequency range was set between 20 mHz and 5 MHz, discretized
with ten frequencies per decade above 66 Hz and five frequencies per

Table II. Cell parameters.

Parameter Symbol Unit Anode Separator Cathode

Thicknessa δ μm 55.25 20 60
Calendering degree � % 40 - 25

Mass fraction of active
materiala

ζ wt% 0.91 - 0.90

Mass fraction of inactive
compoundsa

ζadd wt% 0.09 - 0.10

Porosityb ε - 0.35 0.50 0.40
Geometric surface areab Ageo cm2 35 - 29.25

ameasured.
bcalculated from manufacturer data.

Table III. Initial performance parameters.

Parameter Symbol Unit Value

Initial capacitya C0 mAh 47
Initial resistancea R0 � 0.23

ameasured.

decade for frequencies below 66 Hz. Amplitudes of higher harmonic
responses from the 2nd (Y2) to the 10th harmonic (Y10) are measured
and measurement noise is recorded. Measurements were performed
in a temperature chamber at a constant environmental temperature
of 25◦C, if not further declared. If frequencies greater than 0.1 Hz
are measured, changes of the open circuit voltage (OCV) are negligi-
ble, as OCV changes are approximately 1% under the measurement
conditions used in the presented study. Thereby, changes in the NFR
spectra can be assigned to changes of the investigated LIBs being at
equilibrium. Applying sinusoidal currents with a high amplitude may
damage the cell and enhance aging. However, whether and in what
extent cell aging may be caused by NFRA strongly depends on the
measurement conditions. For example, lithium plating may be caused,
if a low-frequency AC current with a high amplitude is applied to cell
at very high SOCs at low temperatures.3 In the presented study, mea-
surement conditions of dynamic analysis are set to SOC 50% and
25◦C, and thereby should prevent aging caused by high SOC opera-
tion. As well, an AC excitation may enhance aging, if it is constantly
superimposed on a direct current load during long time cycling studies
due to additional heat generation.34,35 For our studies, the impact of
internal cell heating on NFR spectra was shown to be negligible for
the measured LIBs.19 Thus the cell is assumed to be isothermal and
additional aging due to the excitation signal is considered negligible.

Aging of LIBs was conducted by cycling with 1 C constant current
(CC)/constant voltage (CV) charging until ICV ≤ C/20 and 1 C CC
discharging in a potential window between 2.9 V and 4.2 V at 25◦C
using a MACCOR Battery Test System (Model 4200). Dynamic mea-
surements were performed prior to aging and after each 50th cycle.
The amplitude for EIS was set to 2 mA (C/20). NFRA was measured
with three amplitudes IAC of 20 mA (0.5 C), 50 mA (1.1 C) and
100 mA (2.3 C). Details for the dynamic measurements are listed in
Table IV.

Results and Discussion

Process identification.—Prior to analyzing and discussing SOH
diagnosis, typical frequency ranges for processes have been identified
in the NFR spectrum of the unaged LIB in Figure 2, according to
our previous publications.19,20 Processes in the low- to mid-frequency
range Ia and Ib from 0.02 Hz to 10 Hz may be attributed to diffusion
processes in active material particles and electrochemical reactions.
Processes in frequency range II, which show significantly lower har-
monic responses than the processes in range I, may be attributed to
ionic transport processes such as migration, between and in the SEI
and electrolyte. Those processes, typically, show almost constant,

Table IV. Measurement parameters of the dynamic analysis
performed in defined cycling steps.

Parameter Symbol NFRA EIS

Input Amplitude IAC 0.5 C/1.1 C/2.3 C 0.05 C
Frequency ω 0.02 Hz to 104 Hz 0.02 Hz to 106

Hz
Measurement

points
n p for ω < 66Hz 5 10

Measurement
points

n p for ω > 66Hz 5 10

State of Charge SOC 50% 50%
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Figure 2. (A) NFR spectrum and (B) impedance spectrum measured with IAC,E I S=0.1 C and IAC,N F R A=2.3 C prior to cycle-aging.

minor higher harmonic responses than higher harmonic responses of
electrochemical reactions of the electrodes in range Ia and Ib.19 How-
ever, the separation of range Ia and Ib at approximately 0.3 Hz is
not as distinct for the cells tested in this study as for the cells of our
previous study.19 This demonstrates that NFRA highly depends on the
cell specifications and cell type.20

The correlation of processes to frequency ranges is supported by
process characterization in the impedance spectrum in Figure 2B.
Roughly, two overlaying semi-circles can be identified. One semi-
circle with a characteristic frequency at approximately 1 kHz and a
second semi-circle with a characteristic frequency at approximately
10 Hz. However, these semi-circles are not clearly distinguishable.
According to literature, the higher frequency semi-circle corresponds
to the ionic transport reactions at the interface of electrolyte and SEI
and the lower frequency semi-circle corresponds to the electrochemi-
cal reactions.32,33 A further indicator supporting this correlation is that
the cell shows distinct and characteristic NFR in frequency range Ib,
which corresponds perfectly to the lower-frequent semi-circle, which
ranges from 0.3 to 10 Hz and is marked between the black and or-
ange bullet in the impedance spectrum. Region Ib is separated from
lower frequency responses by a characteristic small minimum and
from the high frequency part, where nonlinearity is negligible. These
three characteristic regions and their frequency ranges correspond
perfectly to the three regions visible in EIS. The lower frequency

range for frequencies <0.3 Hz in the impedance as well as in the NFR
spectrum corresponds to the diffusion process, which is in strong
agreement to identification and correlation carried out in our previous
publications.19,20,26

Experimental aging analysis.—In Figure 3A, NFR spectra at three
amplitudes IAC=0.5 C, 1.1 C and 2.3 C, prior to aging are shown.
Yrms increases with increasing amplitude IAC in frequency range Ia
and Ib. In range II, Yrms is almost independent of IAC amplitude.
This confirms that in frequency range II only processes with a minor
nonlinear current-voltage relation and most probably no processes
with a Butler-Volmer kinetic are excited. In the following aging study,
NFRA measured with an excitation amplitude of IAC of 0.5 C is not
further considered for the analysis due to small nonlinear values. In
Figures 3B and 3C, NFR signals for cycle aged LIB measured with
IAC2=1.1 C and IAC1=2.3 C are shown after 0, 75, 215, 320 and
350 cycles. In general, Yrms increases with number of cycles. Further,
Yrms is higher for a higher excitation amplitude IAC . Yrms excited with
IAC1=2.3 C are approximately one order of magnitude higher than
Yrms excited with IAC2=1.1 C.

In a first step of mapping NFRA and capacity loss, Yrms is ex-
tracted at the characteristic frequencies listed in Table V. In Figure 4,
we choose to show the inverse of Yrms over cycles instead of Yrms , be-
cause the inverse decreases during aging. Thereby, a better quantitative

Figure 3. (A) NFR spectra measured with three amplitudes IAC=0.5 C, (1).1 C and 2.3 C prior to cycle-aging, (B) during cycle-aging for IAC,N F R A=1.1 C and
(C) for 2.3 C.



Journal of The Electrochemical Society, 166 (2) A277-A285 (2019) A281

Table V. Characteristic time constants and frequencies identified from NFR measurements.

Range Time constant τ/s Characteristic frequency range ω-range/Hz Characteristic frequency ωProcess /Hz Process

Ia 50 to 3 0.02 to 0.3 0.2 Solid diffusion
Ib 3 to 0.1 0.3 to 10 1 Electrochemical reactions
II 0.1 to 0.0001 10 to 10000 1000 Ionic transport processes at interfaces

correlation to the progression of the capacity decrease is possible. In
Figures 4A to 4F, cell capacity loss and the inverse of Yrms at the
three characteristic frequencies ωProcess is shown with cycling. Start-
ing with an initial capacity C0 of 47 mAh, which corresponds to a
SOH of 100% at 0 cycles, the capacity decreases to 34 mAh, which
corresponds to a SOH of 72.3%, at 75 cycles. Afterwards, it increases
again slightly to 37 mAh after 275 cycles and to 38 mAh after 295
cycles. At the end of cycle-aging at 350 cycles, the capacity of the cell
is 37 mAh, which corresponds to a SOH of 78.8%. As the capacity of
the cell decreases during aging whereas Yrms increases, we choose to
show the inverse of Yrms over cycles, which decreases during aging,
for a better quantitative correlation of the progressions. At 1 kHz,
the progression of the inverse of NFR strongly differs from the pro-
gression of the capacity fade for both excitation amplitudes, shown
in Figures 4C and 4F. As partly Yrms increases with SOH and partly
decreases, and trends for the two amplitudes differ strongly, Yrms and
SOH cannot be correlated at 1 kHz. Thus, this is in correlation to the
process identification in our previous studies, in which NFR excited
in range II, characteristic for ionic transport processes between the
SEI and electrolyte, has been identified to be not sensitive to aging
mechanism of LIBs.19,26

At 0.2 Hz, shown in Figures 4A and 4D, as well as at 1 Hz,
shown in Figures 4B and 4E, however, a correlation between the in-
verse of NFR and the capacity can be identified for both excitation
amplitudes. As expected, the inverse of Yrms decreases for decreas-
ing capacity for most cycles. However, there are deviations from this
characteristic behavior, e.g. at 45 and 290 cycles. At 45 cycles, the
inverse of Yrms increases slightly for a lower capacity compared to
previous cycles for both excitation amplitudes. However, this increase
is only small and corresponds to a Yrms decrease in the μV range,
which is in the range of measurement uncertainty due to an accuracy
of the device of ±250 · 10−6 V. At 290 cycles, however, the inverse
of Yrms decreases sharply for both excitation amplitudes at 1 Hz and
for the higher excitation amplitude at 0.2 Hz, as well. In contrast to
this, the inverse of Yrms increases strongly at this cycle for the lower
excitation amplitude at 0.2 Hz. These intense spikes of Yrms are out

of the range of measurement uncertainties and indicate either spe-
cific, yet not understood changes in the cell or external disturbances
of unknown source occurring right after the 290th cycle. Therefore,
the correlation of the inverse of Yrms to the capacity decrease is not
considered to be reliable at these cycles. Further, it is noticed that
the inverse of Yrms decreases even if the capacity measured stays
constant over multiples cycles, e.g. from 35 to 75 cycles, for both
excitation amplitudes at 0.2 Hz and 1 Hz. Thereby, it is shown that
it may not be possible to perfectly match the residual capacity to the
overall Yrms values. However, a general correlation between Yrms and
cycling can be identified. We assume that Yrms not only correlates to
aging processes decreasing the cell capacity respectively the specific
surface area as , e.g.loss of active material of the matrix of binder
and conductivity, but also to aging processes, such as conductivity
loss, which increases the overall internal cell resistances.2 Loss of
specific surface area as includes a reduction of the maximal extent
of lithiation of the electrodes and therefore the decreasing cell capac-
ity. Yrms may increase due to both aging types, capacity and power
fade.

In a next step, the capacity decrease is correlated to λ for aging
quantification of LIBs based on NFRA, as introduced in previous
sections. The quotient λ is deduced from the performance efficiency,
�, of LIBs, which can be used to quantify and monitor the performance
of LIBs at different discharging currents from typically used cycle
rate tests.36,37 For calculating �, the capacity at a higher discharging
current is correlated to the capacity at a lower discharging current.
Ideally, the capacity of the LIB at the higher current is close to the
capacity at the lower discharging current. A performance efficiency
� close to 1 is an indicator for a high performing LIB in contrast to
a LIB with a lower �. In the following, this approach is transferred
on NFRA for quantifying aging and estimating the SOH. Therefore,
it is expected that the ratio λ decreases over cycling, as nonlinearities
of the LIB increase for decreasing cell capacity at the corresponding
excitation amplitudes, as demonstrated in the previous section.

In Figures 5A to 5C, the ratio λ of the root mean square of the
second and the third harmonic response measured at IAC1=2.3 C and

Figure 4. The inversed absolute values of Yrms measured with IAC2=1.1 C (top) and IAC1=2.3 C (bottom) and cell capacity shown for cycle-aging at three
characteristic frequencies: (A and D) 0.2 Hz, (B and E) 1 Hz and (C and F) 1 kHz.
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Figure 5. λ and cell capacity shown for cycle-aging at three characteristic frequencies: (A) 0.2 Hz, (B) 1 Hz and (C) 1 kHz.

IAC2=1.1 C is shown over cycling at the characteristic frequencies.
The progression of capacity fade over cycle-aging and the progres-
sion of λ measured at 1 Hz are in strong agreement. If the capacity
decreases, λ decreases and if the capacity is constant, λ is constant,
too. This characteristic correlation is not observed for the progression
of capacity fade and the inverse of Yrms , as already stated. Also, the
progressions of λ measured at 0.2 Hz and 1 kHz, however, fluctuate
and do not match the progression of capacity fade over cycle-aging.
They even show strong fluctuations, rendering these frequencies as
unsuitable for monitoring SOH.

As 1 Hz is in the frequency range of the electrochemical reac-
tions, the correlation of λ to capacity may be correlated to the loss of
the specific surface as of the electrode. If the capacity, respectively
as , decreases and excitation amplitudes IAC of the dynamic analy-
sis are kept constant, the current flow per specific surface area, the
volumetric current density, is higher. If the current density increases,
cell overpotentials have to increase, as well. Consequently, increas-
ing overpotentials cause an increase of Yrms . This is observed for
both excitation amplitudes IAC that are used for dynamic analysis at
the defined cycling steps (IAC1=50 mA, IAC2=100 mA). However,
Yrms does not increase linearly with higher IAC . For smaller IAC , the
Yrms increase is higher for decreasing capacity than for higher IAC ,
which we will demonstrate in the following section using simulation.
Consequently, λ will decrease for decreasing capacities.

Experiments vs. simulations.—As there is presently little knowl-
edge about how to reliably interpret changes in NFR spectra, we here
use physicochemical models to aid interpretation. This has already
been successfully demonstrated by Wolff et al. and Murbach et al.20,24

for unaged spectra. Thus, in a next step, the correlation of λ and
capacity fade is analyzed in-depth by using the reaction model, as
introduced in reaction model section. A base case parameter set is
given in Table I. As we focus on a model-based investigation of the
reaction process, the double layer capacitance CDL is chosen to get
the best possible correlation of NFR measurements and simulations
at the frequency characteristic for reaction, e.g. around 1 Hz in range
Ib. Therefore, only the corresponding characteristic frequency range
Ib between approximately 0.2 to 10 Hz is of interest in the following
discussion. In a first step, amplitude dependency IAC and its influence
on NFRA are investigated prior to a simulative aging analysis via a
variation of the specific surface area as .

In Figure 6A, simulated NFR spectra of a single reaction according
to Butler-Volmer kinetics are shown for a variation of IAC . Beginning
with a frequency of approximately 10 Hz until 0.2 Hz, Yrms increases
in the simulations. This steep slope of Yrms is observed in experiments
in range Ib, as well. For frequencies smaller than 0.2 Hz and above
10 Hz, Yrms is constant in the simulations due to the implementa-
tion of only one single electrochemical reaction with neglection of
any transport processes, e.g. diffusion of Lithium-ions in the active

Figure 6. (A) NFRA simulations on the reaction model with current amplitudes 0.5 A, 1 A and 2 A and (B) NFRA simulations on a full model with current
amplitudes of 1 C, (2).5 C, 4 C and 7 C according to Wolff et al.20
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Figure 7. Impact of solid fraction on NFRA simulations for
(A) IAC1=3 A and for (B) IAC2=1.4 as well as (C) at the
specific frequency 1 Hz for a variation of εs .

material particles, as priorly discussed. In Table VI, characteristic
frequency ranges of NFR simulations on the reaction model in com-
parison to NFR measurements are given. In contrast to this, our full
model analysis, shown in Figure 6B, contains transport and showed
similar steep increase of Yrms in the low frequency range, shown in
Figure 6B. The Figure 6B is taken from a study by Wolff et al., in
which a standard Pseudo-2-dimension model with porous, structured
electrodes has been used in a model-based analysis of the harmonic
voltage responses of LIBs.31 Hereby, it is important to note that Wolff
et al. analyzed NFR of the initial, transient part of the battery, which
results in a peak-shaped progression of NFR in the frequency range
characteristic for the electrochemical reaction, as surface concentra-
tion gradients and potentials at the interface between electrode and
electrolyte are not in equilibrium yet.20 In the presented study, how-
ever, the steady-state response of the battery is analyzed and therefore
the electrochemical reaction process is already in equilibrium. Due to
this, the characteristic progression differs. Still, the frequency range
characteristic for the electrochemical reaction as well as the ampli-
tudes of harmonic voltage responses are similar in the simulations
with the reaction model and the P2D-model. The analysis of har-
monic voltage responses of a LIB in a steady state with a full model,
which also contains transport processes, is focus of ongoing work
and out of scope in the work published by Wolff et al.20 In general,
however, analysis of NFRA simulations confirms the finding of the
experimental process correlation. We thus expect to see changes in the
specific surface area, and thus in kinetics, in range Ib. Any analysis of
kinetic effects, and aging or design related changes in kinetics should
therefore focus on this range.

In the reaction model, the variation of εs and therefore the variation
of the specific surface area of the electrode as , according Equation 8,
is used to analyze the impact of decreasing cell capacity on NFRA.
The input excitation amplitude IAC is kept constant for this variation.
If εs and thus as decreases, Yrms increases, as shown in Figures 7A
and 7B for 3 A and 1.4 A. Thereby, it is shown that decreasing
capacity due to loss of active material results in increased Yrms , but
does not affect the NFR spectrum in its characteristic progression.
Further, in Figure 7C, Yrms values at the characteristic frequency 1 Hz
are shown for a broad variation of active material fraction εs and two
excitation amplitudes IAC . The simulations suggest that Yrms extracted
at specific frequencies increase exponentially with decreasing cell
capacity. Yrms increases over cycling in the experiments, as well.
However, as discussed, experimental capacity has an unexpected non-
monotonous behavior with cycling number whereas Yrms increases
monotonously. This feature cannot be reproduced with the modeled
scenario of active area loss as cause for cycling based capacity fade.
It remains open for now, which additional underlying aging-triggered
changes in the cell cause the capacity increase. Further, a comparison
of Yrms in Figure 7C illustrates that for smaller IAC , the relative Yrms

increase is higher for decreasing capacity, respectively εs , than for
higher IAC . For an excitation amplitude of IAC=1.4 A, Yrms increases

about 2 times for an decrease of εs=0.6 to 0.4, but for an excitation
amplitude of 3 A only approximately 1.6 times. This was observed in
the experiments, as well. These simulations predict that λ decreases
with decreasing εs , which is investigated in the following section.

Simulative aging analysis.—In the following, the correlation of
λ and decreasing cell capacity is analyzed using the reaction model.
NFRA simulations are conducted for a variation of excitation currents
and active material fraction εs , and therefore for capacity loss accord-
ing Equation 9. As in the experiments, the characteristic frequency
of 1 Hz is chosen for the calculation of λ. As previously stated, we
use a strongly simplified model, where only the kinetic of one sin-
gle electrochemical reaction is implemented in the reaction model.
A discharge capacity cannot be determined and thus, the adaption
of the absolute excitation current in relation to a cell capacity is not
possible, as it has been done in experimental studies. However, the
relative excitation currents used in the reaction model have been set
in correspondence to the experimental investigations. Further, to eval-
uate the sensitivity of λ to the excitation currents, multiple λ with
different excitation amplitudes are simulated. The ratio of simulated
and experimental λ (left y-axis) as well as capacities (right y-axis) are
shown over cycle-aging in Figure 8. All simulated λ for decreasing εs

show the same progression as the corresponding experimental λ for
decreasing cell capacity. The simulated λ differ quantitatively due to
the variation of the excitation amplitudes IAC , but not qualitatively.
The values for the NFR quotient λ gathered from the experimental
study can be identified using AC excitations IAC of 3 A and 1.4 A
in the simulations. For these amplitudes, the quantitative differences
between measured and simulated λ are approximately 5%, which is
a good approximation regarding that a strongly simplified model was
used for the simulations. In general, simulations with the reaction
model confirm that changes in capacity due to loss of active material,
respectively specific surface area can be correlated to λ, suggesting
that this measure is in principle suitable to detect capacity losses with
NFRA. λ measured at the characteristic frequency of 1 Hz, however,
appears to be a reliable and accurate parameter for determining SOH
decrease due to capacity loss.

Table VI. ω-range of NFR simulations on the reaction model in
comparison to NFR measurements.

Range ωsim -range / Hz ωexp-range / Hz Process

Ia - 0.02 to 0.3 Solid diffusion
Ib 0.2 to 10 0.3 to 10 Electrochemical

reactions
II - 10 to 10k Ionic transport

processes between
and in the SEI and

electrolyte
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Figure 8. Measured and simulated λ at 1 Hz and cell capacity shown for
cycle-aging.

In a last step, NFR spectra are simulated for a capacity loss by
linearly decreasing εs and therefore the specific surface area as . Ca-
pacity loss is therefore presented via decreasing of the active material
fraction εs . λ at the characteristic frequency 1 Hz is calculated accord-
ingly as a function of εs . This allows to deduce a formula to calculate
SOH from λ. In Figure 9A, it is shown that λ decreases almost linearly
with decreasing εs , respectively the linear decreasing cell capacity, at
the characteristic frequency of the electrochemical reaction. Thereby
λ and the capacity decrease due to the reduction of the specific reac-
tion surface of LIBs have an almost linear correlation. Therefore, λ at
frequencies specific for the electrochemical reaction is identified as a
good parameter for SOH estimation of LIBs, as given in Equation 10.

SO H = λx

λini tial
100 [10]

Conclusions

We present a novel approach for the estimation of capacity fade
due to loss of specific surface area, e.g. due to loss of active material,
and therefore the State of Health of a Lithium-ion Battery. A cycle-
aging experiment was conducted at 25◦C and the nonlinear dynamic
measurement method, NFRA, was applied at two current amplitudes
IAC in defined cycle steps to study effects of aging on NFR spectra.
The ratio of nonlinearities at those excitation amplitudes, λ, shows
a very good qualitative correlation to the capacity fade over cycles
in the characteristic frequency range of the electrochemical reaction.
Therefore, a capacity decrease leads to a decreased relation of non-
linearities λ. If the capacity does not vary with cycle-aging, neither
does λ. λ at 1 Hz was found to be an excellent parameter for this
purpose. In contrast to this, the absolute Yrms increases even if the cell

Figure 9. Simulated λ at 1 Hz for decreasing active material fraction ε, re-
spectively as .

capacity stays constant for multiples cycles. Therefore, the overall
nonlinearities of the cell seem not to be suitable for SOH estimation.

We further analyzed the finding from the experimental study in-
depth by using NFRA on a reaction model with Butler-Volmer kinetics
and with a dynamic charge balance at the electrode surface. NFRA
simulations on the model support our experimental findings. Sim-
ulated λ for decreasing εs , which were adjusted in relation to the
experimental measured cell capacities, showed a similar progression
as λ from cycle-aging measurements.

Concluding, determining λ at one single frequency in the charac-
teristic excitation range of the electrochemical reactions was found
to be a suitable method for the estimation of capacity fade of LIBs.
Therefore, using NFRA at two excitation amplitudes IAC on battery
systems may be a powerful diagnosis technique for the estimation of
the SOH. Future studies are needed to evaluate the robustness of the
method and whether the method is suitable for on-board diagnostic
with a battery management system. If evaluated positive, NFRA may
prove to be a low cost, fast and robust technique for estimating SOH.
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