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Abstract

Electrochemical impedance spectroscopy (EIS) is widely used at the laboratory level for
monitoring/diagnostics of battery cells, but the design and validation of in situ, online
measurement systems based on EIS face challenges due to complex hardware-software
interactions and non-idealities. This study aims to develop an integrated co-simulation
framework to support the design, debugging, and validation of EIS measurement systems
devoted to the online monitoring of battery cells, helping to predict experimental results
and identify /correct the non-ideality effects and sources of uncertainty. The proposed
framework models both the hardware and software components of an EIS-based system
to simulate and analyze the impedance measurement process as a whole. It takes into
consideration the effects of physical non-idealities on the hardware—software interactions
and how those affect the final impedance estimate, offering a tool to refine designs and
interpret test results. For validation purposes, the proposed general framework is applied to
a specific EIS-based laboratory prototype, previously designed by the research group. . The
framework is first used to debug the prototype by uncovering hidden non-idealities, thus
refining the measurement system, and then employed as a digital model of the latter for fast
development of software algorithms. Finally, the results of the co-simulation framework
are compared against a theoretical model, the real prototype, and a benchtop instrument to
assess the global accuracy of the framework.

Keywords: lithium-ion batteries; electrochemical impedance spectroscopy; simulation
framework; fractional order capacitor

1. Introduction

Lithium-ion batteries (LIBs) have become one of the crucial components for the modern
automotive sector. This technology entered into scene years ago, outperforming other
energy storage solutions mainly thanks to its high energy density and reduced memory
effects [1-7]. However, LIB cells still suffer from numerous degradation/aging mechanisms,
from thermal and mechanical stress-induced effects to internal chemical deterioration
(e.g., electrode/binder/SEI degradation, formation of dendrites, loss of ion inventory, etc.),
which affect the correct operation, safeness, and lifetime of the battery cell itself [8]. For this
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reason, automotive companies heavily invest in the research and development towards
safer and cheaper batteries that can last for a longer time in efficient operation. In this
context, other than improving the chemical and material properties of the battery cell,
the development of in-situ and in-operando (i.e., online) monitoring techniques for LIBs
can contribute to the progress of energy storage systems. In particular, sensing the state
parameters down to the cell level allows a deeper control on the overall battery pack
and enables the possibility to actively react to degradation events by implementing smart
procedures within the battery management system (BMS), with the final goal of improving
safety, operation efficiency and extend the lifetime of each cell [9-11].

A non-invasive diagnostic technique generally employed to characterize batteries and
extract useful diagnostic data is represented by electrochemical impedance spectroscopy
(EIS) [12-15]. This is a well-assessed measurement technique traditionally employed in
laboratory set-ups by means of accurate but bulky instrumentation [16]. Still, it has recently
attracted significant research activity towards its in situ and in operando implementation,
demonstrating promising results [17-20]. EIS online monitoring requires the measurement
of voltage and current vectors directly on the battery pack/module/cell [21-23] and the
embedded implementation of post-processing algorithms for the final estimation of the
impedance in the bandwidth of interest. Even though the technique is quite standard and
well-known in the technical community when carried out at laboratory level, the realization
of in operando EIS sensors with embedded algorithms poses many scientific and techno-
logical challenges, from understanding the effect of non-stationarity on the measurement
result [24] to the consequent definition of proper methodologies capable of minimizing the
measurement time [25,26]. Moreover, the in situ implementation of the technique requires
the design of application-specific integrated circuits (ASICs) that should be integrated at
the very battery cell level. As far as the design, analysis, and validation steps for a given
EIS integrated system are concerned, the tight interdependency between the hardware part
developed in the ASIC and the software impedance reconstruction algorithm complicates
the design of the ASIC as well as the development of novel and more efficient algorithms.
Any minimal non-ideality in the hardware (HW) system can transform into an unforeseen
high-uncertainty source in the final impedance estimation, while software (SW) algorithms
may fail or produce wrong results when coupled with real hardware affected by noise
and non-idealities. Current simulation approaches rely on the separate analysis of the HW
scheme to be realized in the ASIC and SW algorithms that run on digital platforms. This
approach can identify non-idealities but it is not able to define their impact as sources of
uncertainty in the final impedance estimate. Indeed, even though many EIS hardware archi-
tectures are proposed in the literature [17,19,25,27-33], they are still far from a widespread
industrial application. This suggests that a single, integrated numerical framework should
be developed and exploited during the design/analysis/performance evaluation phases of
the EIS-based system to account not only for the independent non-idealities and sources
of uncertainty in each sub-block of the hardware/software architecture, but also those
generated due to the inherent interrelations between hardware and software in a global and
comprehensive way. For example, the noise levels at the output of the excitation source and
at the input of the A/D acquisition channels can be quite easily predicted by CAD analyses
on the HW only, but the actual dynamic range in the vector estimation of voltage/current
at each test frequency can be assessed only by including into the numerical analyses the
SW algorithms (e.g., DFT-like) exploited to translate the sample records into the impedance
complex value. Conversely, by inverting the point of view of the example, the choice of
the optimal time-window to be used in the DFT-based algorithms in order to solve the
trade-off between spectral leakage suppression and minimization of the noise floor can be
made by consideration on the SW only (e.g., exploiting the side-lobe parameters and the
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equivalent noise bandwidth of the window), but the actual performance of the overall EIS
investigation can be assessed only when the actual noise spectral densities at the input of
the ADCs are available from CAD analysis on the HW architecture.

In this paper, an integrated co-simulation framework is proposed, which simulates the
EIS system as a whole. It is made of a CAD circuit simulator directly linked to a numerical
environment executing the impedance estimation algorithms. In this way, the effect of the
non-idealities of the hardware design on the final impedance estimate can be identified.
A model of the battery pack/module/cell can be included as well, to allow for a complete
simulation. The purpose of such a simulation framework is to design both HW and SW
according to an integrated approach, analyze the performance of an existing EIS-based
prototype, or investigate sources of uncertainty (and correctly locate them within either
the HW architecture or the SW algorithms) that otherwise are difficult, or even impossible,
to be separately characterized when only experimental tests on the prototype are carried
out. Given the completeness of the co-simulation framework and its capability to emulate
HW-SW interrelations, it can also be used as the main simulator within a digital twin of the
sensorized battery. Therefore, the final goal of the co-simulation framework is to emulate
as accurately as possible the real implementation of the EIS system when connected and
operating on the DUT, whatever the battery under test. In the literature, to the best of the
authors’ knowledge, there are no similar simulation frameworks that provide a complete
overview of the entire EIS-based system with insights into HW-SW interactions.

This article is organized as follows. Section 2 reports the general structure of the
co-simulation framework with more details than [34], and Section 3 details how to imple-
ment an EIS-based sensor in it, taking the architecture presented in [25] as an example.
Then, Section 4 reports three different applications of the framework. Finally, Section 5
compares the results of the co-simulation framework with ideal models and experimental
measurements obtained from a real prototype of the EIS-based sensor in the case of a simple
RC circuit and a real battery cell. Conclusions are drawn in Section 6.

2. Structure of the Integrated Co-Simulation Framework
2.1. General Implementation of the Co-Simulation Framework

Figure 1 shows the general structure of the proposed simulation framework. It is
made of two main core parts, namely, the circuit simulator of the overall HW architecture
(incorporating the model of the battery cell) and the software part, which is the numerical
simulation environment for the post-processing of raw data provided by the HW.

CO-SIMULATION FRAMEWORK
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Figure 1. Block structure of the proposed integrated co-simulation framework.

The former part has many inputs: the description of the analog circuit, the description
of the analog-to-digital converters (ADCs) used in the architecture, and the battery model.
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They can be provided to the simulator by a SPICE netlist or a behavioral model in a suitable
language, like Verilog-A or VHDL. Those models and netlists can be either the result
of a custom transistor-level design, in the case of ASIC development, or the behavioral
representation of commercial components, increasing the flexibility and usability of the
framework. The excitation signal is digitally generated and provided in the form of a
digital pattern to a DAC modeled in the circuit simulator. Furthermore, the framework
enables the user to select the desired output signals from the circuit simulator, which can be
either analog voltages and currents ideally sampled and digitally converted with infinite
resolution or real digital signals sent out from the ADC model. In this way it is possible to
embed/de-embed non-idealities of the ADC.

The numerical framework has a single external input, which is the algorithm used
to estimate the impedance spectrum at selected frequency bins based on the raw data
provided by the HW simulator. An essential role is played by the interface that connects
the two core parts, which can be achieved by using a specific Toolbox or via a programming
interface. The interface must allow the loading of electrical signals (i.e., voltages and
currents as well as digital data) from the circuit simulator to the numerical environment.

2.2. Specific Implementation of the Co-Simulation Framework

The proposed simulation methodology can be implemented by using any combina-
tion of suitable software tools that meet the specifications described above. In this paper,
the framework is realized by exploiting Cadence ic 6.17 as the circuit simulator and Matlab
2024b as the numerical environment. Cadence is the gold-standard software for ASIC
design and allows mixed-signal simulations of analog and digital sub-systems described
using either transistor-level circuits or hardware description languages (HDLs). For in-
stance, it is possible to describe the ADC in Verilog-A, making the simulation faster and
independent of the transistor-level implementation of the ADC, which could be provided
by external companies with no access to the transistor-level design. Matlab is a flexible
and easy-to-use numerical environment that provides different methods to import data
efficiently from Cadence (e.g., through the command “mixedSignalAnalyzer” or the Tool-
box Spectre/RFE, which is the resource used in [34]) into the numerical software for the
execution of the post-processing algorithms [35,36]. Those software suites are powerful
and provide accurate and reliable results. They can run on a rather standard workstation,
but they are expensive. In the following, all the simulations run on a Intel Xeon Silver
4310 with 12 cores, and the simulation parameters are set to maximize the accuracy. In this
configuration, a single simulation takes about one hour, which is reasonable for offline
simulations used for assessment of the EIS architecture or algorithm development.

3. Implementation of an EIS Architecture in the Co-Simulation Framework

From a theoretical perspective, the co-simulation framework can be used to model any
kind of EIS-based sensor, even commercial architectures. However, the framework was
originally conceived for informed ASIC design. Moreover, accurate simulations require an
in-depth knowledge of both circuit architecture and software algorithms, which is not possible
for commercial EIS sensors. For this reason, the proposed simulation framework was validated
and tested throughout the numerical simulation and evaluation of the EIS-based integrated
sensor-node prototype proposed in [25] for the online monitoring of lithium-ion battery cells.
This was used in this work as the “Circuit Design” input in Figure 1. The algorithm used for
impedance estimation, which is the external input to the numerical framework, is a custom
algorithm based on the Fast Fourier Transform (FFT) and characterized by a peak search
algorithm to identify the harmonic components of interest, as described in [25]. Although
the simulation framework can theoretically work at any frequency band, the tests presented
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in this work are limited to the frequency range investigated by the real prototype proposed
in [25] (i.e., from 1 Hz to 200 Hz) so as to have a direct comparison between the simulation
and the real prototype. The selected frequency range is adequate for online monitoring of
battery cells, since main battery features are still visible while the measurement time is limited
with regard to laboratory-level measurement systems [10,17-19,37].

Linearity and stationarity of the measurement must be guaranteed by the measurement
procedure realized by the HW architecture and SW algorithm, which are considered as input
of the co-simulation framework. Those assumptions hold true for the EIS-based sensor
node used as the example to validate the co-simulation framework in this work [17,25,26].
Linearity is ensured by applying a small excitation current, while the time-invariance
condition is satisfied by relying on broadband excitation.

3.1. Hardware System

The circuit presented in [25] and reported in Figure 2 consists of the 1-bit delta-sigma
digital-to-analog converter (DAC) combined with a voltage-to-current converter and a
bandpass filter [18] for the generation of the current test signals, and two identical channels
of measurement: one used to sense the voltage drop across the battery cell and the other
used to sense the voltage across a 1-() reference resistance. The EIS system exploits
multisine excitation to reduce the measurement time. This multisine signal is synthesized
in Matlab and modulated following a delta-sigma approach to create a 1-bit digital stream
used as input (excitation pattern in Figure 1) to the DAC. The DAC output is then converted
to a binary current signal (+Iref and —Iref) corresponding to bits 1 and 0. The exact value
of Iref can be set by the final user; however, a fixed nominal current of 1 mA is considered
in this work. Then, the bandpass filter (BPF) removes the high-frequency noise typical
of sigma-delta-modulated signals. This approach allows for the generation of a current
excitation signal with a good signal-to-noise ratio (SNR). After the filter, the measurement
architecture consists of two acquisition channels acquiring the voltage drop across the
battery cell and a reference resistor, respectively. The two voltages are then amplified by a
factor of 900 using the Texas Instruments INA331 instrumentation amplifier (INA), whose
SPICE model is provided by the manufacturer and used as input to the framework. One
channel is AC connected to the terminals of the battery cell via high-value capacitors to filter
out the inherent DC voltage component of the battery, even though the DC voltage of the
battery is not modeled in the following tests. Polarization of the instrumentation amplifier
is then assured by a resistive network made of high-value resistors. The other channel is DC
connected to the reference resistor; however, the resistive polarization circuit is still present
to force the instrumentation amplifier to work on the same biasing region, improving the
symmetry of the system. In both cases, the input impedance of the acquisition channel is
very high, making the burden current negligible. From these two direct measurements,
it is possible to estimate the battery impedance following the two-voltage measurement
approach [38]. At the end of each estimation channel, an ideal ADC models the acquisition
channel of the high-resolution digitizer used in the prototype. The input capacitor of the
ADC represents the AC coupling of the digitizer.
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Figure 2. Hardware circuit design proposed in [25] and used as the circuit design input to the

simulation framework.

3.2. Software Algorithm

Assuming a negligible current flowing into the acquisition circuit and according to
Ohm’s law, the voltage Vr across the reference resistance R can be used to estimate the

i) = ei) )

Then, the battery impedance Z,;; can be estimated by dividing the voltage V},;; measured

excitation current as follows:

across the battery cell and the estimated current value:

~

Zbatt (f) = M (2)

I(f)

The post-processing algorithm implements the above theory as follows. The digitized
voltages at the output of the measurement channels are imported into Matlab using the
SpectreRF Toolbox. The voltage values are centered to zero to perfectly null the DC
component and are referred back to the INA input by dividing for the INA DC gain.
The FFT algorithm is then applied to the estimated voltage Vi producing three distinct
vectors containing the magnitude, phase, and corresponding frequencies. By applying
Equation (1) for each frequency point, it is possible to estimate the magnitude and phase
of the excitation current I(f). Through the Matlab findpeaks function, it is possible to
localize the values of the peaks in the magnitude vectors, thus defining the frequency
bins corresponding to the multisine excitation. This vector will be used as the basis to
localize the phase values. The same procedure is applied to obtain the magnitude and
phase estimates of the voltage drop across the battery cell V;,;. Finally, the magnitude and
phase of the battery impedance at the test frequencies f; is computed as follows:

. ‘Vbatt(fi)
‘Zbatt(fi) =
1(£)
£LZpare(fi) = LVoare(fi) — ZI(f;) 3)

The frequencies considered in this work are a subset of those used for the prototype
developed in [25] (i.e., 4.64, 6.18,7.73,9.27,13.91, 16.99, 20.09, 27.82, 72.63, 86.54, 100.45, and
120.54 Hz). This choice shortens the computation time without loss of generalization. Those
particular numbers are set by the implementation of the system on a microcontroller-based
prototype [25].
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4. Applications of the Co-Simulation Framework
4.1. Exploiting the Co-Simulation Framework as a Debugger for EIS-Based Prototypes

In this section, the proposed simulation framework is exploited to debug the EIS
system already developed; therefore, to simplify the argumentation and focus on the
modeling of the EIS measurement system only, a simplified RCL-based equivalent circuit
model (ECM) of the battery cell is used, as reported in Figure 3. This simple ECM does not
precisely reproduce the battery impedance, and the physical interpretation of the battery
model is out of scope in this paper. However, it can be conveniently implemented in
Cadence using ideal components, thereby facilitating the verification of the simulation
framework. The values of passive elements used in the ECM are experimentally extracted
from a real fully charged cylindrical battery cell Samsung ICR18650-26] 2600 mAh (Samsung
SDI Co., Ltd., Yongin, South Korea) by using the Hioki IM3590 Chemical Impedance
Analyzer (Hioki corp., Nagano, Japan). In this way, though the model is approximated,
the impedance value of the ECM is in a meaningful range.

C1=126.3 mF

R1=39.1 mQ

L1=417.7 nH

R2=29.1 mQ

Figure 3. Simplified equivalent circuit model of the fully charged battery cell Samsung ICR18650-26]
used in the simulation framework for the preliminary analysis. Values of the parameters were
experimentally extracted using the benchtop Hioki IM3590 Chemical Impedance Analyzer.

As a preliminary test, the impedance spectrum predicted through the co-simulation
framework, which integrates the implementation of the full HW+SW corresponding to the
prototype EIS system, is compared in Figure 4 to the reference analytical values provided
by the simplified ECM described in Section 3. In Figure 5a and Figure 5b, the deviations
between the simulation results and the battery model are reported for the real and imaginary
parts of the impedance, respectively. The overall root mean squared deviation is 18.5 m()
for the real part of the impedance and 17.8 m() for the imaginary part. These values are
estimated as follows:

i (me{zbatt fi)} — %e{Zbatt(fl)})z

1:1

N
% & (i Z(1)) I {Zian(£)}) @

where Zy,, is the reference impedance provided by the ECM and Zj,,; is the impedance
predicted by the simulation framework. It is observed that the simulation results are
significantly dispersed with regard to the reference impedance of the battery cell ECM,
pointing out an unforeseen design issue in the EIS system HW. By exploiting the co-
simulation framework it is possible to analyze all the electrical quantities of interest along
the entire acquisition chain, and in this way not only identify unexpected non-idealities in
the HW architecture, as with conventional eCAD tools, but also highlight their impact on
the final impedance estimates thanks to the integration into the framework of the numerical
algorithms devoted to the processing of electrical data. Specifically, the framework showed
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that the input common-mode (CM) voltage of the INA331s suffered from an important
high-frequency noise, generating distortion at the INA331 output. This high-frequency CM
noise derives from the high-frequency operation of the delta-sigma DAC, whose output
is not completely filtered by the BPF. Indeed, while the BPF was designed to remove
the high-frequency noise from the output current, a residual CM voltage noise passed
through it and affected the CM input of the INAs. Time-domain simulation of the HW
circuit reports clear glitches on the common mode voltage at the INA input, with peak
values of around 1.85 V, as observed in Figure 6. Yet, the analysis only at the circuit
level, using an eCAD tool, does not provide a direct link between the CM noise and the
dispersion observed in the impedance estimates of Figure 4. This kind of correlation can
be identified only by an integrated simulation approach like the proposed co-simulation
framework. The presence of the high-frequency CM noise at the input of the INA331
was then experimentally verified on the prototype by using the Keysight CX3324A Device
Current Waveform Analyzer (Keysight Technologies, Santa Rosa, CA, USA). The results
between the simulation framework and the measurements obtained in the lab are consistent
but not identical, given the impossibility of perfectly modeling all the parasitic components
and their effects. However, the co-simulation framework demonstrated to be an effective
debugging tool capable of locating and explaining misbehavior in a complex real prototype,
which is otherwise rather impossible to detect.

Cole-Cole Diagram
0.04 .

0.03

0.02 | u =

0.01F " 12054Hz S ‘ Y
| | L] 3

Amiz, (9]

-0.01

0021 = Simulation Framework
Battery model

1 1 1 I L )

-0.03 * ;
0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09

Re{z, .} 0]

Figure 4. Comparison of the cell impedance at test frequencies, estimated by the implementation
of the EIS-based prototype design into the co-simulation framework, with the analytical values
predicted by the battery cell model.
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Figure 5. Deviations of the real (a) and imaginary (b) part of impedance when comparing simulation
results with the battery model.
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Figure 6. Simulation of the common mode voltage at the input of the INA331 within the EIS-based
sensor node modeled in the co-simulation framework.

4.2. Benefits of the Co-Simulation Framework in the Design Phase

Other than that, the simulation framework can also be exploited in the design phase,
which is its original purpose. For instance, it can be used to design and optimize an
architectural solution to the issue described above.

To eliminate the CM noise, two capacitors were added to the circuit after the bandpass
filter (as shown in Figure 7) so as to force the CM voltage to stay equal to the reference value
of 1.65 V by providing a low-impedance path for the high-frequency noise. A parametric
analysis of the system in the simulation framework defined the optimal value of 1 mF for
the filtering capacitances. With these two capacitors, the input CM voltage of the INAs stays
in the allowed voltage range, and the differential voltage signals are correctly amplified.
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Even though the presence of the capacitors alters the amplitude and phase of the excitation
current, the actual current flowing through the battery cell is monitored by the current
estimation channel, and correctly estimated by Equation (2), following the two-voltage
measurement approach.

Voltage estimation channel

I
Vem INA331 ADC

Vbatt FFT-based
V- N

::>Z battery

algorithm

W

\

= =
Band pass filter] R=1 Q=|VR = Vocm| INA331 ADC

DAC

] model
1-bit digital stream| 1-bit current E)
—_— =

AMA-AAA
VVVY

Current estimation channel

Figure 7. Refined architecture of the EIS-based system implementing the cancellation of the
common-mode high-frequency noise, which was generated by the delta-sigma modulation of the
excitation current.

The Cole—Cole plot in Figure 8 shows the impedance values estimated at the test
frequencies after the HW architecture refinement. The results of the simulator (blue squares)
are now in good accordance with the ECM model (red circles) over the entire frequency
band of interest. Residual discrepancies at the very low frequencies suggest the presence of
other non-idealities that should be better investigated for further refinements of the EIS
system. However, this test demonstrated the potentialities of the co-simulation framework
in both the non-ideality search and correction phases, and a satisfactory accuracy level
was achieved. Figure 9a and b report the deviations of the real and imaginary parts of
the impedance after the refinement, respectively. The root mean square deviation is now
strongly reduced to 0.59 mQ) for the real part and 0.86 m() for the imaginary part of
the impedance.

Cole-Cole Diagram

0.02 1
0.015 -
\’i on
@
0.01F C
_ @
= 120.54 Hz
g 0.005
N
E
! n
or 4.64 Hz
-0.005
= Simulation Framework
Battery model
-0.01 :

0.04 0.045 0.05 0.055 0.06 0.065 0.07
Re{Z, .} [9]

Figure 8. Comparison of the impedance estimated by the co-simulation framework after the modifi-
cation of the EIS-based system architecture (compare Figure 7 with Figure 2), with the corresponding
analytical values predicted by the battery cell model. The analyses carried out by means of the
proposed integrated framework allowed for a refined design of the EIS-based system, in which a
subtle source of uncertainty was successfully corrected.
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This result is a first significant example of exploitation of the proposed co-simulation
framework for the identification/location of sources of uncertainty, which are hardly
identifiable by means of experimental data only, and the successive informed refinement of
the EIS-based system.
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Figure 9. Deviations of the real (a) and imaginary (b) part of impedance when comparing simulation
results and battery cell model after the refinement of the EIS-based architecture.

4.3. Using the Co-Simulation Framework for Software Validation

Considering that the simulation framework represents a complete model of the entire
measurement system, it can be exploited for the studying and rapid development of novel
circuits and impedance estimation algorithms, without spending time setting up a real
demonstrator. This is very critical for the study and development of efficient excitation
signals, mainly for the online EIS measurement approach. In this context, the co-simulation
framework is exploited to analyze the effect of the crest factor optimization of multisine
excitation signals on the accuracy of the final impedance estimate. To this end, the multisine
signal was divided into three sub-bands following the multiband approach described
in [26], then, each sub-band underwent the Van der Ouderaa crest factor optimization algo-
rithm [39], creating a CF-optimized excitation pattern. The optimized and non-optimized
multisine multiband patterns are used as input to the co-simulation framework, which
implements the battery ECM of Figure 3. Figure 10 compares Cole—Cole plots obtained
through the simulation framework with either the CF-optimized multiband or the non-
optimized multiband multisine sequences, along with the ECM reference. The Cole-Cole
plot derived from the sequence without CF-optimization shows an RMSE of 0.47 m(} in
module and 12.2 mrad in phase, while the Cole—Cole plot derived from the optimized
sequence shows an RMSE of 0.40 m() in module and 4.9 mrad in phase. It is clear that
the CF-optimized pattern leads to a lower dispersion of the impedance estimate around
the ECM ideal response, translating into better accuracy. This study demonstrated the
capabilities and potentialities of the co-simulation framework as a valuable representation
of the real measurement system in all its aspects and non-idealities, allowing for fast vali-
dation of novel algorithms. As a further support, the framework has been extensively used
in [26] for assessing the advantages of the multiband multisine approach. It is important
to emphasize that such an analysis cannot be performed using a purely numerical sim-
ulator. Indeed, the effectiveness of crest factor optimization in concentrating the limited
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power of the excitation signal into the sine tones is inherently dependent on the practical
implementation of the signal generator.

0.02
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Figure 10. Exloitation of the co-simulation framework for the comparison of different multiband
multisine excitation patterns as proposed in [26]. Blue squares represent the impedance estimate
when the excitation pattern is optimized following the VdO crest factor optimization, while green
diamonds represent the impedance estimate when the excitation pattern does not undergo the same
optimization algorithm. Red dots delineate the ideal expected impedance.

5. Experimental Validation of the Co-Simulation Framework

In this Section, the co-simulation framework is experimentally validated against the
refined (see previous Section) EIS-based measurement prototype in operating conditions as
well as the impedance estimates given by the benchtop reference instrument Hioki IM3590
(Hioki Corp., Nagano, Japan). Specifically, the experimental impedance measurements are
carried out with the EIS sensor-node prototype described in Section 3 together with the FFT
algorithm; both are presented and explained in detail in [25]. The hardware architecture of
the prototype is modified according to the optimization solution explained in the previous
Section and represented in Figure 7. To maximize the control of the test conditions, a first
test was carried out using a simple RC circuit made of the parallel connection of a 1-C)
resistor with a 1 mF capacitor as the physical device under test (DUT) connected to the
measurement system, so as to de-embed the results from inaccuracies in the modeling of
an actual battery cell. This reference DUT was used both in the co-simulation framework
as well as in the experimental investigation.

The results of this test are reported in Figure 11. The simulation framework (blue
squares) adequately predicts the ideal behavior of a pure RC parallel circuit, demonstrating
the accuracy of the design for the HW /SW EIS architecture as well as the reliability of the
results provided by the framework. This is in agreement with the previous test discussed
in Section 3. The empirical data, provided by the reference instrument (purple diamonds)
and by the experimental prototype (green triangles), slightly differ from the simulation
results but are in very good mutual agreement, validating the prediction capability of the
co-simulation framework. The discrepancy between simulation prediction and experimen-
tal data can be ascribed to the technological dispersion in the actual values of R and C
parameters with regard to the nominal ones, as well as the presence of parasitic elements
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in the interconnection between the DUT and the EIS measurement system that are not
taken into account in this iteration of the simulation framework. In addition, the accuracy
limitations of the models for passive and active components exploited in the CAD should
always be recalled when evaluating the origins of these residual discrepancies. For these
reasons, the simulation would be expected to strongly further converge onto the empirical
reference data if a “perfect” model of the R-C and all the HW components (including the
access network) is implemented into the numerical framework.

Cole-Cole Diagram
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Figure 11. Comparison of impedance at test frequencies among the results predicted by the co-
simulation framework including a pure RC parallel as DUT, the analytical values of the pure RC
model, the estimates of the experimental prototype applied to the corresponding physical DUT,
and the results provided by the Hioki reference instrument.

5.1. Battery Cell Model Based on Fractional-Order Capacitor

To fully test the accuracy of the results provided by the simulation framework as
a digital representation of the EIS-based measurement system used to monitor battery
cells, it is fundamental to implement in it an adequately accurate model of the battery cell.
Fractional-order, CPE-based ECMs have been demonstrated to be highly accurate models
already at reduced complexity levels [17,40,41]. Even a simple modified Randles model
consisting of a resistor in series to the parallel connection of another resistor with a CPE
demonstrated good prediction capabilities for the impedance of a lithium battery cell when
compared to data collected from the real field [42]. For this reason, the simple battery cell
model of Figure 3 is substituted with a more accurate version that incorporates a CPE,
whose impedance is defined as follows [43]:

1

ZCPE(f) = W with) <a <1, (5)
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where « is the fractional order and Q is the pseudo-capacitance [44].

Fractional-order circuits have found widespread use in different applications, such
as biochemistry and medicine, to model diffusive phenomena like the double-layer effect
at solid-liquid interfaces [45-47]. Detailed studies about the relationship between the EIS
response and the physical phenomena occurring in the battery cell can be found in [48-50].
For the test reported in the following, the values of the two resistors and the parameters
characterizing the CPE were experimentally extracted by means of measurements carried
out with the Hioki Chemical Impedance Analyzer connected to a fully charged lithium-ion
battery cell.

To implement the CPE in e-CAD software, either active or passive circuit components
can be exploited, which allow one to reproduce the behavior of the CPE in a target frequency
band. The active circuits involve the use of operational amplifiers and emerged as a
promising method for developing tunable characteristics of the CPE, such as the order,
the impedance value, and the bandwidth of operation [51,52]. However, the complexity
of the circuit involved is a significant drawback of this approach [53]. For this reason,
in this study, the behavior of the CPE is modeled by means of a purely passive circuit
(Figure 12). Equation (5) is approximated by applying the continued fraction expansion
(CFE) technique, which allows one to achieve a rational approximation of the complex
function s* [45,54-56]. After the rational approximation, Equation (5) is re-formulated
in order to derive the values of the components of an RC ladder topology named Cauer
I [45,57]. By means of AC analyses, the approximation of the CPE demonstrated to be
accurate within the frequency range of interest [4 Hz-120 Hz], with a maximum relative
deviation from the ideal fractional model of less than 1%. The application of the CFE
method and Cauer I was carried out by means of the code proposed in [58].
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Figure 12. Fractional-order ECM of a battery cell, including a CPE (highlighted in red) approximated
by a ladder of purely passive elements in the frequency range [4 Hz-120 Hz].

5.2. Results After Improving the ECM of the Cell

After the implementation of an improved battery cell ECM, it was possible to compare
the predictions provided by the co-simulation framework with the experimental results ob-
tained by the prototype of the EIS-based monitoring system applied to a real fully charged
lithium-ion battery, as shown in Figure 13. Even in this case, the agreement between the
co-simulation framework predictions and the ECM analytical values is high, with mini-
mal discrepancies at the very low frequencies, which can be related to inaccuracies of the
HW /SW design architecture and point out possible improvement directions. The simula-
tion results are in good agreement also with the experimental prototype. The differences
between the results of the simulation and the experimental prototype can be ascribed
to non-idealities and parasitic effects not yet modeled in the co-simulation framework,
as discussed in Section 3. For instance, connection impedances are not modeled in the
simulation, while it is known that their effect is not negligible when monitoring devices
with very low-value impedances, like the battery cells. Moreover, there is an inherent
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technological dispersion of the parameters of the EIS system with respect to those used in
the models for the components employed in the CAD. To exploit the simulation framework
within a digital twin, those dispersive effects should be experimentally evaluated, and their
estimate should be added to the system model.

Cole-Cole Diagram
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Figure 13. Comparison of impedance at test frequencies among the co-simulation framework pre-
dictions, the enhanced battery model, the refined experimental prototype estimates, and the Hioki
reference data.

As a further reference, the same battery cell was measured using the reference in-
strument Hioki IM3590, assessing the absolute accuracy of the results provided by the
prototype and the framework. The enhanced fractional-order ECM of the battery cell
(red circles) well fits the impedance shape provided by the reference instrument (purple
diamonds), demonstrating the very good quality of the model.

In summary, this test supplements the previous ones, by demonstrating the capability
of the co-simulation framework to predict the operation and results of a complete HW /SW
EIS-based monitoring system applied to a commercial battery cell.

6. Conclusions

In this work, a numerical co-simulation framework was proposed for the design,
analysis, and support during the validation of complex EIS-based measurement systems
devoted to the online monitoring of battery cells. The framework allows for the analysis
of the measurement system as a whole, taking into consideration the interrelationships
between the hardware circuit parts and the algorithms implemented at the software level
for the estimation of the impedance spectrum from the bare voltage/current measurements.
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This approach makes the proposed simulation framework useful during both the
design phase of novel systems and the experimental phase, where it can be used as a digital
model of a preliminary prototype for supporting the performance assessment, and/or
to better investigate and correctly locate sources of uncertainty within either the HW
architecture or the SW algorithms and allow for a refinement of the design. Moreover, it
can be used as the simulation core within the digital twin of the sensorized battery cell. The
co-simulation framework was proposed without any relation to specific software, while an
implementation using Cadence Virtuoso and Matlab was described and used to validate the
approach. The implemented co-simulation framework can run on a standard workstation
without particular issues, yet the simulations take approximately one hour at the maximum
accuracy level, limiting this implementation to offline analysis. In order to employ the
co-simulation framework in a digital twin, a simplified implementation should be realized.

To demonstrate the capabilities of the proposed framework, three different applications
are presented and discussed. Firstly, the framework has been used to debug a sensor-node
prototype based on the EIS architecture presented in [25]. This allowed for the identification
of a subtle non-ideality in the hardware architecture that is highlighted as a small distortion
effect in the HW simulation alone, but caused the signal processing algorithm to provide
totally wrong estimates of the battery impedance. Then, the same co-simulation framework
has been used as a design tool for the definition of a correction to the circuit architecture to
cope with such a source of uncertainty, taking into consideration the effects on the software
algorithms. Finally, the co-simulation framework has been used as a comprehensive model
of the EIS-based sensor for studying the effect of crest factor optimization on the excitation
pattern on the accuracy of the final impedance estimate, without the need to practically
realize the demonstrator while taking into account all the HW /SW non-idealities.

In conclusion, when combined with an accurate model of the battery cell, like a
fractional-order ECM based on CPEs, the co-simulation framework accurately predicted the
experimental response of the refined prototype, in agreement with reference data provided
by a gold-standard benchtop instrument. Further improvements of the co-simulation
framework are needed to take into account other important elements of the EIS-based
monitoring system, like the fixture for connecting the ASIC to the battery cell, which is
affected by important non-ideality effects. Moreover, for very accurate results, the current
co-simulation framework requires a refinement/calibration step to take into account the
process variability and dispersion of the main circuit parameters.
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