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Analysis of Electrochemical Impedance Spectroscopy (EIS) data for electrochemical systems often consistingf ate
Equivalent Circuit Model (ECM) using expert knowledge and then optimizing the model parameters to deconvolute various
resistance, capacitive, inductive, or diffusion responses. For small data sets, this procedure can be conducted manually; however, it
is not feasible to manually dee a proper ECM for extensive data sets with a wide range of EIS responses. Automatic
identi cation of an ECM would substantially accelerate the analysis of large sets of EIS data. We showcase machine learning
methods to classify the ECMs of 9,300 impedance spectra provided by QuantumScape for the BatteryDEV hackathon. The best-
performing approach is a gradient-boosted tree model utilizing a library to automatically generate features, followed by a random
forest model using the raw spectral data. A convolutional neural network using boolean images of Nyquist representations is
presented as an alternative, although it achieves a lower accuracy. We publish the data and open source the associated code. The
approaches described in this article can serve as benchmarks for further studies. A key remaining challenge is #imlityenfti
the labels, underlined by the model performances and the comparison of misataspectra.
© 2023 The Author(s). Published on behalf of The Electrochemical Society by IOP Publishing Limited. This is an open access
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Processes inside lithium-ion batteries (LIBs) and other electro-judgment, meaning that the evaluation of a very large number of
chemical devices occur at different timescaiés LIBs, lithium ions EIS measurements is a ddult process to automate.
are shuttled between positive and negative electrodes, via the As in many other scientc and engineering elds, Machine
electrolyte and separator, mostly through diffusion processes. Théearning (ML) methods have become popular in the area of
kinetics during this transition vary due to differences between electrochemistry to accelerate data analysis or modeling tasks,
lithium-ion diffusion coef cients in liquids (electrolyte) and solids especially for large data sets. For example, ML methods have
(positive/negative electrode active materials), which give rise to thebeen used successfully for predicting the remaining useful life of
different timescales mentioned. One method for monitoring thebatteries both in laboratory environmefitas well as in deployed
various responses of electrochemical systems over different timesystems:® Furthermore, machine learning methods gained popu-
scales is EIS, a non-invasive technique that uses AC voltage olarity during the last years for analyzing spectral data such as FTIR
current signals over a spectrum of frequencies to excite processegpectrd,”'® Raman spectrd, 2° X-ray diffraction spectr&; and EIS
within the electrochemical system. These spectra can thus facilitatélata’“**” Recent developments include Bayesian model selection
the evaluation of electrochemical sgyste?nsuch as batteries>> for EIS datd®?° based on fast Bayesian inference using
fuel cells® supercapacitor§corrosion® or biological system8.For quadraturé®®!* Further development of software tools and ML
batteries, particular research areas exploiting EIS are ECMmethods for analyzing impedance data can be accelerated by the
characterizatior, blocking electrode experiments to investigate publication of open-source software libraries and data sets. There
purely ionic or electronic behaviof'g, diffusion processes exists open-source software to analyze EIS data (e.g. B&fS3).
modeling!* characterization of porous electrodéslectrode char-  However, there is still signicant potential and need for analysis
acterization via transmission line modelifitand monitoring of cell ~ software, and machine learning approaches to be shared and
performancé? However, to analyze these spectra and to assign apublished open source. The situation is similar for data. Various
speci ¢ mechanism such as electronic resistance, charge-transfeglata sets are availabté?"3*3° put the total amount of open data is
mass transport, etc., electrochemists usually employ ECM tostill small compared to the wide range of applications and the
represent the different physicochemical processes in the battery bgliversity of EIS data that arises from those. So, this article aims to
parameterizing them in terms of electrical circuit elements such agontribute to the growing body of open-source battery data and
inductance, resistance, capacitance, or a combination of thensoftware. We focus on using ML methods to accurately classify the
De ning the structure of an ECM generally requires expert latent ECM. With this article, we share a large synthetic EIS data set

with the associates ECMs and an unlabeled data set consisting of
synthetic and measured data, both provided by QuantumScape (QS)
2E-mail: joachim.schaeffer@iat.tu-darmstadt.demon.engelke@battery.associates ~ for the international BatteryDEV hackathon to attract a variety of



Journal of The Electrochemical Socie8023170 060512

Table I. The prede ned ECM con gurations, see Tablell for detailed descriptions of each element.

Name

Number of parameters

Number of spectra (withdtetring)

L-R-RCPE
L-R-RCPE-RCPE (L-R-2RCPE)

L-R-RCPE-RCPE-RCPE (L-R-3RCPE)

RC-G-G
RC-RC-RCPE-RCPE
RCPE-RCPE (2RCPE)
RCPE-RCPE-RCPE (3RCPE)

RCPE-RCPE-RCPE-RCPE (4RCPE)

752 (1,084)
1,050 (1,132)
1,101 (1,114)

1,099 (1,099)

1,146 (1,152)
1,060 (1,064)
1,129 (1,140)

1,134 (1,138)

R-Ws (Rs_Ws) 330 (404)

Table Il. The circuit elements.

Symbol Name Number of parameters Equation

L Inductance 1 j L

R Resistance 1 R

C Capacitance 1 1

jc

CPE Constant phase element 2 1 .
C(i)

G Gerischer element 2 R
Ji+jt

Ws Warburg short element 3 REHG_HP)

(i vP

researchers and source interdisciplinary solutions for the problem ofeciprocal distributions, except for the time constants, which were
ECM identi cation. drawn from uniform distributions. Furthermore, it was ensured that
the time constants of the RC elements are sigantly different for
BatteryDEV Hackathon—The machine learning approaches each impedance spectrum associated with the RC-RC-RCPE-RCPE
described in this article were partially developed during the one-circuit, i.e., max{ +/ 2, # }) > 1Q The parameter bounds and
week open-source BatteryDEV hackathon in March 2022. However frequency ranges are informed by the solid-state battery R&D of QS.
additional approaches were developed afterward, and the existingurthermore, QS shared an unlabeled data set containing 80%
work was re ned for this article. This publication makes the data and synthetic and 20% measured data, which is also made available
the code publicly available. The BatteryDEV hackathons werebut not analyzed in this article. Information about how to access the
started by its host organization Battery Associates to foster innovadata can be found in the Data and Code Availability Section.
tion in the battery space. Thest BatteryDEV hackathon took place Table | illustrates the nine classes of the preded ECMs. A
in January 2021, and the second iteration in March 2022. Thehyphen denotes series connections, and a combination of two elements
BatteryDEV hackathons receive support from industry and aca-denotes a parallel connection. Each parallel connection has only two
demia, as described in the acknowledgments. Within the context obranches, each consisting of one ed&im The name in parenthesis is a
batteries, the objectives of BatteryDEV are to (1) increase globalshorthand notation. The number afpedance spectra in parenthesis is
collaboration involving data across sectors, (2) encourage thehe number of spectra prior tdtering out spectra that metter criteria
development of open-source solutions for analyzing data, and (3pescribed in the Supplementary Information (SI), Section Al.1. These
provide an opportunity for hands-on training to grow the pool of criteria remove spectra that are either unphysical or unlikely to
global talent. For BatteryDEV 2022, there were 140 registrations, 85represent a physical battery or boHowever, for completeness, we
people joined the hackathon, and there were submissions from 6@hclude results for theltered and unltered data in Tablé/. All other
participants. There were registrations from more than 20 countriesresults correspond to thetered data. Tablél states the six circuit
and participants included Data Analytics, ML, Battery, and Energy elements, names, number of parameters, and equations for each of the
Materials experts from industry and academia, many participating inelements which form the ECMs in Takle
interdisciplinary teams. The need for more openly available data sets Figure 1 shows four example spectra with different corre-
in the battery space is widely accepf®d! Hackathons can sponding ECMs. The Bode plot on the left of each subplot shows
accelerate innovation and have been shown to yield exciting resultshe magnitude in black and the phase shift in green. The Nyquist plot
in other elds®® shows the impedance response to each frequency used to excite the
This article is organized as follows. The next section describessystem, with each data point in the Nyquist plot corresponding to a
the EIS data set provided by QS. The Challenge Sectionekethe  distinct frequency; note that a Nyquist plot alone without frequency
purpose and the challenges of the hackathon. The Clzt#n labeling does not show the data fully, as all detail of the frequency
Approaches Section reports the approaches, followed by a discusdimension is lost. The values in the Nyquist plot with a small
sion of other ideas and the conclusions. absolute value correspond to the higher frequencies.

EIS Data Set . .
Data preprocessing—The range of frequencies and the number
The EIS data set?, associated with this article was created by of measured frequencies vary widely between the spectra of each
QS. It comprises approximately 9,300 synthetic impedance spectraircuit class (see Sl Figs. A.3 and A.4). The frequency ranges and
z 2, that are vectors of impedances, ". Furthermore, the ranges of the number of measured frequencies are the same for all
data set includes the generating ECM types. No noise was added taircuits. Choosing spect frequency ranges is standard practice,
the data. The parameters of the ECMs were drawn from independerttepending on the underlying battésycharacteristics and the scope
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Figure 7. Different EIS spectra interpolated to a common frequency range visualized in a Nyquist plot.
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Figure 8. Confusion matrix of predictions on the random 20% data held out for testing for the CNN clatssh model. Weighted F1-score: 0.32.

resulting embeddings generated by the layers close torthklayer of would be to allow for retraininghe parameters dhe MobileNetV2.

the network, do not work well to classify EIS spectra. One explanation isHowever, this is non-trivial givethe small amount of fewer than 10 k
that the statistics of (natural) imesfollow special distributiorf,which spectra and was thus not pursued further.

are very different from the sparsetuie of the EIS data. Consequently,

the embeddings learned from thaiting data of the MobileNetV2 do Comparison of classication results—The classication results

not suit the EIS classcation task. A possible solution for this issue show that the highest prediction accuracy was obtained by the








