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Abstract

Estimating the State of health (SoH) of Lithium-ion (Li-ion) batteries is a challenging task due to cross
coupling and dependency between ageing mechanisms. An accurate estimation is particularly
essential for second-life batteries to facilitate their successful implementation in the new application.
By adopting the Electrochemical Impedance Spectroscopy (EIS) test and a machine learning (ML)
approach, the accelerated SoH estimation problem is studied here. For this purpose, 325 experiments
for 30 Li-ion cells were conducted at various SoH, temperature, and state of charge. First an optimised
Gaussian Process Regression model is developed and validated for SoH estimation. Then the sensitivity
of the model is evaluated relative to measurement noise. Finally, the model’s robustness is quantified
through a case study involving cells that have been characterised with different physical test
equipment. The results demonstrate that the model can predict the SoH of Li-ion cells with an error
about 1.1% and is reasonably robust to the various testing conditions of the battery. The methodology
for handling the EIS data within a machine learning framework, the sensitivity analysis and the
robustness quantification techniques are the main novelties of this study in the context of grading Li-
ion batteries for second-life applications

Keywords: Electrochemical Impedance spectroscopy, Second life Lithium-ion batteries, Machine
Learning, State of health, Prediction

l. Introduction

With the drastic increase in the number of hybrid and electric vehicles (EVs) in recent years, the global
demand for lithium-ion batteries as their main power source has gone up significantly. This demand
is expected to grow by 26% from 2021 to 2031, with a market value of about $70 billion by 2026 [1].
This record-breaking demand and the high production cost of lithium-ion batteries have attracted
attentions toward the reuse, recycle and disposal management of those soon after they are technically
at their end of life (EoL) in the EVs [2].

Reusing the batteries has significant economic benefits and reduced environmental impacts. In the
case of lithium-ion batteries for EVs, the remaining energy capacity of cells has a direct impact on the
vehicles remaining range and its safety. Generally, when the cell’s state of health (SoH), which is the
ratio of the present capacity to the initial capacity [3, 4], falls below 80%, it is considered retired due
to reduced ability of supplying the energy and power for the EVs [5]. The retired batteries while not
of any use for EVs can still be repurposed and utilised in many other applications, in fact they play an
important role in energy storage systems that require relatively lower energy or power. Examples of
such applications include load-shifting and frequency regulation in grid-scale [6, 7]. A comprehensive
review of the applications of second-life batteries can be found in [5].
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An accurate estimation of SoH is necessary for its safe and reliable implementation in the next life
application. There exist several techniques to test retired batteries. In [8], constant current pulses are
utilised to evaluate the cycle life of cells. Electrochemical models are developed by [9, 10] to capture
the ageing mechanism of batteries by quantifying the change in the volume of the cyclable lithium-
ions as well as the solid electrolyte interphase film resistance [11]. These electrochemical models are
hard to be derived for second-life cells as their parametrisation is much more challenging, due to
complex and nonlinear grading mechanisms, compared to the new cells. In search for methods with
affordable cost and complexity for SoH estimation, a few studies have focused on the identification of
certain parameters of cells as health indicators. Admitting that the cell energy capacity is a measure
of its health, techniques based on incremental capacity and differential voltage are very common in
this category [12, 13]. Beside energy capacity, the battery impedance can also serve as an indicator
for its SoH, several researchers have focused on impedance measurement via an electrochemical
impedance spectroscopy (EIS) test [14, 15]. EIS test determines the battery impedance at different
frequencies and is considered as one of the off-line, non-intrusive and in-situ techniques for SoH
characterisation [15]. It is favourable as only requires voltage and current measurements in the
frequency domain.

EIS measurements have been used for SoH estimation of cells in a few studies of different applications.
In [16] 3-electrode pouch cells were tested via EIS and modelled via equivalent circuits with a SoH
estimation accuracy of 7%. An estimation of the Li-ion battery cell SoH during its operation is proposed
in [17] by designing an EIS test for measuring the cell impedances at different SoC, and temperatures.
Quasi-EIS tests are conducted in [18], and an empirical method with an error up to 1% is utilised in
[19] to estimate the battery SoH considering its relaxation time. An identification of different ageing
mechanisms addressing active material loss and loss of lithium-ions is performed in [20]. An online or
so called in-operando version of the EIS test for the SoH estimation of cells is proposed in [21].

Most of the abovementioned studies have focused on just one or only on a handful number of cells,
which makes generalisation of the algorithms to real-world problems quite challenging. Considering
the high volume of data points and the information generated via energy capacity or impedance
determination tests, data driven approaches such as machine learning (ML) are very suitable to
perform SoH estimation on a large stack of cells. SoH estimation based on ML models has been
recently addressed in a few studies. For example, an ensemble model based on usual capacity test
data is developed in [22] for predicting the remaining useful life of the cells. The model is an infusion
of an empirical and a polynomial regression model tested on six individual cells at room temperature.
Extreme learning models are developed in [23, 24] for degradation estimation of cells tested under
specific loading profiles and real-world cycling conditions [25]. Deep learning models based on
capacity tests are proposed in [26] for SoH prognostics of connected cells in a series configuration. A
combination of linear and Gaussian support vector machines is developed in [27] to improve the cycle
life prediction. Long short-term memory models based on the capacity tests are developed in [28, 29]
and tested on experimental and open-source data set with a SoH error estimation error below 1.46%.

Focusing on EIS test, while they can be very useful for SoH characterisation of cells in larger volumes,
they have not yet been fully investigated with this aim. Example researches include EIS measurements
combined with fuzzy logic algorithms for SoH characterisation of cells as addressed in [30, 31] and
regression models based on twelve Li-ion cells EIS spectrum developed in [32]. Acomprehensive study
based on the EIS field data for the online estimation of SoH is performed in [33] where the degradation
is monitored at the electrode level. A neural network based on EIS tests and equivalent circuit analysis
is developed in [34] with the predictions of equivalent series resistance, charge-transfer resistance,
and solid-electrolyte interphase resistance as representation of cells state of health by errors below
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5%, 1.5%, and 1%, respectively. The zero-crossing frequency of the li-ion cells is considered as a feature
to train a neural network for SoH estimation in [35]. A study based on EIS measurements at constant
temperatures is performed via Gaussian process regression models for the estimation of remaining
useful life of commercial cells for up to 300 cycles in [36].

While there are relatively large number of methods developed for SoC estimation via EIS tests and
machine learning approaches [37, 38], not enough attention has been given to the SoH estimation by
EIS experiments and there is an obvious research gap specially for second life battery applications.
One of the main differences between the new and re-purposed cells is the inconsistency in between
their characteristics [2, 39]. This inconsistency and difference between the cells usually lead to
different ageing patterns and SoH for the cells. Therefore, tailoring the SoH estimation algorithms and
methods for larger number of cells at their second life is still required. To address this issue and take
the advantage of EIS measurements, this study focuses on the SoH estimation of NMC cells via EIS
tests and a machine learning modelling approach. This research answers the following questions:

1. If the EIS test data can be directly used for the SoH estimation of cells or feature engineering
is necessary?

2. What is the configuration of a ML model for SoH estimation?

3. How robust the method is to the measurement noise?

4. How generalisable are the ML-based models to real-world uncertainties arising from
variations in test equipment?

5. What is the minimum amount of conditioning information required for an accurate SoH
estimation?

To answer the above questions, first a series of EIS characterisation tests are conducted to provide
training and validation data for the study. To factor in the impact of the cell-to-cell variation and
facilitating an analysis based on the similarities and differences between the cells during the SoH
estimation, each test is conducted on 4 batteries of the same type and from the same manufacturer.
To uncover the impact of the testing temperature and the state of charge on the cells SoH
predictability, the tests are run at three different temperatures of 15, 25, and 35 °C as well as 5
different SoC breakpoints between 5% to 95% (5, 20, 50, 70, 95). The correlation in between cell
impedance, SoC, temperature and its SoH is built via a machine learning model. In this context, a
Gaussian Process Regression model is developed and optimised via Bayesian methods. The model is
created for two scenarios to identify the minimum amount of information for an accurate estimation
and the necessity of feature engineering. In the first scenario, the full EIS data and in the second one,
the selected features are utilised for building the ML model. For the first time in this study, a
methodology is proposed to evaluate the model’s sensitivity to the measurement noise by generating
synthetic noisy inputs for the model. Additionally, the model’s robustness is evaluated under a testing
condition with different experimental equipment and cooling mechanism as well as the different set
of model inputs for studying its generalisability. A brief diagram of this paper’s proposal is as Figure 1.
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Figure 1: The diagram of the machine learning model for the prediction of the cell SoH via EIS test

The remainder of this paper is as follows, Section Il, give the experimental details, the test protocols,
and the plans. Section Ill articulates the machine learning modelling approach. In this section, the list
of inputs and outputs, the definition of features and their extraction process is also given. Section VI
includes the main results related to the prediction of the SoH. Section V includes discussions regarding
the sensitivity and robustness of models. The final section summarises the methodology, results and
findings and concludes the paper.

Il. Experiments

To conduct this study, 30 Lithium-ion commercial LGM50 cells with NMC chemistry have been utilised.
The rated capacity of cells was 5 Ah defined by the manufacturer. The initial capacity of all the cells
has been measured as the reference for their state of health at C/3 current charge-discharge between
4.2 Vto 2.5 V with a C/20 cutoff current at constant voltage mode during charge at 25 °C. Based on
the reference capacity, the cell’s state of health has been defined via Eq (1).

(1)

Current Capacaity(Ah) N

SoH (%) =
%) Reference Capacaity(Ah)

100

From the initial 30 cells, subsets of cells have been aged to produce 4 additional case breaks of 80, 85,
90 and 95% SoH where it has been assumed that the reference case is related to the 100% SoH. For
each SoH subset in addition to the 1% cell tested 4 further cells have been aged similarly and stored
under similar conditions, where their performance has been examined subsequently. This was
required to evaluate cell-to-cell variation during analysis. The cycling test for aging was performed
using a 10 A Digatron battery cycler with 192 channels where the cells were maintained at 25 °C within
a thermal chamber (Binder™). During the cycling process the cells have been charged at C/2 constant-
current mode until 4.2 V followed by a constant voltage charge mode until the current drops to C/20
and finished with a discharge at 1C constant current until the cell voltage reaches to 2.5 V. the charge
and discharge process has been repeated till the cell reaches the required SoH. For different SoHs,
the number of cycles has been different and varying between 60 cycles to reach a 95% SoH and 250
cycles to reach the 80% SoH.

The current capacity of the cells has been quantified for Eq. (1) via a C/3 charge discharge test profile,
similar to the reference capacity test case for consistency. After the ageing process, the cells have
been subject to a performance test. This comprises the impedance measurement via EIS test at
different SoCs (5, 20, 50, 70 and 95%) and temperatures (15, 25 and 35 °C). Before starting the tests,
all the cells have been immersed in an oil bath (Kryo-51 dielectric oil) for about 4 hours to guarantee
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a thermal homogeneity within the cells and across their surface, a Lauda cooling system has been used
to keep the cell’s temperature at the defined condition. Figure 2 (a) and (b) show the test and the

experimental setup configuration.

n Battéry Colls )

(c)

PC for data
recording B I
: attery Ce's Lauda
immersed in A
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attery cycler H S
‘ » dielectric oil sy

Multiplexer »

Figure 2: (a) Battery test setup configuration, (b) Test rig after immersion in oil, (c) Block diagram of the test

setup

In performance tests, the cells have been discharged to the desired SoC (using a Coulomb counting
method) at C/3 current and relaxed for 4 hours to minimize the potential/concentration gradients
across the electrode/cell domain caused by the applied current [40, 41]. Once the cell voltage has
reached equilibrium, the EIS measurement is conducted via the Multiplexer equipment in Figure 2 (c)
configuration, between frequencies of 10kHz to 10mHz with a sinusoidal current superimposed on a
DC current at 250 mA. An example EIS Nyquist spectrum is given in Figure 3 (a), where the horizontal
axis refers to the real part of the impedance and the vertical one is for the imaginary part. It is
noteworthy that the frequency values defined in Figure 3 (a) are approximate and the values for a
given cell are known to vary depending on the cell manufacturers, electrochemistry, and form-factor.

(a) (b)
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Figure 3: (a) An example EIS spectrum of the Lithium-ion battery, (b) visualisation of some EIS graphs at various
SoH, (c) the feature definition for EIS graphs

For each cell, the impedance (Ohm), Z(f) is quantified via Eq. (2), where | and V refer to the sinusoidal
current and voltage at a particular frequency f (Hz). Here, ¢ refers to the phase angle of the voltage.
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The EIS curve is a good representative of the cell’s characteristics, the low frequency section (10 - 100
mHz) is associated with the diffusion processes that take place inside the cell, while the medium
frequency range (circa 1 Hz) is indicating its double-layer capacitance effect. In the high frequency
range (greater than 500 Hz), the interception between the curve and the real axis indicates the cell’s
Ohmic resistance [37].

Following these experiments, a combination of the 30 cells at 5 different SoH, 5 different SoC and 3
temperatures have led to 300 cases for the modelling and analysis purposes. Example records of data
are visualised on Figure 3 (b) at various SoH, 15 °C and 5% SoC.

lll. Machine Learning Model

To uncover the relation between the EIS measurements of the cells and the associated SoH, the GPR
model is created. For this purpose, first the fundamentals of the GPR are given and then the accuracy
metrics are provided to evaluate the performance of the model for completeness.

GPRis a Bayesian method based on Gaussian processes for non-parametric regression. GPR is deemed
to be suitable for dealing with small data set and is capable of providing uncertainty measurements
on the predictions [42]. As a Bayesian method, it helps inferring the probability distribution of the
parameters in a function that is meant to be learnt through the training process. For a given input
indicated by X, the GPR creates a probability distribution function of f(x) with the mean and covariance
function of m(x) and C(x,x’) as Eq. (3).

f (x) ~ GPR(m(x),C(x, X)) (3)

m(x) = E(f (x))
C(x,x") = E[(m(x)— f(x))(m(x) - f(x'))]

Here, E is the expected value. C(x,x ) is alternatively called a kernel function to capture the relevance
between the real responses and predicted values by the similarities of the associated inputs.

In the regression process, the prior distribution of the output is specified as Eq. (4), where D refers to
the distribution function and its mean value is set to zero for simplicity during the computations.

y ~ D(0,C(x,x") (4)
Considering y’ as the predicted output, X as the training and x’ as the test dataset, the joint prior

distribution of y”and y is specified by Eq. (5) assuming that the training and test data have the same
Gaussian distribution.

v C(x,x) C(x,x" (5)
) D(O’[C(x,x'f C(x',x')D

These kernel functions of the GPR need to be carefully selected and their hyperparameters, which are
denoted by g, are required to be optimised to guarantee a desirable performance of the model. A
review of various kernel functions, their details and hyperparameters is given in [43].
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The hyperparameter optimisation is usually performed through minimising the negative logarithmic
likelihood function L(6g) given as Eq. (6) using the gradient descent or heuristic approaches [44, 45].

L(6g) = %Iog [detC(é’G)]+% yTC_l(ﬁG)y+glog(27z) (6)

Through this optimisation the predicted output of the test dataset can be obtained through its
conditional distribution by Eq. (7),

P(Y'Ixy,x")~N(y'ly'cov(y)) (7)

where y' is the mean value of the predicted outputs and the cov(y’) is their variance defined by

¥'=C06x) k()] yand cov(y’) = C(x', x)—C(x )T [k(x x)] " k(x,x) respectively.

To validate the model, the cross-validation (CV) approach is taken [46]. Cross validation is a technique
based on splitting data randomly into K folds and using those folds for training and validation
iteratively. The folds are mutually exclusive portions of the whole dataset, and the idea is to use each
portion at least once for validation. The number of folds is defined by the researcher and the folds
usually have the same size. The diagram of Figure 4 shows the split of the data into K = 5 folds of
training and validation. As the figure shows, at each iteration, K-1 folds are used for training the model
and the remaining fold is used for validation. CV is very suitable for small to medium size datasets
where there is limited data for validation. The performance of the model is only evaluated based on
the accuracy metrics applied to the validation portion of the data.

Data Training
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Validation
Final Model

i Fold 1 Fold 2 Fold 3 Fold 4 Fold5 —>» icti i N
Iteration 1 Prediction metrices 1 Performance
Iteration 2 Fold 1 Fold 2 Fold 3 Fold 4 Fold5 _—» prediction metrices 2 1

i Fold 1 Fold 2 Fold3  Fold4  Fold5 icti i Average of
Iteration 3 — Prediction metrices 3 Metrices
Iteration 4 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 — Prediction metrices 4
Iteration 5 Fold 1 Fold 2 Fold 3 Fold 4 Fold5 —— Prediction metrices 5 J

Figure 4: Cross validation approach for training and evaluating the model performance during validation

To evaluate the performance of the models for the prediction of the SoH values, four complimentary
performance metrics are utilised.

Root mean squared error (RMSE), is the first measure which is calculated by Eq. (8) and indicates the
difference between the predicted and real SoH values. Here N is referring to the number of data
points. RMSE has the same unit of SoH so it is in %. Mean squared error (MSE) is the second metric
which is the second power of the RMSE.

1 N .
RMSE = JWZ a(vi=93)

The third metric is R-Squared (R?), obtained by Eq. (9)

(8)
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_ 1 . .
average of all output values y = WZLyJ for j =1,...,N. R?is a value between 0 and 1, it does not have

a unit and so reported here in percent. An R? of 100% means a perfect prediction where the modelled
outputs and the real values are matched exactly. The final metric is the mean absolute error (MAE)
which is given by Eq. (10).

1 , 10
MAEZWZLM—M o

The four metrics are only applied to the validation portion of the data during each iteration of cross-
validation.

IV. Main Results

To analyse the performance of the GPR model for the prediction of SoH, two case studies are reported
here. One with all the data points of the EIS graphs as inputs to the model beside the SoC and
temperature, and the other one, with specific features extracted from the EIS graphs as inputs. Figure
3 (c) shows the approximate features on a sample EIS graph. The list of the inputs for each of the case
studies has been given in the Table 1.

Table 1: The input and outputs for the two case study models based on EIS and conditioning data

Model Case Study 1 Type Case Study 2 Type
Inputs EIS at 61 frequencies Real F1: Highest Frequency point Real
Imaginary F2: Minimum Real Value point Imaginary
Temperature F3: lowest frequency point Frequency
SoC F4: Zero crossing point

F5: Peak point

F6: local minima between F4 and F5
F7: local minima between F5 and F3
Temperature

SoC

Response | SoH (100% to 80%) SoH (100% to 80%)

It is worth mentioning that one means to exploit the EIS data to train the ML algorithm is to extract
key features from the spectrum that can be used to characterise the general shape of the EIS response
and the ageing state of the battery. This has the potential advantage of reducing the volume of data
that must be stored to underpin model training and validation. Here, the features are selected
considering the variations in between the cells at different SoHs as well as the expert’s view
considering the fact that each of those is a representative of various characteristics of a cell’s health
as:

- F1is related to the information of cell at the highest frequency

- F2 is a numerical choice

- F3 is related to the information of cell at lowest frequency, the slope of the line between F7 and F3
is related to the gradient of the Warburg impedance
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- F4 is zero-crossing point and related to the DC resistance of cell

- F6 is related to the possibility of the build-up of formation of the solid electrode interphase layer
- F5 is related to the value of change transfer impedance

- F7 is the “turning-point” that represents the transition to diffusion

A detailed discussion on each of these factors is beyond the scope of this paper and can be found in a
number of educational texts [47] and research articles highlighting how to interpret the EIS profile of
the lithium-ion battery [48], build an equivalent circuit model of the battery for voltage prediction and
to facilitate control algorithm design [49] and finally to infer battery ageing and the different
degradation modes that impact battery life and performance [48].

In order to show the importance and relevance of the selected features of the second case study, a
correlation analysis is performed here. For this purpose the correlation coefficeints and their
significane is calculated via Pearson product-moment correlation analysis method [51]. considering
the features as variable F, and the SoH for each case, the coefficients of I'e sonare obtained via equation
(11). Where, p is the mean value of each feature, ¢ is the standard deviation and E refers to the
expectation.

E[(F — ) (SoH — ssot ) |
= 11
'F SoH p— (11)

The coefficients are values between zero and one and could be positive or negative which refer to
direct or invers correlation. The closer the value to the one, the stronger the correlation. To be able
to investigate if the correlation between each feature and SoH is demonstrating a significant relation
and the analysis are generalisable from the samples to the population [50] a p-value is also calculated
which denotes the probability of a ‘Null Hypothesis’. The null hypothesis is that there exists no
relationship between the features and the SoH [51]. P-value is a number between zero and one and if
are smaller than a threshold, here 0.1, then the correlation is considered significant. This means the
results are valid in 90% of cases. It is worth to mention that this threshold is a common choice for most
of the data analysis problem. Figure 5 shows the correlation coefficient and p-values of each feature
in relation the cells’ SoH.

Correlation Coefficients Pvalues

SoH 0.137 0.1141 0.1049 [Sla] 1.598e-97 9.943e-73  0.009273 7.114e-62 3.659%-13
Flg F2, F3g Fag F55 F6 F7q
EIS Features EIS Characteristics
Correlation Coefficients Pvalues
SOH 0.2131 02185 | 02622 SOH 0.654 0.3467
F1,. F2, F3, . F5,. F6,. F7m Flom F2,. F3,, 9 F5,, F6,, Fim
EIS Features EIS Characteristics

Figure 5: Correlation between EIS features and SoH of cells

As Figure 5 shows, the real part of all features is highly correlated with the SoH of cells, this is
concluded by the correlation coefficients and the p values smaller than the mentioned threshold. It is
worth to highlight that some correlations are direct, and some are inverse and the correlation of the
real part of feature 6 is slightly weaker than others as its lower correlation coefficient shows. Similarly,
the imaginary part of the features is significantly correlated with the SoH value, the weakest
correlation is for the imaginary part of feature 2. Considering this correlation analysis in total all the 7
features could be valuable for the SoH estimation of cell, therefore all of them are considered for the
modelling purposes in what follows.
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For case study 1, the whole EIS data at various conditions are used for the model and as the frequency
of the measurements has been the same for all cases, it is not a feature for the model. Figure 6 shows
the regression results. Figure 6 (a) is the distribution of predicted and observed data with the record
number, while Figure 6 (b) is showing the positioning of predictions and observations compared to a
perfect prediction.
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Figure 6: Regression results for case study 1, (a) predicted and observations SoH value distribution, (b)
Predicted and true SoH values against perfect prediction, case study 1

As Figure 6 shows that most of the observations agree with the predicted values from the GPR model.
For case study 2, the regression results are given in Figure 7.
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Figure 7: Regression results for case study 2, (a) predicted and observations SoH value distribution, (b)
Predicted and true SoH values against perfect prediction, case study 2

Accuracy metrics of both models are listed in Table 2, the results are the mean and standard deviation
(std) of multiple runs to facilitate a more comprehensive conclusion. Here the model has been iterated
for 40 times as a compromise between run time and the stability of the results.

Table 2. Accuracy metrics for predicting the cells SoH via the ML model
Index RMSE (Mean) RMSE (Std) R%(Mean) R2(Std) MSE (Mean) MAE (Mean) Time (Mean)
Unit (%) (%) () () (%) (%) (sec)
Case Study 1 1.1096 0.0766 0.9759 0.0034 1.0374 0.6555 4011
Case Study 2 1.1397 0.0906 0.9750 0.0042 1.6407 0.8573 270

According to the table, the model with full data points, case study 1, has a higher accuracy, about
0.03% better than the feature-based model, case study 2. This is also observable for the R? value which
is about 0.01 better than the feature-based model. The difference between the two models become
more visible in the MSE and the MAE and the time indices. The full data point model has a MSE of

10



310
311
312
313
314
315

316
317
318
319

320
321

322
323

324
325

326

327
328
329
330
331
332

0.6% and a MAE of 0.2% less than the feature-based model. However, the run time of the full point
model is much more than that of the feature-based model which confirm the complexity of its training,
according to the last column of the table the run time in case 1 is about 50 times higher than case 2.
The run time has been calculated via a personal computer with 1.90 GHz and 2.11 GHz CPU and 16.0
GB RAM. It is also worth noting that the standard deviation of the full point model is lower which
implies that it is more stable that feature-based model.

To further highlight the performance of the model in different conditions, the distribution of the
prediction error with respect to the conditioning features, (SoC and Temperature) is given in Figure 8.
Here the y axis refers the prediction versus real SoH value, as it is a subtraction of the predicted and
real SoH in percent.
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Figure 8: The distribution of prediction error at various conditions, (a) SoC case study 1, (b) temperature case
study 1, (c) SoC case study 2, (d) temperature case study 2, (e) - (f) box plots case study 1, (g) - (h) box plots
case study 2

According to the Figure 8, the distribution of the prediction error is quite different from one SoC point
to another and from one temperature to another. The quantified errors are listed in Table 3.

Table 3. Accuracy metrics for predicting the cells SoH via the ML model at various SoCs

SoC (%) Temperature (C)
5 20 50 70 95 15 25 35
Index Case Study 1
Median | -0.0141 -0.1415 -0.0206 0.0533 0.0733 -0.0627 0.0358 0.0009
Lower Quartile | -0.5380 -0.7682 -0.3652 -0.3263 -0.4125 -0.4515 -0.4444 -0.5832
Higher Quartile | 0.5852 0.4283 0.2854 0.4556 0.4726 0.2895 0.3725 0.5888
Index Case Study 2
Median |-0.4446  0.1041 0.1395 -0.0122 -0.1269 0.0436 -0.0669 -0.1658
Lower Quartile | -1.0177 -0.4737 -0.4578 -0.4968 -0.6158 -0.4629 -0.6372 -0.7526
Higher Quartile | 0.4439 0.7113 0.6251 0.4143 0.3031 0.4800 0.4699 0.5152

For case study 1, the largest prediction error median is 0.1415% at 20% SoC, Figure 8 (e), the median
of error is largest at 15 °C, Figure 8 (f). For case study 2, the graphs of Figure 8 and the indices on Table
3 show that the largest prediction error is related to the lowest SoC, (5%) with a median of 0.4446%.
This error is minimum at mid-range SoC which is 70% with a median of 0.0122%. For temperature, the
minimum prediction error is related to the room temperature (25 °C) with a median of 0.0669%, while
the highest error is for highest temperature of 35 °C with a median of 0.1658 (%). It is also evident
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that the prediction error at a fixed SoC across all temperatures, Figure 8 (g), is having larger errors
compared to the prediction at a particular temperature across all SoCs, Figure 8 (h). Summarising both
case studies, it can be concluded that model performance is generally better at middle range SoC and
temperatures. The implications of this for the future deployment of the model within a practical use
case is explored further in the following section.

V. Discussions
V.1 Sensitivity and robustness to noise

Understanding the source of measurement noise associated with making EIS measurements is
particularly important during the development of the SoH estimation models by ML. The noise in the
data is usually caused by the integrated components of the EIS measurement setups such as the
connection cables and can be very misguiding because of the slight excitation signals required for the
EIS measurements [22]. Here the main source of noise is assumed to be originated from the SoC and
Temperature measurements.

To evaluate the sensitivity of the developed SoH prediction model to noise, a noise analysis
methodology is proposed here. The methodology is described in the Figure 9.

Split the data, keep the The model is Gaussian
validation portion safe Process Regressor

1 Train& Split data to training and Vel rim it tra.me(.j
Validation route Validation model for the validation
part of data
o Create synthetic R luate the trained
2 Sensitivity validation data by adding e'z"?f“a teh & r:r:nf' Repeat the process for a
: . model for the synthetic :
analysis route number of times
v uncertaalrr:(t;essotco Ll validation data with noise
Use only the validation part for Noise applied in 0.5% steps up Repeat for 40 runs
sensitivity analysis, no model to 10% of each value

update required

Figure 9: The methodology to analyse the impact of the measurement noise on SoH prediction model’s
performance

For this purpose, first the data is split into training and validation portions. The ratio of 80% for training
and 20% for validation is preferred here. Then the model is trained on the training portion and
validated on the remaining part. The validation portion is then altered by adding an uncertainty with
the Gaussian distribution of mean zero and the standard deviation up to 10% of the temperature and
SoC value at each record of data. This uncertainty is to represent the measurement noise for the two
inputs synthetically. Then the model is validated against the new data without a change in its
optimised hyperparameters. The whole process is repeated for multiple times to evaluate the
repeatability of the method and increase the confidence in the results.

To capture the results, the models are iterated for 40 times to quantify the variation in the
performance metrics and the impact of the random uncertainties. This number of repetitions is
deemed suitable because of a balance between the stability of the results and the run time. The
models start with a noise level of 0% and get evaluated by a stepwise increment in noise, 0.5% at each
step, till 10% of the nominal value of the same record. The results at location 0 of x-axis contribute to
the original data and the rest are based on synthetical noisy data. Figure 10 implies that the model
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can tolerate up to 8.2% of noise for an R? value higher than 90% and 7.8% of noise for a RMSE lower
than 1.5%. Considering both metrics, an overlapping region is visible for up to 7.8% of measurement
noise. The overlapping regions are visible in red and blue, respectively for the R?, Figure 10 (a), and
RMSE, Figure 10 (b). The analysis confirms that the 7.8% of noise is still guaranteeing the model’s
performance to a good extent.
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Figure 10: The SoH prediction model sensitivity to measurement noise in temperature and SoC
V.l Sensitivity and robustness to EIS characterisation equipment

Although the EIS test profiles of the cell are mostly affected by the characterisations of the cell in
terms of its SoH, SoC and temperature, the testing equipment and the experimental apparatus have
also an undeniable impact on the EIS data features. In this section the trained model for which the
data have been collected using the Multiplexer equipment, is validated against a new dataset that has
been collected via an alternative equipment, Gamry which is a DC and impedance analyser. In the
validation experiments, 5 cells were put under EIS test at 25 °C and a range of SoC conditions. Beside
the difference in the testing equipment, their cooling mechanism was selected to be via turbulent air
inside a thermal chamber rather than the oil cooling which was used during the collection of the first
data set. Representing different levels of experimental fidelity and the possible impact this may have
on model prediction performance. In total 25 experiments were conducted.

The testing equipment and the difference in the connections, cabling and cooling mechanism all had
an impact on the cells EIS curve. This difference was quite obvious specially at the inductive tail of the
EIS curves as shown in Figure 11.
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Figure 11: The impact of the testing equipment on the EIS measurements at different conditions (-) Multiplexer
equipment (training data), (*) Gamry equipment (validation data)

Table 4. The performance of the model against the new EIS data with a different equipment

Test Conditions Model of Case Study 1 Model of Case Study 2
SoC Temp  SoH (%) |AverageError (%) RMSE (%) | Average Error (%) RMSE (%)
Validation set 1 5-95% 25 89.4 2.86 1.38 3.61 1.62
Validation set 2 5-95% 25 95.0 -2.54 1.33 4.09 1.84
Validation set 3 5-95% 25 99.6 1.96 1.76 2.58 1.18
Validation set 4 5-95% 25 81.5 5.32 2.42 7.65 3.42
Validation set 5 5-95% 25 92.0 1.86 1.06 3.34 1.50
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Considering the new data, Table 4 summarises the performance of the model in predicting the SoH of
this new dataset while it is trained on the original data set. It is worth highlighting that the model has
been completely blind to the new data during the training. Here, the Gamry equipment data are called
the validation cell data for generality.

The results shown in Table 4, indicate that the methodology is reproducible. The model performs
responds well to the change in the test equipment. Considering the model is trained by all the data
points of the EIS curve, the average error of prediction for the 5 cases is 2.9%, while the RMSE is equal
to 1.59%. Considering that the RMSE of the trained model via original dataset was actually 1.1096%
these values are very much desirable. For the second model trained based on the features described
in Table 1, the average prediction error for the 5 conditions is 4.25%, while the RMSE by average is
1.91%. Comparing the feature-based and full point models reveals that the full-point model is more
robust to the change in the testing equipment, which is believed to be due to its ability in
generalisation because of the larger volume of information that it receives during training (61 data
points) compared to the 7 data points of the feature-based configuration.

V.1l SoC and Temperature contributions

The characterisation of second-life Lithium-ion batteries is a complex process which is affected by
various factors such as the cells temperature, their SoC, their ageing history, the first life conditions as
well as storage conditions. Measuring and quantifying all these factors is costly and non-practical
specially when it comes to high volumes of cells and systems received from the provider. To realise
the significance of each factor and its impact on the accuracy of the estimated SoH, an in-depth feature
contribution analysis is crucial. In this section, the contribution of SoC and temperature on the
predicted SoH accuracy is quantified. For this purpose, first the model is trained with all the predictors,
which is SoC, temperature and all EIS datapoints, then various attempts have been made to train the
model with a different set of predictors. A case involving only SoC and EIS data (without temperature),
a case with temperature and EIS data (without SoC), and finally a case with only the EIS data (omitting
SoC and Temperature) is created. A summary of the accuracy metrics of the models is provided at
Figure 12. According to the comparative results, the model with full predictors has the best
performance (lowest errors and highest R?). Considering the model with all predictors as the baseline,
it can easily be seen that removing the temperature from the predictor pool increases the prediction
RMSE by about 12.84% and decreases the R? value by 0.77. A model without SoC increases the RMSE
by 19.96% while reducing the R? by 1.09.
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Figure 12. The impact of SoC and Temperature on the SoH prediction model performance

A model without SoC and temperature leads to predictions with about 22.21% higher RMSE and circa
1.50 lower R? which is the poorest performance. Considering the accuracy indices reported above, the
temperature and SoC play an important role in the predictability of the SoH values. Comparing the
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two cases that work without SoC or temperature as predictors, it is clear that SoC is a more
contributing factor to the accuracy of the model than temperature. This contribution analysis is crucial
when dealing with limitations regarding the measurements of SoC or temperature of cells for their
SoH estimation. In summary the SoC and temperature measurements are not necessary to be
obtained if the error levels of SoH prediction are considered tolerable or acceptable by the application
engineers during the characterisation process.

V.VI ML conflicts and limitations

Generally, when it comes to the application of machine learning techniques for discoveries regarding
engineering problems, including those within the context of energy storage systems and Li-ion
batteries, three major challenges arise that need to be addressed reasonably to gain the confidence
of users. According to the literature and expert’s view [52], these contradictions are about the three
following items. In this section is it explained how each item has been addressed in this study.

e Data and Sample Size

The second-life battery state of health is affected by a wide variety of factors such as its first life
conditions, storage conditions, its state of health, ageing mechanism and many more; however, it is
very costly and resource consuming to measurement and quantify all the mentioned factors. In a pilot
or laboratory scale characterisation line such as what is available in WMG, University of Warwick, it
has taken about 10 months to gather data for about 325 cases (for 35 cells). This time has been
invested to make sure that a reasonable volume of data is available to train the machine learning
models and make conclusions as general as possible. Furthermore, a second dataset is created for
validation purposes in a different testing condition than the original one used for model creation, and
a feature contribution analysis is performed to ease the decision making regarding the quantification
of less important variables for larger-scale experiments.

e Complexity, Accuracy, and Ease of Use

When it comes to the state of health estimation of Li-ion batteries, selecting the model configuration
and specially its hyperparameters are a major concern due to the nonlinear interconnections between
the factors and the response of cells. The strongest model if not tuned and optimised properly might
not be able to generalise the decisions from the training to the validation and test scenarios. In
general, linear models such as support vector machine with linear kernels, or simpler models such as
decision trees, although easy to train and use, usually have low accuracy and limited capability for
interpretability. Therefore, the application of more complex models is inevitable in this case. In this
study the GPR models are utilised to achieve a reasonable accuracy in balance with model training
complexities. For the maximum performance, Bayesian optimisation is utilised for the automatic
tuning of hyperparameters. The Bayesian optimisation technique while might be resource demanding
during the training process, is not raising a particular concern for this problem as the training of such
models usually take place in an offline configuration and only the model deployment which does not
have a specific resource requirement takes place in real-time.

e Learning results and domain expert knowledge

While ML models have been in wide use for the prediction of characteristics for lithium-ion related
problems, it is still a challenge to effectively include the prior knowledge of domain experts in models.
In this study, the authors have tried to incorporate this knowledge during the data collection, and
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preparation stage of modelling and via expert-led feature engineering. It is worth mentioning that the
findings of this research were mostly in one of the two categories, 1) results that our experts had an
empirical prior expectation and understanding of those, and this research helped to quantify those,
such as the contribution of temperate and SoC to the SoH and their relative importance. 2) results
that were new to the experts such as the impact of measurement noise, testing conditions (EIS testing
equipment and cooling mechanism) on the response, which can initiate new lines of research for
future investigations. In general, it is acknowledged that creating a systematic approach for a weighted
and scored inclusion of expert knowledge is imperative, however, this requires extensive research and
it currently out of the scopes of our study.

VI. Conclusions

In this research, the prediction of the li-ion battery SoH using the EIS measurements and ML
approaches is addressed. This study is built upon a large number of experimental cases, 325 cases, by
taking into account the cell impedance across a desired range of frequencies between 10 mHz to 10
KHz, the effect of cell-to-cell variation, the cell state of charge, temperature, as well as characterisation
uncertainties. It links the SoH of cells to their EIS features at various experimental equipment
uncertainties and measurements noises. The methodology for creating the model beside the
approaches taken for uncertainty and robustness analysis are the main novelties of this study in the
context of Li-ion battery SoH estimation. Linking back to the research questions listed in the
introduction section, the following observations and findings can be summarised after this study.

e The EIS data beside the conditioning information can be directly used to predict the SoH of cells
with an accuracy up to 98.89%. Feature extraction and engineering can also be utilised for building
a ML model, in such case the accuracy drops to 98.86% which is still very desirable. This accuracy
reduction is due to the lost information when the EIS data are compressed from 61 frequency
points into only 7 features. If the training time is factored in, then the full EIS model is more
complex to be optimised with a training time of about 50 times higher than the feature-based
model. But and if the robustness of model is factored in, the full point model is more efficient than
the feature-based model (accuracy of 98.41% for new data set compared to 98.09%). Considering
the trade-off between accuracy, robustness, and the training effort, one model can be preferred
over the other one in a particular application. The accuracy obtained by either model implies that
the ML-based approaches can facilitate an accelerated SoH estimation method with a reasonable
effort.

e It is important that the model for SoH prediction be able to generalise the predictions from the
training data set to the new data sets. To provide this capability, considering a cross validation
approach during the training is necessary as it helps optimising the model’s hyperparameters by
virtually creating a larger data set and considering each data point for validation at least once.
Testing the model’s performance against a new dataset that was collected through a different
experimental equipment and under a different cooling mechanism showed that the ML model is
performing well with an error below 1.56% (case study 1) and 1.91% (case study 2). Further analysis
showed that model is also robust to the measurement noise of up to 7.8% of the nominal EIS
datapoints. This quantifies the level of noise that is tolerable when transferring the modelling
technology from one application to another where the quality of measuring equipment is not
necessarily the same.

e It is obvious that the SoH prediction accuracy depends on the information that is collected from
the cells for their impedance, temperature, and SoH. Considering the effort and resource required
for collecting this information, it is very valuable to be able to quantify each factor’s impact on the
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model accuracy. Through separating the impact of SoC and temperature on the model
performance, it was noted that the model is has its best performance with both features, and the
contribution of SoC to the model accuracy is higher than that of temperature. This means that in
case of resource limitation, the SoC characterisation should be prioritised to the temperature
measurements. It was also witnessed the model’s performance is not the same across various SoC
and temperatures. According to the analysis, the ML model has the largest median of the prediction
error is at 20% SoC and 15 °C, which is believed to be due to the impact of other factors, such as
the type of again mechanisms, that have not taken into account or quantifies at low SoC or
temperatures.

The main future work planned in this research direction is about including further factors in cell
characterisation for its SoH estimation. Factoring in the cell’s first life information, such as the charge
and discharge scenarios, the storage conditions and calender ageing is believed to enhance the model
accuracy. However, this requires an agreement between the cell providers after their first life and the
researchers in terms of data sharing and management. Another interesting direction for future studies
in the application of ML models and EIS tests for online estimation of SoH. In such case the
combination of the in-operando EIS test [21], and the proposed methodology for ML model creation
could be a fair solution.

Supplementary Information

The experimental data of this study will be available through a data in Brief Submission. Contact
Authors for further information.
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