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The success of second-life (SL) Li-ion batteries from electric vehicles is still conditioned by their technical
and economic viability. The knowledge of the internal parameters of retired batteries at the repurposing stage
is key to ensure their adequate operation and to enlarge SL lifetime. However, traditional characterization
methods require long testing times and specific equipment, which result in high costs that may jeopardize the
economic viability of SL. In the seek of optimizing the repurposing stage, this contribution proposes a novel
fast characterization method that allows to estimate capacity and internal resistance at various state of charge
for reused cells, modules and battery packs. Three estimation models are proposed. The first of them is based
on measurements of AC resistance, the second on DC resistance and the third combines both resistance types.
These models are validated in 506 cells, 203 modules and 3 battery packs from different Nissan Leaf vehicles.
The results achieved are satisfactory, with mean absolute percentage errors (MAPE) below 2.5% at cell and
module level in capacity prediction and lower than 2.4% in resistance estimation. Considering battery pack
level, MAPE is below 4.2% and 1.8% in capacity and resistance estimation respectively. With the proposed
method, testing times are reduced from more than one day to 2 min per cell, while energy consumption is
lowered from 1.4 kWh to 1 Wh. In short, this study contributes to the reduction of repurposing procedures
and costs, and ultimately to the success of SL batteries business model.

1. Introduction On the one hand, technical viability of SL batteries is almost a
reality nowadays. The reuse of EV LIB can be carried out at three levels:
battery pack, module and cell. The selection among them depends
on the specific energy requirements of the SL applications, as well
as on the related costs, and nowadays several approaches can be
found. At industrial level, automotive companies such as Nissan [5],

BMW [6] o Daimler [7] have already partnered with energy firms

Nowadays, the transition of the automotive sector towards electric
vehicle (EV) is already a fact. Environmental problems related to tradi-
tional internal combustion vehicles, together with government actions
and citizen awareness have contributed to the expansion of EVs on
our roads, which is expected to hit 145 million units by 2030 [1].
As a result, the demand of Li-ion batteries (LIB) for EVs is forecast at

1239 GWh by 2030 [2].

As a consequence of usage, capacity and power capabilities of LIB
fade, which eventually compromise their performance in EVs. Automo-
tive standards set therefore a 20-30% of capacity fade as withdrawal
point for LIB in EVs. In recent years, the reuse of these batteries has
emerged as an alternative to direct recycling, thereby enlarging their
lifetime and representing a beneficial solution from an economic and
environmental viewpoint [3]. Stationary applications such as residen-
tial photovoltaic installations, less demanding than EVs in terms of
performance and energy and power density, are regarded as promising
alternatives for these second-life (SL) batteries [4]. The outlook for SL
LIB market stands at 26 GWh by 2025 [2], yet its success depends on
technical and economic viability.
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in the constructions of large-scale demonstrators with reused battery
packs from EVs. Moreover, commercial SL batteries can be found,
with battery packs directly reused [8,9] or reconfigured batteries from
SL modules [10,11]. Research contributions have also assessed the
viability of SL battery packs, in applications with high power require-
ments such as frequency regulation [12], or high energy demand such
as energy time shifting and demand side management at residential
level [13,14]. Performance [15,16] and durability [17] of SL modules
have also already been assessed. Nevertheless, the economic viability
of reused LIB is still uncertain, with threats as their final cost or price
competitiveness of new batteries [18]. Moreover, the standards and
regulation specific for reused batteries are scarce. Only UL 1974 is
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currently available, which focuses on the evaluation of repurposed
batteries [19].

The repurposing stage of SL LIB plays a key role in their economic
viability, given that it can represent up to 30% of the total costs [20,
21]. The direct reuse of battery packs is a priory the most economic
option, given its simplicity. Nevertheless, the lack of energy modularity
or the internal dispersion of SL modules [16,22,23] are drawbacks
that may affect their lifetime [24,25] and therefore its profitability.
For its part, module-level reuse overcomes these issues, although the
further repurposing processes required increase costs, which may risk
economic viability.

Characterization of reused LIB from EVs is essential to ensure an
adequate SL operation, being capacity and resistance the internal pa-
rameters normally assessed. Traditional characterization methods con-
sists of several hours of testing, with full charge and discharge cycles
to obtain capacity, and current pulses or Electrochemical Impedance
Spectroscopy (EIS) measurements to measure internal impedance [26].
Despite their accuracy, the time and infrastructure necessary is today
a major barrier to decrease costs. Therefore, a major effort is under-
way to optimize testing procedures. In recent years, the estimation of
internal parameters has emerged as an alternative to characterization,
which in general requires complex algorithms based on neuronal net-
works [27-30], support vector machine [27,31,32] or support vector
regression [33-35]. However, the principle of these methods differs.
Some authors propose incremental capacity curves to estimate capac-
ity [22,31,36-40], which requires high testing times at low current
or high data processing [33]. Other estimation methods are based
on current pulses [23,27,28,37] or EIS measurements [40-42]. In a
second stage, results are extrapolated to a larger data set, thereby
estimating the internal parameters. Nevertheless, the easiness and low
number of samples required on the characterization tests are usually in
counterbalance with the complexity of the algorithms required.

Considering SL LIB, only few contributions targeting this issue have
been found [22,23,27,37,39,41,42]. Given the importance of charac-
terization in SL LIB to ensure economic and technical viability, and the
research gap found in easy and quick methods, this work proposes a
new approach for the estimation of the internal features that define SL
LIB state. More precisely, a method that allows to estimate the internal
characteristics that define the state of a battery, i.e., its capacity (C)
and internal DC resistance (Rp), in a quicker and easier procedure
than traditional methods is developed. The method is applicable at cell,
module and battery pack level, and it can be extrapolated to other
battery technologies. The experimental procedure has been carried out
with a large sample, covering 506 cells, 203 modules and 3 battery
packs, all of them retired from real EVs. The work is organized as
follows: Section 2 describes the method developed for the quick estima-
tion of the internal features of the SL cells, modules and battery packs.
Section 3 gathers the experimental procedure followed, together with a
description of the LIB used and the test bench. The experimental results
supporting the proposed method for fast characterization are further
discussed in Section 4. The initial analysis lead to the identification of
two significant variables for estimation (AC and DC resistances), and
as a result three models are proposed, one for each of the significant
variables and a third as a combination of both. In addition, this section
analyses the influence of the sample size used for model fitting on the
accuracy and impact of the proposed method in terms of time and
energy consumption. Finally, Section 5 gathers the main conclusions
of the work.

2. Methodology

The proposed method is divided in two main stages: initial analysis
and estimation of variables, as presented in Fig. 1. The starting point
of the method is a data set (Data Set 0) of cells, modules or battery
packs retired from EVs of a specific chemistry and technology, of size
Nj. Once the study level is defined, a complete characterization is
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carried out in a selected sample of Data Set 0 (Sample 0), with size
ny. The analysis of results allows to identify the relevant significant
variables that show strong correlation with C and R, as well as to
fit the estimation models (Estimation models 0). A fast characterization
procedure for measuring these relevant variables is also designed,
which allows to optimize resources and testing times. Moreover, the
minimum number of samples necessary to get representative results ()
is analysed. The second stage of the method starts with a Data Set 1 of
N, samples with similar chemistry and technology than Data Set 0. The
fast characterization procedure is applied to this batch, which allows
to statistically determine whether it is similar to Data Set 0. If so, C
and Rp. will be assessed by means of Estimation models 0. Otherwise,
a complete characterization is performed in n; samples of Data Set 1
(Sample 1.1), in such a way that the estimation models are adjusted
(Estimation models 1). These models will be applied to the remaining
samples of Data Set 1 (Sample 1.2), thereby estimating the targeted
variables.

2.1. Stage 1: initial analysis

The first step of the method focuses on the general analysis of the
SL samples. Thereby, from a Data Sample 0, it seeks to select the study
level (cell, module or battery pack), to identify the significant variables
for C and R estimation, and finally to define the fast characterization
procedure. Moreover, model fitting is also targeted, together with the
definition of the minimum sample size to get representative estimation
results (n,).

2.1.1. Selecting the level of the study

EV battery reuse is not a standardized procedure [3], and therefore
the repurpose at cell, module or battery pack level is possible. When
more than one option is available, i.e., modules and their corresponding
cells, it is important to assess which approach is the most suitable. On
the one hand, the reuse at module level leads to shorter testing times,
but the higher voltage levels required in the measuring equipment
could increment final costs. On the other hand, cell repurposing allows
more precise management and balancing in SL applications. Besides,
the operating conditions of the cells from a given module in an EV
may vary due to their position, which may result in dispersion on
their internal parameters [16,23]. Characterization at cell level would
hence overcome this issue, also representing a cost-effective solution
regarding requirements for testing equipment. The selection of the
study level, if possible, will hence depend on the interests of the specific
case.

2.1.2. Complete characterization and analysis

Once the study level is selected, a random sample (Sample 0) of
n, units is selected from Data Set 0. The reception open circuit voltage
(OCYV,) is firstly measured, thereby discarding samples out of the safety
limits set by the manufacturer. Then, the characterization procedure
described in Section 3.2 is carried out. The reuse of too damaged
samples should be avoided, given that it may compromise SL reliability
and lifetime. Thus, threshold values for the characterization parameters
are defined, in such a way that a second screening is performed to
remove units which do not meet the requirements. The total population
size is kept to n, so if any sample is removed, new units will be tested
to meet this number.

Significant variables and fast estimation method. After data screening,
the significant variables related to C and R are identified. To this
end, Pearson correlation coefficient (PCC) is used as indicator, given
by Eq. (1).

_ COV(X,Y)

PCCyxy = D

Ox Oy
COV(X,Y) is the covariance between the target variables Y (C and
Rpc) and the significant variables X, while oy and oy are the standard
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Fig. 1. Flowchart of the proposed method for quick estimation of capacity and internal resistance in SL batteries.

deviation of X and Y, respectively. The value of PCCyy can range
from —1 to +1. A value of PCCy y of +1 implies a perfect positive linear
correlation between X and Y, a PCCyy of O denotes the absence of
linear correlation, and a PCCy y of —1 implies a perfect negative linear
correlation [43]. Moreover, an analysis of variance (ANOVA) test is
carried out, with the null hypothesis of no correlation with X and Y. If
the resulting P-value is lower than 0.05, this hypothesis will be rejected
with 95% of confidence. Once the significant variables are identified, a
fast characterization procedure to obtain them will be designed, aiming
to minimize testing times and processes.

Model fitting. The general expression for the model relating the target
and the significant variables is given by Eq. (2).

Y,~=Y0+a1X1+ﬁ1X2+y1X3+~-~+amX:"+ﬂmX£"+me§" 2

The degree and coefficients of each model are fitted with an it-
erative procedure. Considering a given degree m, the assumption of
significance for the variable is tested by means of an ANOVA test. If
rejected, the procedure is repeated with m equal to the next lower
integer, until the degree that considers all the significant terms is found.
Then, the resulting polynomial is fitted through least squares method,
thereby obtaining Estimation models 0. To evaluate the accuracy of the

models, mean absolute percentage error (MAPE) and root mean squared
error (RMSE) are computed, according to Egs. (3) and (4).

0 R
1y 1YYl
MAPE (%) ==Y ——2.100 3
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n

being Y the measured value, ¥ the estimation and » the size of the
sample.

Influence of sample size on estimation. When optimizing testing times,
the number of samples to be characterized plays a key role. Therefore,
the influence of sample size necessary to obtain similar results as in
greater populations (n,) is analysed. Relative error is the parameter
selected to assess this influence, computed as the absolute value of the
difference between the real value and the estimation, divided by the
real value. The overall population, with size N, has an relative error
with given average (MAPE) and standard deviation values. From this
population, it is possible to extract n-sized samples, each with its own
MAPE, being n < N. Statistically, the dispersion of sample averages
for different n with respect to the overall population average can be
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computed by means of the standard error of the sample mean (SE).
Eq. (5) shows the calculation of SE, adjusted to finite populations.

_c \/ N-—-n

Jn N-1
where ¢ is the standard deviation of MAPE. N is the overall population
size and n is the sample size. By computing the derivative of SE over
n, it is possible to define the minimum sample size from which there is
no improvement in estimation (x,).

SE ()

2.2. Stage 2: fast estimation

In this second step, a population with similar chemistry and tech-
nology as Data Set O is considered, named as Data Set 1 and sized
N,. First, the possibility of directly reusing Estimation models 0 is
considered, which would be the case if both populations were similar.
Otherwise, model adjustment is necessary. To compare both popula-
tions, a fast characterization is performed in Data Set 1, from which
the values of the significant variables for estimation are obtained.
Then, a statistical comparison of the characterization results is per-
formed. The evaluation of differences between data sets depends on
their statistical distribution. Hence, a normality test is firstly applied to
the fast characterization results of both Data Sets 0 and 1. As widely
used solution, Shapiro-Wilk test is recommended. If the set follows
a normal distribution, an ANOVA test is performed, as it compares
average values. Otherwise, Kruskal-Wallis test is used, given that it
targets medians and is recommended when there are outliers. From any
of these tests, it is thus possible to statistically compare the sets. These
tests probe the hypotheses of equality between the groups, which are
rejected with 95% confidence if the resulting P-value indicator is lower
than 0.05.

Therefore, if Data Set 1 and O are similar, Estimation models O can
be used. Failing that, a random n_-sized sample will be taken from Data
Set 1 (Sample 1.1), and a fast characterization will be performed. Note
that n; has been previously defined on Stage 1. From the characteriza-
tion data, the models will be adjusted (Estimation models 1 in Fig. 1)
and applied to the remaining units of Data Set 1 (Sample 1.2).

3. Experimental setup
3.1. Battery description

The batteries used in this contribution come from different Nissan
Leaf EVs. The specific history of their first use, as well as the battery
pack of origin are unknown. Each Nissan Leaf battery pack, shown in
Fig. 2 is formed by 48 modules in series as the ones depicted in Fig. 2.
In turn, each module is formed by four pouch-type cells of LNO/LMO
cathode and graphite anode. The cells are connected in pairs associated
in series (2s2p). Three external terminals are available in the modules:
positive, middle-point and negative, in such a way that 2p cells is the
smallest testing unit [17]. This 2p cells will be hereinafter named as
“cell” to ease reading. Therefore, Cell-SUP refers to cells between the
positive and middle-point terminals, and Cell-INF between the middle
and negative ones. The main specifications of battery pack, module and
cell are gathered in Table 1.

3.2. Experimental procedure

The experimental procedure of this contribution focuses on the
characterization of retired batteries from EVs. As previously mentioned,
two types of characterization can be distinguished: fast and complete.

The fast characterization consists of three measurements: initial
open circuit voltage (OCV,), AC internal resistance (R,.) and DC ini-
tial resistance (Rpc ). These measurements are performed at ambient
laboratory temperature (23 + 2 °C) and with the battery at rest. First,
OCYV, between battery terminals is measured. On a second stage, R ¢
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is measured by means of an AC current at 1 kHz. Finally, Rpc is
obtained from a discharge pulse at C/2 during 30 s, considering the
initial voltage and current (V;, and 1) and their homologues after 10 s
(v, and I,), computed as Rpcy = (V, — Vp)/U, — Ip). C is defined
according to the rated capacity of the cell shown in Table 1.

The complete characterization procedure is based on a capacity and
resistance measurement at different state of charge (SOC) levels. It
is performed at a controlled temperature of 25 + 1 °C in cells and
at a laboratory ambient temperature of 23 + 2 °C in battery packs.
The capacity test starts with a 2 h rest period, so that the battery
reaches thermodynamic equilibrium. Then, three full cycles at C/3 are
performed between the voltage limits. Charge is performed in two steps:
constant current and constant voltage (CC-CV), with a cut-off current of
C/30 in the CV phase. The capacity of the battery is defined according
to the value obtained in the third discharge cycle. Then, the battery is
fully charged at C/2 and discharged with the same rate until 90% of
SOC. After a 1-h rest, voltage and current are kept (V| and I,), and a
CC discharge pulse at C/2 is performed until the next SOC level. The
values of voltage and current after 10 s are also tracked (V, and I,),
and Rj¢ is computed as Rpc = (V, — V)/, — I,). This procedure is
repeated at 90%, 70%, 30% and 10%. Fig. 3 shows voltage (blue lined)
and current (red line) of the C and Rj measurements in a cell.

Moreover, in order to determine the relationship between OCV and
SOC, a quasi-OCV test is performed. From a fully charged cell, after a
2-h rest period it is CC discharged at C/30 until the lower voltage limit.
Then, after a 2-h rest the cell is CC charged with the same rate. This
test is also performed at controlled ambient temperature of 25 + 1 °C.
The OCV-SOC curve is computed from the average value of charge and
discharge voltages.

3.3. Test bench

Fig. 2 shows the test bench used in this contribution. Three multi-
channel battery testers standing 5 V and 50 A per channel are used,
which have a measurement precision of +0.1% of their full scale.
Moreover, two climatic chambers, ranging —30 °C to +180 °C and with
a precision of +0.5 °C are used. On the other hand, the bench also has
a battery pack tester of 800 V and 90 A, accurate up to +0.1% of its full
scale. R, measurement at 1 kHz are performed with a battery analyser
with 0.001 mQ, which stands 60 V and 100 mA, and has a precision of
+1% of its full scale. OCV is measured by means of a multimeter with
0.1 mV resolution. Data processing and statistical analysis are carried
out with Matlab R2020a and StatGraphics 18-X64 software.

4. Results and discussion
4.1. Initial analysis

The first stage of the proposed method is the selection of the study
level. As described in Section 3.2, the Nissan Leaf modules analysed
have a 2s2p configuration with their Cell-SUP and Cell-INF available.
The initial analysis is carried out at cell level, and Cell-SUP are selected
as Data Set 0.

As starting point, a Sample 0 of n, = 100 cells is taken from Data
Set 0. First, OCV, is measured and screened, being all the values
tracked within safety limits. Then, R,c, Rpcy and Rpc are mea-
sured according to the procedure described in Section 3.2. To get the
receiving SOC of the cells (SOC,), OCV,, measurements and the SOC-
OCV curve are used. Even though this curve varies with aging, its
changes are minor and can be mostly neglected [44]. Hence, a single
curve will be used as representative for the repurposing stage, obtained
from the quasi-OCV test performed in one cell with C similar to the
average value of Data Set 0. Table 2 shows the statistical resume of the
characterization from Sample 0, with average (Avg), standard deviation
(Std), maximum (Max), minimum (Min) and coefficient of variation
(CV = Std/Avg). OCVj is replaced by the corresponding SOC,, and
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Table 1
Battery pack, module, and cell specification of Nissan Leaf EV.
Battery pack Module Cell

Nominal voltage (V) 360 7.50 3.75

Maximum voltage (V) 403.2 8.30 4.15

Minimum voltage (V) 240 5.0 2.5

Rated capacity (Ah) 66.2 66 66

Rated energy (Wh) 24,000 495.0 247.5

Rated Ry sy () 93.1 1.94 0.970

Rated R, (mQ) 59.8 1.25 0.623

Length x Width x Thickness (mm) 1570.5 x 1188.0 x 264.9 303 x 223 x 35 -

Mass (kg) 293 3.85 1.57

Table 2
Characterization results of Sample 0.
Ryc (pu) S0C, (%) Rpcy (p-u) C (pu) Rpcgon (p-u) Rpcon (p-u) Rpeson (p-u.) Rpe 00 (p-u.) Rpc 100 (p-u)

Avg 2.02 36.2 2.20 0.66 2.13 2.08 2.14 2.13 2.37
Std 0.26 5.6 0.28 0.07 0.27 0.26 0.28 0.27 0.30
Max 2.42 74.3 2.61 0.95 2.56 2.46 2.54 2.54 2.87
Min 0.99 11.2 1.13 0.57 1.08 1.07 1.06 1.10 1.26
CV (%) 13.06 15.5 12.77 11.18 12.97 12.63 13.16 12.84 12.68

Climatic
chamber

BED )

Battery

Fig. 2. (a) SL Nissan Leaf modules, battery tester and climatic chamber, and (b) Nissan Leaf battery pack and battery pack tester from the test bench.
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Fig. 3. Voltage and current measurements in a cell during a capacity and DC resistance
tests in a complete characterization.

the rest of results are normalized with respect to the rated values from
Table 1. Ry is shown at the corresponding SOC, in such a way that
for example R 3 is the measurement performed at 30% of SOC.
As can be seen, the normalized value of C ranges from 0.57 to
0.95, with an average of 0.66, slightly lower to the automotive with-
drawal limit. Regarding DC resistance, the maximum, minimum and
average values of R, are greater than the ones with the closest
SOC (Rpc 307) for similar CV. This could be due to the fact that R
is measured after a long rest period in the cell, of several weeks or
even months, while R test is carried out after several cycles, which
promotes the internal kinetics of the cells and as a consequence reduces

their internal resistance. On the other hand, it is observed that the
maximum average value of R;. is measured at 10% of SOC, which
is in good agreement with literature [27]. The minimum average value
is obtained at a SOC value of 70%.

When it comes to define threshold values for reusable cells, previous
degradation tests with similar cells are considered [17], and therefore
0.55 is selected for the normalized C and 4 for normalized Rj. and
R, respectively. None of the measurements of Sample 0 reaches the
threshold, so all the cells are considered as valid for the analysis.

Identification of significant variables for fast estimation. Three candidate
variables are considered to be significant for C and R, estimation:
Ryc, Rpcy and OCY,. From the experimental results of the charac-
terization in Data Set 0, PCC and the P-value of the ANOVA test are
computed, being the results presented in Table 3. To evaluate resistance
estimation, the values measured at 50% of SOC are considered. On
the other hand, considering DC resistance as candidate for significant
variables, the values obtained at 30% of SOC will be analysed, given
that it is the closest value to the average reception SOC in Sample 0.
As can be seen, PCC shows a high correlation in both capacity and
resistance with R,c and Rpc 34, while OCYVj, is quantified as weakly
related. ANOVA only accepts the hypothesis of no correlation with the
same variable. Therefore, it is concluded that the significant variables
for C and R estimation are R, and R 304-

Once the significant variables are identified, the fast characteri-
zation procedure is defined. OCV,, measurement is kept as screening
procedure to discard damaged samples and to determine SOC,. Sec-
ondly, R, is measured as described in Section 3.2. To define Rp.
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Table 3
Correlation results between measured variables (R,¢, Rpc 3y and OCV,) and capacity
and internal resistance (C and Rp).

Parameter Count C Rpe
PCC P-value PCC P-value
R,c 100 -0.927 0.000 0.900 0.000
Rpe o 100 -0.945 0.000 0.997 0.000
ocvV, 100 0.070 0.487 —-0.062 0.542
Table 4

Weighting factors for R,., and Rpc 3o, to be used as input in the estimation models
for Data Sample 0.

SOC (%) 10 30 50 70 90
Fgoc 0.8979 - 0.9925 1.0226 0.9985
F, 1.0127 0.9670 0.9766 0.9880 0.9880

measurement, it is important to note that whereas R, is independent
of SOC [45], Rpc varies at high or low levels [26]. The lack of
SL standards leads to random SOC at the repurposing stage, even
with extreme values [44]. Thereby, it is proposed to adjust the Rpc
measurement of an initial step to a fixed SOC, in order to get the input
values for the model. More precisely, 30% is selected, given that it is
the closest to the average SOC, of Sample 0. The weighting factors are
determined from experimental measurements.

On the one hand, the influence of SOC, is taken into account by a
factor Fgoc, which considers the ratio between the average resistance
values from the characterization test at 30% (Rpc 304) and the average
values of resistance at the SOC closest to the reception (Rp¢ soc,)> as
given by Eq. (6).

Feoe = Rpcz0% )
Rpc.soc,

On the other hand, the resistance of a cell after a long inactivity
period may be higher than its real value after being cycled [46], which
could compromise the accuracy of the estimation methods. Therefore,
from the average experimental values after this initial step (Rp¢ ) and
the ones obtained from the characterization test at a SOC of 30%
(Rpc30%), a weighting factor F, is defined according to Eq. (7).

Rpc 0%
Fo= 2

Rpco - Fsoc

Table 4 gathers the values of Fg,- and F, considering the exper-
imental results of Data Sample 0, and using Egs. (6) and (7) for the
five SOC levels tested. As can be seen, Fg,- shows similar average
values except at 10%. This could be explained by the lower number
of available gaps for Li ions at low SOC, which increases the internal
resistance [26]. On the other hand, considering F,, there were no
samples received at 90% in Data Set O, so the closest value, i.e. 70% is
taken. This provisional value will be substituted if in future complete
characterizations there are samples at the corresponding SOC.

The average error between the original measurements of R and
Rpc 304 is 3.4%, while after applying the weighting factors it decreases
to 0.1%. The maximum error also decreases from 13.2% to 5.4%. It
can be therefore concluded that the factors proposed for Data Sample 0
allow to mitigate the heterogeneity of Rpc .

Fast estimation models fitting. In the previous step, two significant
variables for the estimation of C and R, were identified: R, and
Rpc 304+ Considering Eq. (2), three models can be thereby fitted with
the results of the characterization tests. More precisely, R, is taken
as X, while Rpc30q is X,. Based on the procedure described in
Section 2.1.2, the degree and coefficients for each model are found.
Table 5 shows the best fitting and coefficients for the models in Data
Sample 0. The accuracy of the models is evaluated by means of the
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coefficient of determination (Rsq). Note that when Rpc 3y itself is
targeted for estimation, only Model 1 can be used.

To sum up, three estimation models are available, one for each
significant variable and a third combining both. When it comes to
model fitting, C shows a second-degree correlation with R,- and
Rpc 309 with better fitting in Model 2, which can be justified by the
greater correlation found through PCC. On the other hand, Rj. is
linear with both R, and Rpc 304, and likewise Rpc 30, shows greater
PCC and Rsq. Note that Rpc g is the target variable, so it is not
considered as input for Models 2 and 3. Considering Model 3, the best
fitting is a second-order polynomial for R, and linear with Rpc 304
The better results obtained in resistance models compared to capacity,
can be justified by its greater correlation with the input parameters.

Sample size for estimation. The initial analysis considers 100 cells from
Sample 0. However, given the importance of optimizing repurposing
costs and times, the influence of sample size on the estimation is
assessed. The aim is thus to define the minimum sample size n; to
obtain similar accuracy results in the models as the ones obtained.
To this end, SE in Sample O is analysed, according to Eq. (5). The
standard deviation of SE in C is 3.8, 2.8 and 2.7 from Model 1, 2,
and 3 respectively, while Rpc 30 ranges from 5.6 to 5.8 in Model 1,
0.8 to 1.7 in Model 2 and 0.8 to 1.3 in Model 3. Fig. 4(a) shows the
results of the SE in the sample mean depending on the sample size
(n) for the three capacity models. As can be seen, as n increases the
error between sample and overall population mean decreases, which
is consistent with the unbiased character of the sample mean [43].
However, the decreasing ratio changes, slowing down as n increases.
Fig. 4(b) shows the derivative of SE of the sample mean depending on
n for the three estimation models proposed. As the figure shows, from
a given value of n there is almost no variation in SE, which will be
selected as n,. Considering the results from Data Sample 0, the values
selected for d SE/dnin C and R are 1e—03 and 1.5e—03 respectively,
given the greater measurement variability of this second parameter.
Hence, the value that meets the requirements for the three models is
=40 in both C and Rj.

4.2. Fast estimation

Once the initial analysis is carried out, the second stage of the
method focuses on the fast estimation of C and Ry, which will be
carried out at cell, module and battery pack level.

4.2.1. Cells
In order to compare different scenarios, two data sets of cells are
considered, with the same chemistry and technology of Sample 0.

» Data Set A: formed by 103 cells (N,) of type Cell-SUP from a
different batch than Data Set 0.
+ Data Set B: consisting of 203 cells (Np) of type Cell-INF.

Firstly, both data sets are characterized according to the fast pro-
cedure defined in Section 3.2. Table 6 shows the statistical resume
of the experimental results obtained, with R, and Rpc normalized
considering their rated values of Table 1. As can be seen, resistance
values are greater in Data Set B. Given that the only distinctive feature
between both data sets is the position in the module, this fact confirms
that EV usage leads to different degradation rates in the cells, specially
affecting the ones placed between the middle and negative terminals.
This is in good agreement with previous experimental contributions
carried out with similar modules [16]. It should be also highlighted the
larger SOC variability observed in Data Set B, three times greater than
Data Set A, which, together with the high values of SOC,, reported, up
to 98%, confirm the need to adapt R to a fixed SOC value in order
to reduce this variations.

Following the method, the data sets are compared to Data Set O to
determine their similarity. First, a normality test is applied to the fast
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Fig. 4. (a) Standard error (SE) of the sample mean and (b) its derivative depending on sample size n for the capacity estimation from the three models proposed for Sample 0.

Table 5

Coefficients and Rsq for the best fitting of capacity and internal resistance estimation models based on

both parameters (Model 3) obtained in Data Set 0.

R, (Model 1), Rp¢ 30, (Model 2) and

Model X, Y Y, @ @ B, b Rsq
1 Ryc c 1.4602 —0.6149 0.1058 - - 0.888
Rocos 0.2407 0.9352 - - - 0.795
Rpcr0% 0.2816 0.8903 - - - 0.795
Ropcsos 0.1985 0.9626 - - - 0.807
Roc0 0.2549 0.9267 - - - 0.799
Rpc.10% 0.3374 1.0052 - - - 0.777
2 Rpcas c 1.5887 - - —0.6952 0.1187 0.937
Rocos —0.0189 - - 1.0102 - 0.996
Rpcr0% 0.0372 - - 0.9605 - 0.996
Rpe.sos —0.0500 - - 1.0311 - 0.995
RDC,EU% - - - - - -
Rpc.10% 0.0456 - - 1.0919 - 0.985
3 Ryc c 1.4311 —0.4016 —0.1412 0.0814 - 0.942
Rpcaos Ropcaoos —0.0131 -0.0117 0.0018 1.0150 - 0.996
Rpcr0% —0.0526 0.1218 —0.0342 0.9538 - 0.961
Rpe.sos —0.2291 0.2682 —0.0659 0.9891 - 0.996
Rpc 0% - - - - - -
Rpc.10% 0.4991 ~0.6366 0.1707 1.1501 - 0.989

Table 6
Statistical resume of the fast characterization results of Data Set A and B.
Ryc S0C, (%) Rpeo
A B A B A B
Mean 1.99 2.11 36.1 39.2 2.17 2.38
Std 0.40 0.32 3.8 13.3 0.38 0.39
Max 2.70 2.71 50.4 98.1 2.69 2.96
Min 0.98 1.16 11.1 10.9 1.20 1.19
CV (%) 20.01 15.24 10.6 34.0 17.34 16.90

characterization results, concluding that none of the variables follow a
normal distribution. This is consistent with other research works that
analyse statistically SL batteries from EVs [22]. After applying Kruskal—
Wallis method, P-values of 0.32 and 0.13 are obtained for Ry, and
R, in Data Set A, which accept the hypothesis of similarity with Data
Set 0. Therefore, the Estimation models 0 will be used in Data Set A,
with the coefficients from Table 5. Nevertheless, in Data Set B the P-
values obtained are 0.00, which shows that this population is different
from Data Set 0. It is thus necessary to adapt the estimation models to
the new data. To do so, a sample of n, = 40 cells will be randomly taken
from Data Set B. The cells are completely characterized, according
to the procedure described in Section 3.2. The estimation models are
then fitted, and the new factors and coefficients obtained. Using these
adjusted models (Estimation models 1 in Fig. 1), C and Rp. are
estimated in the remaining cells of Data Set B.

Fig. 5(a) and (b) show the experimental results of capacity and
internal resistance measured at the five SOC levels in the complete
characterization test. These values are compared to the estimations
with the proposed methodology, being the accuracy results of C and
Rpc estimation in Data Sets A and B presented in terms of RMSE and

MAPE in Fig. 5(c) and (d) respectively. To consider all the cells and
decrease the influence of sampling, models are trained and tested by
means of cross-validation. 5 folds are considered, so that the require-
ment of n; = 40 for training is kept. The results shown in Fig. 5 are the
average value of the 5 trials.

As can be seen, in general C shows better accuracy results, which
could be expected given the greater magnitude and lower variability of
this parameter. Model 3 has the best results, with RMSE of 1.9% and
2.0% in Data Sets A and B, and MAPE of 2.3% and 2.5% respectively.
Considering, Rpc, the best estimation leads to RMSE of 4.3% in Data
Set A and 6.8% in B, while MAPE is 2.2% and 2.4% on each set,
respectively. Compared to other contributions that target SL characteri-
zation at the repurposing stage, these are generally focused on capacity
estimation, with errors below 2% [42], 3% [22,47] or even 5% [23],
but considering other input variables such as partial charge [47],
partial discharge [23], EIS [42] or incremental capacity [22,23].

4.2.2. Modules

This subsection goes a step further in the estimation of features
from SL batteries, by targeting module level. To do so, a Data Set C
formed by 203 modules is analysed. The characterization results of
this data set are obtained from the experimental measurements of their
constituent cells, previously described in this contribution. Hence, in
a given module, C is defined as the lowest value of its 2p cell pairs,
while Rp is the sum of them. Table 7 shows the statistical resume of
the fast characterization in Data Set C, normalized with the rated values
of Table 1.

Following the method, a normality test is carried out, which shows
that none of the estimation variables follow a normal distribution.
Kruskal-Wallis test is then applied, which gives P-values of 0.00 in both
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Fig. 5. Experimental results of capacity and internal resistance in (a) Data Set A and (b) Data Set B, and accuracy results of estimation in terms of (c) RMSE and (d) MAPE in
Data Sets A and B depending on the estimation model.

Table 7 Table 8
Fast characterization results of Data Set C. Fast characterization results of Data Set D.
R, 50C, (%) Rpco Battery pack 50C, (%) Rpcy (mQ)
Mean 2.06 37.4 2.20 D1 79.1 129.2
Std 0.41 6.7 0.68 D2 23.3 126.9
Max 2.55 62.6 2.73 D3 40.5 205.5
Min 1.08 11.0 1.12
CV (%) 15.73 18.0 15.85

values, thereby detecting differences between Data Sets C and 0 and
requiring model adjustments. As in Data Set B, a sample of n, = 40
modules is completely characterized, and the factors and coefficients
for the models are fitted. C and Rp. are estimated in the remaining
modules of the data set, with the experimental measurements and
accuracy results in terms of RMSE and MAPE shown in Fig. 6(a), (b)
and (c), respectively. As in the previous analysis, a cross-validation
procedure with 5 folds is followed, in such a way that all the available
data is considered in both model training and testing. Similarly, the
results shown are the average of all the trials.

As can be observed, RMSE values are lower in C estimation, simi-
larly than at cell level. In particular, 1.9% was achieved, versus 5.7%
obtained in the best case for R. Nevertheless, MAPE is similar in both
variables, with a value of 2.3%.

4.2.3. Battery packs

Finally, a Data Set D formed by three battery packs (D1, D2 and
D3) is also assessed. Given that there are not enough samples to develop
specific models for this level of study, their C and R will be estimated
from the models used at module level.

Therefore, the three battery packs are characterized according to the
fast procedure, being the results presented in Table 8. Given that the
voltage range of the battery packs exceeds the limits of the measuring
device, R, cannot be determined. To compare the results obtained
with module level, the average value of the 203 samples of Data Set

C, shown in Table 7 are extrapolated to battery pack level (48 modules
in series), resulting in 204.9 mQ. As can be seen, the values of Ry
in the battery packs are lower, with the maximum value measured in
D3, thereby suggests a worse degradation state of this sample.

To estimate C and Rjp. with the available data, Model 2 from
Section 4.2.2 and the corresponding factors are used. To adapt the
measured data, Ry from D1, D2 and D3 are divided by the number of
modules that form the battery pack, thereby obtaining the equivalent
input for the model. Fig. 7 shows the experimental measurements of
(a) C and (b) Ry at the five SOC levels, which are compared to the
estimated values and with the resulting relative errors of C and R
estimation obtained on each battery pack plotted in Fig. 7(c) and (d).

As can be seen, relative errors in C range from 2.0% (D2) to 6.6%
(D3), resulting in a MAPE of 2.8%. The outliered estimation error in
D3 could be explained by its greatest R, from which a lower value
of capacity could be expected. Considering R prediction, the best
results are also obtained in D2, with errors below 1% except from
Rpc 10%- In this case, MAPE ranges from 1.4%, obtained in Rpc 79¢ to
8.2% reported in Rpc o4

4.3. Influence of sample size on accuracy

The fast characterization method proposed aims to obtain sufficient
data to estimate C and R, in the remaining units of a given set.
Thereby, the size of this sample to be fully characterized (n,) should
balance testing times and accuracy. It is hence interesting to analyse
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battery packs tested.

how the estimation accuracy varies depending on this parameter. As an
illustrative example, Data Set B, formed by 203 cells will be assessed.
Therefore, from the experimental results obtained in this set, presented
in Section 4.2.1, the value of ng is varied from 5 to 100, fitting on
each case the corresponding estimation models and applying them
to estimate the remaining samples. On each case, cross-validation is
applied in model testing and training, in such a way that the number of
folds is adjusted to meet the corresponding n;. Then, RMSE and MAPE
are computed with Egs. (4) and (3). Fig. 8 shows the resulting evolution
of RMSE (Fig. 8a) and MAPE (Fig. 8b) in capacity estimation of Data
Set B depending on n,. As can be seen, in Model 3 RMSE is below 2%
for n, greater than 30, while MAPE decreases below 2.5% from n, = 40.
Hence, n, could be modified depending on the accuracy desired.

4.4. Impact of the proposed method on testing resources

In addition to the precision of the proposed method, another inter-
esting issue to discuss is its impact on testing times and equipment, as
well as in the energy consumed. Table 9 shows the results of time and
energy required in this contribution for the proposed estimation proce-
dure at cell level, with their equivalent in a complete characterization.
The required equipment in both approaches is also shown.

Table 9
Time and energy consumed and required equipment for cell characterization according
to the traditional method and the proposed fast estimation procedure.

Proposed method
Energy (Wh)

Traditional method Equipment

Time (min) Energy (Wh) Time (min)

C 836 1071 - - Battery tester
climatic chamber
Rpe 606 357 - - Battery tester
climatic chamber
Rpco 1 1 1 1 Battery tester
R, 1 - 1 - Impedance meter
TOTAL 1444 1429 2 1

As can be seen, the proposed fast estimation method leads to a
drastic decrease in testing times, from more than one day to 2 min per
cell. Specifically, the fast characterization is carried out, consisting of
OCV, AC and DC resistance measurements. Yet considering the parallel
use of resources, e.g., several channels at the same time, time reduction
is even more clear at industrial level, which deals with much greater
volumes of SL samples to repurpose. Energy reduction is also very
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marked, going from 1429 Wh to 1 Wh. The electrical energy consumed
when implementing the proposed fast characterization method is ap-
proximately 1 Wh, obtained as 33 A x 30/3600 h x 3.75 V = 1.03 Wh.
In this case, there are several factors to consider when quantifying
advantages, such as the possibility of utilizing the energy obtained from
the batteries in the characterization. Regarding the required equip-
ment, it is noteworthy that Rp( can be measured without a climatic
chamber, given that the duration of the current pulse required, of few
seconds, is too small to increase the internal temperature of the cells
significantly. Therefore, the benefits of the proposed method compared
to traditional measurements are demonstrated.

5. Conclusion

This contribution proposes a method for the fast estimation of
capacity and internal resistance of SL cells, modules and battery packs.
The existing need of optimizing characterization procedures at the
repurposing stage in order to decrease costs, together with the actual
research gap justify the analysis.

The suggested procedure consists of two stages: initial analysis and
fast estimation. In the first step, a given data set is characterized,
which allows to identify the significant variables for estimation. A
fast characterization procedure to measure significant variables is then
defined, and the estimation models thus fitted. Moreover, the minimum
number of samples to characterize in order to have significant results
in the overall population is assessed. In the second stage, a new data set
is considered and characterized with the fast procedure. By comparing
it statistically to the previous samples, it is possible to determine
if they are similar, so that the previous estimation models can be
applied. Otherwise, a sample with the minimum number needed is fully
characterized, thereby adjusting the models and estimating capacity
and resistance in the remaining units.

The proposed method is validated in 506 cells, 203 modules and 3
battery packs, all reused from Nissan Leaf EVs. The significant variables
identified for both capacity and resistance estimation are AC and DC
resistances. Three estimation models are thereby obtained, one for
each target variable and a third combining them. Considering the
cells between positive and middle terminal as starting data set, it is
statistically demonstrated that the counter-posed cells, between middle
and negative terminals, are different, so model adjustment is necessary.
Likewise, estimation at module level require new models.

The best accuracy results are obtained by means of the model that
combines both AC and DC resistances, with RMSE values below 2% in
capacity estimation of cells and modules, and MAPE below 2.5%. In
terms of resistance estimation, the average RMSE is lower than 6.4%
at cell and module level, while MAPE is below 2.4% in both cases.
Considering battery pack estimation, it is only possible to estimate with
Model 2 due to equipment limitations, obtaining RMSE values of 3.1%
and 7.0% in capacity and resistance, and MAPE below 4.2%. With the
proposed method, testing times are reduced from more than one day
to 2 min per cell, while energy is reduced from 1.4 kWh to 1 Wh.

Overall, this contribution highlights the importance of optimizing
characterization procedures at the repurposing stage of Li-ion batteries
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from EVs. The assessment of the correlation between the internal
variables allows to design a fast characterization procedure and to
define estimation models, thereby reducing testing times with good
accuracy results. This allows to simplify this stage, thereby reducing
its costs and contributing to the economic viability of SL batteries. The
proposed method is likely suitable to be adapted to other technologies
and chemistries, and such tests are left as future lines of this work.
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