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Summary

Cells are generally sorted or binned according to capacity and ac resistance before incorporation into

a battery pack. For applications where high-current pulses are demanded, this may not be the optimal

approach; instead, cells should additionally be sorted by high-current dc resistance. This paper proposes

a machine-learning method that uses low-current measurements to predict high-current dc resistance and

demonstrates that a pack layout created by sorting cells according to high-current resistance yields lower

RMS current deviation than does a random layout. The optimized layout is expected to extend pack life.

1 Abstract

Every lithium-ion cell produced by a manufacturing process has somewhat random characteristics [1].
Because of this, cells are generally sorted or binned before assembling them into battery packs [2–4].
Properly composed packs can lower the balancing activity required and can even extend life [5].
Presently, battery packs are built from cells that are matched in many cases simply by capacity Q and ac
resistance R0. This paper proposes that matching in this way is not the best approach for applications
ranging from stop/start hybrids to performance-model electric vehicles requiring high-power pulses. In-
stead, we propose matching 30-s high-current dc pulse resistances Rhigh

30 , which may result in much
different pack composition than by matching R0 and Q. Further, outlier cells can be detected and dis-
carded/recycled that would have been missed when screening cells based only on R0 and Q.
In principle, high-current pulses could be applied to the cells after manufacture and formation to compute
Rhigh

30 for matching purposes, but this requires multiple parallel high-power machines which is expensive;
further, it stresses the cells needlessly. Instead, we propose a method that uses simple low-current mea-
surements that can be made quickly. From these data, we extract a low-current Rlow

30 (which can be very
different from Rhigh

30 due to cell nonlinearities and dynamic time constants), and cell EIS impedances
Z low
30 at the fundamental frequency and a number of its odd harmonics.

The method that is proposed uses simple machine-learning (ML) tools to form a linear combination of
these measurements to estimate Rhigh

30 . The outcome is a very accurate estimate of Rhigh
30 as well as

a new method for outlier/defect detection that can expose problems that are invisible when screening
based only on R0 and Q. It also informs a pack-layout method that minimizes current variation among
cells in a battery pack. To the best of our knowledge, there is no other published work that proposes an
ML method that can be used by a cell-manufacturing end-of-line (EOL) tester to predict a high-current
resistance and then to use that prediction to propose an optimized battery-pack layout.
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Figure 1: (a) High-current discharge-pulse responses from 100 simulated cells; (b) Characteristics of outlier cell
compared with parameter ranges of all cells.

2 Simulations to create a machine-learning data set

ML tools depend on a set of “training” data that are used to optimize the parameters of the estimator, as
well as a distinct “validation” or “testing” set of data that are used to determine whether the estimator
is providing acceptable performance. For the work presented here, COMSOL was used to simulate a
physics-based Doyle–Fuller–Newman (DFN) model of a lithium-ion battery cell [6–8] using somewhat
randomized parameter values. The baseline cell had parameter values taken from Table 6.1 in [8]; no-
tably, it has a nominal capacity of 20.5Ah and a high-frequency resistance R0 of around 1.05mΩ. Each
cell’s actual capacity, solid and electrolyte conductivities, solid and electrolyte diffusivities, reaction-rate
constants, and double-layer parameter values were all slightly randomized around nominal values, and
simulations for a total of 100 randomized cells were run.
Each simulation began with a 5 s rest, followed by a 10C discharge pulse (205A, based on nominal ca-
pacity) for 30 s, followed by a 25 s rest. Voltage traces that resulted from these simulations are presented
in Fig. 1(a). There is a clearly observable range of responses, including one significant outlier. Noth-
ing intentional was done to force this outlier; it simply resulted from the randomized parameter values.
Fig. 1(b) shows a box plot of the parameter ranges of the cells, indicating with “×” the parameters of
the outlier cell for reference; the parameter that contributed most to this cell being an outlier was a low
solid-diffusivity value in the negative electrode. Note that while the outlier cell is very evident from its
response to a high-current pulse, it is not evident from its response to a low-current pulse. Detection of
the outlier is the topic of Sect. 4.
From these high-current simulations, we can compute the true value we desire to estimate using ML:

Rhigh
30 =

4.2V − vmin

205A
× 1000 [mΩ],

where vmin is the minimum pulse-response voltage, located at the end of the 30-s discharge pulse.

3 Machine learning approach

ML methods are automated ways to use a training data set to find the tunable parameters of an equation
that estimates some output of interest. Our proposed approach uses a very simple form of ML, linear
regression.

Using R0: We begin by selecting the inputs to the estimator, which are called the “features”. The first
feature data set considered using the combination of a constant input “1” and the value of R0 measured
during the formation process. So, we can say that

φ =
[
1 R0

]
.

EVS35 International Electric Vehicle Symposium and Exhibition 2



The model for estimating Rhigh
30 using this feature vector is

R̂high
30 = φx,

where R̂high
30 is an estimate of Rhigh

30 and x is a 2× 1 vector of parameter values to be determined by the
ML method.
Data from the first 80 cells formed the training data set and data from the remaining 20 cells formed the
testing data set (the outlier was an element of the training data set). The training data were organized as

Φ =




1 R(1)

0
...

...

1 R(80)
0



 ,

where the superscript on R0 denotes the cell number. The computed outputs of the training set were

Y =




Rhigh,(1)

30
...

Rhigh,(80)
30



 .

Then, the optimized vector of parameter values was computed as

x = (ΦTΦ)−1ΦTY,
which is the standard least-squares solution. Then, estimates of the high-current resistance for the vali-
dation set were found via

R̂high,(N)
30 =

[
1 R(N)

0

]
x

for 81 ≤ N ≤ 100.

Using R0 and Q: The same method is applied using different feature vectors φ. The next feature
vector investigated included a constant, R0, and cell capacity Q. In this case,

φ =
[
1 R0 Q

]

and the remaining steps are the same, except that x is now 3× 1 in size.

Using R0, R30, and Q: The next feature vector also included the cell’s low-current R30, defined as

Rlow
30 =

4.2V − vmin

2.05A
× 1000 [mΩ].

That is, the method for computing Rlow
30 is the same as the method for computing Rhigh

30 , except that the

test run to determine Rlow
30 used a C/10 rate instead of a 10C rate (it used the same cell parameters, but a

different input-current magnitude). The revised feature vector was
φ =

[
1 R0 Rlow

30 Q
]
.

Using R0, R30, Z30, and Q: The next feature vector included EIS-determined cell impedance at 1,
3, 5, 7, 9, and 11 times the fundamental frequency of 1/60 Hz. Since impedance is a complex number
at any frequency and since we desire to use real-valued regression, we separate the impedances into real
and imaginary parts. Therefore, the feature vector was

φ =
[
1 R0 Rlow

30 real(Z1) · · · real(Z11) imag(Z1) · · · imag(Z11) Q
]
.

Using all with LASSO: The feature vector has now grown to 16 elements in size. This is not exces-
sively large but it would be interesting to see if it could be trimmed. The LASSO method modifies the
regression technique used to determine x such that it penalizes having too many components in x [9]. It
does this by setting values in x to zero if they have only a small predictive component.
We applied the LASSO method to the data set and discovered that three elements of the previous 16-
length feature vector were most significant: these were Rlow

30 , imag(Z1), and Q. It is very interesting
that the high-frequency resistance R0—currently used for cell sorting—was not one of these important
features! Results presented shortly for the LASSO method used only these three features.

Using reduced: Finally, we tried one more feature vector, somewhat enlarging the LASSO feature
vector:

φ =
[
Rlow

30 real(Z1) real(Z3) imag(Z1) imag(Z3) Q
]
.
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Desired estimate
Using R0
Using R0, Q
Using R0, R30, Q
Using R0, R30, Z30, Q
Using all, LASSO
Using reduced

Method uses: RMSE (mΩ)

R0 0.063441

R0, Q 0.064713

R0, Rlow
30 , Q 0.035586

R0, Rlow
30 , Z30, Q 0.003457

All, with LASSO 0.025869

Reduced set 0.025065

Figure 2: Validation results using the six estimators.

Results when estimating R
high
30

Six different estimators were trained using data from 80 cells and then tested on data from the remaining
20 cells. The objective is for R̂high

30 to match Rhigh
30 as closely as possible. Fig. 2 illustrates the validation

results. An ideal outcome would be for all of the markers to fall directly on the blue dashed line where
true and estimated resistances are the same.
Examining the figure, we see that estimates using only R0 or using both R0 and Q performed about the
same. But, neither performed especially well. These results are indicative of the cell matching that would
be performed today. All other matches are substantially better, with the estimates produced using R0,
Rlow

30 , Z30, and Q being exceptionally good. Numeric results in terms of root-mean-squared estimation
errors are tabulated in the table drawn in Fig. 2. If computation is a concern, the “using reduced” feature
vector produces reasonable results using very few features.

4 Outlier detection

Fig. 1(a) clearly shows that one cell behaves differently from the others; it has a much higher 30-s
resistance. In order to investigate this further, we plotted the histogram of all cell 30-s resistances, shown
in Fig. 3(a). Here, we very clearly see the single outlier, having a 30-s resistance of 3.48mΩ. From the
histogram, we note that any 30-s resistance above about 3mΩ might be considered an outlier.
Can this outlier be detected using knowledge of only R0 and Q, the typical information presently avail-
able during screening? Fig. 3(b) presents a scatter plot of Q versus R0 for all 100 cells that were sim-
ulated. It would be convenient if the cell having excessive Rhigh

30 were easily discernible from this plot,
but it is not. The red “×” symbol shows the cell having an excessive Rhigh

30 , and it is right in the center
of the scatter. Knowing only R0 and Q, we cannot tell that this cell is an outlier.
Table 1 lists the estimates of R̂high

30 for the outlier cell produced by the ML estimators using different
feature sets at input. Comparing the estimates from this table to the true value, we see that only the last
three methods have a reasonably close estimate. Further, comparing the estimates made using only R0
and Q to the histogram in Fig. 3(a), we see that the (incorrect) estimates R̂high

30 produced using only these
features are well within the 0–3mΩ normal range predicted by the histogram, so screening would choose
to “pass” this cell when it should be “failed”. The estimate based on the feature vector that further uses
Rlow

30 shows that the cell is borderline, but it would still probably pass the cell when the cell should be
failed. Only the ML estimates made with feature vectors that incorporated Z30 correctly show that the
cell should be failed.

5 Extending to the pack level

We would like to use the ML-predicted R̂high
30 to sort or bin cells to compose an optimized battery-pack

layout. To evaluate the performance of a proposed pack layout, we must be able to simulate battery packs
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Figure 3: Histogram of all high-current 30-s resistances. Scatter plot of Q versus R0 to see whether outlier cell is
easily discernible.

Table 1: Detecting the outlier resistance. Boldface entries correctly detect outlier.

Method Estimate (mΩ)

True value of outlier resistance 3.4822

Using R0 2.6801

Using R0, Q 2.6805

Using R0, Rlow
30 , Q 2.9739

Using R0, Rlow
30 , Z30, Q 3.4765

Using all, LASSO 3.2002

Using reduced 3.3293

comprising multiple cells wired in parallel and in series, where the characteristics (parameter values) of
the cells are all somewhat different. To evaluate any solution to this question, we need to be able to
simulate a high-current pack-level pulse discharge. There are two possible approaches to doing this:

1. We could simulate the battery pack in COMSOL. This would require somehow developing ways
to couple multiple PDE-based cell models together to make a pack model. This approach was
rejected for two reasons:

(a) The development time might be enormous: we would need to develop new battery-pack PDE
models in COMSOL, and we would need to validate these models somehow.

(b) This approach would not be practical in an EOL cell tester since the physics-based model
parameter values are unknown and since COMSOL simulations run slower than real time.

2. We could somehow create equivalent-circuit models (ECMs) of the cells and put those together to
simulate a battery pack. This has some attractive features:

(a) If we can find a way to make an ECM using only data that have already been collected, the
model can be used to predict any load profile quite readily.

(b) There are existing tools to simulate battery packs using ECMs of cells having different char-
acteristics [10]. This enormously speeds development time.

(c) ECMs run quickly: This approach is feasible for implementing in an EOL tester in real time.

The major development hurdle is to find a way to translate the data we have already collected—namely,
Rlow

0 , Z30, Q, and the voltage profile measured during the low-current 30 s pulse—to develop an ECM
that can accurately predict a high-current pack discharge event. This is the first aspect we address.

EVS35 International Electric Vehicle Symposium and Exhibition 5
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Figure 4: The form of equivalent-circuit model assumed here.

5.1 Making an ECM using available data

To make an ECM for every cell coming off the production line, we assume that we know the nominal
OCV versus SOC relationship and that we know every cell’s capacity Q. (We suspect that using a fixed
nominal capacity Qnom would be sufficient, however.) We also assume that we will use the previously
described ML methods to make estimates of R̂high

30 . The primary data set used to create the model is the
current/voltage profile for the low-current 30 s discharge test.
The cell model that we assume is illustrated in Fig. 4 and has the following equations:

State of charge. State of charge at discrete-time index k is denoted as zk. It evolves according to

zk+1 = zk − ik∆t/Q, (1)

where ik is the input current at time k, ∆t is the sample period, and Q is the cell total capacity.
SOC is unitless, so if ik is measured in amperes and ∆t is measured in seconds, then Q must be
expressed in ampere-seconds.

Diffusion-resistor current. Current through the resistor Rj in the jth resistor–capacitor network at
discrete-time index k is denoted as iRy ,k and evolves as

iRj ,k+1 = exp
(

−∆t
RjCj

)
iRj ,k +

(
1− exp

(
−∆t
RjCj

))
ik. (2)

This term models the slow time constants of diffusion processes occurring within the cell.

Voltage. Voltage vk at discrete-time index k is computed as

vk = OCV(zk)−
∑

j

RjiRj ,k −R0ik, (3)

where OCV(zk) is the OCV as a function of SOC, and R0 is the pure ohmic resistance of the cell.

To fit an ECM to a specific cell, we must somehow determine the values for R0, Rk for 1 ≤ k ≤ 3, and
Ck for 1 ≤ k ≤ 3, assuming that Q and the OCV relationship are already known. The values of these
resistances and capacitances are found from the data collected during the low-current 30 s discharge test
(one example of which is plotted as the solid blue line in Fig. 5):

• First, find SOC for all points in the test using Eq. (1).
• Then, find OCV for all points in the test using OCV(zk).
• Isolate the portion of the test following the 30 s discharge when the cell is resting. Then, Eq. (2) is

homogeneous (zero-input) and has geometrically (exponentially) decaying behaviors.
• Use an exponential-fitting function [11] to fit an exponential relationship to this voltage decay.

This gives us the R–C time constants of the model.
• Simulate the entire profile (rest+discharge+rest) using these time constants to produce data for zk,
iR1,k, iR2,k, and iR3,k. Use these profiles in a linear regression to determine R0, R1, R2, and R3.
This model fits the low-current measured data very well (see dashed blue line in Fig. 5).

• There is a problem when applying this low-current model to the high-current pulse. The red solid
line in Fig. 5 displays the voltage response of the cell to a high-current pulse. The red dashed line
shows the voltage response that the low-current ECM predicts for that test. The relaxation period
is well modeled and the time constants are well modeled, but the overall high-current resistance is
smaller than the low-current resistance and this is evident in the plot by a large voltage mismatch.
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Figure 6: R–C time constants discovered for each of the 100 cells.

• However, we can estimate the high-current R̂high
30 using our ML method (here we assume we do

this perfectly) and compare to the ECM’s low-current R̂low
30 . For high-current simulations, we

replace R0 by R0(R̂
high
30 /R̂low

30 ) and we replace the other resistances Rn in the R–C circuits by
Rn(R̂

high
30 /R̂low

30 ). Doing this produces the dotted red line in Fig. 5.

So, at this point we have created an ECM of a cell fresh off the production line using only measured data
that were collected in a couple of minutes of testing. This model is valid only around the range for which
the ML method was trained, but should be perfect for simulating a high-current pack discharge current
at around 100% SOC.
A comment regarding the results from this step. The R–C time constants found for each cell are plotted
in Fig. 6. The left plot shows models having only two R–C pairs and the right plot shows models having
three R–C pairs. It is very interesting that we can also see the outlier cell (#24) quite clearly in both of
these plots. This cell has a much slower time constant than any of the other cells. This feature might also
be useful when sorting cells but we have not investigated this possibility.

5.2 How to simulate a battery pack

Once we have created an ECM for every cell in the battery pack, it is relatively straightforward to simulate
the performance of a battery pack containing multiple cells wired in series and/or in parallel [10,12]. To
do so, we must first notice something critical about the ECM equations. Some of the equations depend
on the present value of input current and others depend only on past values of the input current.
Notice that present values of SOC and the diffusion-resistor currents depend only on past input-current
values. For example, SOC at time k + 1 depends only on input current at time k, and through recursion,
input current at times prior to k. Notice that voltage depends on present and past values of input current.

EVS35 International Electric Vehicle Symposium and Exhibition 7



P
C

M

Figure 7: Schematic of a battery pack where modules comprise multiple cells wired in parallel.

Overall, we can write

vk = OCV(zk)− diffusion(iRj ,k)︸ ︷︷ ︸
not a function of instantaneous current

−R0ik. (4)

When we place multiple cells in parallel, their terminal voltages vk must be equal according to Kirch-
hoff’s voltage law. The total current passing through the battery pack must be split among parallel cells
in order to enforce this law—in general, the split will not be equal among all cells because of differing
R0, differing zk, and/or differing diffusion currents.
When pack current changes, the OCV and diffusion voltages cannot change instantly. What can change
instantly is the voltage drop across R0 in each cell. This information is key to unlocking a method to
simulate cells connected in parallel.
To see how to simulate a battery pack comprising modules of parallel cells (PCMs), we refer to Fig. 7.
In the figure, each blue rectangle delineates one battery cell. As discussed in conjunction with Eq. (4),
each cell’s voltage can be modeled as having a fixed part that does not depend on the present cell current,
and a variable part that does depend on present cell current. Fig. 7 symbolizes the fixed part as a voltage
source and the variable part as a resistance in each cell. Therefore the voltage source in the figure is not
only OCV but also includes present diffusion voltages.
By Kirchhoff’s voltage law, all terminal voltages of cells connected in parallel must be equal; by Kirch-
hoff’s current law, the sum of currents through all cells connected in parallel must equal the total battery-
pack current. We define current through cell j of a PCM at time k as ij,k, its fixed voltage as vfj,k, the
PCM overall voltage as vk, and the resistance of the jth cell as R0,j . Then, Ohm’s law applied across
each cell’s resistance gives cell current as

ij,k =
vfj,k − vk

R0,j
, (5)

which could be computed if we were able to find vk.
We arrive at the total battery-pack current by summing all parallel cell currents

ik =

Np∑

j=1

vfj,k
R0,j

− vk

Np∑

j=1

1

R0,j
.

By rearranging, we can solve for the PCM voltage

vk =

∑Np

j=1
vfj,k
R0,j

− ik
∑Np

j=1
1

R0,j

. (6)

To summarize, we first evaluate Eq. (6) to determine each PCM’s terminal voltage. Then, we compute
the individual cell currents using Eq. (5). Once we have the independent cell currents ij,k, we can update
the cell-model state associated with each cell. Pack voltage is computed by summing all PCM voltages.

6 Packs constructed using random layout

The battery-pack simulations we report here are based on forming different 7S3P packs from subsets of
the 100 cells already described. In terms of possible permutations of these cells to build battery packs
of size 21, there are “one hundred choose twenty-one” or about 2× 1021 possible combinations. It is
not feasible to simulate all of these combinations in an exhaustive way, so we generated representative
results by generating battery packs by randomly selecting groups of 21 cells from the 100. Overall, we
simulated 10,000 random combinations.

EVS35 International Electric Vehicle Symposium and Exhibition 8
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Figure 8: Histograms cell-current deviation for 10,000 pack simulations: in (a) the “outlier cell” was permitted to
be in a pack configuration; in (b), it was not.

Packs were organized by placing three cells in series to make “parallel-cell modules” or PCMs. Then,
seven PCMs were wired in series. The applied-current profile comprised 5 s of rest, 30 s of 615A dis-
charge current (a 10C rate), and 25 s of rest. The pack began with all cells at 100% SOC.
Each simulation produced twenty-one profiles of current versus time (one per cell) and seven profiles
of voltage versus time (one per PCM). A profile of “current deviation” versus time was computed as
the maximum cell current minus the minimum cell current in every PCM—there were seven of these
current-deviation profiles per simulation, one per PCM. As a summary statistic, the RMS value of these
current deviations was computed and recorded.
Fig. 8(a) displays histograms of current and voltage deviation for the same 10,000 randomly organized
battery packs (from the 100 fixed cells). We desire small current deviation to extend life according to
Gogoana et al. [5]. We do not report voltage deviation here but we also desire small voltage deviation so
that one PCM does not unduly limit performance of the overall battery pack (e.g., if one PCM discharges
to a much lower voltage than the others).
In the figure, we see bimodal distribution of current. We wondered whether this might be caused because
some packs include the “outlier cell” and other packs do not contain this outlier.1 To test this conjecture,
we simulated an additional 10,000 randomly organized battery packs from the 99 non-outlier cells. His-
togram results of these simulations are shown in Fig. 8(b). The current-deviation distribution is no longer
bimodal, showing that the culprit was the outlier cell. This cell should definitely not be used in a bat-
tery pack. The distribution is still fairly wide—can this be improved? We propose a simple cell-sorting
method to see if its results are better.

7 Packs constructed using sorted layout

Using the same 100 cells, we considered the already-computed C/10 30 s pulse resistance Rlow
30 for every

cell. We then sorted the cells in order, from lowest resistance to highest resistance. We created one pack
with cells 1 to 21; the second pack with cells 2 to 22; the third with cells 3 to 23, and so forth. Overall,
this gives 100− 21 + 1 = 80 distinct packs that we simulated with the same profile.
Fig. 9 shows results from these simulations. Since there are far fewer results, we can display all simula-
tion outputs instead of only statistical results as was needed for the random battery packs.
The top-left frame shows current deviations for all simulated scenarios superimposed. There is no devi-
ation for the first 5 s when the pack is resting. There is an abrupt deviation upon applying the discharge
pulse, which quickly decreases for most packs but then tends to climb slightly over time until the pulse
is removed. When the pack is allowed to rest, there is a further transient, which then decays toward zero.

1It is possible to derive the probability of choosing 21 non-outlier cells out of the 100 total cells—the answer turns out to be
79%. It seems reasonable that about 79% of the histogram area is in the lower-RMS deviation mode and that about 21% is in
the upper-RMS deviation mode.
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Figure 9: Sorting according to Rlow
30 .

We see that two of the 80 traces are visually distinct; these contain the second-highest Rlow
30 cell, which

is the outlier (not readily detected using Rlow
30 only).

The top-right frame shows the RMS value of each of these traces (computed over the entire simulation
time) plotted versus pack number. Most of the results have an RMS current deviation of less than 10A,
but a few are a little higher than that, and the final two (which include the outlier cell) are substantially
higher. If we remove the outlier cell, all RMS currents are less than about 13A. Comparing with Fig. 8,
we see that this is an excellent result—the worst-case sorting result is much better than the average
random result.
However, it is a little odd that the outlier cell is not the worst-case Rlow

30 . We recognize that the outlier
cell might be better discovered by sorting according to Rhigh

30 , which is the 30 s 10C pulse resistance
instead of C/10 pulse resistance. Here, we used the actual value of Rhigh

30 , but we have seen that it can be
estimated well using the ML approach presented before.
Using the same 100 cells, we computed the 10C 30 s pulse resistance Rhigh

30 for every cell. We then
sorted the cells in order, from lowest resistance to highest resistance. We created one pack with cells 1
to 21; the second pack with cells 2 to 22; the third with cells 3 to 23, and so forth. Overall, this gives
100− 21 + 1 = 80 distinct packs that we simulated with the same profile.
Fig. 10 shows results from these simulations. These are organized in the same format as for Fig. 9. Some
quick observations include:

• The outlier cell is now indeed the final cell, and is included in only one of these tests. It causes
much higher current and voltage deviation in that test, so the cell should be discarded.

• As a result, only one of the current-deviation traces is visually much different from the others. If
the outlier is removed, the current deviations are all very similar.

• RMS current deviation is now hovering mostly around 6A, which is even better than when sorting
according to Rlow

30 . Compared with the histogram for randomly generated packs, all of these packs
are in close competition for the best.

While we have no proof that this method of laying out a battery pack is the “best” approach, it does
produce high-quality results, where all packs that do not use the outlier cell have very similar cell-current
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Figure 10: Sorting according to Rhigh
30 .

and PCM-voltage profiles.

8 Conclusions

This paper has proposed an ML method that uses input features that can be measured quickly using
low-current inputs to predict the high-current pulse resistance of a cell. This information can be used to
detect outlier cells and to create pack layouts that (appear to) minimize current deviations in the battery
pack.
Several general conclusions can be drawn:

• It is never good to include the outlier cell in a battery pack. The histograms from the randomly
generated packs show this quite clearly, and the results from the sorted packs concur. The outlier
cell should be discarded/recycled.

• Sorting by Rlow
30 produces much better results than for unsorted packs. This measurement can be

made very quickly, so would not slow down the pack-construction line.
• Sorting by Rhigh

30 produces the best results of anything that we attempted. This value must be esti-
mated using the ML approach from values of Rlow

30 and EIS impedances that can also be measured
rapidly by an EOL cell tester.

• According to Gogoana et al. [5], minimizing current variation will extend life; therefore, we be-
lieve that sorting by either Rlow

30 or Rhigh
30 promises to extend life substantially. We expect that

laying out a pack according to sorted resistances will even out heat generation, which is a desir-
able feature.
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