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Abstract— Over the past decade, there has been increasing
interest in using lithium-ion batteries across a wide variety of
applications, particularly in electric vehicles and grid-energy
storage. In order to meet the power and energy demands
of these applications, a single battery cell is often insufficient:
battery packs composed of hundreds to thousands of intercon-
nected cells must be constructed. The electrical and thermal
connections made between cells during assembly introduce ad-
ditional complexity in terms of interconnect configuration, cell-
to-cell heterogeneity effects, and thermal interactions between
the cells of the pack. To investigate these effects, in this article
we construct a battery pack model composed of 192 cells with
a configuration based on the battery pack of a first-generation
Nissan Leaf, where we simulate the electrical, thermal, and
aging dynamics of every cell in the battery pack. The model
is calibrated and validated with experimental data from [1].
Using this model, we show that, in the presence of ‘“weaker”
cells with reduced capacity, ‘“stronger” cells in the pack with
higher capacity accommodate their weaker partners, leading
to a reduced sensitivity of the battery pack’s output voltage to
the heterogeneities, at the expense of a reduced lifetime of the
higher capacity cells in the pack resulting in a higher level of
aging for the pack overall.

I. INTRODUCTION

Prompted by increasing concerns over pollution and
greenhouse gas emissions, many automotive companies are
increasingly looking to transition away from traditional
internal-combustion engine vehicles powered by fossil fuels
and towards electrified powertrains powered by Li-ion batter-
ies [2]. These battery electric vehicles (BEVs) offer overall
higher efficiencies and have a lower overall carbon footprint
relative to internal-combustion vehicles [3]. Li-ion batteries
have come to be the predominant battery technology used in
the EV application due to its superior performance in both
capacity and power relative to other battery types [4].

In these applications, to meet the required power and
energy requirements, hundreds to thousands of battery cells
must be connected together in a battery pack. Generally,
cells are first connected together to form battery module and
modules are subsequently connected together to form a pack.
Sensors for voltage, current, and temperature can be placed
at various levels of this hierarchy to enable monitoring of
the battery state [5]. To maximize efficiency and reliability
of these battery packs, cell-to-cell consistency and thermal

uniformity are known to be important [6]; however, the liter-
ature surrounding the modeling of battery packs is sparse. In
particular, the creation and calibration of efficient models that
are able to accurately predict the electro-thermal dynamics
of battery packs throughout the entirety of the pack’s life, is
hindered by lack of publicly available battery module/pack
data.

There are two traditional approaches that are generally
used by battery system designers to model/predict bat-
tery-cell dynamics: equivalent-circuit models (ECMs) and
physics-based models (PBMs) [7]. ECMs provide a simple
and computationally inexpensive model that captures the
voltage dynamics of the battery but it is a purely empirical
approach based on experimentally-collected data. This ap-
proach is essentially a curve-fitting process and thus cannot
be reliably used for extrapolation into operating regimes
for which the data used to identify the model does not
cover. In contrast, PBMs allow for enhanced monitoring and
prediction of the internal battery cell mechanisms, but have a
more complex mathematical structure and generally require
more computational time to simulate. Since PBMs model the
physical processes happening within the cell, these models
can be more reliably extrapolated into operating regions that
may not be covered by experimental data at the cost of
increased model complexity and computational cost.

Both ECMs and PBMs can also be augmented with models
that capture the thermal and aging dynamics the battery cell.
To model the temperature changes of the battery cell during
its operation, ECM and PBM models are often augmented
with a lumped-parameter thermal models. To capture the
capacity and power fade of the battery cell, ECM models
are often augmented by semi-empirical models calibrated
using experimental data [8], [9] Similarly, PBM models are
often augmented with expressions for the growth dynamics
of the solid-electrolyte interface layer, and lithium-plating
dynamics [10].

Both modeling approaches can successfully capture, to a
high degree of accuracy, the electric and thermal response of
battery cells under different loads; however, these methods do
not scale to the pack level without an accompanying increase
in computational cost. In control-oriented applications, such



as battery management systems (BMS) in EVs, such an
increase is generally undesirable as it increases latency, low-
ering the quality of state estimation. As such, a commonly
invoked assumption is that of pack modularity: the dynamics
of the pack can be determined from the dynamics of an
individual cell [11]. By using this assumption, any cell-to-
cell heterogeneities present within the pack are neglected and
the dynamics of the pack can be reduced to that of a single
battery cell with inputs and outputs suitably scaled. While
this approach requires the least computational effort, it is
currently unclear how much loss in fidelity there is when
not accounting for cell-to-cell heterogeneities. To the best of
the author’s knowledge, no systematic comparison has been
done between a battery pack model that explicitly captures
the cell-to-cell heterogeneities and a simple scaled-up cell-
level model using modularity has been done previously.

With the increasing availability of faster processors and
specialized hardware such as GPUs, it is possible to model
and predict battery pack dynamics by simulating the dynam-
ics of all of the cells that comprise the battery pack. For
example, the authors of [12] have simulated the electrical
dynamics of a grid-integrated battery pack consisting of
>21k cells, where each cell is modeled using a first-order
equivalent-circuit model (ECM), as shown schematically in
Fig. 1, with each cell’s parameters drawn from an empirically
estimated distribution. This is done to account for cell-to-
cell heterogeneity that arises during mass manufacturing.
These simulations find that regions of the battery state-of-
charge (SoC) that correspond to the highest variance in
the parameter values also produces the greatest imbalance
between the maximum and minimum measured cell voltages
across the whole pack. In addition, the simulations also find
that there is not a single dominant cell: the cell associated
with the maximum (minimum) voltage changes throughout
the simulation.
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Fig. 1: Schematic representation of a first-order equivalent-circuit model
(ECM). The electrical dynamics modeled using an RC loop mediated
by a polarization resistance Ry and polarization capacitance Cy. The
polarization timescale is then 71 = R1C4. Internal losses are modeled
by a high-frequency resistance Ro. We use the convention throughout that
discharge corresponds to a positive current, I > 0.

To bridge the divide between cell-level and pack-level
modeling, various studies have focused on understanding the
dynamics of battery modules. The authors of [8] construct
a model of a battery module’s dynamics which incorporates
the battery’s electric, thermal, and aging dynamics. Similar

to [12], the authors model the electric dynamics of each
cell within the module with an ECM model, where the
parameters of the ECM are drawn from a Gaussian centered
on a nominal value and with a variable variance. They also
investigate the effects of cell balancing and examine the
differences in the cell’s aging dynamics when using either
passive or active balancing. The thermal dynamics of each
cell is modeled using a lumped-parameter approach where
the electrical dynamics generate heat and cells exchanges
heat with each other through passive air cooling channels.
The aging model used is based on severity factors and
accounts for both capacity fade and resistance increase (or,
equivalently, power fade) [9]. They find that, under similar
load and conditions, the cells within a battery module ages
faster relative to an isolated battery cell. Surprisingly, they
find that the degree of cell-to-cell heterogeneity does not
make an impact on this difference between pack-level aging
and cell-level aging.

Yet another way to model the dynamics of a battery pack
is to identify an ECM using battery pack data directly.
In [13], a study was carried out to compare the performance
of an ECM identified using the experimental data collected
from a new Hyundai Kona 2019 vehicle. The experiment
placed the car on a chassis dynamometer and it was driven
to undergo a UDDS and US06 drive profile. During the
experiment, pack-level and cell-level (from cells within the
pack) electrical data were collected. The authors then did a
performance comparison between two ECMs: one ECM is
identified from the pack data directly, while another ECM
is identified using the cell-level data and then scaled up to
the pack-level using the modularity assumption. When the
performance of the two models in predicting the pack-level
experimental data is compared, as measured by the root-
mean-square error of the model prediction with the data, it
is found that both ECMs perform equally well in describing
the battery pack’s electrical dynamics suggesting that the
electrical dynamics can be adequately modeled by using the
modularity assumption.

In this article, we aim to study the sensitivity of battery
pack models to cell-to-cell heterogeneity. To accomplish this,
we:

1) Build and calibrate a battery pack simulator wherein
we model the dynamics of the individual cells in the
pack by using an ECM for the electrical dynamics, a
lumped-parameter model for the thermal dynamics, and
a model of capacity fade and resistance increase based
on discharge energy-throughput and severity factor

2) Study the effects of introducing capacity heterogeneities
into the cells and the response of the cells and the pack
overall to this heterogeneity

3) Investigate a mechanism by which the pack’s perfor-
mance remains robust to the presence of heterogeneities

The model built in this work is inspired by one constructed
in [8]; however, this study specifically focuses on drive cycles
and loads relevant to battery EVs (BEVs) and also constitutes
a larger pack than what was previously studied.



To calibrate and validate this model, we leverage experi-
ments carried out at Idaho National Labwith data shared with
us by the authors of [1]'. The specifications of the cells and
battery packs tested are listed in Tbl. I. Experiments were
carried out over the period of one year and periodically tested
the performance every month of a battery pack from a (first-
generation) 2012 Nissan Leaf as it is subjected to a load
representative of common EV operation. The design of the
experiments from which we use the data are listed in Tbl. II.
Data was collected both at the pack level and at the cell
level (these cells are isolated and not part of the pack). The
pack and cells for which data is used here were charged with
a DCFC charging protocol at 120A. The experiment shows
that a heterogeneous temperature distribution throughout the
pack accelerates the aging of cells in the pack relative to
that of isolated cells experiencing the same (appropriately
scaled) load. We aim to construct a battery pack model that
can recapitulate these experimental findings.

Battery specs
Manufacturer Nissan
Positive electrode LiMnyOy
Negative electrode LiCg
Type Prismatic
Nominal ity [Ah]:
ominal capacity [Ah] 33.1/66.2
cell/voltage
inal vol VI:
Nominal voltage [V] 3.8/362.5
cell/pack
Charge cutoff voltage [V]: 4177872
cell/pack
Disch toff volt VI:
ischarge cutoff voltage [V] 2 5/480
cell/pack
Total number of cells in pack 192
Module configuration 2p2s

TABLE I: Specifications for battery pack and isolated cells used in the
experiments of [1].

Using the pack model, We investigate how the dynamics
of a pack containing cells whose capacity is drawn from a
known distribution differs from a pack which contains only
cells with nominal capacity. We compare our the results of
our pack simulator with cell-to-cell heterogeneity to a pack
model that assumes modularity and quantify the differences
between the predictions of these two models. In so doing, we
investigate the validity of using the modularity assumption
when modeling battery packs. We then investigate how initial
cell-to-cell heterogeneities propagate in time at the level
of the electrical and thermal response of the battery pack.
Specifically, we investigate how the presence of “weak”
cells with a known lowered capacity in the pack affect the

'In this work, we use data based on the cells aged using DC fast charging;
however, as seen in [1, Fig. 3], the difference in aging between the two
charging levels at the cell-level is marginal.

Vinax/ Temperature E;:E:er of Capacity
Vinin [V] | [°C] at BOL [Ah]
or cells
Pack
395/285 \ 30 1 56.34
Cell
20 3 28.30 +0.05
4.11/2.5 | 30 3 28.24 +0.05
40 3 28.28 +0.08

TABLE II: Design of experiments for cell and pack data that is used in this
work from [1].

dynamics of cells in the pack that are “normal” and have
nominal capacity.

The remainder of the article is organized as follows: In
Sec. gives an overview of the individual battery cell model
which integrates the electrical (Sec. II-A), thermal (II-B),
and aging (II-C) dynamics. In Sec. II-D we explain how
the cell model is identified. Having an identified battery
cell model, we lay out in Sec. II-E how these cell models
can be interconnected to form a battery pack which we
use to investigate the effect of cell-to-cell heterogeneity on
the pack outputs in Sec. III. Specifically, in Sec. III-B we
present the sensitivity of the pack electrical quantities given
a certain level of capacity heterogeneity; Sec. III-D presents
an analysis of a mechanism by which the robustness of the
pack voltage quantities can be explained.

II. METHODS

In this section, we outline the models used to describe the
dynamics of an individual cell. Figure 2 shows the interac-
tions of the different components of the model. We explain
how these cell-level models are identified and subsequently
interconnected to form a model for the battery pack.
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Fig. 2: Schematic showing how the connections between the electrical,
thermal, and aging dynamics. The primary output of the electrical model
is the voltage and the state-of charge. The thermal model outputs the
cell temperature which is affected by internal losses in battery during
operation, as well as the heat exchange with the ambient temperature
and any surrounding cells. The aging model takes in the aging-related
features (energy-throughput, state-of-charge, and temperature) and predicts
the capacity fade and resistance increase which has a feedback on the
electrical model.

A. Cell-level electrical model

We model the cell-level electrical dynamics using a first-
order ECM as shown in Fig. 1. Given this model, the



dynamical equations for the internal states of the ith battery
cell are [14],

d . 1 )
350C0 (1) = — s 19 (0), 1
0 (t) 3600 - Q0 (t) (la)
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Equation (la) tracks the SoC of the cell through Coulomb
counting, whlle (1b) determines the dynamics of polarization
voltage VRC given a the polarization timescale 7, and the po-
larization capacitance C. The capacity of the cell (measured
in units of Ampere-hour) is denoted by Q). The battery-cell
terminal voltage is determined by,

(£) = Ve (SoCD)— Vi (1) )
— ID(#)Ry(SoCD, Toen @) |

V@

cell

where VOC(SOC(i)) represents an empirical relationship be-
tween the open-circuit voltage (OCV) and SoC which is
estimated from C/3 discharge capacity test data (Fig. 15)
and Ro(SOC(i),Tcen(i)) is the high-frequency resistance.
Throughout this article, we use the convention that positive
current () > 0 corresponds to discharge of the battery.
This model is chosen as it is sufficiently detailed to be able
to capture the battery dynamics while still being relatively
computationally cheap to allowing for many electrical inter-
connections.

B. Cell-level thermal model
To model the cell’s thermal dynamics we assume a one-
state lumped parameter thermal model [15],

10, 0) = Loan(t) [VOC<SOC<“>

dt cell ch(;l)l( )] (3)
1

+ g [T = TN + - - 1800 ~ 1 0)

C’ccll

1 .
g [T 0 - 1ho)] -
Here, Co denotes the cell’s heat capacity, R. denotes the
conductive resistance the cell and the housing, and Ty,
denotes the ambient temperature. The first term on the right-
hand-side of (3) models the losses associated with the high-
frequency resistance and polarization dynamics. The last two
terms denote the contribution to the cell’s temperature of any
interconnections between adjacent cells.

C. Cell-level aging model

To model capacity-fade of the battery cells, we construct a
semi-empirical model of the capacity fade based on discharge
energy-throughput,

1
3600

and temperature-dependent severity factor o (T):

0, (Wil) = o Wi, ] 6

Whi, (1) = ds O[T (VO (s), &)

In (4), O[] denotes the Heaviside function which en-
forces that only discharge events contribute to the energy-
throughput.

The choice of using discharge energy throughput is moti-
vated by the experimental data available although it differs
from previous works, (e.g. [8], [9]) where aging models are
based on ampere-hour throughput. Nevertheless, it suffices
to empirically characterize the capacity fade and resistance
increase observed.

The value of the exponent in (5) is fixed to 1/2, motivated
by previous work [9], which we retain since this results in a
good fit to the experimental data (see Fig. 3a). The severity
factor is dependent on temperature which we model as an
Arrhenius factor,

0o(T) = vqexp (52 . ©)

Capacity fade data is obtained from C'/3 capacity tests
performed at every month the experiment was run. The iden-
tified coefficients were obtained from least-squares fitting of
the obtained severity factor values (Fig. 3b) and are listed in
Tbl. V.
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Fig. 3: Capacity fade aging model fits to data. a) Capacity fade based
on C/3 capacity test. Points denote experimental data, obtained from [I,
Fig. 3]. Solid lines show the predictions of the semi-empirical capacity fade
model (5). Different colors denote data for different temperatures. b) Severity
factor (6) (blue solid curve) fit to the obtained values of the severity factor
(black points) as a function of temperature.

We model the resistance increase of the battery cells using
a similar a semi-empirical model of the form,

R (Whgi)sch> = oR,(S0C,T) [thiii)sch]l'% o

0,incr



where the severity factor is a function of SoC and T

Ry (S0C, T) Zelj (SoC)’ ®)

X ex s, - (SoC)* | ex (—%> .
p (kz_o k- (S0C) ) p(—7
The exponent in (7) and the coefficients in (8) are obtained
from least-squares fitting to HFR increase values obtained by
calibrating an ECM model to HPPC data obtained at different
months of the experiment (see App. V for more details). The
values of the coefficients 0;; and a g, of the model are listed
in Tbl. VI. The severity factor (8) is shown in Fig. 4 as a
function of SoC and temperature.
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Fig. 4: Resistance increase severity factor. Severity factor as a function
of SoC and temperature. The surface is parameterized by (8) with the
parameters inferred by fitting to the severity function values (stars). The
coefficient values corresponding to the surface shown are listed in Tbl. VI.

D. Cell-level model calibration

To calibrate the battery cell electric and thermal models
we use experimental hybrid-pulse power characterization
(HPPC) data from [1] to find a set of parameters 6* that
minimizes the root-mean-square percent error (RMSPE),

0* = argmin RMSPE(6) )
0

between the model’s prediction of the value of an observable
O; and its experimentally measured value,

1 Nmeas
Nmeas Z: <1—

k=1

modelJy.. 2
RMSPE(#) = 100 0 [k,9]> ;

O7Pk; 0]
(10)

where Nyeqs 1S the total number of measurements. The index
1 distinguishes between different observables of the model.

To calibrate the electrical model, we consider as the set

of parameters,
eelectric,cell = (RO T1 Cl) ; (1 1)

and the corresponding observable is the cell terminal voltage
Oelectric,cell = Veel. We identify the parameters of the
electric model for every 10% SoC increment. Similarly, to
calibrate the thermal model, we consider the parameters,

ethermal,cell = (Ccell Rc) ’ (12)

with the corresponding observable being the cell temperature
Othermal,cell = Tcell-

The results for the cell and pack model calibrations using
the procedure detailed above are shown in Sec. III-A.

E. Battery pack model

Having identified and integrated the cell-level electric,
thermal, and aging dynamics, we construct a cell-level bat-
tery pack model by connecting cells in the configuration
corresponding to the Nissan Leaf battery pack [1]. The
battery pack is made of 48 modules connected in series,
where each module has cells in a 2p2s configuration resulting
in 192 cells in total. All cells, and all modules, within
the battery pack exchange heat via convection. The model
is implemented in MATLAB Simulink/Simscape. For each
of the cells in the pack, a timeseries of current, voltage,
temperature, SoC, capacity, and high-frequency resistance
value are collected.

III. RESULTS
A. Cell and pack model identification

We identify the cell electrical model using the procedure
outlined in Sec. II-D. The parameters identified as a function
of SoC are shown in Fig. 5. These parameters are obtained
from averaging the results of identification for each of the
three cells tested at each temperature condition. The standard
deviation of the parameters identified from the three cells,
averaged over SoC, are shown in Tbl III

Temperature (°C) 20 30 40
S, () 0.067 | 0.012 | 0.12
Sy (5) 217 | 119 | 132
S, (F) 327.71 | 367.54 | 52347

TABLE III: Standard deviation ¥; of identified parameters as a function of
temperature. All standard deviations have been averaged over SoC.

We find that only the internal resistance Ry has a signif-
icant dependence on the temperature 7' (see App. I). The
dynamical parameters, the polarization timescale 7, and the
polarization capacitance C', are not strongly dependent on
(Fig. 14) temperature. As such, we also average the estimates
for 7; and C'; obtained from the calibration over the different
temperatures.
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Fig. 5: Identified first-order cell ECM parameters as a function of
SoC. a-c) Internal resistance Ry at different temperatures. (d) Polarization
timescale T1. (e) Polarization capacity C'1.

Applying a standard hybrid-pulse power characterization
(HPPC) profile to the identified model, we compare the
model output to the experimentally measured voltage and
temperature in Fig. 6. To give a quantification of the magni-
tude of the error, along with the RMSPE, we also report the
root-mean-square error (RMSE),

Nmeas
RMSE(0) = > (05 [k; 0] — Opetel ks 0)°

13)

between the experimentally measured observables and the
model predictions. We observe excellent agreement between
the identified model and the experimental data with an
RMSPE of 3% and 0.24% for the voltage and temperature,
respectively. The agreement between the calibrated electrical
model and the experimental data is noticeably poorer at
low SoCs. This is likely caused by the inaccuracy of the
pseudo-OCV vs. SoC relationship, %C(Soc(i)) in (2), due
to the relationship being estimated using a C-rate of C'/3 as
opposed to a lower current rate such as C'/20 (see App. III
for pseudo-OCV plot and further discussion). The current
rate used in the capacity testinduces a higher overpotential
leading to discrepancies between the pseudo-OCV and the
true OCV particularly at low SoCs.

Once the electric model is identified, we then identify the
thermal parameters. The identified parameters are listed in
Tbl. IV

We validate the identified model by using a dynamic stress
test (DST) profile. Applying the same profile to the identified
model, we find excellent agreement in both voltage and
temperature between the experimental data and the identified
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Fig. 6: The electrical and thermal model parameters are identified using
experimental HPPC data. a) Voltage comparison between experimental data
(black solid curve) and model prediction (dashed red curve). b) Temperature
comparison between data and model. The ambient condition for the HPPC
data shown is Tapmp = 30 °C.

Parameter Value
Ceen (kJ/K) | 275
Reen (K/W) | 38.46

TABLE IV: Thermal model parameters.

model in Fig. 7. We show a more complete validation of the
identified single-cell model across a variety of temperature
and aging conditions in the appendix (Figs. 16 & 17).
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Fig. 7: The DST experimental data is used to validate the single battery cell
model. a) Voltage comparison between experimental data (black solid curve)
and model prediction (red dashed curve). b) Temperature comparison. The
ambient temperature is set t0 Tapp = 30 °C

We construct a battery pack model (see Sec. II-E), as-
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Fig. 8: Dynamic input current profile based on Nissan Leaf data used in
battery pack simulations.

suming that the pack contains no heterogeneities given an
input of the dynamic current profile Fig. 8, and compare the
model output to experimental data in Fig. 9. We find that the
homogeneous battery pack model output agrees well with
the experimental data with a low voltage RMSPE of 0.41%.
The experimental temperature battery pack data shows large
amounts of discretization of 1°C thus making it unreliable
for comparison. Thus, we omit a direct comparison of the
battery pack temperature.
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Fig. 9: The experimental battery pack data validates the constructed
pack model. Experimental measurements under the dynamic current profile
(Fig. 8) (solid black curve) is compared against the model output voltage
from the identified battery pack model (dashed red curve).

B. Effect of having a distribution of initial capacities
Having validated the model, we now investigate the ef-

fect of introducing heterogeneities. As we are tracking the
dynamics of each cell, we can incorporate heterogeneities

explicitly. We particularly focus on the effects on the pack’s
output if the initial capacity of each cell in the pack is drawn
from a normal distribution,

QU(t=0) ~ N (QW: 1 = Quom, TE™)

whose mean is fixed at the nominal capacity of the cells
Qnom = 33.1 Ah and with a variable standard deviation
Eiélitial'

In Fig. 10, we observe the effects of the introduction of
a specific level of capacity heterogeneity (14) 3= on
the distribution of capacity, SoC, and the high-frequency
resistance Ry, after applying the dynamic current profile
shown in Fig. 8. We observe (Fig. 10a) that the final
distribution of cell capacities has a standard deviation very
similar to that of the initial distribution, E%ﬂal ~ Zgitial
indicating that, while the capacity of all the cells in the pack
decreases due to usage, the spread in the capacity distribution
does not change appreciably over the application of a single
cycle.

Introduction of capacity heterogeneity invariably intro-
duces a heterogeneity in the SoC of the cells in the pack
since SoC depends on the capacity (la). For simplicity, we
assume that the SoC of all the cells in the pack, prior to
the application of the dynamic current profile, are the same:
SoCW(t = 0) = 95% V i. After the application of the
current profile, we see (Fig. 10b) that the standard deviation
of the distribution of the SoCs Zfsig%l, follows a similar
trend to that of the standard deviation of the capacities,
sival ~ B!, suggesting that the heterogeneity in cell’s
capacity propagates to the cell SoCs.

This distribution of SoC values also affects the electric
parameters. Specifically, we focus our attention on its effect
on the high-frequency resistance Ry (HFR) as it has pre-
viously been identified to be the parameter that the ECM
model is most sensitive to [16]. A similar analysis could
also be done for the other electric parameters. Since we
assume that all the SoCs of the cells are the same before
application of the current profile then all cells also have
the same resistance value (i.e. there is no spread in initial
HFR values). We observe (Fig. 10c) that, after applying the
dynamic drive cycle profile, the distribution of SoC values
also results in the cells of the pack having a distribution
of HFR values with a standard deviation E%’i‘)&l that grows
monotonically with the initial capacity standard deviation.
However, the heterogeneity introduced in the SoC and the
HFR, as measured by the standard deviation, is much less
than the heterogeneity that is introduced into the capacity
initially, St < Bgival,

(14)

C. Comparison of cell-level battery pack model and a simple
pack model based on modularity assumption

Having seen that the introduction of capacity heterogeneity
indirectly also introduces heterogeneities in various electric
model parameters, we now investigate the effect of this
heterogeneity on the inferred battery pack voltage and tem-
perature. To do this, we compute the difference between the
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Fig. 10: Introduction of capacity heterogeneity in the form of (14),
introduces heterogeneity to the SoC and the internal resistance. Each
plot shows the distribution of cell quantities after the application of the
input shown in Fig. 8 for different values of the initial capacity standard
deviation EiQ"i“al. a) Distribution of capacities Q2! of all the cells in
the pack. b) Distribution of state-of-charge SoCH! of all the cells in the
pack. c¢) Distribution of high-frequency resistance Rg“"‘l of all the cells in
the pack. Insets show the mean (left axis) and the standard deviation (right
axis) for each of the distributions shown as a function of the initial capacity
standard deviation.

voltage and temperature signals

A‘/pack(t): phaectk(t)i ;gg}l((t) (153)
ATpaci(t) = Toaac(t) — Theak(t) (15b)

between a pack that has capacity heterogeneities, denoted by
the superscript “het”, and one to one that does not (i.e., all
cells have the same nominal capacity), denoted by “nom”.
In Fig. 11, we see that the introduction of capacity het-
erogeneity introduces small differences in the pack’s voltage
and temperature; however, we note that such deviations
are relatively small suggesting that the predictions of a
pack explicitly modeling cell-to-cell heterogeneity would
be indistinguishable to the predictions of a pack without
heterogeneities for a single cycle unless the introduced
heterogeneities are particularly severe. The introduction of
capacity heterogeneities does result in an increase in the
spread of temperature values experienced by the cells of the
pack throughout the cycle (Fig. 11b). This inhomogeneity of
temperatures would likely be exacerbated upon repeated use
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Fig. 11: Introduction of capacity heterogeneity in the form of (14),
introduces small differences in the voltage and temperature of the pack.
Each plot shows a pack-level quantity after the application of the input
shown in Fig. 8 for different values of the initial capacity standard deviation
ZiQnitial . a) Distribution of differences in pack voltage between a pack
with capacity heterogeneity and without (15a). b) Distribution of differences
in pack temperatures between a pack with capacity heterogeneity and
without (15b). Insets show the mean (left axis) and the standard deviation
(right axis) for each of the distributions shown as a function of the initial
capacity standard deviation.

of the battery resulting in an acceleration of aging.

D. Effect of lower capacity cells in the pack

We investigate the effects of heterogeneity in the battery
pack by introducing cells of lower capacity into the battery
pack. Specifically, we pick uniformly randomly from the
192 total cells in the pack Nyeak cells to be “weak™ We
replace the chosen Ny cells in the pack with cells that
are equivalent in all parameters but with capacities lowered
by a percentage p. Figure 12 shows the effect of this
heterogeneity on the pack output energy. In particular, it
shows the reduction of the energy delivered by the pack
during the application of the input current profile in the
presence of weak cells. We observe that for Nye. < 30,
or equivalently when < 20% of the cells in the pack are
weak, the percentage decrease of energy delivered relative
to when all of the cells in the pack are nominal is small <
1%. The percentage decrease of energy delivered increases
monotonically when the number of weak cells or the percent
of capacity reduced is increased. Only when 77 weak cells
in the pack, corresponding to 40% of the total number of
cells, and for the largest percent reduction in capacity per
cell of 40% that we consider, do we see that the percent
decrease in energy delivered becomes > 1.5%. Thus,
unless heterogeneity is very high, the effects of capacity
heterogeneity on the output pack energy is low.
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Fig. 12: A large number of weak cells must be introduced in order to
have a significant effect the energy delivered by the battery pack. Each plot
shows the percent decrease in energy delivered of a pack with weak cells
compared to a pack where all cells are nominal as a function of time for
the input shown in Fig. 8. The number of weak cells introduced to the pack
increases going down the rows (a-d). Different colors within a given subplot
denote different percent of capacity reduction from the nominal capacity of
the introduced cells.

To explore how heterogeneities affect the cells in the bat-
tery pack, we examine the final SoC values obtained by the
cells in the battery pack. Specifically, we focus on the 20 cells
(five modules) that are closest electrically to the negative
terminal of the pack for ease of presentation; however, the
behaviors seen in these modules are representative of the
other modules in the pack. We show, in Fig. 13a, the final
SoC values obtained by these cells in the pack after applying
the dynamic current profile shown in Fig. 8 when 77 weak
cells with 40% capacity reduction relative to their nominal
capacity are introduced to the battery pack in place of cells
with nominal capacity. This is an extreme case of capacity
heterogeneity but more clearly illustrates the effects of these
weaker cells on their neighbors.

We observe that pairs of cells within a parallel branch
fall into one of three distinct types (Fig 13a): (1) both cells

within a parallel branch are normal, (2) both cells within
a parallel branch are weak, and (3) only one of the cells
within a parallel branch is weak. When both cells within a
parallel branch have nominal capacities, then they obtain the
same final SoC as if there were no weak cells introduced
into the pack. Conversely, when both of the cells in the
parallel branch are weak, they are completely drained of
charge after application of the input current profile. When
only one of the cells in a parallel branch is weak, we see that
both cells within the branch achieve an intermediate value
of SoC relative to branches from the first two cases.

To understand why cells in a parallel branch of type (3)
obtain an intermediate value of final SoC, we compute the
difference between the total energy-throughput,

i 1 ¢ i i
Wh () = m/o ds I (s)V (s) (16)

of the cells 7 € {1,2,...,192} in battery pack with weak
cells, Wh | to the energy-throughput of the cells in a

weak’

battery pack without weak cells Wh®) -

nom?*

AWR®D = wh — wh()

weak nom °

A7)

We see in Fig. 13b that for parallel branches where one of the
cells is weak (e.g. see cells 1 & 2), the stronger of the two
cells takes on a greater amount of energy-throughput than
it otherwise would if both of the cells in the branch were
at nominal capacity. In this particular case, the stronger cell
discharges 15 Wh more energy compared to the nominal
case; in contrast, the weaker cell discharges 19 Wh less
energy. This accommodation of the weaker cells by the
stronger cells may explain why the effect on the output
energy of the battery pack is relatively small until the level
of heterogeneity in the pack is sufficiently large: Only when
there are sufficiently many pairs of cells that are both weak
will the voltage output of the pack suffer.

While this accommodation or “balancing” effect is benefi-
cial, in that the effect of heterogeneity on the short-term pack
output energy is small, long-term it can be overall detrimental
to the cells in the pack as bearing higher loads generally also
implies a greater amount of aging. To quantify this, we use
the cell-level aging models to compute the difference,

AQI(Z)Zs = Ql(ci)ls,weak - l(é)ss,nom ’

between the fraction of capacity remaining in the cells of the
pack with weak cells,

(18)

(@) (@)
(2) . Qinitial,weak - Qﬁnal,weak

loss,weak —

(19)

Q(Z)
initial,weak

to the fraction of capacity remaining in the cells of the pack
without weak cells

(4) (4)
(2) o Qinitial,nom - Qﬁnal,nom
loss,nom .

0 @ (20)
initial,nom

A positive value of (18) implies a greater amount of aging for
a given cell 7 in a pack with weak cells, relative to the amount



of aging it would have experienced if all of the cells had
nominal capacity. We see (Fig. 13c) that the cells which bear
a higher energy-throughput due to having a weak partners
experience a significant amount of aging relative to what
they would have if all the cells in the pack were at nominal
capacity.
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Fig. 13: Stronger cells can accommodate for weaker cells at the expense
of increased aging. a) The SoC of the first 20 cells (five modules) in the
pack. The three distinct types of parallel branches, or pair of cells, are
distinguished by (1) both normal, (2) both weak, and (3) one weak and
one normal. b) The difference of energy-throughput between cells in a pack
with weak cells and cells in a pack without weak cells. ¢) The difference
in capacity aging between the cells in a pack with weak cells and cells in
a pack without weak cells. Cells that are weak have reduced capacity and
are shown in blue, while cells with nominal capacity are shown in black.
The gray dashed vertical lines demarcate which cells are grouped together
in a single module with a 2p2s (4 cells/module) configuration. Subsequent
numbers are paired together in a parallel branch.

IV. CONCLUSIONS

In this article, we have constructed a battery pack model
to investigate the effects of cell-to-cell heterogeneity. We use
experimental data to calibrate and validate the models, both
at cell and pack level. For sake of generality, we have not
specified the source of the initial cell-to-cell heterogeneity
that is introduced into our models. Heterogeneity in the cells

of a battery pack generally arise due to small variations
during cell mass manufacturing or due to inhomogeneous
aging of cells in the pack throughout its lifetime. Regardless
of its source, we examine here the effect a certain level of
heterogeneity has on the outputs of the pack model.

Using the pack model, we examined the effect of capacity
heterogeneity that originate from a distribution. Capacity
heterogeneities result in the heterogeneity of SoC, which
then result in heterogeneity of other electrical quantities,
particularly the high-frequency resistance. Despite these het-
erogeneities, we observe that, unless the heterogeneity is
particularly severe, within a single application of a dynamic
drive cycle, the effect of these heterogeneities on the pack
voltage and temperature are small. As such, for a suffi-
ciently low amount of cell-to-cell variability, a model of a
battery pack upscaled from a single cell using modularity
assumptions (i.e. neglecting cell-to-cell variability) gives a
good approximation to the battery pack voltage and thermal
dynamics.

In addition, we have observed that the presence of “weak”
cells with reduced charge capacity in the pack, can be
accommodated for by “stronger” cells with relatively higher
charge capacity by having the stronger cells bear a larger
load. Due to this, the battery pack can accommodate a
relatively large amount of cell-to-cell heterogeneity without
affecting the pack’s output voltage. This increase in load
(current) borne by the stronger cells increases the rate of
aging for these cells in a given cycle. As such, the “balancing
effect” of cells in parallel comes at the cost of increased
aging for the stronger cells in the pack.
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APPENDIX I
PARAMETER VARIATION AS A FUNCTION OF
TEMPERATURE

We show the full set of identified parameters from each
cell tested at the beginning of life as a function of SoC and
temperature in Fig. 14. The voltage sense leads for cells 1
and 2 had higher internal resistance values for the first 3
reference performance tests (RPTs) [17]. As such we only
use the data/parameters from cell 3 for the first 3 RPTs in
all our analysis involving aging.
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Fig. 14: Identified parameters for fresh cells as a function of SoC
and temperature for the three cells within the dataset. The three ECM
parameters are shown in the rows. Identified electrical parameters for
different cells are shown in the different columns. Different colors denote
different ambient temperature conditions.

APPENDIX II
AGING MODELS - SEVERITY FACTORS

The table of identified coefficients for the capacity fade
severity factor (6) is listed in Tbl. V.

Parameter Value
ag (K) | 3.78782 x 103
oo 1.168 72 x 10*

TABLE V: List of coefficient values that define the severity factor for the
capacity fade model (5).

The table of identified coefficients for the resistance in-
crease severity factor (8) is listed in Tbl. VL.

i 0 1 2 3 4
01; (x1072) | 1.56 | -6.144 | 1.763 | 6.926 | 3.533
0o 2551 | 3.67 | 457 | -32.72 | 28.85

ag, (K) 7994

TABLE VI: List of coefficient values that define the severity factor for the
resistance increase model (8).

APPENDIX IIT
COMPARISON OF PSEUDO-OPEN CIRCUIT VOLTAGE
OBTAINED FROM TWO DIFFERENT METHODS

We compare the pseudo-open circuit voltage (pseudo-
OCV) obtained from a C/3 static capacity test done on
an individual isolated cell to the pseudo-OCV obtained by
measuring the voltage of the battery at the end points of the
one-hour rest period of the HPPC test (Fig. 6a, black curve).

Figure 15 shows that the pseudo-OCV curves obtained from
these two methods. We observe that there is good agreement
between the two methods at SoCs > 25%; however, below
this value we see a marked difference between the pseudo-
OCYV and the OCV obtained from the HPPC. The polariza-
tion effects at low SoCs for the pseudo-OCV is particularly
high likely leading to the discrepancy at low SoC values that
we observe in Fig. 6a.
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Fig. 15: A comparison between the pseudo-open circuit voltage (pseudo-
OCV) obtained from a C/3 capacity test of an individual isolated cell at
the beginning of life and the pseudo-OCYV inferred from an HPPC test
done on the same cell.

APPENDIX IV
CELL VALIDATION RESULTS

We show the validation results for our single-cell model
across a variety of ambient temperature conditions and
reference performance tests (aging) in Fig. 16.
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Fig. 16: We use the experimental voltage data to validate the electrical part
of the single battery-cell model across a wide range of conditions. Every
subplot shows the experimental (solid dark curve) and the model (dashed
red curve) voltage as a function of time. Variation of ambient conditions
across columns. Variation of RPT number down the rows.
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Fig. 17: We use the experimental temperature data to validate the thermal
part of the single battery-cell model across a wide range of conditions.
Every subplot shows the experimental (solid dark curve) and the model
(dashed red curve) temperature as a function of time. Same condition
variation as in Fig. 16

We observe that the identified model captures the voltage
dynamics across a wide range of conditions with errors well
underneath 1%. Similarly, we find that the identified model
also captures the temperature dynamics across a wide range
of conditions as seen in Fig. 17. The temperature errors are
well beneath 1 °C.

APPENDIX V
HIGH-FREQUENCY RESISTANCE AGING MODEL
CALIBRATION

In order to calibrate the aging model, we use available
experimental HPPC data (similar to the data shown in Fig. 6)
obtained at different months of the experiment [1]. For each
of these HPPC datasets, we calibrate the high-frequency
resistance (HFR) of an cell ECM model (2) under the
assumption that 7 and C; do not depend on aging. We know
the discharge energy-throughput (4) corresponding to each
HPPC taken and thus we can associate this discharge energy-
throughput with the obtained HFR value. Having obtained
these HFR values as a function of the discharge energy
throughput, we compute the resistance increase

R (Wh; SoC, Tamp) =
. RQ(Wh; SOC7 Tamb) - Ro (0)
R (0)

The values obtained for (21) across the different months, or
equivalently different discharge energy-throughput, is shown
in Fig. 18.

Given these values, we scan across different values of
the exponent in (7) and through nonlinear least-squares
fitting, we obtain different values for the severity factor op,.
We find that an exponent value of 1.05, fits the data best
across all conditions. The severity factor values obtained
then define a surface in the space of SoC and temperature

2L

100

(red stars in Fig. 4). Equation (8) is then fit to these values
using the CurveFitting toolbox in MATLAB. Having
an expression for the severity factor and the exponent,
we then evaluate (7). We find (Fig. 18) good agreement
with the resistance increase values across most temperature
conditions, and particularly at SoCs > 30%. In contrast,
for SoC values < 30% the resistance increase trend is not
as closely captured by the model likely originating from
breakdown of the linear damage rule assumed in the models
of the form (7). Nevertheless, even for these low SoCs, the
general increase trend is captured adequately.
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Fig. 18: High-frequency resistance increase aging data is described well
by the proposed model. The points are obtained from calibrating an ECM
model at various values of discharge energy-throughput of the cell and
evaluating (21). The lines are obtained by evaluating (7) and (8) for the
stated conditions.
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