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Abstract: To better evaluate the configuration of battery packs in electric vehicles (EV) in the early
design phase, this paper proposes a mathematic model for the simulation of battery packs based on
the elementwise calculations of matrices. This model is compatible with the different battery models
and has a fast simulation speed. An experimental platform is built for the verification. Based on the
proposed model and the statistic features of battery cells, the influence of the number of paralleled
cells in a battery pack is evaluated in Monte-Carlo experiments. The simulation results obtained from
Monte-Carlo experiments show that the parallel number is able to influence the total energy loss
inside the cells, the energy loss caused by the balancing of the battery management system (BMS)
and the degradation of the battery pack.

Keywords: battery model; prediction; simulation; efficiency; state of charge

1. Introduction

The production technology of battery cells has greatly progressed, but the unevenness of the
cell properties, e.g., the capacity, the inner resistance and the polarization time constants, between
different cells is still inevitable [1,2]. The unevenness of cells will certainly result in extra charging and
discharging processes when the cells are connected in a battery pack. For the paralleled cells in the
pack, due to the difference of the polarization time constants and the inner resistance, a self-balancing
process between cells can be observed after a charge or discharge [3–6]. For the cells in series, the cells
with higher capacity will have a higher state of charge (SOC) than the average value during the
operation of the battery pack. The extra SOC in those cells must be dissipated by the passive or active
balancing of a battery management system (BMS) to prevent the over charge or over discharge of
the weak cells [2,7]. As these additional cyclings of the batteries cannot be eliminated due to the
unevenness of the cell properties, it is important to understand how the configuration of battery packs
can influence those additional processes and how these additional processes can influence the electric
and degradation behaviours of a battery pack. This knowledge can find a better configuration of a
battery pack for different applications in early design phases. In this paper, the focus is the impact
caused by paralleling more cells of the same type in a battery pack.

Previous researchers also noticed the importance of the parallel number and the additional charging
or discharging processes in the battery pack. The conclusions, however, are different. Reference [8]
compared the degradation behaviours of a battery pack and a single cell in an experiment, in which the
high quality and homogenous cells were used. No obvious difference of degradation between a single cell
and a battery pack was identified. References [6,9] concluded that a significant accelerated degradation
can be observed when the capacities or resistances of two paralleled cells are largely different from each
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other. In addition, the conclusion of [5] is that when the difference of inner resistances and capacities
between cells is large, connecting more cells in parallel can reduce the stress on each individual cell
and therefore decelerate the degradation of the whole battery pack.

One possible explanation for the contradiction of those conclusions in different tests is that all the
aforementioned studies largely depended on the results obtained from a limited number of samples, a
coincidence which could thus be taken as the conclusion for the whole population. Secondly, all the
conclusions were drawn based on the comparison between only one battery pack with a specific
configuration and a single cell. The difference of the conclusions could be caused by the difference
of the battery pack configurations. Therefore, in order to obtain a more general view of the influence
of the parallel number, a statistic approach should be taken in the research and a large number of
different battery packs should be tested.

However, testing a large number of battery packs in experiments is too time-consuming and
ineffective in terms of cost. An efficient method to simulate battery packs is thus required. Zhang and
Miyatake’s group [3,4] used Simulink to simulate the current distribution between paralleled cells, but
expanding the model to thousands of interconnected cells is difficult, as every cell in the battery pack
needs to be set and connected manually in the software. Zhang’s group [3] built a model of a battery
pack based on the models of the cells in the complex frequency domain. This model can be easily
expanded to simulate large battery packs, but it contains a time-consuming iteration and therefore is
not suitable for large scale simulations or degradation simulations. Wei’s group [10] built a battery
cell model and realized an effective and accurate SOC estimation. Many research [11–14] developed
pack models for the same purpose. Zhong’s research [15] further takes the differences of the cells in a
battery pack into consideration for SOC estimation. However, as the main focus of these studies is
SOC or SOH estimation, the models are not directly appropriate for large scale simulation to evaluate
battery pack configurations.

Therefore, to enable the quick evaluation of battery packs while taking the statistic view, this paper
firstly proposes a model of battery pack based on the elementwise calculation of matrices, in which
different cell models can be implemented. Experimental results are obtained for the verification.
Then the distributions followed by the properties of battery cells are obtained from the measurement
results of 50 NCR18650PF cells. Based on the model and the statistic features of NCR18650PF cells,
different battery packs are generated and simulated in Monte-Carlo experiments with the focus on
how the number of cells in parallel can influence the efficiency and the degradation of battery packs.

2. Battery Pack Model

To build the battery pack model, this paper uses a second-order cell model [3] in Figure 1.
The resistor R0j,k is the Direct Current (DC) inner resistance. The open circuit voltage (OCV) ej,k is
generated according to the state of charge, SOCj,k. ij,k is the output current of the cell while the terminal
voltage is denoted by uj,k.
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Two RC circuits are used to demonstrate the polarization during charge or discharge. The four
parameters, R1j,k, C1j,k, R2j,k, C2j,k, can be identified by measuring the transient voltage when the cell
is discharged by a constant current. R1j,k and C1j,k are denoted to have a smaller time constant than
that of R2j,k and R2j,k, so that the polarization in the short term (several seconds) and the long term
(in minutes level) can be demonstrated by R1j,k, C1j,k and R2j,k, R2j,k respectively. uc1j,k and uc2j,k are
the voltage of C1j,k and C2j,k. uj,k is the terminal voltage of the cell. In this model, the resistance and
capacitance are assumed to stay constant. The dependency on the SOC is neglected.

For a battery pack composed of n cells in parallel and m rows of paralleled cells connected in
series (represented by npms thereafter in this paper), the quantity in Figure 1 with subscript j,k means
the properties of the cell in the jth parallel row and the kth column of the pack, as demonstrated in
Figure 2. Qj,k is the capacity of the corresponding cell. The output current of the pack is represented by
ipack. The output of the model is the current and the voltage of each cell in the battery pack, when the
load of the battery pack, ipack, is given.
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To calculate the output variables with a given input, paralleled cells in one row are analysed
first. In a given row, e.g., the jth row, since all the battery cells are connected in parallel, the terminal
voltage of the cells is the same, denoted by uj. Using Kirchhoff’s law of current, the following group of
equations can be derived in Equation (1):{

ipack = ij,1 + ij,2 + . . . + ij,n
uj = ej,k − uC1j,k − uC2j,k − R0j,kij,k (k = 1, 2, · · · , n)

(1)

In Equation (1), by transforming the cell terminal voltage equations into the cell current equations
and then substituting all the cell current values in the pack current equation, Equation (2) can be
obtained. The uj and correspondingly the current of each cell can be calculated by Equation (2) if the
polarization voltage and OCV are known. ipack =

n
∑

k=1

ej,k−uC1j,k−uC2j,k
R0j,k

− uj
n
∑

k=1

1
R0j,k

ij,k = (ej,k − uC1j,k − uC2j,k − uj)/R0j,k (k = 1, 2, · · · , n)
(2)
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However, the OCV and polarization voltage are state variables in this model, which cannot be
calculated directly with only the information at a given point of time. Equations of state should thus
be built to continue the modelling of the battery pack. Using the integer l to represent the lth step
of the simulation, assuming that the initial SOC values of all the cells are already known, and that
the polarization voltage of all the cells is zero initially, the equations of state in Equation (3) can
be obtained.

∆t is the time step of the simulation. In each step, four state variables, the SOC, the OCV and the
polarization voltage values are updated first. Then the current distribution within the paralleled cells
in the jth row and the cell voltage are recalculated, which will be used to update the state variables in
the next simulation step. For the battery cells in other rows, the results could be obtained by sweeping
the subscript j from 1 to m. In this way, the current and voltage of all the cells in the npms battery pack
can be obtained. In addition, it should be noted that the assumptions in this model are common in
reality, because most battery tests should start at a known SOC value and after a long time of relaxation
eliminate the polarization voltage. Therefore, the model in Equation (3) can be reliably used to simulate
a battery pack. 

SOCj,k(l) = SOCj,k(l − 1)− ij,k(l−1)∆t
Qj,k

uC1j,k(l) =
ij,k(l−1)R1j,k∆t+uC1j,k(l−1)R1j,kC1j,k

∆t+R1j,kC1

uC2j,k(l) =
ij,k(l−1)R2j,k∆t+uC2j,k(l−1)R2j,kC2j,k

∆t+R2j,kC2j,k

ej,k(l) = f (SOCj,k(l))

uj(l) =

n
∑

k=1

ej,k(l)−uC1j,k(l)−uC2j,k(l)
R0j,k

−ipack(l)

n
∑

k=1

1
R0j,k

ij,k(l) = [ej,k(l)− uj(l)− uC1j,k(l)− uC2j,k(l)]/R0j,k
k = 1, 2, · · · , n
j = 1, 2, · · · , m
Initial conditions :
SOCj,k(0)known
uC1j,k(0) = uC1j,k(0) = 0
ij,k(0) = 0

(3)

As the model has no nonlinearly coupled variables, the model can be rewritten as the elementwise
calculations of matrices as in Equation (4), in which all the operations of matrices are elementwise
operations. Compared to calculating each variable in loops, the transformation (also known as
vectorisation) of the model can significantly improve the calculation speed if the Intel Math Kernel
Library (MKL) is implemented in the simulation environment [16]. An example of such a simulation
environment is MATLAB. On an Intel i7 6600U CPU, using this model on MATLAB, a simulation,
in which a 72p108s battery pack (the configuration of the battery pack in Tesla Model S) discharged by a
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fluctuating load for 1800 s (time step 0.1 s) and then left stand for relaxation for another 800 s, is finished
in 51.87 s. 

SOC(l) = SOC(l − 1)− I(l−1)∆t
Q

UC1(l) =
I(l−1)·R1∆t+UC1(l−1)R1·C1

∆t+R1·C1

UC2(l) =
I(l−1)·R2∆t+UC2(l−1)R2C2

∆t+R2·C2

E(l) = f (SOC(l))

uj(l) =

n
∑

k=1

ej,k(l)−uC1j,k(l)−uC2j,k(l)
R0j,k

−ipack(l)

n
∑

k=1

1
R0j,k

(j = 1, 2, · · · , m)

I(l) = [E(l)− uj(l)−UC1(l)−UC2(l)]/R0

Initial conditions :
SOC(0)known
UC1(0) = UC2(0) = 0
I(0) = 0

(4)

It should also be noted that the second-order cell model used in this paper can be replaced by
other more advanced cell models for different purposes of research, e.g., the dependency of parameters
on the SOC can be further considered. The derivation procedure of the battery pack model in this
paper still applies. As the main contribution of the paper, the battery pack model is mainly proposed
as a calculation framework. Hence the model can be easily used by other researchers with different
focuses on cell or pack behaviours.

3. Experimental Verification of the Proposed Model

In order to verify the model, an experiment platform was built (Figure 3). This platform is used to
measure and record the current and voltage of four paralleled battery cells when they are discharged
or charged. The cells are Panasonic NCR18650PF cells rated at 2.9 Ah. The identification is done at
80% of SOC. However, as stated in Section 2, the parameters of cells in this paper are assumed to be
SOC-independent. Errors can thus occur when the influence of SOC on parameters are significant.
The line resistance from each cell to the load is also measured accurately by a Kelvin bridge before the
experiment, as the line resistance is comparable with the DC resistance of cells and has a large impact
on the current distribution. The cell parameters and the line resistance Rline are listed in Table 1.
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Table 1. Parameters of the four cells in the experiment.

Cell No. Rline R0j,k R1j,k C1j,k R2j,k C2j,k

Cell1 81.3 mΩ 37 mΩ 8.6 mΩ 204 F 54.7 mΩ 791 F
Cell2 41.9 mΩ 36 mΩ 17.7 mΩ 446 F 64.3 mΩ 1252 F
Cell3 15.8 mΩ 36 mΩ 14.1 mΩ 436 F 72.3 mΩ 1170 F
Cell4 22.6 mΩ 32 mΩ 9.3 mΩ 322 F 61.2 mΩ 1033 F

The four paralleled cells are firstly tested by a 1 C constant current load, starting from 80% SOC
until 20% SOC. The current is recorded for another 2500 s after the removal of the load. The measured
and simulated current waveforms of each cell are compared below in Figure 4. The simulated
waveforms follow the measured waveforms accurately. The maximum error of the simulation result is
0.06 A, still within 0.1 A, and it is found in the simulation result of cell 1.
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To evaluate the accuracy of the model in the automotive use cases, the four cells are also discharged
by the C-rate curve in Figure 5. From 0 to 1800 s, the curve is the output current (in C-rate) of a battery
pack in an EV, when the EV is simulated by the WLTP C3 driving cycle. The following 800 s is the
relaxation period of the battery pack, during which the self-balancing current between paralleled cells
can be observed. Therefore, this load C-rate curve is able to manifest the possible fluctuations of a
practical load in an EV. The current waveforms in the simulation and the experiment are compared in
Figure 6. The simulation and measured results can match accurately during the whole period of the
test. The maximum error, 0.39 A, appears in the simulation result of the cell 1 in the 1716th second,
while the error of all the four cells in the remaining time is within 0.1 A.

Therefore, the two tests proved that the proposed model is able to accurately calculate the
current distribution within paralleled cells. The further results based on the models can thus also be
reliable. The errors observed in the simulation results could be caused by the errors in the parameter
identification and also the assumption that parameters are SOC-independent.
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4. Evaluation of Battery Packs Based on Monte-Carlo Experiments

In this chapter, the proposed battery pack model is used in Monte-Carlo experiments to evaluate
battery packs with different numbers of parallel. For each configuration, hundreds of battery packs
are simulated and the conclusion based on these results will thus not be influenced by possible
coincidences of a limited number of samples.

This paper only intends to find out the influence of paralleling more NCR18650PF cells instead of
trying to find the optimal cell size and the corresponding parallel number for a given battery pack
capacity. Therefore, it should be noted that all the cells generated in this paper have the same nominal
capacity and that the battery packs with different parallel numbers thus have different capacities.

4.1. Statistic Features of Battery Cells

In order to generate the properties of the battery cells, i.e., the inner resistance (R0j,k), capacity
(Qj,k), polarization resistors (R1j,k, R2j,k) and polarization capacitors (C1j,k, C2j,k) in the Monte-Carlo
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experiments, the statistic features and the distributions of the parameters are analysed based on the
measured data of 50 Panasonic NCR18650PF cells.

The distribution of the cell capacity is studied first. The frequency histogram of the capacity is in
Figure 7a. The Kolmogorov-Smirnov test (KS-test) shows the probability of the null hypothesis that the
capacity data complies with a normal distribution is 66%. As this probability cannot directly decide
if the null hypothesis should be accepted, the skewness of the data is also calculated. The skewness
0.1941 and the histogram show that the data has a clear skew on the right side. Therefore, this paper
proposes to use the skew normal distribution instead of the normal distribution to generate the capacity
of cells [1]. The choice can be reasonable, because the cell capacity must not be lower than the nominal
value in the datasheet, which could result in a tendency in the production to make the distribution of
the cell capacity skew to the right side.
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Secondly, the distribution of the inner resistance is discussed. The histogram is in Figure 7b,
which resembles the normal distribution better than that of the cell capacity. The skewness of the
inner resistance data is 0.11. Therefore, although the probability of the null hypothesis is 51% in the
Kolmogorov-Smirnov test, the normal distribution is still adopted for the inner resistance due to the
lower skewness and the histogram.

The four polarization parameters in the equivalent circuit, R1j,k, C1j,k, R2j,k and C2j,k, are more
difficult to measure, as there is no equipment specially designed for the automatic measurement of
those parameters. Therefore, the polarization parameters of only 10 cells are identified manually
to obtain their statistic features. As 10 results cannot show an obvious pattern in the histograms,
the statistic indices of the four polarization parameters are calculated to identify their distributions.
Results are listed in Table 2, in which the p-value of KS-test is the probability that the tested dataset
complies with a normal distribution. From the p-values of the KS-test and the skewness values, it is
seen that the C2j,k quite possibly follows the normal distribution while R1j,k, R2j,k and C1j,k should be
generated by skew normal distributions.
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Figure 7. The frequency histograms of the capacity and the inner resistance of the 50 cells (a) Frequency
histogram of the capacity; (b) Frequency histogram of the DC inner resistance.

Table 2. Statistic indices of polarization indices.

Indices R1j,k C1j,k R2j,k C2j,k

Mean 0.0122 Ω 326.6 F 0.06 Ω 1020.4 F
Standard Deviation 0.003 Ω 83.9 F 0.012 Ω 145.5 F

Skewness 1.0831 0.372 −0.9416 0.034
p-Value of KS-test 0.441 0.628 0.539 0.902

Additionally, the interdependence between the six parameters should also be identified.
The correlation between every two parameters is tested with the null hypothesis that the tested
two parameters are linearly independent. Similar to a covariance matrix, the p-value (possibilities
of the null hypothesis) of each test is listed in the symmetric matrix in Table 3 and located by the
column and the row labelled by the two corresponding parameters. The values on the diagonal are
not important, because they correspond to the self-dependence and must be 1. As all the p-values are
lower than 50%, the null hypotheses cannot be declined. The distributions of the parameters can be
considered as linearly independent of each other.
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Table 3. The matrix of p-Values obtained from correlation tests of the six parameters.

p-Values of Correlation Tests Qj,k R0j,k R1j,k C1j,k R2j,k C2j,k

Qj,k 1.00 0.04 0.21 0.22 0.33 0.10
R0j,k 0.04 1.00 0.08 0.18 0.40 0.35
R1j,k 0.21 0.08 1.00 0.00 0.18 0.00
C1j,k 0.22 0.18 0.00 1.00 0.23 0.00
R2j,k 0.33 0.40 0.18 0.23 1.00 0.31
C2j,k 0.10 0.35 0.00 0.00 0.31 1.00

Based on the discussions above and the statistic indices, the properties of the cells in Monte-Carlo
experiments could be generated by the distributions in Equation (5). r0j,k and C2j,k comply with normal
distributions, represented by N in Equation (5), while the other four properties are generated according
to the skew normal distributions, represented by SKEWN in Equation (5).

In Equation (5), µ1, µ2 and σ1, σ2 are respectively the mean values and standard deviations of the
two normal distributions. ω1–ω4, α1–α4 and ε1–ε4 are the parameters of the skew normal distributions.
In the possibility density function (PDF) of the skew normal distribution, Φ and φ are respectively
the cumulative distribution function (CDF) and the PDF of a standard normal distribution N(0,1).
The values of these parameters are selected to ensure that the distributions have the same mean values,
standard deviations and skewness values as those of the measured data. The detailed values and
calculation processes are not given in this paper due to the length limit.

Qj,k ∼ SKEWN(ω1, α1, ε1)

R0j,k ∼ N(µ1, σ1
2)

R1 j,k ∼ SKEWN(ω2, α2, ε2)

C1 j,k ∼ SKEWN(ω3, α3, ε3)

R2 j,k ∼ SKEWN(ω4, α4, ε4)

C2 j,k ∼ N(µ2, σ2
2)

in which
SKEWN(ω, α, ε) ∼ PDF : 2

ω φ(x)Φ(α( x−ε
ω ))

(5)

4.2. Simulative Evaluations with Monte-Carlo Experiments

Using the distributions in Equation (5), battery packs composed of randomly generated NCR18650PF
cells are simulated to evaluate the influences of the parallel number in terms of efficiency and degradation.

Firstly, battery packs with 36p108s, 18p108s, 9p108s, 4p108s, 2p108s and 1p108s configurations
are generated. The parameter of every cell in all tested packs is randomly generated according to the
distribution derived in Section 4.1. In addition, 500 battery packs of each configuration (3000 packs
in total) are generated to form enough samples in the Monte-Carlo experiments. The series connection
numbers of all the pack configurations are kept constantly 108 to reach the required nominal voltage
400 V, while the parallel number starts at 36, half of the parallel number of the Tesla Model S battery
pack, then declines following an equal ratio progression until 1 to make the difference brought by
different parallel numbers more noticeable. The parallel number 9 is followed by 4 instead of 4.5,
because the parallel number should be integer.

Secondly, to evaluate the efficiency of different configurations, a discharge simulation from 100%
to 20% of SOC, repetitive using the C-rate curve in Figure 5 for 10 times, is performed on every battery
of the 3000. The total energy dissipated by the BMS balancing and the total energy loss inside the cells
of every battery pack are recorded. To obtain the proportions, the two losses count in the total output,
they are then divided by the net output energy of the battery packs. In that way, the losses of different
battery packs can be compared. The medians, means, minimums and maximums of the proportions of
the two losses over the parallel numbers are plotted in Figure 8a,b.
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In the results, it is observed that as the parallel number increases, the energy consumed by
the balancing of BMS decreases. The reason is that the sum of several independent and identical
distributions always has a lower relative standard deviation (standard deviation divided by mean
value) compared to the original distribution as deduced in Equation (6). SD means standard deviation
while the E is the expectation function. The first sub equation shows that the standard deviation of the
sum value counts for a portion of σ/µ

√
N in the mean value, while in the second sub equation the

deviation of a single variable counts for a portion of σ/µ in the mean value, which is
√

N times higher
than that of the summed value. In Equation (6) X1, X2 . . . , XN are not physical variables in the battery
model, but just a group of independent normal distributed variables to prove that the deviation of
the sum value is much smaller than the deviation of individual variables. Connecting more cells in
parallel will lower the capacity difference between different rows of paralleled cells, and thus reduces
the proportion of the energy consumed by the balancing of the BMS.

SD(
N
∑

i=1
Xi)/E(

N
∑

i=1
Xi) =

σ
µ
√

N

SD(Xi)/E(X) = σ
µ

X1, X2, ..., XN ∼ M(µ, σ2)

(6)

Additionally, an increasing number of paralleled cells is expected to result in a higher loss in the
cells, because as the parallel number increases, a cell with the properties significantly different from
those of the other cells in parallel is more likely to appear. This cell intensifies the energy exchanges
between the cells and thus makes the energy loss inside the cells higher.

The curves of the maximum and minimum values manifest that the distribution of the total in-cell
loss tends to converge as the parallel number increases in the Monte-Carlo experiments. Therefore,
although the total in-cell loss tends to grow together with the parallel number, this loss is also more
unlikely to diverge far from the expectation value.

However, the influence of the parallel number on the efficiency of a battery pack is not significant,
as the changes of losses count lower than 0.1% in the net output energy when the parallel number
varies. Nonetheless, if the small influences accumulate over a longer time, it is possible that the aging
behaviours of the battery packs are different.

Therefore, as the third step of the Monte Carlo experiment, one battery pack with respectively
72p1s, 36p1s, 18p1s, 9p1s, 4p8s, 2p1s and 1p1s configuration is generated and simulated for
500 discharging cycles (the cycle life of Panasonic NCR18650PF cells) to observe the long term influence
of the parallel number. In each cycle of simulation, the load curve in Figure 5 is repeated for 10 times
to discharge the battery pack from 100% SOC to 20% SOC. The degradation model in [17] is used.
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Only one pack of each configuration is simulated, because of the long simulation time of the degradation
test. In addition, the series connection number of battery packs is reduced to one, because only the cells in
parallel can influence each other in terms of degradation and one parallel row is thus already enough to
demonstrate the aging behaviours. The simulation time is also in this way further reduced.

The simulation contains no temperature model and the temperature of the cells is set to be
constantly 25 ◦C. Therefore, this simulation implies the assumption that the battery packs have a good
cooling system to maintain the constant temperature. The statistic indices of the capacity and the
inner resistance of all cells in each battery pack before and after the aging test are listed in Table 4.
The aging curves of the average capacity and the average inner resistance after every 100 cycles are
plotted in Figure 9.

Table 4. The capacity and the inner resistance of cells in each battery pack before and after the
degradation test.

Configuration of Battery Packs 1p1s 2p1s 4p1s 9p1s 18p1s 36p1s 72p1s

New

E(Qj,k) 2.910 Ah 2.915 Ah 2.910 Ah 2.918 Ah 2.913 Ah 2.913 Ah 2.914 Ah
SD(Qj,k) - 0.0133 0.0058 0.0062 0.0073 0.0076 0.0082

E(r0j,k) 38.16 mΩ 34.51 mΩ 34.91 mΩ 36.42 mΩ 35.64 mΩ 33.94 mΩ 34.26 mΩ
SD(r0j,k) - 0.0033 0.00451 0.00263 0.00242 0.00269 0.00284

After
500 cycles test

E(Qj,k) 2.372 Ah 2.361 Ah 2.362 Ah 2.367 Ah 2.365 Ah 2.365 Ah 2.365 Ah
E(Qj,k) change −18.48% −19.02% −18.84% −18.89% −18.81% −18.82% −18.84%

SD(Qj,k) - 0.0255 0.0301 0.0177 0.0113 0.0160 0.0185

E(r0j,k) 53.33 mΩ 48.90 mΩ 49.00 mΩ 51.33 mΩ 50.10 mΩ 47.75 mΩ 48.22 mΩ
E(r0j,k) change 39.77% 41.69% 40.36% 40.93% 40.58% 40.70% 40.75%

SD(r0j,k) - 0.00512 0.00513 0.00357 0.00308 0.00343 0.00352

World Electric Vehicle Journal 2018, 9, x FOR PEER REVIEW  12 of 14 

  
(a) (b) 

Figure 9. The aging process of the average capacity and the average inner resistance of each battery 
pack; (a) Aging process of the average capacity; (b) Aging process of the average inner resistance. 

Another noteworthy phenomenon is that the degradation of the 1p1s battery pack (single cell) 
is slower than that of the other battery packs as seen in Figure 9. To verify if this is a coincidence of 
a single sample, another 15 single cells, i.e., 1p1s battery packs, are simulated. The maximum inner 
resistance growth and capacity reduction are respectively 40.31% and −19.76%, which are still lower 
than the corresponding changes of the other battery packs tested in this paper. Therefore, this 
phenomenon can be confirmed as a general situation. An explanation is that a single cell is not 
involved in any extra charging or discharging processes and thus has a lower cycle aging.  

Based on the results collected in Monte-Carlo experiments, it can be concluded that the parallel 
number is able to influence the efficiency and the degradation of a battery pack. If the parallel 
number increases, the BMS balancing loss tends to decrease while the energy loss inside the cells 
tends to rise. However, when evaluating battery packs composed of homogeneous cells as in this 
paper, the influence on the efficiency is only marginal. The influence on the degradation is in 
comparison more conspicuous. If more cells are paralleled in a battery pack, the degradation 
behaviours of the battery pack tend to be more predictable. 

4.3. Discussion 

As proved by the Monte-Carlo experiments, the parallel number cannot significantly influence 
the efficiency of a battery pack. The reason is that the significance is limited by the highly consistent 
cell properties, as all the distributions of the properties are obtained from the measurement results 
of high quality cells. If cells with higher variance are used to design a battery pack, the influence on 
efficiency should be considered. 

Secondly, although the degradation simulation shows that the single cell has a slower aging 
process than that of the paralleled cells, it does not mean reducing the parallel number to one is an 
optimal choice. On the one hand there are more factors, e.g., the cost and reliability, that need to be 
considered. On the other hand, the degradation simulation largely depends on the degradation 
model and the temperature model. The conclusion could be changed if different models are selected 
to adapt to different scenarios of application. 

Nonetheless, although the simulation in this paper does not have a temperature model and the 
universality of the conclusions could thus be limited, the proposed approach can still be used to 
further evaluate the configuration of battery packs in other scenarios by implementing more 
detailed or more specific models, because of the compatibility of the battery pack model. 

5. Conclusions 

The paper proposes a model for the simulation of battery packs, the accuracy of which is 
verified by experimental results. Using the proposed model and the statistic features of the battery 
cell properties, different battery packs are simulated in Monte-Carlo experiments to evaluate the 

Figure 9. The aging process of the average capacity and the average inner resistance of each battery
pack; (a) Aging process of the average capacity; (b) Aging process of the average inner resistance.

It is observed that the influence of the parallel number is more conspicuous in terms of degradation.
In Table 4 the highest increase of the mean inner resistance is 41.69% in the 2p1s battery pack while the
lowest increase is 39.77% in the 1p1s battery pack (single cell). The difference is around 2%.

Moreover, as the parallel number increases, instead of a monotonic trend, Figure 9a,b shows that
the changes of the average inner resistance and the average capacity tend to converge (to respectively
around 40.7% and −18.8% in this paper) after 500 cycles of degradation test. The convergence is also
supported by the standard deviations: When the parallel number is higher than nine, the post-test
standard deviations of the capacity and the inner resistance of cells are significantly lower than those
in the 2p1s and 4p1s packs, although the initial deviations of the 2p1s and 4p1s packs can be lower.
This means the cell properties do not tend to diverge but to follow a consistent pattern when the
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parallel number is higher. The battery pack properties will thus also distribute in narrower intervals
after the degradation test.

Although only one pack of each configuration is simulated in the aging test, the trend of
convergence can still be confirmed by the degradation of the battery pack properties and the cell
properties. Therefore, it can be concluded that the degradation behaviour of battery packs with a
higher parallel number is more consistent or, in other words, more predictable.

A possible explanation is that the energy exchange caused by the few particularly weak or strong
cells is shared by more cells when the parallel number increases. The influence of these few cells on
the aging of the battery pack degradation is thus limited.

Another noteworthy phenomenon is that the degradation of the 1p1s battery pack (single cell)
is slower than that of the other battery packs as seen in Figure 9. To verify if this is a coincidence
of a single sample, another 15 single cells, i.e., 1p1s battery packs, are simulated. The maximum
inner resistance growth and capacity reduction are respectively 40.31% and −19.76%, which are still
lower than the corresponding changes of the other battery packs tested in this paper. Therefore, this
phenomenon can be confirmed as a general situation. An explanation is that a single cell is not involved
in any extra charging or discharging processes and thus has a lower cycle aging.

Based on the results collected in Monte-Carlo experiments, it can be concluded that the parallel
number is able to influence the efficiency and the degradation of a battery pack. If the parallel number
increases, the BMS balancing loss tends to decrease while the energy loss inside the cells tends to
rise. However, when evaluating battery packs composed of homogeneous cells as in this paper,
the influence on the efficiency is only marginal. The influence on the degradation is in comparison
more conspicuous. If more cells are paralleled in a battery pack, the degradation behaviours of the
battery pack tend to be more predictable.

4.3. Discussion

As proved by the Monte-Carlo experiments, the parallel number cannot significantly influence
the efficiency of a battery pack. The reason is that the significance is limited by the highly consistent
cell properties, as all the distributions of the properties are obtained from the measurement results
of high quality cells. If cells with higher variance are used to design a battery pack, the influence on
efficiency should be considered.

Secondly, although the degradation simulation shows that the single cell has a slower aging
process than that of the paralleled cells, it does not mean reducing the parallel number to one is an
optimal choice. On the one hand there are more factors, e.g., the cost and reliability, that need to be
considered. On the other hand, the degradation simulation largely depends on the degradation model
and the temperature model. The conclusion could be changed if different models are selected to adapt
to different scenarios of application.

Nonetheless, although the simulation in this paper does not have a temperature model and the
universality of the conclusions could thus be limited, the proposed approach can still be used to further
evaluate the configuration of battery packs in other scenarios by implementing more detailed or more
specific models, because of the compatibility of the battery pack model.

5. Conclusions

The paper proposes a model for the simulation of battery packs, the accuracy of which is verified
by experimental results. Using the proposed model and the statistic features of the battery cell
properties, different battery packs are simulated in Monte-Carlo experiments to evaluate the potential
influence of paralleling different numbers of the cells of the same type in a battery pack. When the
parallel number changes, the influence on the degradation and the efficiency of the battery packs can
be observed. The influence is not significant in terms of efficiency because the cell properties have a
high homogeneity. The influence on the degradation is in comparison more conspicuous. A higher
parallel number will make the degradation behaviours of the battery packs more predictable.
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The major contribution of this paper is the proposal of the battery pack model and the statistic
approach to evaluate battery packs. In a practical design, if the statistical features of different battery
cells are known, the proposed model and the approach can also be used to select the cells and
correspondingly the configuration of the battery pack to achieve the best performance in terms of
efficiency and degradation.
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