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Abstract: Monitoring the battery pack is key to ensuring the safe operation of electric vehicles
(EVs). This process is done by the Battery Management System (BMS), which uses, for example,
variables such as State of Charge (SOC) to determine the current charge and health of the
battery pack. Thus, this paper presents the application of a multilayer perceptron network
(MLP) for estimating the state of charge of a battery pack using a simulation of an electric vehicle
in the UDDS normative cycle and compares the result with two traditional methods: Kalman
Unscented Filter (UKF) and Coulomb Counting (CC) also implemented in this work. The
performance of the estimators were evaluated using the statistical metrics of Root Mean Square
Error (RMSE) and Mean Absolute Error (MAE). Although CC showed superior performance,
with an RMSE of 0.1086, MLP was considered the most appropriate solution due to factors
intrinsic to the methodology, ranking second with an RMSE of 0.36517.
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Multi Layer Perceptron

LIST OF ABBREVIATIONS AND ACRONYMS

MLP - Multilayer Perceptron Network
SOC - State of Charge
EVs - Electric Vehicles
BMS - Battery Management System
UDDS - Urban Dynamometer Driving Schedule
UKF - Unscented Kalman Filter
EKF - Extended Kalman Filter
CC - Coulumb Counting
RMSE - Root Mean Square Error
MAE - Mean Absolute Error
OCV - Open Circuit Voltage
LFP - Lithium Iron Phosphate
HPPC - Hybrid Pulse Power Characterization
NMC - Nickel Manganese Cobalt
ANN - Artificial Neural Network
LM - Levenberg Marquardat
GB - Gigabyte
DDRNs - Dynamically Driven Recurrent Networks
CAPES - Coordenação de Aperfeiçoamento de Pessoal de
Nı́vel Superior Brasil
Fundep - Fundação de Desenvolvimento da Pesquisa

1. INTRODUCTION

The operation of Electric Vehicles (EVs) relies on the use
of a battery pack as the energy source, which is one of
the essential components for their operation (How et al.,
2019).

Packs are composed of numerous cells connected in se-
ries/parallel, which may exhibit inconsistencies in pa-
rameters and usage, leading to charge imbalances over
time. If these cells are not balanced, the formation of
dendrites (lithium structures that initiate at the anode
and spread throughout the battery) can occur, potentially
causing short circuits and, subsequently, Thermal Run-
away, thereby destroying the pack and posing risks to the
vehicle and occupants (Galvão et al., 2022) e (Li et al.,
2021).

A Battery Management System (BMS) is necessary to
ensure proper battery pack operation. The BMS is re-
sponsible for monitoring and balancing the cell’s charge
by reading each cell’s voltage, current, and temperature
signals. The BMS hardware is controlled by embedded
algorithms, with the State of Charge (SOC) estimation
algorithm being the primary one. Its function is to esti-
mate the instantaneous charge state of the pack during
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operation, contributing to the integrity and lifespan of the
pack (How et al., 2019).

The most commonly used approaches for estimating SOC
in lithium-ion batteries are based on deterministic equa-
tions that correlate system input variables to estimate the
output or compare the signals read by sensors with pre-
established values, as in the cases of Coulomb Counting
(CC) and Open Circuit Voltage (OCV), respectively. Al-
ternatively, they rely on mathematical models that repre-
sent the main characteristics of the pack’s dynamics, such
as the application of Kalman Filters in variations, namely
Unscented Kalman Filter (UKF) and Extended Kalman
Filter (EKF) (Zhang et al., 2018).

However, despite the wide range of applications, the math-
ematical representation sometimes becomes complex. This
is due to nonlinear dynamics or external elements that
influence the system’s behavior, such as unexpected distur-
bances, mainly when the pack consists of numerous cells,
as in EVs. For this reason, most contributions found in
the literature based on the mentioned techniques address
the estimation of SOC only for a single cell and not for a
pack (Zhong et al., 2014), (How et al., 2019) e (Yang et al.,
2021).

In this regard, alternative techniques are proposed to en-
hance SOC estimation without requiring prior mathemat-
ical knowledge of the battery. According to Espedal et al.
(2021) and Vidal et al. (2020), using techniques based on
artificial neural networks has received more attention in
vehicular applications, for being less sensitive to system
variations, concerning traditional techniques such as CC
and OCV. Still, according to Vidal et al. (2020), estimators
using artificial neural networks have been the focus of
several studies due to the presentation of good results and
the feasibility of implementation.

This paper compares SOC estimators based on arti-
ficial neural networks applied to a simulated 40-cell,
72V, 4.32 kW battery pack modeled from experimental
data. The simulation was performed in the software Mat-
lab/Simulink® having as basis of application and tests,
a virtual model of EV operating in the normed UDDS
driving cycle. To foster discussions, the results achieved
by SOC-Neural were compared with CC and Kalman UKF
techniques.

2. BATTERY MODELING

In this work, a second-order RC model, Figure 1, widely
used to represent NMC (Nickel Manganese Cobalt) and
LFP (Lithium Iron Phosphate) type batteries commonly
found in electric vehicles was used (Zhu et al., 2017). Also,
according to Zhu et al. (2017), the parameterization of this
model can be performed offline, using the HPPC (Hybrid
Pulse Power Characterization) test to obtain the values of
R0, R1, C1, R2, and C2.

2.1 Database

Since the HPPC test coupled with battery chemistry is
the main criterion for choosing the pack cell, the database
proposed by Kollmeyer (2018) was used, which presents
the HPPC test data, charge, discharge, and nine driving

Figure 1. 2RC circuit battery model.

cycles of the Panasonic NMC 18650 PF battery model,
which has a nominal voltage of 3.6V, a capacity of 3.6 Ah,
and an energy density of 240 Wh.

2.2 Model Parameterization

The HPPC test data, provided by Kollmeyer (2018), was
loaded into theMatlab/Simulink® desktop for running the
transient identification algorithm, found between markers
A, B, C, D, and E based on toolbox’s Curve Fitting, Opti-
mization and Simulink® Design Optimization proposed by
Mathworks (2023d) during battery discharge in the HPPC
test as illustrated in Figure 2.

Figure 2. Data used to calculate model parameters and
cycle expansion

Subsequently, the equations from 1 to 6 proposed by Zhu
et al. (2017) are used to calculate the model parameters.

R0 =
|V(ta) − V(tb)|+ |V(tc) − V(td)|

2|I|
, (1)

where V(ta), V(tb), V(tc) and V(td) are the voltages found
at markers A, B, C and D, respectively, and I being the
battery discharge current.
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R1 =
V1(tc)

I(1− e−
tc−ta

τ1 )
(2)

and

R2 =
V2(tc)

I(1− e−
tc−ta

τ2 )
. (3)

V1(tc) and V2(tc) being the voltages of the first and second
mesh at time C respectively, I the discharge current, finally
τ1 and τ2 the time constants of meshes 1 and 2. Calculated
using the equation 4.

Vt(t) = VOC(SOC) − V1(tc)e
−( t−tc

τ1
) − V2(tc)e

−( t−tc
τ2

), (4)

where Vt(t) is the voltage provided by the battery,

VOC(SOC) is the voltage at marker E, V1(tc)e
−( t−tc

τ1
) and

V2(tc)e
−( tc

τ2
) represent the mesh voltage RC1 and RC2

,respectively, between the C-E time interval.

C1 =
τ1
R1

. (5)

C2 =
τ2
R2

. (6)

where τ1 and τ2 represent the time constants of the first
and second mesh, R1, and R2 the resistances found in
meshes 1 and 2. In the selected database the discharge
current varies from 0.86888 to 0.8697.

2.3 Model Validation

To verify the robustness of the obtained model, it was com-
pared with the experimental data provided by Kollmeyer
(2018). The correlation of the voltage during one discharge
cycle between the simulated model and the experimental
data was 99.03 %, as can be seen from Figure 3. According
to Zhu et al. (2017), the slight difference between the
curves is due to thermal and aging effects that were not
considered in the model.
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Figure 3. Model validation using driving cycle data

3. ESTIMATORS FOR THE STATE OF CHARGE

This section briefly presents the Estimators for the State
of Charge used for the development of the work and also
their integration into the simulation environment.

3.1 Coulomb Counting

The SOC can be estimated by taking the cumulative re-
sultant in time between the charge and discharge cycles of
the battery. The equation 7 presents the general equation
for calculating the CC.

SOC(t) = SOC(t− 1) +
∆ti(t)

3600C
, (7)

where SOC(t) indicates the value of the SOC at time t,
SOC(t− 1) the value of the previous SOC, ∆t represents
the time of the sample, i(t) would be the current at time
and C the battery capacity (Movassagh et al., 2021).

3.2 Artificial Neural Networks

Artificial neural networks (ANNs) are computational pat-
terns that are inspired by the nervous system of living
beings, presenting a mathematical model that is based on
the functioning of natural neurons (Nunes et al., 2010).
They are made up of several processing units, whose opera-
tion is quite simple (Haykin, 2001). Some reasons for using
ANNs in complex applications are the ability to adapt
by experience, learn, generalize, data organization, fault
tolerance, and ease of prototyping. (Nunes et al., 2010).

The artificial neuron is the basic processing unit of an
ANN. This neuron, computationally associated with a
matrix structure, has one or more inputs (X1,...,Xn)
and one output (Y), with each input having a weight
(W1,...,Wn) that quantitatively weights each input relative
to the output.

Several types of structures and topologies are used to apply
an ANN, differing by the arrangement and number of
layers of neurons and training methods. The framework
presented in this paper is based on the multilayer Percep-
tron network (MLP), which, according to Espedal et al.
(2021), Due to its working principle, such networks, among
other applications, can be used to estimate the state of
charge in batteries, as is the case of the application in
question. This topology was selected due to the fact that
it presents a satisfactory response even though it is simple.
For the training, a total of 50% of the simulation data
produced was used. Table 1 presents the parameters of
the MLP used.

3.3 Kalman Filter

The Kalman filter is an estimation algorithm that works
with a model to predict the behavior of complex linear
systems. It is divided into two stages: in the first, estimates
the analyzed variable in the current state; in the second,
updates the estimate to minimize the error between the
estimated and the actual. However, due to the high com-
putational cost involved, their use in practical applications
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Table 1. Parameters of the MLP used

Architecture MLP

Training Type Supervisioned

Number of layers 4

Neurons in the 1st hidden layer 4

Neurons in the 2nd hidden layer 4

Training Algorithm Backpropagation + LM

Learning Rate 1 ∗ 10−3

Epochs 20000

Required quadratic error 1 ∗ 10−5

Activation Function Hidden Layer Hyperbolic Tangent

Output layer activation function Linear

LM = Levenberg Marquardt.

needs to be evaluated (How et al., 2019) and (Espedal
et al., 2021).

Due to the battery system’s non-linear nature, the Kalman
Filter can give inaccurate results. However, some varia-
tions allow its use, as in the UKF (Unscented Kalman
Filter), which, as far as its application is concerned, uses
the (Unscented) transformation, which works as follows:
A set of points called sigma-points is selected; (a) these
points are chosen so that the mean and covariance are
generated; (b) the nonlinear function is injected at each
point which generates a cloud of transformed points; (c)
the mean and covariance of the transformed points is
found, which can be calculated to form an estimate of the
transformed nonlinear mean and covariance (Silva, 2016).

The UKF implementation was done according to Math-
works (2023a), which uses the Unscented Kalman Filter
library used in Matlab/Simulink®. The filter development
is divided into three sub-steps: the development of the Bat-
tery Transition State Function, the Battery Measurement
Function, and the Unscented Kalman Filter block used to
perform the estimation.

The parameters calculated based on the actual HPPC
test data were added in equivalence tables for use by the
functions. Thus, we started with the Battery Transition
State Function, xNext, given by the equation 8.

xNext = (f(x,u)Ts) + x, (8)

where f(x,u) is the nonlinear state transition function, Ts

sampling time, and x is the state vector.

To calculate the Battery Measurement Function, y, the
equation 9 is used.

y = VOC −R0I − V1 − V2, (9)

where VOC indicates the open circuit voltage, R0 the
internal resistance, I the charge/discharge current, V1 and
V2 indicate the mesh voltages RC1 and RC2, respectively,
where R0 and VOC are temperature and SOC dependent
prior (Silva, 2016) and (Mathworks, 2023a).

With both functions ready, these are used in the Unscented
Kalman Filter block. The filter block takes the voltage
value as input and will estimate the State of Charge at
time Ts. The algorithm used by the UKF block is pre-
sented in Mathworks (2023c) and must be fed with initial
covariance values, Alpha, Beta and Kappa transformation
parameters, and finally, the parameter tables of the model

selected to represent the battery, which in the case of this
work was the second order RC mesh.

Since UKF needs a model that represents the system,
which in this case is a battery pack, the model developed
in section 2 of this study is associated with validating the
estimating algorithms.

4. SIMULATION

The software Matlab/Simulink® was used to compare the
estimators. Figure 4 shows the simulation protocol used.
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Figure 4. Simulation protocol

The simulation represents the vehicle’s dynamic behavior
in a standardized driving cycle. The UDDS cycle used
determines the operating conditions in an urban environ-
ment (küçük et al., 2015). During the cycle simulation, the
simulated battery pack’s current, voltage, temperature,
and reference SOC signals were collected.

This pack comprises 40 cells associated in series and par-
allel, totaling 72 volts and 4.32 Kw. The simulation was
implemented in Matlab 2022a on an i7, 8th Generation
processor with 64 GB RAM, and the Pack’s architec-
ture was chosen based on computational limitation tests
presented by the computer. The reference SOC value is
provided by the model integrated in the pack. Once the
simulation data is generated, white noise with a power of
1.5e−3 (Mathworks, 2023b) is added to the current and
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voltage signals. After that, the signs are added to the
estimation algorithms, disregarding the thermal effect.

4.1 Statistical Analyses

Statistical analysis of the error between the State of
Charge estimator algorithms and the reference SOC was
performed using the Root Mean Square Error (RMSE)
and Mean Absolute Error (MAE) metrics. The MAE
and RMSE were calculated by the equations 10 and
11 respectively (Fawcett, 2006) and (Chaoui and Ibe-
Ekeocha, 2017).

MAE =
1

n

n∑
j=1

|yj − ŷj | (10)

and

RMSE =

√√√√ 1

n

n∑
j=1

(yj − ŷj)2, (11)

where n is the sample number, yj is the reference State
of Charge value and ŷj is the estimated State of Charge
value.

5. RESULTS AND DISCUSSIONS

The performance of the estimator algorithms compared to
the reference SOC is shown in Figure 5.
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Figure 5. Performance of the estimating algorithms com-
pared to the reference SOC

CC was the estimator that showed the best response
in RMSE and MAE, with values of 0.1086 and 0.0931,
respectively. Following the MLP network with MAE of
0.3651 and RMSE of 0.2952. The UKF, finally, showed the
highest error among the estimators, with RMSE of 3.4217
and MAE of 2.4137.

Comparing the best-performing methods, one can see that
the difference between CC and MLP is 0.2565 for the
RMSE metric, that is, more than double the value. For
MAE, the difference is 0.2021. Nevertheless, it is important
to consider that the CC presents a cumulative error along
the cycles. The results achieved by the estimating algo-
rithms based on the RMSE and MAE statistical metrics
are summarized in Table 2.

Table 2. Statistical metrics of the algorithms

UKF MLP CC

RMSE MAE RMSE MAE RMSE MAE

3.4217 2.4137 0.3651 0.2952 0.1086 0.0931

The comparison with the study of Wang et al. (2018) shows
that the UKF value achieved in this study was 3.18 times
higher compared to its RMSE obtained by an HPPS cycle
with an initial SOC of 85%. However, it is worth noting
that in his study, only one battery was used to validate the
research, while in this one, a pack simulation was used.
In this way, effects occur that are not considered for a
single battery. The simplified model approach taken in this
paper represents the battery pack in its entirety, unlike
that presented by Wang et al. (2018), who modeled only
one cell. The dedicated model for one cell is understood to
show higher assertiveness (Mastali et al., 2013) and Jingyu
et al. (2010). However, it makes reproduction for more
cells impractical due to the high computational demand
and being far from the fundamental architecture found in
electric vehicles.

In Chaoui and Ibe-Ekeocha (2017) Dynamically Driven
Recurrent Networks (DDRNs) were used for SOC estima-
tion in a lithium-ion battery, whose performance evalua-
tion metric was also the RMSE. They were 0.5305, 0.1654
higher than that achieved by the MLP in this paper.
However, the authors performed a real-time estimation of
the SOC, considering aging conditions, dynamic current
profile, and parametric uncertainties. Even so, it is em-
phasized that the analysis of techniques applied for only
one cell needs to be validated in the operational conditions
of a pack, where dozens or even hundreds of cells are
usually associated in series/parallel. This fact increases
the computational complexity due to quantities of input
data, temperature variations, and parametric uncertain-
ties. Therefore, approaches similar to this work need to be
explored so that more robust estimation techniques can be
embedded and incorporated into EV BMS systems.

Finally, it is essential to note that studies such as the
one presented in this paper and, as in that of Chaoui
and Ibe-Ekeocha (2017) demonstrate that factors such as
robustness, the versatility, and complexity of obtaining a
mathematical model and/or prior knowledge of internal
parameters increase the chance of using intelligent systems
for SOC estimation in lithium-ion battery packs.

6. CONCLUSION

This paper presented the use of CC, MLP, and UKF
techniques to estimate the state of charge of a battery
pack by simulating it in a virtual vehicle model undergoing
a standardized driving cycle. The study has shown that
it is possible to estimate the state of charge of a battery
pack through a simplified architecture, using only the total
voltages and currents of the battery pack as input to
estimating algorithms. Future work is related to detailing
the algorithms’ computational cost when integrated with
the BMS. In addition to applying the methods to other
conduction cycles, consider cell aging and operating tem-
perature variation.
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