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ABSTRACT

In the context of electromobility, the energy storage
system is essential for vehicle autonomy. It represents a
significant cost and adds weight, making it one of the most
important components of the vehicle. Efficient battery
management involves challenges such as optimization,
sizing, management strategies, useful life and appropriate
disposal. To ensure its safe and efficient performance, a
battery management system (BMS) is essential. For this,
accurate estimation of the state of charge (SoC) and state of
health (SoH) is of major relevance. This paper presents and
discusses an approach based on artificial neural networks for
estimating the SoC and SoH of lithium-ion batteries in
electrified vehicles. The methodology developed uses an
Elman-type neural network trained by a multi-objective
optimization algorithm based on the particle swarm
(MOPSO) for just one battery cell. However, an algorithm is
also presented that associates this neural network, trained
with a single battery cell in different series and parallel
arrangements, to describe different battery topologies. The
accuracy of this methodology was validated using a set of
experimental data obtained from a real-world driving cycle
performed by duly instrumented electrified vehicles.

INTRODUCTION

Advances in research related to decarbonizing the
vehicle fleet have driven the development of new
technologies and approaches, such as the use of alternative
fuels [1,2] and the creation of new technologies to power
electric machines [3], in the case of electrified vehicles. In
Brazil, electrification, together with the use of ethanol, has
been the main focus of the automotive sector [4], while in
Europe, due to the energy matrix, various studies have been
carried out on the impact of electric vehicles and the use of
hydrogen as an energy source [5]. However, the solution that
has emerged and been consolidated in various scenarios is
using electrified vehicles, whether purely electric or hybrid
electric. Most of these vehicles use lithium-ion batteries,
which are responsible for storing and supplying electricity to
the motors, impacting both the range and the operating cost
of these vehicles [6]. Several developments have occurred,
such as advances in chemistry and thermal management [7],
as well as battery management systems (BMS).

Batteries are complex and non-linear components due
to internal processes during charging and discharging. These
processes cause variations in the internal temperature of the
components, which, in turn, affect the internal resistance of
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each cell. These factors make it necessary to implement a
system for monitoring, estimating, and managing battery
characteristics, i.e. a BMS. The BMS is implemented to
ensure operational safety and increase battery lifespan [8,9].
As such, the BMS performs various functions, most notably
estimating the state of charge (SoC) and state of health
(SoH), which are fundamental parameters for correct energy
management. However, estimating these parameters
becomes complicated due to the complex physics of
batteries, which depend on internal and external
characteristics of their operation, such as temperature and
current consumption [10]. Traditional SoC and SoH
estimation approaches, based on specific models or
calibration methods, may not be robust enough to deal with
variations in battery configurations, such as different
architectures, temperature action, or charging and
discharging profiles, resulting in inaccurate estimates. Thus,
various approaches have been applied to predicting the SoC
and SoH of batteries, such as the Kalman filter, the particle
filter, fuzzy control, support vector machines, artificial
neural networks, and combinations of these methods [11, 12,
13].

These approaches are generally used to predict SoC or
SoH, with few studies integrating the prediction of these two
characteristics simultaneously. Several studies focus on
SoH, since with the growth in sales of electrified vehicles, it
is essential to monitor and predict battery lifespan. In
addition, the process of determining the useful life of a
lithium-ion battery is very costly and time-consuming, as it
takes around 4.5 hours to complete and requires
approximately 1000 cycles for an accurate estimate, which
implies around 6 months of experimental testing [14]. Thus,
the application of these approaches also aims to reduce the
need for multiple cycling tests on these batteries.

In this context, the application of machine learning
methods, more specifically artificial neural networks, has
proved to be efficient, using different approaches and
architectures [15, 16, 17]. Nevertheless, the need for a vast
database that includes different battery topologies, voltages,
and capacities makes it impossible to adapt the method, often
limiting it to the battery configurations present in the
database.

To propose a solution that allows the method to be
generalized to different battery topologies, Miranda et al.
[18] propose a holistic approach in their work, which aims to
predict the SoC and SoH of lithium-ion batteries. The
methodology developed combines the Elman framework
neural network (ENN) with the multi-objective particle
swarm optimization algorithm (MOPSQO). This neural
network framework is known for its ability to deal efficiently
with time series data and highly non-linear processes [19].
The method is based on training the ENN using MOPSO,
where all the characteristics of the network can be adjusted
in an attempt to find the architecture that best adapts to the
problem. To achieve the universatility of their method, the
researchers trained their algorithm using data from a single
battery cell. They then developed an algorithm that

associates this cell's neural network with different series and
parallel arrangements. This approach allows for the
simulation of various battery setups. In the paper, the
researchers also presented a series of comparisons with other
methods and validations; however, due to the scarcity of real
data, no validation was carried out with data from vehicles
in real-world operating conditions.

Therefore, this study aims to validate the methodology
proposed by Miranda et al [18], using experimental data
from different electrified vehicles in real-world driving
cycles. For this validation, two plug-in hybrid electric
vehicles and one electric vehicle were instrumented, and the
required data was collected during operation under real-
world conditions. The batteries of these vehicles were then
assembled using the algorithm developed by Miranda et al.
[18], and the real on-road operating profile was applied. As
a result, a curve representing the variation of the SoC over
time was obtained, which was then compared with the SoC
curve obtained experimentally. This comparison aims to
consolidate the accuracy and effectiveness of the proposed
methodology, validating its applicability in various operating
scenarios.

THEORETICAL ELECTRICAL MODEL OF THE
BATTERY

Lithium-ion batteries stand out as the leading choice
for electrified vehicles due to their advantages, such as high
energy density, long service life, low self-discharge rate and
rapid recharging capacity [20]. These batteries are made up
of individual cells, which contain a graphite anode, a metal
oxide cathode and an electrolyte, which can be liquid or
solid. Electrical energy is stored during the charging process
by transferring lithium ions from the anode to the cathode.
The cells can be connected in series or parallel to achieve
different voltages and capacities.

In this work, a modeling of the battery will be
presented to obtain the parameters of the SoC and SoH.
There are various methods for estimating these parameters
[21], however, the approach used here is based on Shepherd's
principle, which offers a general model of the dynamics of
rechargeable batteries [22].

The SoC of the battery is a parameter that indicates the
remaining capacity. This value is commonly expressed as a
percentage, with 100% being the maximum charge of the
battery and 0% being the total depletion of the charge.
Equation (1) describes the calculation of the SoC based on
the initial state of charge (SoCinit), the battery's actual
capacity (Qsac [Ah]) and the current consumed (Ivar [A]). In
contrast to the SoC, there is also the Depth of Discharge
(DoD) of the battery, as represented in Eq. (2).
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The battery's dynamic voltage Viat [V] is determined by
Egs. (3) and (4) [22, 23]. The low-frequency electric current
I* [A] values are positive during the charging process and
negative during discharging, corresponding to the battery
recharge and discharge models, respectively.
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where Eo [V] is the constant voltage of the battery's
equivalent circuit, R [Q2] is the internal resistance, Ipar [A] iS
the battery's electric current, K [V/Ah] is the polarization
constant, A [V] is the amplitude of the exponential zone, and
B [1/Ah] is the exponential zone time constant inverse.

Battery degradation is the decrease in a battery's
capacity over repeated charge and discharge cycles. One of
the most common models for describing battery aging was
proposed by Motapon et al [24]. This model stands out for
its generalist approach, which does not require battery
cycling experiments, making it a widely used tool for
estimates. However, it is important to highlight that the
equations used do not consider the thermal effect of the
battery cells.

Thus, the SoH is based on the battery's performance
throughout its lifetime. A complete cycle is the process in
which the battery is fully discharged (SoC = 0%) and then
recharged to its maximum capacity (SoC = 100%). Each
battery has a maximum number of cycles it can undergo.
However, under real-world conditions, a complete cycle,
where the battery is fully discharged and then recharged to
its maximum, rarely occurs. For this reason, battery life is
typically evaluated based on the number of equivalent
cycles.

Each discharge and charge cycle impacts the battery's
capacity, resulting in its degradation. For the ki equivalent
cycle, the battery degradation index e can be determined as
a function of the DoD and the cycle number constant (H).
This degradation index is described by Eq. (5). The
maximum number of cycles until the end of the battery's
useful life, denoted as C, can be calculated by Eq. (6). The
average electric current during the equivalent cycle is
denoted by Iac [A] with a stress factor of yc¢ for the battery
charge and by I.p [A] with a stress factor of yp for the
discharge process.
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where the stress factor due to battery discharge is represented
by &, the Arrhenius constant is indicated by 1, the reference
ambient temperature is given by Trer [K], and the ambient
temperature by Tams [K].

By determining the degradation index e, it is possible
to calculate the battery's capacities at the beginning (QgoL
[Ah]) and at the end of its useful life (QeoL [Ah]). Thus,
battery degradation can be determined using Eq. (7), which
considers the aging factor e over the kw half cycle, where a
complete cycle is defined as the process of discharging and
recharging the battery.

Q(k) = Qpor — €(k)(Qpor — QroL) (7)

In turn, the increase in the internal resistance of the
equivalent circuit R, is determined in the same way, as shown
in Eq. (8).

R(k) = Rpor, + €(k)(Rpor, — Rgor) (8)

Therefore, the battery's SoH is a parameter that allows
to assess its degradation. It is determined by the ratio
between the battery's current capacity Qx and its capacity at
the start of its useful life QgoL, as shown in Eg. (9).
According to the ISO 12405-2 standard [25], the battery
reaches the end of its useful life when its discharge capacity
reaches 80% of its initial capacity (SoH = 80%).

Qk 9)

SoH (k) = QoL

DEVELOPED APPROACH

This section discusses the methodology proposed in a
previous work by Miranda et al. [18] for predicting SoC and
SoH. The approach uses the neural network type called
Elman, which is composed of input layers, hidden layers, and
output layers. However, the difference between ENN and
other frameworks is the presence of a context layer. This
layer stores data and sends state information, with each
neuron in the context layer interacting with the neurons in
the hidden layer. This feature contributes to the ENN making
more accurate predictions.

The basic operation of ENN consists of the neurons in
the layers receiving signals, processing the information, and
sending a response signal to the next layer. Each input signal
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to the neuron is multiplied by a corresponding weight, which
reflects the relative importance of that input in the neuron's
decision-making. This means that inputs with higher weights
have a more significant influence on the neuron's output. In
addition, the weighted signals are added to a bias value,
which allows for an adjustment or activation level, even
when the weighted sum is zero.

After the weighted sum and the addition of the bias, the
resulting value is submitted to an activation function. This
function determines the neuron's response based on the
weighted sum, thus deciding whether the neuron will send a
signal.

To enable an adaptive training process, where the best
ENN architecture is defined, the researchers implemented
the neural network in Matlab/Simulink®. The aim of this
approach is to allow all the characteristics of the network to
be determined during the training process. This includes
defining the number of hidden layers, the number of neurons
in each layer (hidden and context layer), the weights and
biases that influence the connections between neurons, as
well as the type of activation function used in each neuron,
and the associated parameters. Voltage [V], capacity [Ah],
and current [A] are used as inputs.

Miranda et al. [18] emphasize that this flexibility in the
choice of network architecture can lead to improved
performance, compared to the use of a rigid and fixed
architecture, where only the weights and biases are
optimized, as occurs in some existing software. This
approach reduces processing time and computational cost,
making it possible to evaluate and identify the ideal neural
network structure without the need to carry out several
training sessions.

To ensure that the training process achieves the best
combinations of ENN parameters for predicting SoC and
SoH, the authors used the heuristic MOPSO algorithm. Four
criteria were defined for training: minimizing the root mean
square error (RMSE) between the experimental SoC values
and the values estimated by the network, minimizing the
RMSE of the SoC derivative over time, minimizing the
RMSE between the experimental and estimated SoH values
and, finally, minimizing the RMSE of the SoH derivative
over time. Additionally, an equation correlating the
maximum and minimum values of the Pareto frontier is
utilized to identify the configuration that offers the best
trade-off among all four criteria.

With the aim of developing a network capable of
adapting to different battery topologies, Miranda et al. [18]
used a series of tests carried out on a Panasonic 18650PF
lithium-ion cell, according to the data provided by
Kollmeyer [26]. This data reflects the cell's behavior under
various operating conditions. The choice to carry out the
training with a single cell aims to ensure the generality of the
method, allowing different battery configurations to be
simulated in series and parallel.

In this context, Miranda et al. [18] also propose an
algorithm capable of identifying and assembling battery
packs according to voltage and capacity requirements using
the ENN trained with data from a single cell. However, as
the individual behavior of each cell directly impacts the
performance of the battery, balancing the cells is essential to
equalize their capacities and ensure that all cells contribute
in a balanced way to the operation of the battery pack. To
this purpose, the modeling considers the use of an active
balancing control, which offers advantages in terms of
precision and efficiency in the distribution of energy
between the cells in the pack. Thus, equations are presented
for cases in which the cells are connected in series, as well
as when these series cell modules are interconnected in
parallel, achieving an algorithm that assembles the battery
pack.

The network’s input data consists of the battery's
voltage [V], current [A], and capacity [Ah]. The network's
expected results are the battery's SoC and SoH, considering
the operating conditions represented by the input values.
Figure 1 illustrates the framework of the neural network
used, where N, indicates the number of neurons in the layer
determined by the training process.

Tnputs Hidden layer Outputs
(|
Voltage (V) — 1 | I
l SoC
|
. I |
Current (A) —» 2 — Ny

\L@J—. SoH
|

Capacity (Ah) — 3 / C 1

HN,) --- (1) I«

Context layer

Figure 1. ENN framework used. Adapted from Miranda et
al. [18].

This model was evaluated under constant current and
voltage conditions, as well as under dynamic discharge
conditions. However, none of these validations considered
real-world vehicle operating conditions. Therefore, the
current work aims to utilize and validate the ENN obtained,
together with the battery pack assembly algorithm. It is
crucial to highlight that only the existing methodology is
applied, and no new training has been conducted. As there is
limited data, from the point of view of determining the SoH,
only the results for the SoC will be covered. To do this,
experimental data from real-world driving cycles of different
electrified vehicles will be used.
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EXPERIMENTAL ON- ROAD DATA

In order to collect data and evaluate the methodology
proposed by Miranda et al. [18], instrumentation and data
acquisition were carried out on three electrified vehicles: two
plug-in hybrid electric vehicles (PHEVS) and battery electric
vehicle (EV). Data was collected during a real-world driving
cycle using a variety of experimental equipment. The
equipment used included an on-board diagnostic (OBDII)
reader to collect information on the operation of the vehicles
and a global positioning system (GPS) with a barometric
altimeter, Garmin GPSMap76CSx, which provided data on
the topography of the road, such as speed, route, and
altimetry. In the case of PHEV, a portable emissions
measurement system (PEMS) was also used (MET 6.3,
MAHA).

This equipment provides a detailed characterization of
the trip, collecting data at 1 Hz. The information covers
driving dynamics (speed, acceleration), information from the
internal combustion engine in PHEVs (such as air mass,
engine rotations per minute and load, throttle position,
among others), the state of charge of the vehicle battery, the
torque of the electric motors and the battery temperature (in
the case of EV), as well as the altimetry of the road, which
was monitored using information captured by the barometric
altimeter [27].

To integrate all the information, the devices were
connected to a laptop computer running LabVIEW software,
which enables synchronized data collection on a second-by-
second basis. The layout of the devices in the vehicle is
shown in Fig. 2.

Laptop running
LabView

Gas analyzer

GPS receiver with
barometric altimeter

Figure 2. Schematic of the acquisition system.

The tests were carried out on vehicles with batteries of
different configurations. One of the PHEVs, vehicle A,
belongs to the SUV (Sport Utility Vehicle) category, while
vehicle B is a sedan. Vehicle Cisan EV in the SUV category,
which has a range of 416 km, indicating that its battery has
greater capacity than the PHEVS. The characteristics of the
batteries in each of these vehicles are shown in Table 1.

Table 1. Vehicles battery specifications.

Vehicle A Vehicle B Vehicle C
Nominal 203V 352V 400 V
voltage
Nominal 10kWh  88kWh  50KWh
capacity

The data was obtained under real-world driving cycles.
The route was fixed, and each vehicle was subjected to two
trips. The route took place in the metropolitan area of Lisbon,
Portugal. It began with an urban section, followed by a
section of highway, and then returned to the urban section.
The total duration of the trip was approximately two hours,
resulting in approximately 7,000 seconds of data collected.
The route taken is shown in Fig. 3. The tests were carried out
in the morning and afternoon to avoid being influenced by
temperature and traffic conditions.

Figure 3. The real driving cycle path.

Furthermore, due to the distinct characteristics of each
vehicle, energy management varies considerably between
models. Each vehicle adopts its control systems and
strategies, which have a direct impact on energy
consumption. As a result, the SoC at the end of the trip shows
different values for each vehicle model. This not only reflects
the capacity of the battery but also these particularities of
energy management. Table 2 presents the initial and final
SoC for each vehicle during the trips.
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Table 2. Initial and final SoC of vehicles for each trip.

Vehicle A Vehicle B Vehicle C
w192 U e
pll R )
METHODOLOGY

The current consumed is fundamental information used
in the model. In the case of EVs, this information is obtained
directly from OBDII. However, in PHEVS, this information
is unavailable on the OBD reader. Furthermore, for safety
reasons, it is not recommended to insert a sensor directly into
the circuit to measure the current consumption. This makes
it necessary to use alternative methods to estimate the
electrical energy consumed.

There are some indirect methods to estimate electrical
energy consumption. In this work, the approach based on the
variation in battery energy will be adopted, following the
methodology described by SAE J1711 [28]. The standard
specifies that energy is calculated by subtracting the final
current from the initial current and multiplying the result by
the system voltage. However, since the current is not
measured directly, the solution is to use the variation in SoC
values to estimate this current.

The current can be calculated using Eq. (10), where |
represent the current in amperes (A), P is the power
consumed in watts (W), and V is the battery voltage in volts

).

= — 10
I=7 (10)
Thus, the power consumed in the PHEV can be
estimated based on the variation in battery energy [28].
Equation (11) describes the energy (E) stored in the battery
as a function of capacity (C [Ah]) and voltage (V [V]).

E=CXV (11)

Therefore, the variation in battery energy, i.e., the
energy consumed (AE) over the SoC variation, can be
determined according to Eq. (12). To manipulate the units, it
is necessary to convert the energy from kWh to Joules. To
do this, multiply the current by the conversion factor of 3.6
x 10% J/kWh.

AE = ASoC X C XV (12)

Once the energy consumed has been determined, the
current can be estimated based on the power divided by the
battery voltage, as shown in Eq. (13). Hence, this method is
based on the relationship between the variation of the SoC,

and as the data obtained from the SoC is collected every
second, the time interval (At) for calculating the current is
also one second.

AE

= 13
! At XV (13)

Considering the characteristics of the PHEV batteries
and applying these equations, it is possible to obtain the
instantaneous values of the current consumed. Figures 4 and
5 show the current consumption graphs for vehicles A and
B, respectively, during the first trip.
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Figure 4. Current consumed by vehicle A on first trip.
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Figure 5. Current consumed by vehicle B on first trip.
In the case of the EV, the current is a variable obtained

directly by reading the OBDII port. Figure 6 shows the
current values for vehicle C (EV) on its first trip.
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Figure 6. Current consumed by vehicle C on first trip.

After calculating the current of all trips for the three
vehicles, the ENN methodology of Miranda et al. [18] can be
applied. Three metrics were selected to assess and compare
the results of this methodology with experimental values.
The first is the Root Mean Square Error (RMSE), which
indicates the dispersion between the predicted values and the
actual values. Equation (14) describes the RMSE calculation.

t
1 14
RMSE = EZ(SOCENN — 50Ceyy)" (14)
i=0

The second metric used is the correlation coefficient,
which assesses the quality of the estimated curve in
comparison to the actual SoC curve. This coefficient is
calculated based on the sum of the squares of the prediction
errors between the values obtained by the methodology and
the true values, as shown in Eq. (15). The coefficient ranges
from 0 to 1, where 1 indicates a perfect fit between the
values, while 0 indicates no correlation between the curves.

[ N2

(Z(SOCENN — SoCgyn) (SOCexp - SOCexp))
— 2

Z(SOCENN - SOCENN)Z Z(Socexp - SOCexp)

(15)

Moreover, the relative RMSE is also used to provide
an additional perspective in the analysis. This metric
expresses this error in relative terms, i.e., concerning the
actual values. The relative RMSE formula is described in Eq.
(16).

RMSE
RMSE, ,; = (16)

Therefore, this metric expresses the error as a
percentage of the actual average value, which makes it easier
to interpret the methodology's performance.

RESULTS

With the necessary data obtained and the evaluation
metrics defined, it was possible to assemble the battery pack
for each vehicle and evaluate the results. Using the nominal
voltage values and battery capacities of each vehicle, the
algorithm determines the topology of the pack and the neural
network corresponding to the cell is associated with these
characteristics.

The battery of vehicle A was assembled by the
algorithm, and the current consumed on a second-by-second
basis is used in the model. The discharge profile of the
experiment (Reference) and that obtained by the model
(ENN) for the first trip are shown in Fig. 7. It can be seen
that, around the 2500th second, the curves begin to show a
slight divergence, but this does not compromise the accuracy
of the prediction, as the profile of the curves remains similar.
The RMSE between the curves is 1.3302, with a correlation
index of 0.9993. In addition, the final SoC value in the
experiment was 3%, while the value predicted by the model
was 2.82%.
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Figure 7. SoC profile of the battery in vehicle A on the first
trip.

Figure 8 shows the SoC discharge profile for the
second trip of vehicle A. The curves of the experimental
values and those predicted by the model perfectly overlap,
resulting in a correlation index of 1 and an RMSE of 0.1448.
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Figure 8. SoC profile of the battery in vehicle A on the
second trip.

Table 3 shows the results of the three metrics for the
two trips of vehicle A. The relative RMSE for the first trip
indicates that the model's error is only 3.3% concerning the
average of the reference values. For the second trip, the
relative RMSE is even lower, at just 0.5%, showing the
accuracy of the methodology.

Table 3. Results of the evaluation metrics for vehicle A.

First trip Second trip
RMSE 1.3302 0.1448
R? 0.9993 1.0000
RMSErel 3.2958% 0.5003%

For vehicle B, the same procedure was followed,
informing the algorithm of the battery's characteristics for
assembling the virtual battery pack. Figure 9 illustrates the
discharge profile of the experiment and the model. It is
possible to see that, in the case of this vehicle, when the SoC
is below 15%, there is a slight discrepancy between the
curves. This occurs because when the SoC reaches this level,
the system enters charge sustaining mode, which reduces the
current flow in the battery to prevent complete discharge.
Despite this difference, the correlation index for this trip is
0.99997, with an RMSE of 0.8852. The experimental value
of the SoC at the end of the trip was 13.3%, while the value
predicted by the model was 14.5%.
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Figure 9. SoC profile of the battery in vehicle B on the first
trip.

The SoC profile for the second trip is illustrated in Fig.
10. For this trip, the final SoC values were 13.7%
(experimental) and 14.9% (predicted by the model), with an
RMSE of 0.8544 and a correlation of 0.99998.
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Figure 10. SoC profile of the battery in vehicle B on the
second trip.

The error and correlation values for both trips of this
vehicle are shown in Tab. 4. Unlike vehicle A, in which a
difference was observed between the values of the two trips,
vehicle B showed very consistent results for the two
conditions analyzed. The relative RMSE for vehicle B was
around 2.5%.

Table 4. Results of the evaluation metrics for vehicle B.

First trip Second trip
RMSE 0.8852 0.8544
R? 0.99997 0.99998
RMSErel 2.5148% 2.4049%
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In the case of the EV (vehicle C), the same
methodology was applied, resulting in the assembly of the
virtual battery. This vehicle's first trip lasted approximately
5000 seconds, with an initial SoC of 76%. Figure 11
illustrates the behavior of the SoC over this period. The
model showed excellent accuracy, with the curves almost
completely overlapping. The correlation index of the curves
is 1, and the RMSE is 0.0564.
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Figure 11. SoC profile of the battery in vehicle C on the first
trip.

Figure 12 presents the behavior of the SoC for the
second trip. The model again obtained a correlation of 1, with
an RMSE of 0.1524.
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Figure 12. SoC profile of the battery in vehicle C on the
second trip.

Table 5 presents the error values for both trips of this
vehicle. The relative RMSE for both trips was less than
0.18%, around the average of reference values. This
demonstrates the high accuracy of the prediction concerning
the experiment.

Table 5. Results of the evaluation metrics for vehicle C.

First trip Second trip
RMSE 0.0564 0.1524
R? 1.0000 1.0000
RMSErel 0.1372% 0.1774%

Therefore, the results obtained demonstrate the high
accuracy of the model in determining the SoC under real-
world operating conditions, regardless of the different
topologies and characteristics of the analyzed batteries. It is
worth noting that the slight discrepancies observed in the
results of the PHEVs (vehicles A and B) may be related to
approximations of the current. Additionally, these
discrepancies may also be from the rate at which the SoC
value is updated by the vehicle's electronic control unit via
the OBD port. However, despite these subtle variations, the
highest relative RMSE value was only 3.3%, which validates
the robustness and accuracy of the proposed methodology.

CONCLUSION

The methodology for predicting SoC and SoH,
utilizing the Elman neural network combined with the
MOPSO algorithm as proposed by Miranda et al. [18], was
evaluated using real-world experimental data.

A dataset was collected containing real on-road
operating data from three electrified vehicles: two PHEVs
and one EV. The vehicles were properly instrumented to
collect the necessary information for evaluating the
methodology. The battery pack of each vehicle was
assembled virtually. The results indicated that the model
closely matched the real SoC values collected,
demonstrating its effectiveness.

In this way, the integration of ENN-MOPSO with the
battery assembly model, a virtual battery set can be created
instantly and easily using the cell's artificial neural network
as a basis. This enables real-time prediction of data from any
battery topology.
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