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(V2g) to Predict State of Charge Lithium-Ion Batteries
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University of Regina, Department of Industrial & Process Systems Engineering, Canada; alice.cervellieri@ieee.com

Abstract: The incorporation of electric vehicles (EVs) with vehicle-to-grid (V2G) offers the development of
multi-energy microgrid (MMOs) models. However, MMOs have among their goals to decrease electricity costs
by coordinating with vehicle-to-grid (V2G) scheduling. Controlling V2G models poses uncertainties about the
voltages developed and creates the need for power generation disruptions. In this work, a Feed-Forward-Back-
Propagation Network (FFBPN) is developed with Matlab software, based on the Levenberg-Marquardt
algorithm by varying the number of hidden neurons to realize better performance thanks to the value of the
Maximum Coefficient of Determination (R?) and the Minimum Mean Squared Error (MSE). In this article, the
dataset from NASA PCoE has been used to make proper consideration of the model that best calculates the life
cycle of the battery, demonstrating relevant implications for future development of this type of system based
on FFBPN for the integration of EV into V2G. The proposed FFBPN demonstrates better performance than
other methods taken from the literature. In conclusion, the comparison between the phases of training,
validation and test are used to completely represent the validity of the proposed model and precisely to identify
the characteristics curves of FFBPN for future applications highlighting its performance to create profitability,
efficiency, production, energy saving and minimum environmental impact.

Keywords: vehicle-to-grid; lithium-ion batteries; electric vehicles; multi-energy microgrid models

1. Introduction

Lithium-ion batteries have recently felt the need to improve their performance, given their wide
use in various sectors, such as electrical and space [1-5]. Vehicle-to-grid (V2G) permits a bidirectional
flow of energy between EVs and the grid, permitting EVs to be utilized as mobile energy storage units
[6]. Vehicle-to-grid (V2G) system is a critical area of research and development that explores the
interaction between electric vehicles and the power grid. In particular, V2G allows EVs to draw
energy from the grid and consume excess energy back into it. EV in this case acts as an energy
distribution unit, helping balance grid demand and supply. Researchers in their recent studies have
noted that it is important to maximize benefits and minimize disadvantages such as energy
consumption. The benefits found are increased grid stability and reliability, and reduced greenhouse
gas emissions. Researchers have also identified in a final step the purposes and opportunities of EVs
in association with V2G by exploring topologies, control methods, and associated services; that is,
exploring innovation by revolutionizing the energy system by integrating EVs into the grid. Shi in his
article realizes a review on the development of a vehicle-to-grid research approach based on
CiteSpare6.1R6 software to create a graph with keywords that summarize the most important results
of the V2G search. The author highlights the possible improvements of the V2G approach from
different points of view such as energy control, load distribution, and environmental preservation. It
emphasizes the importance of V2G areas, renewable power consumption, power speed and smart
grid maximization criteria [7]. Escoto in his article approaches the maximization in V2G methods and
describes the utilization of artificial intelligence (AI) approaches to obtain these results. In his article,
the author analyses the known technique regarding optimization in V2G systems and studies gaps
where Al-driven processes, machine learning systems, and adaptable optimization models can be
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used. The author introduced adaptable optimization models to improve adaptability in V2G
optimization. In particular, the author ends the article with his future developments to integrate Al-
driven techniques into V2G systems, emphasizing their potentiality [8]. Bortolotti in his article
describes vehicle-to-grid (V2G) technology from specific points of view, studying combined planning
systems for renewable energy. The author has divided the study into four dimensions:
environmental, social, technical, economic, and political. Each analysis is additionally subdivided
into further aspects, allowing for better characterization. The author uses a simple but effective
methodological approach from an algebraic point of view utilizing vectors to address all the
particularities belonging to the V2G system. Specifically, environmental aspects with a particular
focus on technical-economic aspects due to the integration of V2G technology are developed based
on a city with industrial parameters. The results achieved show improvements for all four dimensions
presented, in particular by developing an important reflection on indirect reductions in CO2
emissions. The author, however, states further needs in these scientific areas due to the need for
specific data that are still limited. This important study is believed to set new horizons towards a V2G
technology subject to social and economic implications [9]. To achieve these goals, researchers are
carrying out numerous research related to the integration of electric vehicles (EVs) into the Vehicle-
to-Grid (V2G) system. Researchers have found an increase in renewable power sources, and have
initiated major studies on the energy system because of its increasing complexity, setting the goal of
greater stability in the energy sector. Relying on in-depth planning of the energy market has several
limitations and the optimal use of energy storage systems is essential to better address these issues.
In his article, Shin [10] addresses the importance of integrating electric vehicles towards the grid with
the use of Vehicle-to-Grid (V2G) systems. In his article, the author develops the interconnection
between electric vehicles and renewables through a day-ahead real-time application and develops
methods that use V2G to minimize operating costs in power systems [10]. Biswas in his article studies
the opportunities and challenges of electric vehicles in V2G systems. Firstly, configuration, purpose,
performances, obstacles, control systems, core models, and current factors, are described in depth
through a series of advantages and disadvantages, creating an in-depth study also on associated
services. The author addresses a particular aspect of the integration of electric vehicles (EVs) with the
Vehicle-to-Grid (V2G). Finally, the article proposes recommendations to overcome the gaps in the
field of research [11]. The particular integration of vehicle-to-grid (V2G) systems with EVs remains
an area of great attention and interest that proposes multiple changes. As the complexity of the energy
system increases, holistic approaches are essential. Numerous challenges arise from gaps in online
V2G programming and energy load management. Researchers are carefully investigating solutions
to optimize the use of batteries within V2G, developing new models of energy demand. In particular,
new models based on the artificial neural network are being developed to achieve these important
goals [12,13]. According to [13], the battery of EVs has specific values that cannot be easily measured
directly. In particular, battery parameters like ageing aspect, environment temperature, cell
temperature, and battery composition are difficult to evaluate [14]. Researchers to perform an analysis
on these unmeasurable parameters have used important data-driven methods in their studies and
described the detailed artificial neural network (ANN) [15-19]. Hussein [20] made a capacity fade
estimation in RUL prediction for EV using an artificial neural network. The author made this
technique to improve SOC estimation precision considering the life cycle of the cells, intending to
achieve extended cell life. Guo [22] in his article used an improved neural network for SOC estimation
of LIB. The author used potential difference, current and temperature and internal resistance as input
to learn lithium battery power. The SOC value of the lithium battery and the actual State of Charge
value calculated by the neural network are compared and the prediction error obtained is small. A
Feedforward neural network (FNN) is part of the category of artificial neural network [23-32], and
its primary feature is the direction of the data flow from its layers. Many researchers commonly used
the FeedForward (FF) Network together with Back Propagation to train neural networks. Feed-
Forward Back Propagation Network (FFBPN)is used to create a relationship between input and
output. This research aims to investigate the combination of electric vehicles (EVs) with vehicle-to-
grid (V2G) and the parameters that contribute to lithium battery condition to create a model for
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evaluating the life condition of a battery. The principal purpose of this article is to create a predictive
model for measuring the ageing condition of lithium batteries using FFBPN. Cervellieri in his article
has selected the model architecture by a new method based on trial-and-error to reach the definition
of an optimal neural network configuration evaluated based on comparison with the known
technique by il minimum error and maximum R2 value. This article has been designed as follows:

Section 2 describes the Data Acquisition NASA Prognostics Center of Excellence Dataset;

Section 3 described the FFBPN Model development and the architecture of the model;

Section 4 described the proposed Feed-Forward Back Propagation Network

Section 5 describes the results and discussions

Section 5.3 Remaining Useful Life Calculation Results

The Conclusions are set out in Section 6.

2. Data Acquisition Nasa Prognostics Center Of Excellence Dataset

This section introduces the suggested Feed Forward Back Propagation Network (FFBPN) using
the NASA Prognostics Center of Excellence Dataset [1]. In particular, the battery's battery life can be
predicted through the charging and discharging phases of the processes. NASA'sPCoE Research
Centre provides experimental data for the development of the FFBPN. Four cells are cycled, charged
and discharged simultaneously under loads and environmental conditions defined respectively as a
function of the charge performed and by the environmental chamber. Researchers decided to
examine the internal parameters of the cells using periodic EIS measurements. In particular, complete
charging, discharging and rest phase cycles were evaluated to predict the duration of the charge and
the life cycle of the battery. With experimental data from NASA's PCoE Research Center, i.e., test
time, step time, voltage, and cell surface temperature, researchers performed simulation tests by
extracting fi files.csv or .mat for the most relevant data. As shown in Figures 1-8, the trend of batteries
B00005 and B0O0006 of current, voltage and SOC changes significantly in case of charge or discharge
phase with advancing age; during the charging process, in fact, the current passes (as visible in Figure
1) from a value of 1.5A to 0 seconds in the initial phase and a value of 0.2 A at 5500 seconds and
during the discharge process from an initial value of -2 A to a final value of 0 A. The corresponding
voltage will change from a charging phase based on an initial value 3.8730 V reaches a final value of
4.1911V for battery B0005. The B0006 battery will have a charging phase with the initial values of
current of 8.1999 A and voltage 3.8646 V until the voltage limit values of 4.2 V are reached. The
discharge phase saw an initial current value of -2A up to the voltage limit value of 2.6 V for the B0006
battery. Figures 2 and 5 represent the trends of Current (A) in the function of SOC for battery B0005
with starting values for the current in the charge phase of 2A and for the discharge phase of 1.5 A.
For the B0006 battery, a starting current of 2A can be observed in the charging phase and an initial
value of 1.555 A for the discharge phase.
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Figure 1. Trend of current (A) in function of time (sec) battery B0005 [1].
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Figure 2. Trend of Current (A) in function of SOC for battery B0005 [1].
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Figure 3. Trend of Current (A)in function of SOC for battery BO005 [1].
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Figure 4. Trend of Voltage (V) in function of of Time (sec) for battery B0005 [1].
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Figure 5. Trend of Voltage (V) in function of SOC for battery B0005 [1].
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Figure 6. Trend of current (A) in function of time (sec) battery B0006 [1].


https://doi.org/10.20944/preprints202410.1213.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 October 2024 d0i:10.20944/preprints202410.1213.v1

Charge-discharge Current/SoC

N

-
o}
T

=
[}
T

Current (A)
@ © ==
(o2} © - N B

o
~
T

0.2r

0 . . . L
0 0.2 0.4 0.6 0.8 1

SoC

Figure 7. Trend of Current (A)in function of SOC for battery B0006 [1].
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Figure 8. Trend of Voltage (V) in function of of Time (sec) for battery B0006 [1].


https://doi.org/10.20944/preprints202410.1213.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 October 2024 d0i:10.20944/preprints202410.1213.v1

Charge-discharge Voltage/SoC

Voltage (V)
@
[}

@
»

0 0.2 0.4 0.6 0.8 1
SoC

Figure 9. Trend of Voltage (V) in function of SOC for battery B0006 [1].

3. Described The FFFBPN Model Development And The Architecture Of The Model

The first part of this article includes a retrieval of 3 data points and a dataset of the BO0O05 battery
from the NASA PCoE Research Center Dataset. Three parameters were chosen based on utility
assessments in the State of Charge SOC assessment. The model was trained with the use of 80% of
the data, 10% of the data is attributed to testing and the remaining 10-5% of the data is attributed to
the validation phase, respectively. The "logsig" activation function was used in this article, placed
between the input and hidden layer, as shown in equation (10):

f00=r77= (10)

Between the hidden layer and the output layer, the author has chosen to use the function
"purelin" shown in equation (11):

f(x)=x (11)

Researchers after the end of this phase, have carried out the development of new batteries
(B0005, B00007, B0018) of the NASA PCoE Research Center and the results have been very
satisfactory.

3.1. Parameters Considered for the Realization of the Model

The input parameters are extracted from the NASA Dataset for Battery B0005. These are
test_time(s), step_time(s), step_index, voltage (V), current (A), and surface_temperature (°C). In this
work, the author used experimental data from NASA PCoE Research Center to perform important
simulations. The process consists of using the charging phase to predict the SOC of lithium-ion
battery B0005 of Dataset NASA Research Center. The model consisted of three stages, specifically
called training, testing and validation; for these, the researchers developed the various phases using
80%,10%, and 10% respectively for each stage. The model used proceeds in successive phases.

If in the first training phase, all the requirements are met, the model proceeds to a test phase to
carry out a performance measurement starting from the test data, otherwise, the model returns to the
first phase. Specifically, the researchers developed and validated the model after the testing phase.

3.2. Data Normalization

The mathematical relationships for the calculation of the State of Charge (SOC) and weight
update rule are presented in Eq.12 and 13:
o State of Charge (SoC):

SoC(t) = SoC(t —1) + ([, 1 /C_bat)) (12)
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Where :

e SoC(t): State of Charge;

e I(t): Current at time (t);
o Crat: Battery capacity;
e t0: Initial time (s);

e tn: Final time (s).

e Weight Update Rule:

OE
Wij = Wi — 1 *Wﬁ (13)

« Wwij: Weight between neurons (i) and (j)
e 1: Learning rate
« OE: Error

3.3. Method For FFBPN Model Improvement

The FFBPN model was developed by MATLAB® 2023. During the first training process, the
FFBPN-based model is trained with the available available historical data. If the model fails to
perform as expected, it can be re-trained using the Levenberg-Marquardt (LM) backpropagation
algorithm [33] until it performs best. In the validation phase, 10% of the data was used to verify the
trained model after the conclusion of the model training. Once the accuracy was achieved, the model
was approved for the test phase and tested on the remaining 10% of the datasets and the results were
considered accurate with an R2 value close to 1.0. Three layers constitute the network, are shown in
Figure 10 and are classified as input, hidden, and output layers. The author chose for the suggested
network the sigmoid function (Tansig) in the hidden layer and the linear function (Purelin) in the
output layer. The author set the goal of using another source to send the input signal to the input
layer; also wants to transform the signal from the hidden layer into something that can support the
output signal. Figure 10 represents the proposed neural network architecture with "Tansig" and
"Purelin” functions. This neural architecture is also known as a multi-layer perceptron. Standard
multilayer perceptrons can approximate any measurable function to the requested accuracy [33]".
The “Initial training stage" phase uses data initially measured from the NASA PCoE Research Center
Dataset.
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Figure 10. Model of the Feed-Forward-Back-Propagation Network (FFBPN).

4. Suggested Feed-Forward Back Propagation Network (FFBPN).

For researchers, the classic architecture of an artificial neural network is made up of three layers,
which are the input layers, the hidden layers, and the output layers [34]. ANN is made up of neurons
or nodes that are joined with each other. The ith, jth and kth nodes can be used to represent the three
nodes. Adedeji [34] in his article described that during the forward pass, at the output layer, we have:

net, = Z?=1(ij *yj + bk) (1)

Yi = g(nety) (2)

Where:

i: ith input layer node,

j: jth hidden layer node,

k: kth output layer node,

y: Output,

b: Bias,

wij: Is the connection between the weight or strength from node i to node j,

g: Is the activation function or non-linear activation function,

wik: Connect the weight or the strength from node j to node k.

The gradient descending principle finds its representation in backpropagation of multilayer
neural networks [34]:

Wije+1) = Wije) + Aw;; (gradient descent) (3)

Awy; =n(T; — ADx; (4)

Where :
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n: Learning rate,

xi: Input vector or signal,

Ti: Target output for a node or pattern recognition,
Ai: Actual output for a specific node,

Aw;; : Weight or parameter adjustment.

4.1. Direct Model or Single Output Model

Figure 10 shows a single output model explained with the pre-processed dataset. The author
chose to use three parameters as initial variables and a single element as the target variable. The state
of charge was chosen as the target and the output variable. The determined input variables are:

X} ={x1, 0, %03 (4)

X} ={xy, ., %0} = (3 U .. U{x,} (5)

{X}={x4, ., .} = {x,} U ...U{x3} (6)

Where:

x: Set of input variables,
x1: Battery current,

X2: Battery voltage,
x3: Battery temperature.
Similarly, the set of output variables can be represented as:

Y} =Wy} (7)
Y} =p oo} = 3 U Ul 8)
As Figure 1 shows, there is only one output variable:

{r}=0613 0

Where:
{Y'}: Set of the output variables.
xERrand yeR»
it is possible to define R as real numbers.

4.2. Training and Test Data

The author shows in Figure 11 the model of Function of Feed-forward Back Propagation Neural
Network and shows with it 3 elements in input: current, voltage, and temperature of battery B0005
in case of charge, the State of Charge SOC value was chosen for the output.

INPUT ANN OUTPUT
VARIABLES A VARIABLE
Current ANN represents a -
Voltage ™ Control System | SoC: State of
Temperature Charge
of Datasets NASA

Figure 11. Model of Function of Feed-Forward-Back-Propagation Network (FFBPN).

5 neurons were chosen as the first hidden layer and 5 neurons as the second hidden layer. It is
possible to see from Figure 11 that 3 input variables have been used so the size of the input variables
is 3. Mean square error was used to evaluate the model.

4.3. Training Algorithm

The algorithm commonly applied to train a Feed-Forward Neural Network is Backpropagation
with gradient descent. During training, the author chose to randomly initialize the parameters of the
weights of the interconnection of the neurons. The trained data is passed through the network, from
input to output, and the author chose to calculate the difference between the predicted output and
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the desired output. The error is then propagated backwards through the network, updating the
weights of the connections based on each neuron's contribution to the total error. The created
algorithm repeats the process for a certain number of epochs until an acceptable failure level or until
overfitting occurs. After the completion of the training model, 10% of the data was utilized to validate
the trained model during the validation period. After reaching a level of desired precision, the
algorithm is tested for the remaining 10% of the dataset. Finally, the researchers obtained very
accurate results from the simulations with R? values close to 1.0. Figure 2 shows the suggested
network with 3 layers, 3 inputs, 2 hidden, and 1 output layer.

The author created a representation of the Sigmoid function (Tansig) that can be observed from
the graph used in the hidden layer and another representation of the linear function (Purelin) used
in the output layer.

4.4. Hidden Layers in Prediction

Capturing non-linear associations between features, hidden layers train abstract representations
of the input data. Each neuron in a hidden layer utilizes weighted inputs from the previous layer and
uses a nonlinear activation function to generate its output. Subsequent hidden layers combine the
outputs of neurons from the previous layer to become more abstract and complex representations.
During the predictive phase, the input data is processed through the integrated network and the
output of the last layer is used to predict the battery health.

4.5. Using for Battery Health Prediction

To use the trained model to predict the health of a battery, you need to provide the relevant
characteristics of the cell as input data to the model. The model will process the input through hidden
layers and produce a prediction of health status as output. The prediction can be interpreted as a
percentage of a score that indicates the health level of the battery, where higher values indicate a
healthier battery. This prediction can be used to make decisions about battery maintenance,
replacement, or management to design and improve EV integration with vehicle-to-grid (V2G).

5. Results and discussions
5.1. FFBPN Model Training and FFBPN Model Testing

In this article, researchers have used a FFBPN neural network to predict the SOC of the cells.
Input data taken from Dataset NASA has been considered for model development. The system was
trained based on the Levenberg-Marquard backpropagation algorithm. The Levenberg-Marquard
algorithm is used particularly for neural networks. It combines the advantages of the Gauss-Neuton
algorithm and gradient descent. This algorithm has several advantages that make it preferable to
backpropagation methods in several key ways. Firstly, LM blends the Gauss-Newton algorithm and
gradient descent. This hybrid approach allows it to switch between the two methods depending on
the situation optimizing both speed and accuracy.

Secondly, LM is generally faster than standard gradient descent methods. It converges more
quickly, especially for small to medium-sized networks. Thirdly, LM has higher memory
requirements. It needs to store and manipulate large matrices. The algorithm adjusts the learning rate
dynamically. When the solution is far from the optimal, it behaves like gradient descent and when it
is close, it acts more like the Gauss-Network methods. In this article, this adaptability was used to
efficiently find the optimal solution, in particular, LM minimizes the sum of square errors. NASA
datasets for batteries #5,#6,4#7, #18 were used to validate and test the proposed model. Figures 12 and
13 illustrate summary R2 plots in training, test and validation stages during training for NASA
Prognostics Centre of Excellence PCoE batteries BO005 and B0006. Researchers have trained the neural
network and confirmed it using an accessible dataset from NASA to create a precise algorithm with
great precision to predict the output. R2 values is closed to 1.0, consequences the results are
satisfactory results.
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Figure 12. Training, testing and validation values of the R2 for the BO005 battery.
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Figure 13. Training, testing and validation values of the R2 for the BO006 battery.
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In this article, the Mean Square Error (MSE) has been calculated for each of the phases using the
corresponding equation [4]:

MSE=_%1,_1(0g — 0,) (4)

Where compares:

MSE= Mean of error squares;

Oa= Actual output;

Op= Predicted output.

The MSE is calculated as the mean squared difference between the predicted values of the SOC
and the actual values of the SOC. The best validation performance trends between the Mean Squared
Error (MSE) for the B0005 and B0006 batteries from the NASA Prognostics Center of Excellence
dataset are shown in Figures 14 and 15.

Best Validation Performance is 1.5375e-06 at epoch 0

Train
Validation
Test
-~ Best

Mean Squared Error (mse)

0 1 2 3 4 5
6 Epochs

[}

Figure 14. Best validation performance between Mean Squared Error (MSE) for battery B0005.

0 Best Validation Performance is 1.4017e-06 at epoch 412
107 F

Train
Validation
Test

Best

-
=]
3]

Mean Squared Error {(mse)
=)
I8

108 L ‘ ' ' ; ; ‘ : o

0 50 100 150 200 250 300 350 400
418 Epochs

Figure 15. Best validation performance between Mean Squared Error (MSE) for battery B0O006.
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Mean Squared Error (MSE): It is used by the author to calculate the mean square difference
between predicted SOC values and actual SOC values. From the results obtained, it can be seen that
lower MSE values correspond to better precision.

Table 1. Evaluation of MSE - Mean Squared Error Dataset NASA PCoE Research Center for Battery B0005 and

Battery B0006.
Evaluation of MSE Dataset NASA PCoE Dataset NASA PCoE
Mean Squared Error Research Center Research Center
MSE Battery B0005 Battery B0006
MSE 5.8991e-06 1.3928e-06

Figures 16 and 17 show the trend of performance of Phases Train, Validation and Test in the
function of the epochs of the dataset of the battery BO005 and B0006. For battery B0O005, the Validation
trend shows that it deviates from the Train and Test trend to a value close to 1¥10+, detaching itself
from the Trend and Test phases that show a value close to 1*10-°to obtain a performance of 1.68894*10-
6at 33 epochs. This deviation does not occur for battery B0006, where the trend of the three phases
decreases to a value close to 1*10-6to achieve a performance of 1.40687*10.

Performance is 1.68894e-06

Train
Validation
Test 4

Performance

10 . . . . . .
0 5 10 15 20 25 30

33 Epochs

Figure 16. Performance at 14 Epoch for battery BO005.
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Performance is 1.40687e-06
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Figure 17. Performance at 14 Epoch for battery B0006.

5.2. Evaluation Criteria- Root Mean Squared Error

To estimate the precision of the suggested approach, in this article, researchers have calculated
the value of RMSE Root Mean Squared Error (RMSE), which indicates the mean predictive error in

the unit of SOC values.
2
RMSE= (it (xi — %) (5)
Where:

e x;=actual value;

e X,=predicted value.
The author has evaluated the RMSE for batteries BO005 and BO006 of the NASA Prognostics
Center of Excellence Dataset:

Table 2. Evaluation of RMSE — Root Mean Squared Error Dataset NASA PCoE Research Center for Battery
B0005 and Battery B0006.

Evaluation of RMSE Dataset NASA PCoE Dataset NASA PCoE
Root Mean Squared Error Research Center Research Center

RMSE Battery B0005 Battery B0006

RMSE 0.0024 0.0012

The results show the validity of the algorithm for simulations carried out on lithium-ion
batteries.

5.3. Remaining Useful Life Calculation Results

In this work, after having calculated the Actual SOC from the FFBPN model, the results obtained
were used to predict SOC value at the final time instant. The RUL of State of Charge can be calculated
from this FFBPN by making an appropriate prediction as in the article [32].
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State of Charge (SoC) Prediction using

19 Feedforward Neural Network- Case of Charge
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Figure 18. Trend between the actual State of Charge SOC and the predicted State of Charge SOC for battery
B00005 NASA PCoE Research Center.

RUL = x; — x, (6)
In equation (6) compare:
e xi=Actual SOC State of Charge for battery B0005;
e xp=Predicted SOC State of Charge for battery B0005.

In the following Figures 19 and 20 is it possible to see the error trend for the phases Training,
Validation and Test for the batteries BO005 and B0006 for NASA PCoE Research Center. For battery
B0005 the maximum error is 0.002058. For the battery B0006, the biggest error is 0.003954. The results
show the validity of the Feed — Forward Back Propagation Neural Network algorithm for all
simulations carried out.
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Figure 19. Error Histogram of the phase Training, Validation and Test for battery B0005.
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Figure 20. Error Histogram of the phase Training, Validation and Test for battery B0006.

6. Conclusion

This research aims to integrate electric vehicles into smart grids to create a more sustainable,
efficient and long-lasting energy system. In particular, the integration of electric vehicles with smart
grids makes them capable of a flow of beverage energy. It enables decentralized power generation
where electric vehicles serve as mobile energy sources. Researchers have thus created the possibility
of decentralized power generation in which EVs become mobile energy sources, reducing the
dependence on centralized power plants. In addition, integrated electric vehicles facilitate the
creation of microgrids, which are independent localized energy units which operate powered by the
main network. Microgrids powered by electric vehicles improve energy security and trigger disaster
resilience mechanisms. In this article, the FFBPN algorithm wants, with the integration of electric
vehicles, to foster the development of smarter transport systems. Through the RUL of the State of
Charge, electric vehicles can better manage the charging phases, optimizing traffic flow and
improving transport efficiency. A Feed Forward Back Propagation Network model with hidden
multiples was used to determine the quality of a lithium-ion battery. The input data is pre-processed
and training of the model is performed using the back-propagation algorithm. Hidden layers learn
abstract representations of the data, and the output layer produced the final prediction. For battery
B0005 has been obtained un maximum error of 0.002058. For the battery B0006 has been obtained an
error of 0.003954. The results show the validity of the Feed — Forward Back Propagation Neural
Network algorithm for all simulations carried out. In the future, researchers will use this trained
model to predict the health of new batteries by providing their characteristics as input for better
integration of electric vehicles (EVs) with vehicle-to-grid (V2G).
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