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Abstract: Lithium-ion batteries are the current most promising device for electric vehicle applications.
They have been widely used because of their advantageous features, such as high energy density,
many cycles, and low self-discharge. One of the critical factors for the correct operation of an
electric vehicle is the estimation of the battery charge state. In this sense, this work presents a
comparison of the state of charge estimation (SoC), tested in four different conduction profiles in
different temperatures, which was performed using the Multiple Linear Regression without (MLR)
and with spline interpolation (SPL-MLR) and the Generalized Linear Model (GLM). The models
were calibrated by three different bio-inspired optimization techniques: Genetic Algorithm (GA),
Differential Evolution (DE), and Particle Swarm Optimization (PSO). The computational results
showed that the MLR-PSO is the most suitable for SoC prediction, overcoming all other models and
important proposals from the literature.

Keywords: state of charge; lithium-ion battery; computational intelligence; electric vehicle; MLR

1. Introduction

The automotive industry aims to develop environmentally friendly and sustainable
future mobility. Based on that, developers are moving to new vehicle technologies that are
more clean and efficient [1,2]. Therefore, hybrid and electric vehicles are the most suitable
solutions for sustainable development [3-5]. Nowadays, several automotive manufacturers
already offer battery-powered vehicles [6,7]. Two main advantages of using these vehicles
are zero-emission of polluting gases [8] and more significant energy conservation [9,10].
Moreover, the data presented by Hazra and Reddy [11] indicate that the electric vehicle
production will increase by 28% until 2026, reaching 7% of the market by 2030.

However, Electric Vehicles (EVs) have some disadvantages related to batteries, espe-
cially in terms of limited autonomy and charging time [12,13]. These issues, associated with
a relatively lower improvement rate of the electric motors and battery technologies [14]
and high battery costs [13,15], may hinder EVs popularization.

On the other hand, new lithium-based batteries already present acceptable perfor-
mance regarding their safety and energy density [16], and many studies focus on solutions
to estimate battery degradation [17] and extend their lifetime [18-20].

Some authors point out that the main characteristics of batteries are temperature,
specific energy, and voltage. Meanwhile, the main battery types are Lead-acid, Nickel-Metal
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Hydride (NiMH), and Lithium-Ion (Li-ion) [21,22]. Still, lithium-ion batteries have a long
service life, reaching 3000 cycles at 80% discharge, having a fast charge, high voltage, and a
high energy density compared to other types available for automotive applications [23,24].
They still have low self-discharge when subjected to idle periods, concerning NiCad and
NiMH batteries [25].

Another common approach to EV studies is power management control (PMC), which
aims to enhance the power distribution among the traction motors and the available energy
storage devices [26,27]. On the other hand, Li et al. [28] showed that the power source
degradation also influences power management strategies. Therefore, the PMC is a crucial
feature to mitigate high-frequency, and high-current discharge rate cycles, which reduce
the battery cycle life [29-31].

In this context, the battery state of charge (SoC) estimation accuracy is fundamental
to ensure the performance of the PMC [32], as in the ones developed by Veneri et al. [16],
Li et al. [33], and Eckert et al. [34,35]. In addition, the SoC is a crucial variable in the
operation of microgrids and needs to be monitored in real time [36]. Considering a hybrid
energy storage system in which the battery power is shared with other devices as ultra-
capacitors [35], the energy management control also needs accurate inputs of the SoCs and
efficiency of the all energy storage units to minimize the discharges [12,34]. Therefore, it
is possible to conclude that the battery SoC estimation is crucial for establishing efficient
control systems.

To date, recent and essential studies on SoC have been found in the literature.
Xiong et al. [37] evaluated and summarized the different types of SoC estimation methods,
such as Looking-Up Table Based Methods, Ampere-Hour Integral Method, and Model-
Based Estimation Methods.

The study by Lipu et al. [38] presents a detailed classification of the recent data-driven
state of charge estimation highlighting algorithm, input features, configuration, execution
process, strength, weakness, and estimation error.

Analytical battery models such as the Shepherd model [39,40] can accurately define
battery SoC based on the discharge profile. Moreover, this model can also estimate the
battery life cycle by simulating the charge-discharge cycle profile. On the other hand,
this model presented high computation cost [41,42] due to the complexity of solving the
applied equations. The non-linearity in battery charging behavior is discussed in the work
of Delfino et al. [43].

Hannan et al. [44] identified that conventional estimation methods are hardly affected
by aging, temperature and external disorders. They noted that an adaptive filter algorithm
could predict a non-linear dynamic state with satisfactory precision, lower computational
cost, and high efficiency.

Zhang et al. [45] proposed an improved backpropagation neural network (BP) method
to estimate SoC based on current, voltage, and temperature. In addition, a particle swarm
algorithm was adopted to caliber the weighting coefficients. The study pointed out that the
experimental results of the developed algorithm presented reasonable accuracy in normal
driving conditions.

Ali et al. [46] presented an algorithm and the process of executing model-based and
data-driven SoC estimation methods. Still, the authors did not discuss data-driven SoC
estimation methods based on deep learning. Finally, Vidal et al. [47] estimated the SoC
using machine learning. However, the study did not consider SoC estimation methods and
their main problems.

A variety of approaches for estimation battery SoC and capacity with their merits and
drawbacks are presented below.

Lu et al. [48] use a geometrical approach based on the Laplacian Eigenmap method for
Li-ion battery capacity estimation. The authors utilize four geometrical features sensitive to
slight changes in the performance degradation of a Li-ion battery. The maximum and mini-
mum of errors estimated capacity and measured capacities are 4.48% and 1.06%, respectively.
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Yang et al. [49] proposed a Gaussian Process Regression model based on the charging
curve. Four specific parameters were extracted from these curves and used to calibrate the
model rather than use the cycle numbers. The estimation error obtained was less than 6%.

Li et al. [50] proposed a random forest regression as a technique to battery capacity
estimation based on features extracted from the charging voltage and capacity measure-
ments. The presented technique was able to evaluate the health states of different batteries
under varied cycling conditions, obtaining a performance analysis based on RMSE of less
than 1.3%.

Stroe and Schaltz [51] reported an incremental capacity analysis (ICA) technique for
estimating the capacity fade and subsequently the SoH of LMO/NMC-based EV lithium-
ion batteries, using four SoH estimation models. They reported a root mean square error
less than 3% normalized.

A method based on transfer learning was proposed to monitor the state of health of
batteries by Li et al. [52], considering the data sets of four batteries in different working
conditions. The reported results presented that the state of health was estimated effectively
with an RMSE less than 2.5% after being processed by using a semi-supervised transfer
component analysis algorithm.

A prediction model for voltage profiles proposed by Shu et al. [53] used the extreme
learning machine (ELM) algorithm with the short-term charging data. The reported results
demonstrated that the maximum absolute error was restricted to 2%.

Li et al. in [54] presented a neuron selection method using a recursive algorithm to
prune the transferred model. The accuracy results and computational efficiency presented
were compared with another Convolutional Neural Network (CNN), obtaining a size re-
duction greater than 68% and achieving more than 80% computational savings. The results
presented an RMSE smaller than 6.5% for different tested charge profiles. Meanwhile,
in [55], a CNN-based battery capacity estimation method using a partial charging segment
of the direct measurements (current, voltage, and cell surface temperature) was proposed.
The method was applied to two battery degradation datasets and achieves RMSE values of
less than 2.93%.

Cheng et al. [56] presented a prognostic ensemble framework that combined multiple
individual prognostic algorithms to improve the accuracy and robustness of battery capacity
estimation. The validation data were based on induced ordered weighted averaging
(IOWA). The proposed ensemble prognostic was compared with four individual prognostic
methods (BF neural network, the SVM, the GM, and the ARIMA model), and the results
presented a decreased prognostic error in terms of the root mean square error of 5.08%.

Li et al. [57] proposed a Bayesian nonparametric approach based on an advanced
smoothing method based on a Gaussian filter algorithm for lithium battery SoH estimation
based on the health indexes of partial charging IC curves. The mean and covariance
functions of the proposed method were applied to predict the battery state of health and
the model uncertainty. The results presented a maximum relative error of 3%.

Shen et al. [58] proposed a deep convolutional neural network (DCNN) for battery-
capacity estimation based on the voltage, current, and charge capacity measurements dur-
ing a partial charge cycle. The results presented an RMSE smaller than 2%. Zhao et al. [59]
used an online estimation model based on an approximate belief rule base and a hidden
Markov model (ABRB-HMM), using historical data and expert knowledge, applied to a
satellite lithium-ion battery. The HMM model is used to modify model parameters by
indirect observations and complete the iteration calculation of capacity. The authors report
an MSE of 0.0056.

In this way, Table 1 presents a summary of the main works of the state-of-the-art of
estimation battery SoC and capacity.

As noted in the literature review, the studies cited were limited to presenting the
proposals developed for estimating the SoC, pointing out only the variables involved
and the model and algorithm used. Therefore, this study proposes to analyze a model
to estimate SoC in lithium-ion batteries for electric vehicles, seeking better accuracy and
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processing speed results, presenting tests, advantages, and improvement opportunities for
future studies. This work performed the training of models through the initial capacity
curve. The prediction from four internationally recognized test profiles was used for testing
and validating the results.

Table 1. State-of-the-art summary of SoC estimation methodologies.

Methodology of SoC

Performance Precision

Estimator/Forecast Battery Type Used Index Related Reference
Geometrical approach based NASA 18650 RMSE <3.84% 48]
on Laplacian eigenmap method
Gaussian process NASA 18650 RMSE <3.45% [49]
regression model
. Nickel-Manganese-Cobalt o
Random forest regression (NMC) batteries RMSE 1.3% [50]
Increme'ntal capaaty Prismatic Li-ion Battery RMSE 2.99% [51]
analysis technique
Semi-supervised transfer NASA 18650 MAE <1.29% [52]
component analysis
Short-term charging profiles NCM/ graphite RMSE 2% [53]
Convolutional Neural Networks Commercial lithium-ion RMSE <2.54% [55]
(CNN)
An ensemble prognostic method NASA 18650 RMSE [56]
Incremental capacity analysis NASA 18650 RMSE 138% [57]
and Gaussian process regression
Deep Convolutional o
Neural Network (DCNN) NASA 18650 RMSE <2% [58]
Approximate belief rule base s
and hidden Markov model— Cy(lg(‘)‘iﬁai tia\t;)ery MSE 0.056 [59]
(ABRB-HMM) o

Therefore, the Multiple Linear Regression (MLR) and the Generalized Linear Model
(GLM) are used, which allows the implementation of low-order linear models, characteriz-
ing the dynamic behavior observed in the battery system. The GLM was chosen because the
automobile industry prefers performances based on simplified, easily identifiable models
calibrated through practical experiments [60].

Cervell6 Royo and Guijarro [61] employed four Machine Learning-based prediction
methods including gradient boosting machines (GBM), random forest (RF), generalized
linear models (GLM) and deep learning (DL) to address the estimation of market trends as
a comparison analysis by accuracy rate (%). Antén et al. [62] proposed an SoC estimation
method based on a new hybrid model that combines multivariate adaptive regression
splines (MARS) and particle swarm optimization (PSO). The results presented equivalent
accuracy values to other more sophisticated techniques but at a lower computational cost.

Belotti et al. [63] presented an improved version of the GLM to estimate the number of
hospital admission for respiratory disease caused by PM10 air pollution and meteorological
variables as ambient temperature and relative humidity. To calculate the GLM optimum
parameters, they used three bio-inspired optimization algorithms (PSO, GA and DE (Dif-
ferential Evolution)). The computational results presented that the new GLM purpose
achieved better performances when compared to the traditional approach.

Meanwhile, Ahmadzadeh et al. [64] applied PSO to Multilayer Perceptron (MLP) ANN
to optimize the values of weights and biases parameters in order to prevent the basic gradi-
ent descent method from being trapped in the local minimum, and the proposed method’s
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application was evaluated for prediction application. The experimental results show that
the proposed method exhibits superior performance to MLR for prediction applications.

In the light of the aforementioned, it is noted that the MLR and GLM models are
used in several applications; in this way, this research provides the first occasion for which
these models will be used for SoC estimation, and combining them with optimizers seeks
satisfactory results from this investigation. Most of the linear approaches are tuned using
linear predictors. So, three computational intelligence techniques were used to optimize
MLR and GLM models: Genetic Algorithm (GA), Differential Evolution (DE), and Particle
Swarm Optimization (PSO) [65]. These techniques are well known in the optimization
literature, presenting important results in real-world problems [66,67].

Furthermore, the method allows for a presentation of the operating cost in two
stages: (i) training that can take place offline, requiring a particular time to be completed,
and (ii) real-time testing, requiring low cost that can be sent to any micro-controlled system,
as it uses simple mathematical operations.

The reminder of this paper is as follows: Section 2 presents the models addressed
to predict SoC; Section 3 shows the bio-inspired methods used to calibrate the prediction
models; Section 4 presents the methodology addressed to perform the predictions; Section 5
shows the results and a critical analysis for a case study containing 24 scenarios; Section 6
contains the main conclusions and outlines future works.

2. SoC Prediction Models
2.1. Multiple Linear Regression Models—MLR

MLR are used to analyze the relationship between more than two variables. The goal
is to model the association between the dependent variable (response variable) and the
desired output to be predicted with more than one independent variable (predictor or
explanatory variable) [68].

In this sense, the response variable y will depend on two or more independent variables
as follows (Equation (1)):

y = PBo+ Prx1+ Paxa + ... + Byxg (1)

where B represents the intersection and the other parameters ;,i = 1,2, 3, ..., g, are called
the regression coefficients. Usually, the regression coefficient estimates are calculated by
the minimum squares method. However, in this work, three different optimization models
were applied.

Sometimes, an MLR is not appropriate. One way to overcome its disadvantages and
improve the predictions is to divide the dataset into subgroups and fit each subgroup into a
separate model instead of one for the entire dataset. Then, we chose to apply linear splines
to the multiple linear regression model (Spline-MLR), which was employed by dividing
the dataset into two subgroups (three knots), 50% of the database on each subgroup.
A model, described by Equation (1), is adjusted for each subgroup, resulting in different
regression coefficients. As in the MLR case, three optimization models will calculate the
regression coefficients.

2.2. Generalized Linear Model—Poisson Regression

GLM can be understood as a class capable of representing continuous responses
between one or more predictor variables in a wide variety of reactions that are generally not
distributed [69,70]. GLM is appropriate for estimating the behavior of non-linear systems
through non-linear relationships between predictors and expected values [70]. They are
defined as a probability distribution member of the exponential family of distributions,
according to Equation (2):

1= PBo+ Prx1+ Pax2 + ... + Byxg )
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where 7 is the link function, a function of the response variable mean that can have
different distributions; B values are the regression coefficients to be estimated, and the x;,
i=1,2,3,..,q are the independent variables.

The slight difference between MLR and GLM is the link function, which is a function
of the response variable average that can have different distributions.

One very often used link function is the logarithmic one, resulting in the Poisson
regression, which is given by Equation (3):

log(u) = Po + P1x1 + Pox2 + ... + Byxg (3)

in which y is the response variable average, and f represents the regression coefficients to
be determined considering x;,i = 1,2, 3, ..., g independent variables.

Usually, the maximum likelihood method is applied to find the regression coefficients.
In this work, different methods will be applied.

3. Optimization Models

This section presents the optimization techniques used to calibrate the models dis-
cussed in Section 2.

3.1. Genetic Algorithm

The first proposal of a bio-inspired optimization method was the Genetic Algorithm
(GA) [71]. At present, it remains the most used evolutionary approach [66,72,73].

The roots of the inspiration came from the evolution by natural selection theory
developed by Charles Darwin [74]. The initialization of the method is performed by creating
a set of candidate solutions named individuals or chromosomes, forming a population.
Each individual is a vector containing genes representing the values of the problem’s
parameters addressed [75]. The degree of adaptation of a chromosome is named fitness,
which is directly related to the quality of the solution regarding the system of interest.

The GA presents three operations: selection, crossover, and mutation. The first defines
the chromosomes that will pass through crossover and mutation, which are the genetic op-
erators. The most used selection techniques are roulette wheel and binary tournament [76].
The last approach can be used considering the “death” or the deletion of the loser.

Then, the crossover is applied considering those two individuals (parents). These
exchange some genes, creating another two chromosomes, or the offspring. The crossover
is repeated until the number of individuals in the current population achieves the original
value. This operator is an exploitation method, because it performs a local search [71].

The other operator is the mutation. It occurs with a small probability. Some genes
are changed considering the entire population of genes, perturbing their values according
to some pre-defined distribution. When the entire loop is complete, the new generation
will pass through the same steps until it achieves the stop criterion. This procedure allows
performing a global search or finding some unexplored region of the cost function [75].

Regarding the crossover, we addressed the one-point crossover approach. In this work,
we chose the binary tournament procedure in the selection stage. Initially, two individuals
are selected at random. They compete, and the one with the highest fitness is the winner.
The selective pressure is lower than in the roulette wheel [74]. For the mutation, we used
the Gaussian distribution to define the perturbation in the selected genes.

3.2. Differential Evolution

Differential Evolution (DE) is another evolutionary approach for minimizing non-
differentiable and non-linear continuous functions. It is also based on selection, crossover,
and mutation operators as in GA, but it presents different characteristics [77]. Each agent is
named a vector.

The DE operation occurs as follows [77]: start with a uniform and randomly generated
population. Each vector must have genes (parameters values). At random, a vector is
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chosen and named the Trial Vector. The mutation process is carried out, resulting in the
Donor Vector, which is defined by Equation (4).

xDonor — xBest + (F(xkl _ sz)) (4)
where xBest represents the best vector evaluated at each iteration, F is a variable that adjusts
to the universe of speech, which is defined according to the magnitude of the values
involved in the optimization (usually between 0.1 and 2), and x*! and x*? are two vectors
selected randomly within the population.

The crossover is carried out gene by gene, resulting in the Trial Vector. A value between
0 and 1 is randomly selected. When the value is less than or equal to the crossover rate,
the Donor Vector gene is selected. Otherwise, the gene for the Trial Vector itself is chosen.

Finally, the Trial Vector and the current individual apply the selection process through
a greedy selection considering the fitness (the best of the two passes onto the next genera-
tion). This process continues until the pre-established stop condition, which is usually the
maximum number of iterations.

3.3. Particle Swarm Optimization (PSO)

In contrast to the evolutionary approaches, Particle Swarm Optimization (PSO) is a
swarm-inspired metaheuristic. The inspiration came from the social behavior of groups of
animals, such as schools of fish or flocks of birds. It was firstly presented by Kennedy and
Eberhart [78].

The main characteristic of the PSO is that simple agents named particles work collec-
tively in an intelligent way [79]. Each agent presents a position and a velocity, which are
presented in Equations (5) and (6).
n+1
1

v = wv? +ric1 (Pbest - X?) + 102 (gbest - xln) ®)

n+l _ o n n+1
where x}' and v are the position and velocity of the i-th particle in the n-th iteration, w is
the inertial weight, r; and r; are integer numbers generated in the interval [0,+1], c; is the
personal acceleration factor, c; is the social acceleration factor, and py,s; is the best per.

4. Methodology

The methodological procedure of this work begins with determining the charging and
discharging behavior of a battery set based on an experimental database. This behavior
was modeled through linear modeling algorithms (GLM and MLR), which were adjusted
through three optimization techniques (GA, DE and PSO). Each model has been tested
on 24 different bases generated in 4 different usage profiles, 3 different temperatures, and
2 different load situations. Finally, the data were evaluated through 3 different metrics
based on errors analysis to obtain the model with the best representation of the tested data.

Thus, first, the database is described, later, the calibration procedure of the prediction
models is outlined, and finally, the evaluation metrics are presented.

4.1. Database

We use a database used in this research that was made available by the CALCE®
Battery Research Group—University of Maryland [80]. It used cylindrical battery samples of
INR 18650-20R Li-NiMnCoO2/Graphite Lithium-ion cells in their tests. It presents two
parameters (Low-current in open-circuit voltage (OCV), denominated estimator 1; and
Incremental-current OCV, denominated estimator 2) for different dynamic tests and in
different temperatures.

The samples have a nominal voltage of 3.6 V and a capacity of 2000 mAh. The tests
were made in voltage between 2.5 and 4.2 V, with a maximum current of 22 A at 25 °C
and an operating temperature ranging from 0 to 50 °C [81].
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The four test profiles were used to validate the prediction models. The data were
collected according to different test profiles specified in the US Advanced Battery Consor-
tium (USABC) test procedures, occurring from 80% and 50% of initial SoC up to the final
value of 10%. This SoC range occurs at operation in electric vehicles [82,83]. The four test
profiles are:

* Federal Urban Driving Schedule—FUDS: It is a variable energy discharge test ap-
plied to represent the driving effects of an EV. This test includes regenerative braking,
which is one of the essential characteristics of electric vehicles;

*  Dynamic Stress Test—DST: It is a test profile of the variable energy discharge regime,
where the battery is charged and stabilized at a controlled temperature, according
to the procedure specified by the manufacturer, varying according to the model,
technology, and employability of the battery under study [83];

* Highway Driving Schedule—US06: Represents an aggressive driving test carried out
on the highway, with a maximum speed of 129.2 km/h and a maximum acceleration
of 3.2 m/s? [81,84];

*  Beijing Dynamic Stress Test—BDST: Indicates a quantity of information about the
vehicle’s operation and usage patterns, including the acceleration, speed, and deceler-
ation, among others [81].

Thus, the database available on the CALCE website [80] comprises 25 independent
datasets. The first one, with voltage, current, load capacity (Ah), and discharge capacity,
among other data, was measured with the “Arbin BT2000 battery test system” to describe
the initial capacity of the test battery. Subsequently, 1 set of data was created for each of the
4 test profiles (DST, FUDS, US06 and BJDST) for 3 temperatures (0°, 25° and 45 °C) and
2 battery levels (50% and 80%).

4.2. Training Phase

The training set comprises 13,400 samples containing information about the charge and
discharge capacities (to obtain SoC), voltage, and current. An initial capacity curve obtained
experimentally by [80] was used to calibrate the models described by different algorithms,
obtaining information about the battery behavior. Figure 1 presents this proposal.

Voltage Current
Inputs
Model
Output
SoC

Figure 1. Battery SoC Model, based on the voltage and current information.

Figure 2a presents the target SoC model, while Figure 2b shows the current and voltage
profiles obtained through the initial capacity test. The negative current indicates the battery
is discharged, and the positive current shows its charge. It can be seen that even at a
constant current and controlled temperature, the voltage has no linear behavior.

The training task is to find the coefficients of the prediction models. They were
implemented in the object-oriented Python language. The structure used in each model is:
each algorithm was executed 50 times, choosing the best execution, or the configuration
that presented the lowest AE was selected. We highlight that we also tested the MAE as a
cost function, but AE performed better.
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Figure 2. Initial capacity of the battery. (a) Battery SoC model. (b) Current and voltage profiles for

the initial capacity.

As mentioned, two linear models are used—MLR and GLM—being the first endowed

or not of the linear spline. These three approaches were combined with three different
optimization techniques, GA, DE, and PSO, totaling nine variations, as presented below:

MLR-GA: Multiple Linear Regression optimized by a genetic algorithm using
1000 individuals, one-point crossover at a rate of 70%, selection by a death tournament,
and a mutation rate of 10%;

MLR-DE: Multiple Linear Regression optimized by a differential evolution using
1000 individuals, binary crossover at a rate of 20%, greedy selection where the target
vector and trail vector are compared, and the one with the highest fitness value is
selected and a mutation of the best type, where the individual of more excellent fitness
is added to the changeover at a rate of 20%;

MLR-PSO: Multiple Linear Regression optimized by a PSO, where 100 particles were
used, the constants ¢; and c; are equal to 2 and the constant w is 0.8;

SPL-MLR-GA: Multiple Linear Regression with linear interpolation with 3 nodes and
14 degrees of freedom optimized by a genetic algorithm, in which 1000 individuals
were used, one-point crossover at a rate of 70%, death tournament selection and a
mutation rate of 10%;

SPL-MLR-DE: Multiple Linear Regression with linear interpolation with 3 nodes and
14 degrees of freedom optimized by differential evolution, using 1000 vectors, binary
crossover at a rate of 20%, greedy selection and a mutation of the best type, being the
individual with the highest fitness added in the mutation to a rate of 20%;
SPL-MLR-PSO: Multiple Linear Regression with linear interpolation with 3 nodes and
14 degrees of freedom optimized by a PSO, where 100 particles were used, constants
c1 and ¢; equal to 2 and w is 0.8;

GLM-GA: Generalized Linear Model with Poisson regression optimized by a genetic
algorithm, with 1000 individuals, point crossover at a rate of 70%, death tournament
selection and a mutation rate of 10%;

GLM-DE: Generalized Linear Model with Poisson regression optimized by differential
evolution, 1000 vectors, binary crossover with a rate of 20%, greedy selection, and a
mutation of the best type, in which the individual with the highest fitness is added to
the mutation at a rate of 20%;

GLM-PSO: Generalized Linear Model with Poisson regression optimized by a PSO,
where 100 particles were used, constants c¢; and c; are equal to 2, and the constant w
is 0.8.

Note that the free parameters of the optimization models were chosen based on

previous tests. A grid search was performed considering the parameters of the models.
Therefore, we selected the best configuration for each algorithm. The search was as follows:
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e  GA—-crossover rate: from 50% to 90%; mutation rate: from 5% to 20%;
. DE—crossover rate: from 10% to 50%; mutation rate: from 5% to 20%;
e  PSO—constants ¢; and ¢p: from 1.5 to 2.5; w: from 0.5 to 0.9.

The intervals used to define the parameters are well known in the specialized litera-
ture [75]. For all algorithms, we tested from 100 to 1000 agents.

4.3. Metrics for Performance Evaluation

As metrics for evaluating performance, Absolute Error (AE), Mean Square Error (MSE)
and Mean Absolute Error (MAE) are commonly used [85].

The AE is presented in Equation (7). This metric allows the exact notion of the distance
from the training curve to the actual curve, allowing to obtain, depending on the model.
This curve represents precisely the behavior of the function to convey.

N

AE =) |di — yil @)
=1

such that N is the number of samples, d; is the real value of SoC, and y; is the value
predicted by one of the linear models.

The MAE, presented in Equation (8), represents the average gap between actual and
predicted values.

1 N
MAE = —Z|dﬁyt| (8)
N =

Finally, the MSE presents as a characteristic a more significant penalty for the highest
errors because they largely influence the forecast’s final value and lesser punishment for
the model with more minor errors [85]. Equation (9) presents such a metric:

1 N
MSE = — Y |d; — y|? ©)
N t=1

5. Results

This section presents the computational results achieved considering the nine model
variations regarding the training step (for the training set) and the test for the 24 indepen-
dent databases.

5.1. Model’s Training

The training is performed considering as output the initial capacity curve depicted
in Figure 2a and the current and voltage as inputs. The optimization techniques (GA,
DE, and PSO) tune the coefficients of the three proposals (MLR, MLR with spline inter-
polation and GLM) to minimize the absolute error among the real output data and the
model’s response.

The absolute error—AE (also understood as accumulative error) was used because it
leads to more pronounced differences in the approximations of the curves obtained with
GA and DE. In these cases, some values are more discrepant.

The objective of this training is to obtain the coefficients that represent the set of
batteries. These coefficients can be determined by approximating the initial capacity curve.

Table 2 presents the best AE regarding 50 independent executions of each optimization
algorithm. Note that the fitness function is the normalized AE in that the fitness must
be maximized, lying in the interval [0,+1]. Figure 3 shows the boxplot graphic regarding
the dispersion of the 50 runs considering the AE. The acronyms follow the definitions of
Section 4.2.
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Table 2. Results obtained from the optimization performed for the training algorithms.
Model Absolute Error (AE) Fitness
MLR-GA 431 x 10 0.0226
MLR-DE 4.84 x 10 0.0202
MLR-PSO 6.00 x 108 0.9999
SPL-MLR-GA 2.26 x 10 0.0424
SPL-MLR-DE 1.46 x 10! 0.0641
SPL-MLR-PSO 1.10 x 103 0.9989
GLM-GA 7.41 x 102 0.0013
GLM-DE 6.64 x 107 0.0015
GLM-PSO 3.97 x 10? 0.0025
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Figure 3. Boxplot for 50 executions of each metaheuristic.

Friedman'’s test was applied to verify if the results were significantly distinct. The p-
values were much lower than 0.05, indicating that using different models and optimizers
led to different results statistically.

In relation to the results obtained in Table 2 and Figure 3, it is possible to analyze
important aspects. The first is that the MLR proposals overcame the GLM considering the
average error and the best general performance. This is clear in terms of AE and fitness.

Regarding the use of the spline interpolation in MLR, we observe that its application
led to a decrease in the dispersion and the final error when the GA and DE are the optimizers.
However, for the PSO, we noted that results are close for both MLR proposals in terms of
dispersion, best, and average performance, the standard MLP being slightly better. In this
sense, it is clear that the PSO was capable of finding the best set of coefficients, reaching the
minor error for all proposals.

Figures 4-6 present the curves obtained during the training step, considering each
optimizer, the target (S0C) and the output response of the model, considering the best of
50 simulations.

Figure 4 shows the best approximation obtained for training through the GA. It can
be seen that the GLM-GA did not obtain a good approximation. The SLP-MLR-GA had
difficulty representing the curve close to the nodes, and the MLR-GA presented a high
error at the initial point and approximately 7000 s. Observe the zoom at the last inflection
point (close to 10,000 s) and how close the MLR was to the real curve.
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Figure 4. Initial Capacity Curve for GA Training.

State of charge — Initial capacity (%)

Figure 5 presents the best approximation obtained for training through DE. The approx-
imation of each model was better at the initial point and the first inflection point (7000 s).
The zoom reveals the MLR without spline followed close to the real curve. However, once
against, the GLM did not perform well.
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Figure 5. Initial Capacity Curve for DE Training.

Figure 6 presents the best approximation obtained for the PSO. Despite the GLM still
not finding a good approximation, all models increase their performance. For both MLRs,
the approximation is very close to the target, revealing that the PSO is the most satisfactory
optimizer, especially for the MLR without splines.
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Figure 6. Initial Capacity Curve for PSO Training.

In summary, it is possible to state that the MLR-PSO algorithm obtained the best
calibration, with an absolute error close to zero on the training step.

5.2. Models Evaluation and Discussion

After adjusting the nine model variants, we performed a test phase. We fixed the
parameters found in training and applied 24 new databases that were not used before.
The goal is to verify the approximation capability of the trained models, considering
situations close to the real cases that can occur when using an electric vehicle.

The tests consider three temperatures controlled within the battery’s operating range:
0 °C, 25 °C, and 45 °C, with the initial SoC at 50% and 80%. We use the databases DST,
FUDS, US06, and BJDST previously described in Section 4.1. It is also considered an error
metric for the AE, MAE, and MSE. Tables 3-5 show the results obtained, which present
some patterns that can be discussed in considering distinct points of view.

A general comparison among models reveals that the MLR-PSO achieved the minor
errors, which was followed by the SPL-MLR-PSO. In many cases, the errors are very close
to zero, demonstrating the suitability of the proposal. Observing Table 2 (Section 4.2), it
is possible to see that the results of MLR and SPL-MLR are not close despite being small.
As shown in Figure 3, there is a difference of 1 X 1075; that is, the SPL-MLR has an absolute
error of 100,000 times the value of the MLR error. Furthermore, in validation, this difference
is even more significant. Regarding the increase in the absolute error of the SPL-MLR-PSO,
it is not direct to affirm whether it would be a bias problem; this increase is due to the
model itself and not to distortion. The use of GLM, however, proved to be inadequate for
this problem, since it reached the worse error values, considering all metrics. This behavior
is similar to those found in the training process.

A complementary remark can be seen from Figure 7, which highlights the behavior
of the models tested against the AE metric for the US06 cycle. Like this, the first point
of discussion is that the initial value of the SoC does not interfere in the approximation
capability of the models tested. The second point is that even with the variation in bat-
tery temperature, there were no significant changes in the approximation ability of the
models, except for GLM-PSO, which produced a greater accumulation of errors at the
0 °C temperature.
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Figure 7. General comparison among models for the US06 cycle.

It is important to note that the AE metric was chosen for the graphical analysis,
because it considers the magnitudes of accumulated errors, and also, the US06 cycle
was emphasized for better representing the real driving conditions, with higher speeds
and higher acceleration stages that represent a much more aggressive driving behavior.
Considering the observations, it seems to be clear that the use of the MLR is more suitable
for this specific problem.

Comparing the optimization search reached by the bio-inspired metaheuristics,
in Table 3, it is clear that the adjustment provided by the PSO led to the smallest errors,
presenting the best generalization considering all databases. Note that the errors are minor
for the three metrics addressed for all the 24 cases.

In Table 4, there are just four cases in which the PSO was not the winner, three related
to DST and one to FUDS. Regarding Table 5, we observe a distinct behavior since the GA
stood out for most of the smallest errors, especially in 16 cases. Here, the PSO led to the
best performances in four scenarios.

As widely known and resorting to the “no free lunch theorem”, there is no absolute
method capable of solving all problems. It means that the performance of an algorithm is
problem dependent. The evolutionary approaches (DE and GA) are generational, while
the swarm-based method (PSO) is explanatory in the sense that the agents are moved
along the search space. Evolutionary algorithms are better in exploration (global search)



Energies 2022, 15, 6881

15 of 21

while the swarm-based ones are better in exploitation (local search or fine-tuning) [86].
This is because the operators of each algorithm are distinct. Therefore, it seems to be
clear that for this specific problems, exploitation is more needed than global search due to
the characteristics of the cost function considering the best model: MLR-PSO. However,
when the estimator is changed, the shape of the cost function is also modified. This is
interesting, since the cost function may present a different shape, which can influence the
search capability of the optimizers. In this case, the GA stood out for the GLM.

Table 3. Test results for all profiles at different SoC and temperatures, to MLR algorithm.

50% SoC 80% SoC
AE MAE MSE AE MAE MSE
MLR-GA 5.44 x 10° 1.02 x 1071 1.08 x 1072 8.69 x 103 9.35 x 107! 8.74 x 107!
0°C MLR-DE 6.63 x 10! 124 x 1072 1.68 x 107* 5.49 x 107 590 x 1072 3.,50 x 1073
MLR-PSO 642 x 107% 1.20x107° 147 x107¥® 106 x 107% 114 x 1078  1.30 x 10716
MLR-GA 5.38 x 10! 1.02x 1072 287 x 1074 8.98 x 103 9.52 x 107! 9.08 x 107!
DST 25 °C MLR-DE 1.30 x 10! 246 x 1073 9.60 x 107° 5.32 x 10? 564 x 1072 3.19 x 1073
MLR-PSO 659 x 1077 125 x 107 244 x 1072 1.09x107% 116 x 1078  1.34 x 10716
MLR-GA 5.04 x 103 9.40 x 107! 8.83 x 107! 4.39 x 107 4.66 x 1072 2.40 x 1073
45 °C MLR-DE 3.23 x 102 6.01 x 1072 362 x 1073 2.76 x 10! 293x107% 117 x107°
MLR-PSO 610 x 107> 114 x 1078 129 x 1071 551 x 107¢ 585 x 1071 3.73 x 107V
MLR-GA 6.42 x 102 113 x 1071 1.32 x 1072 9.02 x 102 9.49 x 1072 9.43 x 1073
0°C MLR-DE 7.52 x 10! 132 x 1072 191 x 107* 9.75 x 10! 1.03 x 1072 1.25 x 1074
MLR-PSO 754 x 107  1.33x107° 179 x107® 110x 1075 116 x 107° 1.38 x 1018
MLR-GA 3.14 x 103 5.58 x 107! 3.12 x 1071 1.45 x 10% 1.49 x 1072 3.44 x 107*
FUDS 25 °C MLR-DE 1.96 x 102 349 x 1072 123 x 1073 2.29 x 10! 235x 1073 9.08 x 107
MLR-PSO 376 x 107> 6.68 X 107°  447x 1077  1.65x107% 170 x 10710 4.25 x 102
MLR-GA 3.07 x 107 549 x 1072 331 x 1073 5.53 x 10? 569 x 1072 3.55 x 1073
45 °C MLR-DE 1.41 x 10! 252 x 1073 950 x 107° 3.33 x 10! 342 x 1073 1.58 x 107°
MLR-PSO 434 x 107 775 x 1071 623 x 107 720x 107® 740 x 107 581 x 10~V
MLR-GA 4.06 x 10? 790 x 1072 6.55 x 1073 4.23 x 10? 468 x 1072 247 x 1073
0°C MLR-DE 5.24 x 10! 1.02 x 1072 1.15 x 1074 5.78 x 10! 6.40 x 1073 552 x 107°
MLR-PSO 473 x 107¢ 921 x 1071 870 x 107 537 x 10® 593 x 1071° 3.74 x 10~V
MLR-GA 1.33 x 102 258 x 1072 8.03 x 1074 1.11 x 10? 1.22 x 1072 2.21 x 10~*
US06 25 °C MLR-DE 9.08 x 10° 1.76 x 1073 4.64 x 10 1.73 x 10! 1.90 x 1073 5.66 x 10~
MLR-PSO 200 x 107 387 x1071° 1.65x 107 131 x107® 144 x 107 3.10 x 10=2°
MLR-GA 2.86 x 10? 559 x 1072 3.32x 1073 5.13 x 10? 5.66 x 1072 3.40 x 1073
45°C MLR-DE 1.37 x 10 267 x107%  1.02x107° 3.29 x 10! 3.62x107% 170 x 107°
MLR-PSO 396 x 107 774 x 1071 615x 107 644 x 107¢ 711 x 107° 531 x 107V
MLR-GA 3.00 x 10? 5.53 x 1072 3.22 x 1073 7.29 x 10% 7.73 x 1072 6.11 x 1073
0°C MLR-DE 4.25 x 10! 783 x 1072  6.79 x 107° 6.66 x 10! 7.06 x 107> 5.86 x 107°
MLR-PSO 349 x 107° 643 x 10710 426X 107 926 x 107¢ 9.82x 10710 9.81 x 10~
MLR-GA 1.57 x 10? 293 x 1072 951 x 1074 2.95 x 107 3.10 x 1072 1.05 x 1073
BJDST 25 °C MLR-DE 7.92 x 10° 148 x 1073 315 x 107° 2.22 x 10! 234 x 1073 7.06 x 107°
MLR-PSO 232x107% 433 x107° 198 x 107" 353x107% 371 x 107 1.60 x 10~
MLR-GA 3.07 x 10? 574 x 1072 338 x 1073 5.51 x 107 584 x 1072 3.50 x 1073
45 °C MLR-DE 1.58 x 10! 295 x 1073 1.10 x 1075 3.81 x 10! 4.03 x 1073 1.90 x 1075

MLR-PSO 418 X 10~ 7.81 x 10710 621 x 107 670 x 10~® 710 x 10~ 525 x 101
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A final remark is a comparison with Zheng’s work [81], who is the member of the
research team that built the database. They compare two estimators based on the Kalman
filter over three tests (FUDS, US06, and BJDST) in three different temperatures (0°, 25°,
and 45°). They found the MAE evaluation parameter between 0.6% and 4.0% for the nine
cases and an MAE close to 1% and 0.6% for the better cases (°C). Nonetheless, in our study,
the MLR-PSO reached MAE values very close to zero for all the 24 tests. It is an introductory
remark, since this work is a baseline for researchers in this field.

Table 4. Test results for all profiles at different SoC and temperatures for the SPL-MLR algorithm.

50% SoC 80% SoC
AE MAE MSE AE MAE MSE

SPL-MLR-GA 1.30 x 10> 2.40 x 107! 1.60 x 107! 5.25 x 10°  5.60 X 10~! 8.70 x 10~!

0°C SPL-MLR-DE 897 x 10> 170 x 107! 7.00 X 1072 540 x 103 5.80 x 107! 1.20 x 10°

SPL-MLR-PSO 8.40 x 10>  1.60 x 10" 1.00 x 107! 1.01 x 10* 1.08 x 10° 4.69 x 10°

SPL-MLR-GA 1.28 x 10> 240 x 107! 1.60 x 107! 561 x 10> 6.00 x 107! 9.80 X 107!

DST 25C SPL-MLR-DE 7.09 x 10> 1.30 x 10" 5.00 x 1072 561 x 10°  5.90 X 107! 1.26 x 10°
SPL-MLR-PSO 222 X 10>  4.00 X 1072 1.00 X 102 1.04 x 10* 1.11 x 10° 4.89 x 10°

SPL-MLR-GA 2.92 X 10° 540 x 107! 8.10 x 107! 236 x 100 250 x 107! 1.80 x 10!

45°C SPL-MLR-DE 3.05x10° 570 x 107! 1.20 x 10° 129 x10° 140 x 107! 6.00 x 1072

SPL-MLR-PSO 5.70 x 10° 1.06 x 10° 451 x 10° 3.15 X 10> 3.00 X 102 1.00 x 1072

SPL-MLR-GA 140 x 10> 2.50 x 107! 1.70 x 107! 259 x 10° 270 x 107! 210 x 107!

0°C SPL-MLR-DE 9.31 X 10> 1.60 x 107" 8.00 x 10~ 1.69 x 10°  1.80 x 10! 9.00 x 10~2

SPL-MLR-PSO 1.06 x 10> 1.90 x 10~ 1.40 x 107! 1.83 x 10°  1.90 x 107" 1.60 x 107"

SPL-MLR-GA 242 x10° 430 x 107" 4.50 x 1071 254 x 10° 2,60 x 107" 2.00 x 1071

FUDS 259C SPL-MLR-DE 2.08 X 10°  3.70 x 10! 5.00 x 1071 141 x 10> 1.40 x 107! 6.00 x 1072
SPL-MLR-PSO 3.75 x 10°  6.70 x 107" 1.78 x 10° 8.47 x 10> 9.00 x 102 4.00 x 1072

SPL-MLR-GA 123 x 10> 220 x 107! 1.50 x 107! 242 x 10> 250 x 107" 1.80 x 107!

45 °C SPL-MLR-DE 6.74 x 10> 1.20 x 107! 4.00 x 1072 1.32 x 10°  1.40 x 107! 5.00 x 1072

SPL-MLR-PSO 142 x 102 3.00 x 102 3.40 x 1073 4.75 x 10> 5.00 X 10~2 1.00 x 10~2

SPL-MLR-GA 122 x 10> 240 x 107! 1.40 x 107! 236 x 10° 260 x 107" 1.80 x 107!

0°C SPL-MLR-DE 7.78 x 10> 1.50 x 107" 6.00 X 102 148 x 10°  1.60 x 107! 7.00 x 10~2

SPL-MLR-PSO  6.14 X 10>  1.20 X 107! 6.00 X 102 8.79 x 10>  1.00 X 107! 4.00 x 1072

SPL-MLR-GA 122 x 10> 2.40 x 107! 1.40 x 107! 245 x 10° 270 x 107! 1.90 x 107!

USso6 25 °C SPL-MLR-DE 6.62 x 10> 1.30 x 107! 4.00 x 1072 136 x 10>  1.50 x 107! 6.00 x 1072
SPL-MLR-PSO 7.05 X 100 1.36 X 1072 1.00 X 1073 413 x 10> 5.00 X 102 1.00 x 102

SPL-MLR-GA 116 x 10> 230 x 107! 1.30 x 107! 231 x10° 250 x 107! 1.70 x 107!

45 °C SPL-MLR-DE 6.37 x 10> 1.20 x 107" 4.00 x 1072 1.28 x 10°  1.40 x 107! 6.00 x 1072

SPL-MLR-PSO 143 X 10>  2.80 X 1072 4.00 X 1073 216 x 10> 2.28 x 1072 3.10 x 1073

SPL-MLR-GA 123 x10° 230 x 107! 1.30 x 1071 2,65 x 10°  2.80 x 107! 2.10 x 10~*

0°C SPL-MLR-DE 7.79 x 10> 1.40 x 107" 5.00 x 1072 1.70 x 10> 1.80 x 10~ 8.00 x 1072

SPL-MLR-PSO 3.77 X 10> 7.00 X 102 2.00 X 1072 9.23 X 10> 1.00 x 10! 4.00 x 1072

SPL-MLR-GA 120 x 10> 220 x 107! 1.20 x 107! 253 x10° 270 x 107" 1.80 x 107!

BJDST 25°C SPL-MLR-DE 6.56 x 10> 1.20 x 107! 4.00 x 1072 141 x 10> 1.50 x 107! 6.00 x 1072
SPL-MLR-PSO 891 x 10'  1.66 X 1072 1.16 X 1073 1.30 x 10> 1.37 X 1072 9.15 x 10~*

SPL-MLR-GA 117 x 10> 220 x 107! 1.20 x 107! 244 x 100 2.60 x 107! 1.70 x 107!

45°C SPL-MLR-DE 644 x 10> 120 x 107! 4.00 x 1072 138 x10° 150 x 107! 6.00 x 1072

SPL-MLR-PSO 247 x 10> 5.00 X 102 1.00 x 1072 4.02 x 102 4.25 x 1072 7.37 X 1073
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Table 5. Test results for all profiles at different SoC and temperatures for the GLM algorithm.

50% SoC 80% SoC
AE MAE MSE AE MAE MSE

GLM-GA 400 x 102 7.00 x 10~2 3.10 x 10° 403 x10°  4.30 x 107! 1.92 x 10!

0°C GLM-DE 3.96 X 10> 7.00 x 102 3.20 x 10° 4.02 x 10> 4.30 x 1071 1.87 x 10!

GLM-PSO 6.78 x 10+ 1.27 x 10! 4.67 x 10° 6.70 x 10°  7.21 x 10* 1.63 x 10?

GLM-GA 1.71 x 102 3.00 X 102 2.38 x 10° 4.06 x 10> 4.30 x 1071 2.06 x 10!

DST 25 °C GLM-DE 173 x 10> 3.00 x 102 2.27 x 10° 4.04 X 10> 4.30 x 107! 1.96 x 10!
GLM-PSO 419 x 10> 8.00 x 1072 2.09 x 10° 3.14 x 105 3.33 x 10* 1.77 x 10?

GLM-GA 1.54 x 10 2.90 x 107! 2.15 x 101 4.95 x 10> 5.00 x 102 1.55 x 10°

45°C GLM-DE 1.53 X 10> 2.90 x 107! 2.07 x 10! 722 x 10> 8.00 x 1072 1.49 x 10°

GLM-PSO 400 x 10°  7.46 x 10* 1.66 x 102 3.62 x 103 3.80 x 107! 1.16 x 10

GLM-GA 473 x 10> 8.00 x 102 3.24 x 10° 1.07 x 10 1.10 x 107! 2.56 x 10°

0°C GLM-DE 4.68 X 10> 8.00 X 1072 3.34 x 10° 1.07 x 103 1.10 x 107! 2.65 x 10°

GLM-PSO 119 x 10°  2.09 x 10! 6.98 x 100 1.54 x 105  1.62 x 10! 4.72 x 10°

GLM-GA 1.38 x 10° 250 x 1071 1.15 x 10 2.78 x 10> 3.00 X 102 1.89 x 10°

FUDS 25 °C GLM-DE 1.36 X 10>  2.40 x 10! 1.10 x 10! 3.81 x 10> 4.00 x 1072 1.83 x 10°
GLM-PSO 191 x 10°  3.39 x 10* 5.69 x 102 1.20 x 10>  1.20 x 1071 2.73 x 10°

GLM-GA 3.43 x 10>  6.00 X 102 1.90 x 10° 6.78 x 10>  7.00 X 102 1.48 x 100

45 °C GLM-DE 437 x 10> 8.00 x 1072 1.81 x 10° 8.96 x 10> 9.00 x 102 1.42 x 10°

GLM-PSO 147 x 10 2.60 x 1071 1.56 x 10 395 x 10> 4.10 x 107! 1.53 x 10!

GLM-GA 322 x 10> 6.00 x 1072 2.82 x 10° 552 x 10> 6.00 x 1072 2.08 x 10°

0°C GLM-DE 3.09 X 10> 6.00 x 102 2.90 x 10° 525 X 10> 6.00 X 102 2.14 x 10°

GLM-PSO 235 x 104 458 x 10° 1.52 x 10° 151 x 10*  1.67 x 10° 2.60 x 1071

GLM-GA 1.52 x 10> 3.00 X 102 212 x 10° 2.69 x 10> 3.00 X 102 1.89 x 10°

US06 25 °C GLM-DE 241 x 10> 5.00 x 1072 2.02 x 10° 320 x 10> 4.00 x 1072 1.80 x 10°
GLM-PSO 9.66 x 10> 1.90 x 107! 6.57 x 100 822 x 10> 9.00 x 1072 2.24 x 10°

GLM-GA 3.07 x 10> 6.00 X 102 1.86 x 100 6.17 X 10> 7.00 X 10~> 1.47 x 10°

45°C GLM-DE 397 x 10> 8.00 x 1072 1.75 x 10° 8.31 x 10> 9.00 x 102 1.39 x 10°

GLM-PSO 1.38 x 10> 2.70 x 1071 1.50 x 10 3.67 x 10> 4.00 x 107! 1.40 x 101

GLM-GA 2.83 x 10> 5.00 x 102 2.60 x 10° 9.19 x 10> 1.00 x 107! 2.39 x 10°

0°C GLM-DE 2.62 X 10> 5.00 X 1072 2.62 x 10° 8.54 X 102 9.00 X 10~2 2.38 x 10°

GLM-PSO 9.65 x 10> 1.78 x 10° 240 X 1071 950 x 10+ 1.01 x 10! 3.15 x 10°

GLM-GA 1.69 x 102 3.00 X 102 2.10 x 10° 2.74 x 102 3.00 X 102 1.67 x 100

BJDST 25 °C GLM-DE 259 x 10> 5.00 x 102 1.96 x 10° 498 x 10> 5.00 x 1072 1.56 x 10°
GLM-PSO 1.05 x 10 2.00 x 107! 7.01 x 100 2.88 x 10> 3.00 x 107! 6.29 x 10°

GLM-GA 3.23 x 10> 6.00 X 102 1.86 x 100 6.39 x 10>  7.00 X 102 1.47 x 10°

45°C GLM-DE 428 x 10> 8.00 x 1072 1.72 X 10° 8.92 x 10> 9.00 x 102 1.35 x 10°

GLM-PSO 143 x 103 2.70 x 107! 1.45 x 10! 3.80 x 103 4.00 x 1071 1.34 x 10!

6. Conclusions

Battery charge status prediction is a crucial step for the new generation of electric
vehicles. However, the literature points out several approaches to accomplish this task,
presenting high error and low reliability and computational techniques with high cost.

In this scenario, this study proposed a model to perform the SoC estimation in
lithium-ion batteries for electric vehicles at low computational cost, simple implemen-
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tation, and high assertiveness. It used the Multiple Linear Regression without (MLR) and
with spline interpolation (SPL-MLR) and the Generalized Linear Model (GLM). It also
applied three bio-inspired optimization metaheuristics to calculate the free coefficients of
those models: Genetic Algorithm (GA), Differential Evolution (DE), and Particle Swarm
Optimization (PSO).

The computational results obtained for both training and test sets indicate that the
MLR-PSO achieved the best general results, being the best predictor for all case studies. It
is also noteworthy that this technique performed better than the methods presented in the
literature by the database authors. It is an important finding since the MLR-PSO model
requires a relatively small computational effort, being a competitive candidate for real
applications such as embedded systems in electric vehicles.

Finally, for future work, it is desired to carry out tests with different battery models
and also in others conditions, with different C rates. For this, new databases are necessary.
The existing noises on the measurement sensors also must be evaluated as must the ability
of the computational models tested in this case. Still, it is required to consider the SoH
in future studies to achieve a faithful representation of the SoC behavior in the long term.
Regarding the computational intelligence models, the literature presents more than one
hundred other algorithms and many variations of those used in this work. A further
investigation should be developed in order to increase the knowledge about this topic.
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