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HIGHLIGHTS

o An electro-thermal battery model was calibrated and validated to generate training data for NN-based SoC estimators.
o Different NNs were trained with model-based data, tested with experimental data reproducing real operations, and compared.
e The trained NNs were verified for BMS applications, with implementation on a microcontroller and real-time SoC estimation.

ABSTRACT

Data-driven methods have been widely investigated to estimate battery SoC due to their great potential in solving regression problems. However, expensive
experimental campaigns are generally required to collect large training datasets. To address this need, this paper demonstrates the advantages of using a validated
battery simulation model to easily generate data for training neural networks (NNs) estimating SoC. Such a procedure drastically reduces the number of experiments,
which are only required to calibrate/validate a physics-based battery model and to test the NNs in real driving operative conditions. A Li-NMC storage cell for
automotive applications was considered as case study to verify the presented methodology. The analysis was performed in a wide range of operative conditions in
terms of temperatures and load dynamics. Offline tests, based on data collected during experiments, showed that the trained NNs were able to predict the SoC with an
accuracy comparable to NNs trained with standard experimental-based procedures. In the end, the trained NNs were implemented on a microcontroller to prove their

real-time applicability in BMS boards.

1. Introduction

Due to the transition from fossil fuels to electric mobility, the auto-
motive industry is facing challenges in supplying an increasing share of
electric vehicles [1] with the related onboard intelligent battery man-
agement systems (BMSs). The BMS monitors and controls the state of
batteries at cell, module, and pack levels. In this regard, the proper
knowledge of state-of-charge (SoC) plays a key role in the secure use of
the battery pack within optimal operating conditions [2]. In fact, the
SoC is an internal state of battery and cannot be accurately measured
directly during operation onboard of EVs. This poses challenges that are
addressed by using different approaches to estimate it.

Direct measurements of the SoC include ampere-hour/Coulombic
counting and look-up tables’ based methods, whose implementation
onboard of EVs during operation poses challenges. Indeed, the ampere-
hour counting requires prior knowledge of the initial value of SoC when
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the operation starts and the updated value of the battery capacity.
Additionally, it is prone to environmental perturbations which can lead
to error cumulation in the SoC estimation during the integrative pro-
cedure [3,4]. Look-up tables require knowledge of open-circuit voltage
(0OCV), which cannot be measured in real-time during vehicle
operations.

Model-based methods employed for battery cells SoC estimation
involve either electro-chemical models (EMs) or equivalent circuit
models (ECMs). EMs implement partial-derivative differential equations
governing electrical and chemical phenomena occurring in the compu-
tational domain, enabling accurate deterministic solutions [5]. They
require significant computational resources, which make their use
impractical for real-time applications on microcontrollers. In ECMs, the
battery cell is modelled through an electric circuit. Its use holds a good
balance between the accuracy of the results and the computational effort
required, providing a powerful tool in the design stage of the battery
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pack [6]. Model-based methods are generally used in combination with
adaptive filters such as the Kalman filter and its variants [7].

Data-driven approaches include machine learning (ML) algorithms
that can automatically learn relationships between a response variable
and input data. Many studies explored the application of ML algorithms,
such as decision trees, random forests, support vector machine, neural
networks (NNs), and hybrid methods, for SoC estimation [3,7]. In
particular, a variety of typologies of NNs received great interest due to
the various potentials they offer. Chemali et al. investigated feed-
forward neural networks (FFNNs) for SoC estimation and reported
that, on average, it was almost an order of magnitude faster than a
methodology based on an extended Kalman filter [8]. Vidal et al.
compared the performances of a long short-term memory recurrent
neural network (LSTM-RNN) and FFNNs [9], by using large dataset
consisting of current, voltage and temperature measured during electric
tests on batteries reflecting standardized drive cycles at temperatures
ranging between —10 and 25 °C. In [10], Guo and Ma compared the
prediction accuracy, robustness to noise, and computational burden of
state-of-the-art NNs, such as a FFNN, a LSTM, a gate recurrent unit
(GRU) and a convolutional neural network (CNN). Jian et al. investi-
gated mechanical stress measurements along with voltage and current to
improve SOC estimation performances of a LSTM [11]. Use of NNs in
hybrid approaches involving physics models and filter-based algorithms
was also analyzed in several studies. Tian et al. proposed deep learning
approach to estimate SoC in LiFePO4 batteries and explored incorpora-
tion of the DNN in a Kalman filter to increase estimation robustness
[12]. Tang et al. analyzed fusion of NNs with ECM to increase SoC
estimation accuracy in wide temperature range [13]. With respect to the
importance of data, in their review on the use of ML to estimate the SoC
[14], Vidal et al. remarked the importance of using datasets that are
representative of all the possible operative conditions. Indeed, a large set
of data, comprehensive of all the plausible environmental and load
conditions, is required for training SOC estimators and to achieve a
proper prediction accuracy and reliability. In this regard, Do Reis et al.
[15] listed and reviewed different battery datasets existing in the liter-
ature, concluding that their distribution is still sporadic despite their
critical role in the advancement of data-driven methods. This gap can be
explained considering that the experimental testing procedure necessary
to generate a comprehensive dataset is a resource and time-consuming
task, which cannot be completely automated as it would require
human supervision and data organization.

The need for adequate datasets reflects data hungriness of data-
driven approaches, especially those which employ NNs [7]. Recog-
nized scarcity of experimental data led researchers such as Channe-
gowda et al. to investigate synthetic data augmentation and generation
[16]. To efficiently cope with this requirement, Li et al. investigated
synthetic training data generation with a Pseudo-2-Dimensional EM as
an efficient method to obtain a training dataset of a suitable size [17].
Conveniently defined random current loads were considered to simulate
voltage signals and SoC conditions to obtain a concise training dataset
for various ML algorithms. However, no reference to experimental data
for the test of the trained models was reported. Hattouti et al. tested the
capability of a second-order ECM to generate reliable training data for
LSTM-based SoC estimators [18], but further developments are needed
as their study did not consider neither charging with regenerative
breaking nor temperatures different than 25 °C. A similar approach was
developed also in the context of industrial research [19].For all these
reasons, generation of data by means of physics-based simulation is a
promising topic with further investigations needed. Research interest in
such a topic stems from the opposing need to have an exhaustive dataset
for training of the SoC estimator and the valuable advantage of having it
in a significantly reduced time.

Starting from the context outlined above, this work aims to bridge
the research gaps highlighted in the literature analysis. In the first place,
the proposed research covers the lack of experimental knowledge
related to the full demonstration and validation activities on 1:1 scale
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automotive applications. In addition, the innovation and the contribu-
tion introduced in this paper are both related to a comprehensive
investigation on the use of physics-based simulated data from experi-
mentally validated simulation models to train neural networks. Such
procedure leads to a significant and valuable reduction in time and effort
required for experimental measurement campaigns. Indeed, the pro-
posed methodology leverages physics-based data simulation and leads
to the advantage of not requiring such an amount of data for training,
with only characterization tests needed. It is worth recalling that typical
procedures for the implementation of NNs require large sets of data.
Those sets of data generally consist of more than 100,000 datapoints
based on the specific application and accuracy required, with the ma-
jority of them (about 70-80 %) used for training. For instance, El Fallah
et al. in [20] used a dataset with about 300,000 data-points to imple-
ment NNs for SoC estimation. Implementation of the proposed meth-
odology would leverage characterization tests instead, which can be
generally carried out in different stages of development of battery
systems.

This study encompasses all the steps from data simulation to on-field
final deployment of the estimators on a microcontroller to predict the
SoC of a Li-ion battery cell. The performances of three NNs in SoC es-
timations were evaluated and compared on real data collected during a
reduced experimental campaign on single battery cells. The imple-
mentation of the trained estimators on a BMS board for Li-NMC vehicle
battery packs demonstrated the methodology as a case study to evaluate
its real-time performance under operative conditions representative of
driving cycles. The advantage of the proposed procedure also consists in
its high level of modularity since it can be easily re-adapted to batteries
with different size and applications by the simple recalibration of the
battery simulation models able to generate new training datasets.

The resume of this paper is organized as it follows. Section 2 gives
some background on the most used NN typologies and their application
in SoC estimation; Section 3 describes the considered case study along
with materials and methods, including the proposed procedure, the
modelling approach, and the NNs trained; Section 4 analyses and dis-
cusses the obtained results for the case study; Section 5 resumes the
main results and conclusions.

2. Background on NNs for battery status estimation

In this section, a description of the working principles and ad-
vancements in battery SoC estimation is provided for some of the most
comprehensively explored NNs, such as FFNNs, LSTM-RNNs, and CNNs.

2.1. Feed-forward neural networks

The Feed Forward Neural Network (FFNN) is the simplest form of NN
[21] and enables mapping of non-linear relations between input and
response variables through forward sequential processing of the data by
layers of artificial neurons, as shown in Fig. 1 (B). The artificial neuron,

Artificial neuron (A) Artificial neural network (B)

Inputs Activation Output

Input layer

Hidden layers Output layer

Fig. 1. Schematic representation of the artificial neuron (A), and of the
multilayer NN (B).
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schematized in Fig. 1 (A), processes numeric inputs coming from the
previous neurons and returns an output according to eq. (1), where x; is
the input from the i-th neurons within the previous layer, w; is the weight
associated with the i-th neuron, b is an adjusting parameter, termed bias,
and f is the activation function. Values of biases and weights are tuned
during the training process to map the inputs with the reference output
of each observation in the training dataset, therefore, they are also
indicated as learnable parameters.

Y :f(b +2i(wi'xi) ) (1)

One of the greatest advantages of using FFNNs consists of its inherent
simplicity [9], which results in lower computational time/effort
required to perform inferences [21]. For this reason, their potential has
been widely investigated for a variety of tasks including SoC estimation
for electric vehicle battery packs. In particular, in [8], Chemali et al.
trained deep NN to estimate the SoC of a small cylindrical 18,650 Li-ion
battery cell, using as input voltage, current, and temperature raw
measures in combination with averaged voltage and current measures.
The use of averaged measures as additional input was motivated
considering that FFNNs do not have inherent memory on data processed
previously. The same group, in another study [9], compared the effects
of moving-window averaging operation and Butterworth filtering. Based
on similar motivations, Zhao et al. employed voltage variation as
additional input for the NN to estimate the SoC of lithium-ion ESS [22].
Hannan et al. focused on the impact of hyper-parameters on the per-
formances by demonstrating the feasibility of a backtracking search
algorithm in the optimization of the number of hidden layers and neu-
rons [23]. To demonstrate scalability of their methods to real-case ap-
plications, Chen et al. reported on deployment of an FFNN-based
method for real-time SoC estimation, with a hardware-in-the-loop vali-
dation procedure, under various temperature conditions, obtaining an
average error below 2 % [24].

Despite the advantages deriving from their simplicity, FFNNs can
neither track information gathered in previous time steps nor recognize
features in the signals that were learned during the training process,
leading to lower values of accuracy compared to more complex types of
NNs, as reported in [10,14]. For these reasons, applications based on
LSTM-RNNs and CNNs have been also investigated for SoC estimation in
the scientific literature [7].

2.2. Long-short term memory recurrent neural networks

Recurrent Neural Networks (RNNs) can recognize and process de-
pendencies within sequential inputs. Indeed, the current output of a
recurrent neuron depends on the current input and on its status at the
previous time-step, as schematized in Fig. 2 (A).

Among recurrent neural networks, LSTM-RNNSs are one of the most
used for SoC evaluation because they are characterized by a memory cell

Recurrent (A) LSTM cell structure (B)

neuron

Y Y1) x(t)

Y1) x(t)

Z

Y(t-1)

The actual status
is function of the
inputand of the
previous state.

Y(t-1)  x(t)

Fig. 2. Schematic representation of a recurrent neuron (A), and of an LSTM
cell (B).
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that can hold information across multiple timesteps, providing a solu-
tion to issues related to vanishing/exploding gradients during the
training process. As shown in Fig. 2 (B), information in the LSTM cell
flows based on the activation of input (ig), output (og), and forget gates
(fg), depending on the current input, x(t), and the neuron state, Y(t-1), at
the previous timestep, according to egs. (3-7).

ig:a<m.y(t_1)+w.x(t)+bi) 3
og =o(Wp-Y(t—1)+ W°-x(t) +b°) 4
fo=o(WpY(t=1)+ Wex() +V/ ) ®)
Clt) = fg © Ct— 1) +ig © tanh(WF-x(t) + Wi ¥(t —1) +1°) ©
Y(t) = 0g © tanh(C(t)) @

Chemali et al. analyzed the impact of the number of hidden units in
the LSTM layer on the accuracy of SoC estimation, at fixed and variable
temperatures [25]. They observed that when the state of the hidden
layer is not properly initialized, the stateful prediction of the SoC to
converges to the correct value after a certain amount of time depending
on number of LSTM hidden units. Based on similar evaluations, Tian
et al. [26] combined the adaptive cubature Kalman filter with LSTM to
smooth oscillations and improve initial convergence in the SoC esti-
mation task. Ren et al. focused on the automatic optimization of the
number of hidden layer neurons and learning algorithm parameters for a
LSTM-RNN by using the particle swarm optimization [27]. Ma et al.
focused on the simultaneous estimation of SoC and SoE using LSTM-
RNNs in different temperatures and driving operations [28]. They
evaluated the accuracy and the computational effort, in terms of
computing time, for different numbers of hidden units.

2.3. Convolutional neural networks

During the last decades, CNNs have become the de facto standard in
various computer vision and image processing tasks [29]. In principle,
they consist of two parts: one dedicated to feature extraction, and a
second part, processing the information extracted from the input to
compute the output. Features extraction is performed thorough stacks of
convolutional and subsampling layers [3]. In each of these stacks, a
specified number of filters, also known as kernels, slide over the input
and perform convolutions. Size of extracted feature map is reduced with
pooling operations. The output of these sequential operations is pro-
cessed by fully connected layers to compute the output of the CNN.

CNNs have been also used to process time series with both 1-D
convolutional and pooling layers [29], which operate according to the
working principles described above, as schematized in Fig. 3. Many
papers presented in the scientific literature focused on the estimation of
battery status through CNNs. In particular, Bhattacharjee et al. trained
CNNs with data available from two open-access datasets and explored
transfer learning as a method to improve the generalization capability of
the considered NN [30]. Chen et al. proposed the use of a self-attention
layer in combination with two convolutional stacks to predict battery
SoC using voltage, current, and temperature measurements. The per-
formance of their 1D-CNN-Attention network was validated on available
datasets composed of dynamic driving cycles at various temperature
values [31]. Liu et al. trained a particular type of 1-D CNN, which is
indicated as temporal CNN (TCN) [32]. It ensures causality and enables
recognition of longer dependencies in time during convolution of the
input without a significant increase in the number of learning parame-
ters. Kim et al. [33] adopted an even different approach to estimate SoC
with voltage, current, and temperature measured signals as input. They
trained 2-D CNNs with time-frequency spectrograms instead of auto-
matically extracting features with 1-D convolutional layers.
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Fig. 3. Feature extraction and output computing operations in a conceptual
representation of a 1-D CNN (particular case of specified dimensions of the 1-D
input, filters and pooling window).

3. Materials and methods
3.1. Proposed methodology

Training of NN generally requires a large number of experimental
data, coming from long and expensive laboratory measurement cam-
paigns. To limit the data collection effort and simplify the overall
training procedure, this paper investigated the feasibility of training NN-
based SoC estimators by using data generated with an experimentally
validated simulation model of the battery cell under study at different
temperatures and dynamic load profiles. The workflow followed to
address this purpose is shown in Fig. 4.

The experimental campaign is limited to the tests needed to perform
the calibration/validation of electro-thermal model parameters and to
create testing datasets for the SoC estimator. In particular, experiments
used for testing reflected operating conditions with standardized driving
cycles at various environmental temperatures. Once the simulation
model was completely validated, training datasets were generated by
taking advantage of the computational capability of the high-
performance computer processors. Then, different typologies of deep
NNs were trained using the model-based training datasets. The NNs were
tested by using the experimental test dataset. Performances of the NNs
were compared in terms of accuracy, robustness to noise in the signals,
and computational cost, before being implemented on a microcontroller
to test and demonstrate their validity for applications in BMS of electric
vehicles.

It is important to highlight that model-based and NNs are both
valuable approaches for the evaluations of SoC, as also confirmed by
many papers available in the literature on both subjects [4]. In terms of
cost-efficiency, the only use of the physics-based model cannot be
applied, since the initial conditions of SoC are not known. In this case,
the proper design and implementation of an observer/fitting procedure,
after battery model parametrization, would be required. The overall
estimation procedure is then required to run in real time on the onboard
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Fig. 4. A workflow for the training and validation of NNs by leveraging
reduced experimental campaigns and simulations.

microcontroller. On the other hand, the real effort of the proposed
approach consists of automated procedures to be performed offline just
one time on dedicated hardware to obtain dataset generation and
training of NNs. The computational effort required once neural networks
are trained is particularly low, as also highlighted by the computational
time evaluated for the on-board system.

3.2. Case study

This study considers a battery cell typically employed in battery
packs for automotive applications, equipped with a BMS board imple-
menting the SoC estimator. That cell has a nominal capacity of 20 Ah,
rated voltage of 4.2 V, and geometric dimensions equal to 220 mm X
150 mm x 7 mm. Full specifications are reported in Table 1. As a brand-
new battery cell was employed for the experimental campaign, SoH was
assumed equal to 100 %.

The cell is equipped with an STM32-Nucleo-F401RE, which is used as
a reference embedded micro-board to demonstrate the suitability of the
proposed methodology for a real BMS board. Its main characteristics are
reported in Table 2.

In particular, the board is equipped with 64 pins, which can be
configured as either analog or digital input/output ports, to interface the
system with the battery voltage, current, and temperature real-time
measurement signals. In addition, this board can be directly interface
with Matlab/Simulink environment through specific toolboxes

Table 1
Specifications of the tested Li[NiCoMn]O, battery cell.

Cathode chemistry NMC (4:4:2)

Electrolyte chemistry BASF (LP50) mixed with EC and DMC (1:1)
Nominal voltage 3.6V

Nominal capacity 20.0 Ah
Specific energy 180 Wh/kg
Maximum charge voltage 42V
Maximum charge current 1C

Lower voltage limit 25V
Maximum discharge current 5C

Maximum peak discharge current 10C
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Table 2
Specifications of the STM32-Nucleo-F401RE board.

Clock 32.768 kHz crystal oscillator

Flash memory size 512 kbytes

Number of pins 64

Connectors for the ST-LINK USB Type-C®, Micro-B, or Mini-B
ADC Resolution 12 bits

dedicated to ST Microelectronics devices. Details about the imple-
mentation of the estimator on the microcontroller are reported in a
dedicated subsection in the following.

3.3. Experimental setup

Following the workflow described in Fig. 4, an experimental
campaign was designed to obtain datasets addressing two different
tasks. The first task is focused on the complete calibration of a high-
fidelity electro-thermal model of the battery cell under test, operating
in various temperature conditions. The second task is focused on the
construction of a small-size experimental dataset, which was just used
for the validation of the electro-thermal model and the testing of NN-
based SoC estimators.

Considering the above tasks, the test bench for the electric charac-
terization/validation experiments was based on controlled bidirectional
power suppliers, able to perform charging/discharging operations on
the storage cell under test with a maximum current of 240 A. The power
suppliers are controlled with the ITECH-ITS5300 remote software. This
software allows the implementation of charging/discharging cycles
representative of either standard model calibration or real EV load
profiles. All the experimental tests were performed in an ACS Discovery
Climate Chamber to ensure constant ambient temperature equal to 283
K, 298 K, and 313 K. Picture and functional schemes of the above
experimental test bench are reported in Fig. 5.

The acquisition and control systems were based on a National In-
struments Compact RIO NI 9056 platform, operating, for the tests re-
ported in this paper, at a 5 Hz sampling frequency. The NI cRio was
equipped with a thermocouple NI 9210 module and an IO analogue
voltage NI 9207 module with a resolution of 24 bits. Battery cell voltage
has been measured through direct connection of the battery terminals to
the NI 9207 module, through fuse protections; a LEM LA 125 P/SP3 Hall
effect current transducer has been used for current measurements; 5
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thermocouples were fixed on different points of the battery surface and 1
thermocouple was used for the environmental temperature measure-
ment. Further details on the considered test bench are reported in [6].

3.4. Calibration and validation of the battery multi-physics model

In this work, the lumped parameter electro-thermal model presented
in [6] is employed to simulate data related to the electro-thermal
behavior of the cell under study. For the proposed data-driven appli-
cation, a high level of simulation accuracy is required to ensure reliable
patterns within training data for regressions. Therefore, the model pa-
rameters were completely re-calibrated by taking advantage of the high-
resolution 24 bit voltage acquisition module. Parameters’ tuning also
considered a wider range of temperatures spanning from 283 to 313 K.

The simulation battery cell model consists of a first-order Thevenin
circuit coupled with a one-state lumped thermal model, schematized in
Fig. 6 (A) and (B). The cell characterization process started from the
evaluation of actual cell capacity at 283 K, 298 K, and 313 K for a
complete 1C constant current discharge. The proper calibration of the
following pulse discharge tests was carried out on the basis of the
evaluated actual capacity values. At this stage, reparameterization of the
ECM was carried out using pulse discharge tests at the considered
temperature values to tune the open-circuit voltage (OCV), the internal
resistance (Rg), the polarization resistance (R;), and the polarization
capacity (Cp). As an example, a pulse discharge test performed at 298 K
is reported in Fig. 7 in terms of battery voltage, current, and SoC vs
Time.

In this case, a higher number of levels of SoC, compared to [6],
spanning from 0 % to 100 % with a step of 5 % were considered.

l(D-. R, W\

R, Pcony
"
_@ ocv Cs (1) O == & Taro @)

Fig. 6. First-order ECM (A) and a one-state lumped thermal cell model (B).

Li-NMC

battery cell

Bi-directional power supply

Control SW interface Itech ITS5000

ACS Discovery Climate
Chamber

Fig. 5. Schematic representation of the experimental setup for electro-thermal tests.
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Fig. 7. Current, Voltage and SoC of the battery cell during the pulse
discharge test.

Duration of the 20 A pulses, based on the actual capacity evaluations,
was set to 158, 185, and 200 s to ensure 5 % SoC drops at 283 K, 298 K,
and 313 K. After each pulse, a rest time of 1 h enabled evaluation of the
OCV. Ry was evaluated as the ratio between instantaneous voltage drop/
step due to discharge current pulse start/end. R;, and C; were calibrated
via numerical optimization with the Parameter Estimator tool
embedded in MATLAB SIMULINK ® so that the simulated terminal
voltage would fit the measured voltage during the pulse test. About
parameters accuracy of one-state lumped thermal model, evaluated
above, it is considered enough for the applications reported in this
paper, as demonstrated in the following.

The validation procedure of the calibrated cell model was performed
by comparing the simulated cell voltage and temperature with their
actual values measured during experimental tests. These tests were
performed, at the considered temperature levels, with current profiles
reflecting the loads due to Highway Fuel Economy Test (HWFET) and
the Urban Dynamometer Drive Schedule (UDDS) [34]. These current
profiles were obtained from [35] by scaling the current values based on
the ratio between the rated capacity of the battery cell used in this study
(20 Ah) and the cell used to generate the dataset (2.9 Ah). The obtained
profiles are reported in Fig. 8, along with the one reflecting the LA92
drive cycle, which was included as additional scenario for the SoC
estimator during the real-time test.

HWFET

Current [A]

Current [A]

N}
S

Current [A]

A
S

200 400 600 800 1000 1200 1400
Time [s]

o

Fig. 8. Current profiles reflecting HWFET, UDDS and LA92, that have been
used to test the electrothermal model and the NNs.
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3.5. Training, test, and comparison of NNs for SoC estimation

The proper prediction of the storage cell SoC was performed through
three typologies of NNs, namely the FENN, the CNN, and the LSTM-RNN,
described in Section 2. Prediction accuracies were evaluated based on
comparison with target response sequences that were calculated with
off-line SoC Coulombic counts.

The model-based training dataset generation, representing the core
of the proposed methodology, was based on simulations, whose input
current loads were collected onboard during real drives and are publicly
available in [36]. Simulations were carried out for each of the consid-
ered temperatures. The load profiles were repeated until the complete
discharge condition was achieved (SoC = 0 %). To augment the dataset,
also in-time flipped current profiles were used, by taking advantage of
the versatility of the simulation environment in generating new training
data. Training and comparison of NNs were performed in MATLAB en-
vironments using the Machine Learning and Statistics and the Deep
Learning toolboxes.

Simulated voltage, current and temperature reads with a sampling
frequency of 1 Hz were employed as input sequences during training
whereas the SoC was the response sequence. The input sequences were
split in 516 measurements-long time series. This value was determined
after sensitivity analysis. The training dataset did not include any of the
standardized cycles that were used during the test. Filtered value of
voltage and current were used as additional inputs for the FENN only,
due to their positive effect as reported in [9].

The architecture of the NNs was defined trough hyperparameter
optimization. The number of hidden layers and the number of neurons in
each hidden layer were the hyper-parameters optimized for the FFNN.
Similarly, the number of hidden units was optimized in the LSTM-RNN,
and the number of filters and their size were optimized for a CNN with
two convolutional layers. The estimated SoC sequence was smoothed by
means of a gaussian filter to avoid possible spikes and discontinuities.
The Gaussian filter computes weighted averages for each value of the
sequence with a moving window. Weights are determined based on a
Gaussian distribution that is defined by the average and standard de-
viation of the values within the moving window. For the evaluations
reported in this work, the moving window is assumed equal to 60 s, even
though no sensible variations have been observed in the range 40-80 s.
Hyperparameters to be optimized are resumed, for each NN, in Table 3.
Their values were obtained by minimizing the RMSE over a validation
dataset made of two real-drive cycles shared in [36] at 283, 298 and 313
K, which were, therefore, excluded from the training data. The current
profiles, used to simulate the voltage and temperature of the battery for
building the validation dataset, were obtained by scaling the original
data on the considered battery cell and are reported in Fig. 9. It is worth
remarking that in ML, the validation is mutually distinct from both the
training and the test dataset, and it is used to optimize the hyper-
parameters, to iteratively check the generalization capability of the
model and eventually trigger an early stop during the training. On the
other hand, the test dataset is intended to definitively evaluate the
performances of the NNs after the training over a set of data that was not
used in any previous stage of the NN development, so that unbiased
estimation of the final capability of the prediction accuracy is possible.

The inherent versatility of simulations enabled the generation of a
training dataset with a suitable size.

To prevent overfitting during the training, dropout layers were used

Table 3
List of the hyper-parameters to be optimized.

Type of NN Hyper-parameters to be optimized
FFNN Number of layers,
neurons in the hidden layers
LSTM-RNN Number of hidden units
CNN Number and size of the convolutional filters
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Fig. 9. Current profiles used for generation of the validation datasets.

in all of the NNs considered. During the training, the minibatch size was
set equal to 64 observations. Values of the learning rate, learning rate
drop factor and period, maximum number of epochs are reported in
Table 4 for each of the considered type of NN.

Once their structure was defined with hyper-parameters optimiza-
tion, the NNs were tested with data gathered during experiments with
the NI acquisition systems and loads reflecting UDDS and HWFET. Then,
real-time experimental tests were carried out to fully demonstrate the
effectiveness of the proposed methodology for applications in BMS.

The evaluation and comparison of performances of NNs were ob-
tained on the basis of the following metrics: root mean squared error
(RMSE), mean average error (MAE), maximum absolute error (MaxAE),
and mean average error difference (MAEd). Those metrics are defined in
eq. (8-11), and their values were calculated based on predictions of NNs
over the test dataset. MAE was used to evaluate the global accuracy of
the NNs, whereas MaxAE was used to quantify and localize the
maximum deviations in the SoC predictions from the actual value. MAEd
was introduced to estimate the robustness of the NNs to the noise, which
is very likely to occur in real applications. In particular, MAEd evaluates
the error in the SoC estimation due to a random noise injected in the
input sequences of measurements.

®

©)]

(10)

MAEd = MAE,ise — MAE jeqn an

With the purpose of verifying the validity of the presented method-
ology in the case of batteries with different geometries, chemistries and
capacities, the entire procedure described in this section was imple-
mented to develop and offline test NNs for SoC estimation of Samsung
ICR 18650-26 J battery cells. Specifications are reported in Table 5.

3.6. Experimental test of the methodology for BMS boards

Additional experimental tests in real-time were performed to
demonstrate the feasibility of the entire methodology for BMS

Table 4

Training option for piecewise learning rate scheduling.
Training option FFNN LSTM-RNN CNN
Max. epochs 250 90 500
Initial learning rate 0.001 0.01 0.01
Learning rate drop period - 20 200
Learning rate drop factor - 0.5 0.5
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Table 5

Specifications of the Samsung ICR18650-26 J battery cell.
Nominal voltage 3.7V
Nominal capacity 2.6 Ah
Maximum charge voltage 42V
Lower voltage limit 27V
Maximum discharge current 5C
Dimensions: height, diameter 67 mm, 18 mm
Weight 0.045 kg

applications. In particular, the NNs were loaded on the STM32-Nucleo-
F401RE development board to estimate, in real-time, the battery SoC
during dynamic and constant current discharge tests. For this test, the
current profile in the dynamic test was implemented to reflect the ex-
pected equivalent load of a LA92 drive schedule. The algorithm that
implemented the NNs running on the microcontroller board was
developed in MATLAB Simulink environment and transferred on the
STM board by means of the Simulink Coder Support Package for STMi-
croelectronics Nucleo Boards toolbox. The complete procedure for the on-
board development of the NNs is functionally schematized in Fig. 10.
Finally, the computational times were experimentally evaluated for
each of the NNs running onboard of the STM32-Nucleo. These evalua-
tions were performed by acquiring, through the use of a high-resolution
oscilloscope, the difference in time between the input measurement
signals and the board output signal related to the evaluated SoC.

4. Results and discussion
4.1. Validation of the electro-thermal physical model

Calibration of the parameters of the electro-thermal model led to
values of OCV, Ry, R; and C; that are reported in Fig. 11 for each of the
considered temperatures. Values of these parameters are made available
for the benefit of the research and industrial operators that may carry on
activities on this type of battery cell.

As shown in Fig. 12, the model fits the experimental data with a good
accuracy. The simulated voltage is plotted with the values measured
during the experiments. The absolute errors is also plotted on a dedi-
cated y axis to provide the scale of the deviations of the simulations from
the experimental ground truth. It can be observed that maximum error
peaks do not exceed 0.1 V. Similarly, the temperature is predicted with
maximum error of 1.0 K.

4.2. Hyper-parameters optimization and training of the NNs

As detailed in the previous section, the definitive structure of the NNs
was determined with the optimization of the hyper-parameters reported

Training
data
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YOUR POWER TESTING SOLUTION

Fig. 10. Schematization of procedure to estimate battery SoC, implemented on
ST board for testing NN in real-time.
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Fig. 12. Comparative plots of the simulated and experimentally measured voltage (A) and temperature (B) of the battery cell under current load reproducing HWFET

drive schedule.

in Table 3. The results of this procedure are reported in Table 6 with the
final NN structures employed and the optimized hyper-parameters
values indicated in bold. The resulting number of learnable parame-
ters is also reported to provide a scale of the size and complexity for the
NNs structures. The LSTM-RNN has the lowest number of learnable
parameters, indicating its more compact size in comparison with the
other NNs to obtain similar performance.

It is worth noting that the optimized numbers of hidden units in the
LSTM-RNN and of the filter size in the first convolutional layer of the
CNN led to the coincident value of 32 indicating a consistency in the
scales of the observed dependencies within the signals leveraged by
these NNs. Once their structures were defined, NNs were trained ac-
cording to the procedure described in Section 3.5. Due to random
initialization of the learnable parameters at the beginning of the
training, the final accuracy of the NNs can vary with a certain scatter, as
shown in Fig. 13. Bar plots show the distribution of final RMSEs after 30
training processes, indicating a variability that needs to be considered to
avoid biased trends and draw sound conclusions. In this study, this issue
is addressed by averaging the values of the performance metrics intro-
duced above over 30 repetitions. In this way, the impact of the degree of
randomness inherent in each training process is accounted in compli-
ance with several literature studies [14].

4.3. Offline testing of the NNs and comparison of their performances

In this subsection, NNs are offline tested on data collected during
experiments reproducing loads related to the UDDS and HWFET drive
schedules at 283, 298 and 313 K. Their performances are compared in
terms of accuracy, noise robustness, and computational time.

Averaged values of MAE, MaxAE, and MAEd are reported in Table 7
for each one of the experiments. Focusing on accuracy, the values of the
MAE and MaxAE indicate that the predictions of the LSTM-RNNSs and the
CNNs were significantly more accurate than those with the FFNNs. This
is clearly visible in Fig. 14, in which the predicted SoC curves are plotted
as representative examples for one of the trained NNs of each type. The
absolute errors are plotted separately with a dedicated scale and their
trends indicate that the prediction with the FFNN started to deviate from
the reference value at half of the test, with an increasing drift. Lower
accuracy in their predictions can be interpreted as a result of the fact that
the FFNNs are non-dynamic NNs. Indeed, the FFNN processes only
actual raw measurements and averaged voltage/current measurements,
whilst LSTM-RNN processes the current input and information coming
from previous states, and the CNN processes information with a depth in
time depending on the filter-size (causal convolutional layers). It is clear
that, for the procedures reported in this study, the use of averaged
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Table 6
Architectures of the considered NNs with hyperparameters.

FFNN

LSTM-RNN

CNN

Num. of learnable
parameters: 51,000
Input layer (5 sequences,

normalization: z-scores)
Fully connected layer N. 1
(256 neurons)

Num. of Learnable
parameters: 4600
Input layer (3 sequences,
normalization: z-scores)
LSTM layer (32 hidden
units)

Num. of Learnable
parameters: 71,900
Input layer (3 sequences,
normalization: z-scores)
1-D Convolution layer N.
1

(64 filters, size of filters:
32)
e Drop-out (25 %)
e Relu-activation

e Drop-out (12.5 %)

e Padding: causal

e Drop-out (25 %)

e Relu-activation

e Layer Normalization
1-D Convolution layer N.

Fully connected layer N. 2 Fully connected layer (1

(128 neurons) response neuron) 2
(16 filters, size of filters:
e Relu-activation 64)

e Drop-out (25 %)
o Relu-activation

e Output layer
e Padding: causal
e Relu-activation
e Layer Normalization
Fully connected layer (1
response neuron)

Fully connected layer N. 3
(128 neurons)

e Relu-activation
e Drop-out (25 %) e Output layer
e Relu-activation
Fully connected layer (1

response neuron)

o Relu-activation
e Output layer
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Fig. 13. Occurrence of final RMSE after training of FFNNs, LSTM-RNNs, and
CNNs without early stop.

Table 7
Average values of MAE, MaxAE and MAEd [%] for FFNN, LSTM and CNN.

NN Metric HWFET UDDS Average

283 298 313 283 298 313
K K K K K K

MAE 2.03 2.61 1.97 2.95 4.06 2.03 2.61
FFNN MaxAE 124 10.7 6.34 9.46 10.8 6.07 9.31
MAEd 0.76 0.98 0.42 0.98 0.30 0.45 0.65
MAE 0.90 0.67 0.62 0.66 0.98 0.97 0.80

LS;;’[I;I MaxAE 299 220 2.06 247 288 334 266
MAEd 447 443 3.09 394 367 191 3.58
MAE 1.45 080 078 074 100 114 1.01
CNN MaxAE 491 240 248 381 321 355 3.40

MAEd 0.52 0.73 0.40 0.39 0.50 0.31 0.47

measurements as additional inputs did not lead to accuracy metrics
comparable with LSTM-RNNSs as reported in [9]. On the other hand, the
accuracy of the predictions of the LSTM-RNN and the CNN were com-
parable. However, the former performs slightly better than the latter, as
also indicated by MAE values in Table 7, even if the number of learnable
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Fig. 14. Offline validation of the NNs. Data collected during test reflecting
loads due to UDDS at 298 K: (A) SoC predictions, and (B) absolute errors.

parameters is significantly lower. Indeed, the chosen values for the
optimized hyperparameters selected in the CNN led to an architecture
with about 71,900 learnable parameters (Table 6), which is significantly
higher than those of a LSTM-RNN (about 4600) with 32 hidden units.
This result indicates that this type of RNN may have a greater potential
in processing time series, due to its inherent dynamicity. It is worth
noting that, since LSTM-RNN is a dynamic NN, the highest deviation in
the prediction (of about 27 %) from the actual SoC value occurs just for
the initial values of its output sequence. This is due to random initiali-
zation of the network status at an unknown value. Anyway, this error
converged to values below 2.5 % in a small time of about 15 s. As this
systematic error in the SoC prediction is quickly recovered, in Table 7,
for LSTM-RNN, MaxAE evaluated after 60s of the tests are reported to
localize further misprediction and discuss their cause. In the prediction
with the LSTM-RNN, deviations from actual values occurred at the end
of the test, whereas it was less localized for the CNN. This behavior of the
LSTM-RNN is in line with the results shown in the literature [18]. In
particular, in Fig. 14, the MAE of the LSTM-RNN was below 2.5 % until
the battery approached the fully discharged condition (up to about 10
%), then the error increased. The MAE of the CNN was generally slightly
higher than the LSTM-RNN, and more distributed. These qualitative
trends observed in representative examples plotted in Fig. 14, were
consistently observed during the analysis of most of the NNs that
resulted from the repeated training procedures for the three NNs.

For a deeper analysis of the trends and isolation of the influencing
factors, the distributions of the estimation errors were evaluated, plotted
in histograms of Fig. 15, and analyzed for the considered NNs over all
the test data. In particular, subfigure (A) reports the error distributions
during complete tests, whereas subfigure (B) isolated error distributions
when the battery cell approached the fully discharged conditions (SoC
< 30 %). The two subfigures show that the error distributions of LSTM-
RNN and the CNN for both above conditions are comparable, high-
lighting no sensible performance reductions. Additionally, absolute
error at the 5th and 95th percentiles below 2.3 %, revealed that the
largest error values (the tails in the distribution) were sporadic and had
limited impact on the overall prediction for these two NNs. This
generally results in slight underestimations of the SoC. On the other
hand, error distributions for the FFNN revealed, for low charge condi-
tions, an increase of the mean value and higher scatters. These increases
are in good agreement with the discussion of the results above, and in
particular, with over-estimations clearly visible in Fig. 14 (A), and the
increasing noise in Fig. 14 (B). One influencing factor that can explain
this performance decrease is the intrinsic non-linearities of the knee
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Fig. 15. Errors in the estimation for the FFNN, LSTM-RNN, CNN over the entire
data-sequencies of all of the test cases (A), and over the end of the data-
sequencies (B).

trend battery cell voltage at low SoC values. In these conditions, given its
inherent simplicity, the FFNN captures less information and de-
pendencies in the data. A promising corrective action for potential
improvement of this methodology with respect to FFNN use is the
characterization of the electric behavior of the battery cell with tighter
sampling for SoC values below 20 %.

To highlight the effectiveness of the proposed methodology, MAE
and MaxAE listed in Table 7 were compared with those summarized in
three of the most comprehensive and recent review paper [3,37,38].
Indeed, these review papers report values of either MAE or RMSE ach-
ieved by different NN-based estimators that were trained with experi-
mental data. These values were consulted and matched to define
reference values or ranges of accuracy for NNs similar to those analyzed
in this work. Values and ranges of accuracies obtained with were re-
ported in Table 8 to enable comparison with the performances of the
estimators trained in this work. Comparison revealed that NNs proposed
in this study resulted in values of error metrics comparable to similar
NNs trained with experimental data in other studies, with the only
exception of the FFNN, whose MAEs are greater than those indicated in
reference papers. This discrepancy can be explained as the consequence
of the variety of results achieved by the many studies that used FFNNs,
what were expressed with one or the other error metric. Average values
of MAE and RMSE achieved by LSTM-RNNs fit perfectly in the reference
range, whereas those of CNNs are slightly larger, but still comparable.
Additionally, different types of advanced estimation techniques were
included in Table 8 for comparison such as filter-based EKF and UKF.
Once again the comparison revealed that the values of the accuracy
metrics of the estimators proposed in this work have values comparable
or below UKF and EKF.

As observed during the discussion of the results related to LSTM-
RNNs, another important aspect to consider, in comparing perfor-
mances of the NN, is the eventual occurrence of SoC estimation errors at
the initial times of the output sequence due to unknown initial states.
Indeed, non-continuous operation of the battery can lead to stop and
resume of the estimation task with different initial SoC values that need
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to be correctly predicted. To address these issues, test data sequences
were split into 10 sequences, each spanning about 10 % of the SoC, and
prediction errors were analyzed. The analysis accounted for all of the 30
NNs obtained from repetitive training processes. Maximum absolute
errors at the beginning of each segment due to unknown initial value of
the SoC have been plotted in Fig. 16 (A), for all of the actual initial states.
Averaged values resulted equal to 4.5, 14.3, 5.2 % approximatively for
FFNN, LSTM-RNN, and CNN, respectively. A global trend can be
observed: FFNNs resulted insensitive to unknown values of the status at
previous time, as it is a static NN; the LSTM-RNN was the most impacted,
as expected from the previous analysis of the results shown in Fig. 14. In
particular, this behavior occurred starting from initial SoC values higher
than 30 %. Slightly higher error in initial predictions of CNNs can be
explained by considering lower amount of useful information extracted
with convolution involving padding values. Similar values for the pre-
diction errors with all the NNs at the beginning of the output sequences
when SoC is below 20 % can be explained by considering the above-
mentioned non-linearities occurring when the battery approaches the
complete discharge conditions.

On the other hand, it is important to highlight that the LSTM-RNN
quickly recovers the initial deviations from actual values. This is
clearly shown in Fig. 16 (B), which reports estimation in the first 30 s of
a HWFET test sequences at 313 K with an initial SoC value equal to 50 %.

The computational effort required for the SoC estimation with each
of the considered NNs was evaluated in terms of computational time on a
commercial computer with 13th Gen Intel(R) Core (TM) i9-13900H
2.60 GHz processor, and then compared each other. The time required
for SoC estimation of a data-point corresponding to a sequence time-step
was measured equal to: 1.7e73,1.9¢73, 3.1e73 s for FENN, LSTM-RNN,
and CNN, respectively. For sake of comparison, estimated computa-
tional times were normalized with reference to the slowest NN, i.e. the
CNN. LSTM-RNNs required 61.3 % of the time required by the CNNs,
whereas FFNNs had the fastest estimations with the 54.8 % of the time
required by the CNNs. One reason for the higher time required by CNNs
to process a single data-point can be that estimation at each time-step
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Fig. 16. SoC estimation error due unknown initial SoC value: (A) estimation
error due to unknown initial values in sequences with different initial SoC
values; (B) case of HWFET drive cycle at 298 K and initial SoC = 50 %.

Table 8
Averaged error metrics reported in review papers for different NNs and filter based SoC estimators.
Estimator FFNN LSTM CNN UKF EKF
MAE RMSE MAE RMSE MAE RMSE MAE MAE RMSE
This work 2.61 3.45 0.80 1.03 1.01 1.23 - - -
Integration of data in [3,37,38] 0.6-1.0 1.4-3.7 0.7 1.7-2.7 0.8 0.6 < 1.25 < 3.0 3.0
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involves convolution between kernels and previously gathered or
padded sequences.

Table 7 reports also the values of MAEd, calculated to evaluate the
robustness of the NNs, in case of random noise injected in the signals.
The injected signal was randomly generated to obtain a signal-to-noise
ratio of about 16 dB. Average values of the MAEd were equal to about
0.65 %, 3 %, and 1 % for the FFNN, LSTM-RNNs, and the CNNs,
respectively. The averaged value of the MAEd for the LSTM-RNNs was
the highest. This could be explained by considering the fact that the
injected noise could have altered the recurrent dependencies within the
signals, affecting the information leveraged by the LSTM-RNNs. MAEd
of the CNN and FFNN indicated superior robustness to the noise. These
results can be interpreted by considering that 1D filters tuned during the
training of the CNNs captured trends at different scales. On the other
hand, the FFNN received in input also averaged measurements of
voltage and current. This feature mitigated the effect of the noise
injected into the input signal. These results are in line with those shown
by Guo et al. for similar values of perturbances [10].

Finally, a completely different battery cell with cylindric geometry
and capacity of 2.6 Ah was considered as additional case study to verify
generalization capability of the proposed methodology to different
materials. Therefore, training and validation data were generated via
simulation with current loads obtained by scaling the same profiles used
for the previous battery to the new one. In the same way testing pro-
cedures were performed on experimental data. Fig. 17 shows SoC pre-
dictions during offline test reproducing loads due to UDDS at room
temperature.

As it can be clearly observed from the above figure, SoC followability
continued to be reliable also for this different battery technology for all
the considered NNs.

As brand new batteries were employed for the characterization,
modelling and experimental collection of test data, the methodology
mainly focused on the SoC evaluation at SoH = 100 %. On the other
hand, the proposed methodology is designed to incorporate information
related to the contribution of SoH. Indeed, this contribution can be taken
into account, in the development of battery simulation model, by
considering the effects of calendar and cycling aging on the battery cell
parameters on the basis of evaluations reported in the scientific litera-
ture [39,40].

4.4. Real-time SoC estimation with the NNs running onboard of the
STM32-Nucleo microcontroller

To fully demonstrate the feasibility of the proposed methodology on
battery management systems, two tests were carried out with different
current profiles. The first one consisted of current profiles reflecting
loads of an additional drive schedule, the LA92. The second one aims to
evaluate the performance of the considered NNs on a static profile,
intrinsically different from the training ones, related to a constant cur-
rent discharge. The results are respectively reported in Fig. 18 and
Fig. 19.

In Fig. 18 (A), the SoC estimation was performed in real-time, based
on measurements gathered by the STM32-Nucleo board, which is
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Fig. 17. Offline test of NNs on UDDS at temperatures ranging between 295 and
298 K.
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equipped with a 12 bits analog/digital converter (ADC). It is clearly
visible that the estimations had a greater scatter compared to offline
tests, as also shown in Fig. 18. For a better understanding of these re-
sults, the same data were also gathered with the NI acquisition system
for further offline estimations in MATLAB-PC environment, which are
reported in Fig. 18 (B). In particular, the shift toward noisier predictions
can be explained considering that a commercial development board,
with low resolution ADC, allowed the less precise acquisition of signals
than a more sophisticated system, such as the NI compact RIO. Alter-
ation due to measurement noise impacted the SoC estimation stability
especially when the battery cell approached low SoC conditions. This
because the OCV is dependent on temperature and SoC. For lower values
of the SoC, battery parameters calibration is more difficult because the
OCV varies with a knee trend and higher non-linearity, which may
require tighter sampling during the battery cell characterization. On the
other hand, during real usage of the battery pack, operative conditions
with SoC lower than 15 % are generally avoided to not affect its dura-
bility. For this reason, higher fidelity in the electric characterization of
the battery cell, when their SoC decreases, can improve this particular
aspect.

Since the evaluations of this paper are referred to NNs trained with
simulated data with dynamic current loads, an additional demonstrative
test was carried out with a constant curve discharge to test their
robustness to data with different patterns. The results are plotted in
Fig. 19. Once again, the FFNN had the poorest performances, whereas
the error of the LSTM-RNNs and CNNs stayed below 2 % for most of the
test with an increase to 6 % and 4 %, respectively once the battery
approached the discharged condition.

The computational time required by the NNs for SoC evaluation was
evaluated also when they were running on the STM32-Nucleo board.
Estimation times were evaluated approximatively equal to 1.10e72,
3.11e72 and 4.14e~2 s, for FFNNs, LSTM-RNNs, and CNN, respectively.

Finally, by considering also the results obtained and resumed in
Table 8 and Table 9, the feasibility of the proposed methodology has
been demonstrated in all the operative conditions for both off-line and
on-line SoC estimation procedures. The results obtained using model-
based datasets are comparable to the performance indexes reported in
the scientific literature based on experimentally collected training
datasets. Additionally, the expected decrease in performances due to
implementation on commercial boards with lower resolution was veri-
fied and considered in an acceptable range.

5. Conclusions

In this work, the use of model-based datasets for training SoC esti-
mators was proposed in a structured methodology. A lumped-
parameters electro-thermal model was calibrated and validated to
simulate the behavior of a Li-NMC battery cell, between 283 and 313 K,
with voltage and temperature errors within 0.1 V and 1.0 K. The vali-
dated model was used to generate data via simulations, reproducing the
operation of the battery, with load profiles reflecting about 190 real
drive cycles.

Simulated data were used to train three different NNs, namely:
FFNN, LSTM-RNN, CNN. Offline testing and comparison of those NNs
were performed on experimental data, reflecting the HWFET and the
UDDS standardized drive schedules at various temperatures. In partic-
ular, the testing was carried out with the estimator running on a com-
mercial laptop to compare the performances of NNs in terms of MAE,
MaxAE, computational time, sensitivity to unknown initial SoC value,
and noise robustness. The LSTM-RNNs estimated the SoC with the
lowest MEA and MaxAE, which were respectively equal to 0.80 % and
2.66 %. On the other hand, those NNs showed higher sensitivity to
measurement noise and initialization at unknown SoC value. FFNNs
showed the lowest computational cost, with significantly lower perfor-
mances, in terms of prediction accuracy (MAE = 2.6 % and MaxAE =
9.3 %), compared with the LSTM-RNNs and CNNs. Indeed, the inherent
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Fig. 18. Test of the NNs on the LA92 standardized drive schedule: (A, C) Real-time estimation with the NNs running on the STM32-Nucleo microcontroller, and (B,

D) offline processing of data gathered with NI acquisition system.
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Fig. 19. Test of the NNs with a constant current discharge experiment and the
SoC estimated in real-time with the NNs running onboard of the STM32-Nucleo
microcontroller: (A) SoC predictions, and (B) absolute errors.

Table 9

Average values of MAE and MaxAE [%] for FFNN, LSTM and CNN evaluated
over constant current discharge and an experiment reproducing loads due to
LA92.

NN Metric LA92 LA92 off-line CC disch. on-line
on-line
MAE 4.45 4.47 1.63
FFNN MaxAE 13.5 13.4 5.19
MAE 1.61 1.60 0.84
LSTM-RNN MaxAE 5.92 5.73 2.50
MAE 1.82 1.84 1.25
CNN MaxAE 7.2 6.23 4.89

simplicity of FFNNs enables faster calculations, without taking advan-
tage of recurrent dependencies within training data. Additionally, pre-
dictions with FFNN were not affected by initialization to unknown SoC
value. CNNs, with their capability to learn dependencies in the signals
on different scales with convolutions, showed a good balance between
the simplicity of FFNNs and the high accuracy of LSTM-RNNs, however,

required larger computational times to process one datapoint, compared
with FFNNs and CNNs.

The effectiveness of the proposed methodology for BMS development
applications was verified by implementing NNs on an STM32-Nucleo
microcontroller for real-time SoC estimation. In this case, despite the
lower measurement accuracy of the board, the experimental results
confirmed the differences among the analyzed NNs, and proved the
feasibility of the methodology for real onboard applications. Estimation
times with of the NNs running on the STM32-Nucleo board were
approximatively equal to 0.011, 0.031, and 0.0414 s, for FFNNs, LSTM-
RNNs, and CNNs, respectively.

Finally, the scalability of the proposed methodology to the case of a
battery with different geometry and capacity, such as Samsung
ICR18650-26 J, was demonstrated.

It is worth noting that such a methodology can be scaled for the
estimation of SoC in batteries with different applications, reducing the
number of experiments, needed to generate data to the sole validation
and test stages. The proposed procedure enables significant savings in
terms of time and resources to generate the training dataset, which ac-
counts for about 70 % of the data needed to implement data-driven
approaches.
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