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Abstract—The development of Battery Management Systems
(BMSs) able to determine the State of Charge (SoC) and the
State of Health (SoH) of lithium-ion accumulators through a
simple and cost-effective procedure is becoming of paramount
importance considering their potential impact on two key en-
abling technologies of the 21st century, i.e., electrical mobility
and energy production from renewable sources. In this paper,
a novel machine-learning model, based on the Random Forest
(RF) and suitable to BMS, is presented. The model is able
to estimate SoC and SoH under different operating conditions
by exploiting only impedance measurements derived from Elec-
trochemical Impedance Spectroscopy (EIS). In particular, we
provide an assessment of the proposed model by investigating
its performance in terms of accuracy and reliability.

Index Terms—Battery Management System (BMS), Electro-
chemical Impedance Spectroscopy (EIS), Machine Learning,
Random Forest, Battery State of Health

I. INTRODUCTION

According to the possible definitions, the State of Charge
(SoC) of a battery is the ratio of the available capacity to the
maximum possible charge that can be currently stored in the
device. Instead, the State of Health (SoH) of a battery is the
ratio of the maximum capacity that can be currently stored
in the device to the maximum capacity that the device was
able to store at begin of life. The development of an analytical
model able to determine the State of Health (SoH) or the State
of Charge (SoC) of a battery, is not a trivial task since they
depend on operating conditions as well as internal chemical
reactions that are quite difficult to be analyzed and modelled.

In fact, as several features of the battery, e.g., porosity and
conductivity, change over time, an effective analytical model
should take into account the internal structure of the battery,
chemical reactions, as well as external physical parameters
related to environmental and operational conditions [1]]. All
the parameters involved require correct definition of laws
and mathematical functions of their influence on the battery
behaviour as well as their possible interdependence. Therefore,
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the analytical model that needs to be extracted for its descrip-
tion usually requires a lot of information (not always available)
and deep knowledge of the system design and phenomena
involved, without which the model may be very inaccurate
[2]. An alternative solution to analytical models is to use data-
driven approaches, currently mainstream of complex systems
modelling. They don’t need deep understanding of the internal
mechanisms (but require large amount of data) and can provide
good accuracy of the results, if well-sized [3]. Among data-
driven methods, machine learning (ML) algorithms try to
automatically generate models able to describe the battery
behaviour, starting from training datasets. Machine learning
algorithms are able to obtain black-box or grey-box models
of real-world systems by exploiting dataset of previously
measured input-output pairs [4]. Extensive literature is present
on ML or Deep Learning (DL) techniques applied to SoC and
SoH extraction [5] [6].

In this paper, with the purpose of exploring ML algorithms
able to provide a good compromise between implementa-
tion complexity (directly in on-board Battery Management
Systems) and accuracy, an intuitive and fast ML technique
(Random Forest, RF) [7] is applied on an experimental dataset
made up of impedance measures obtained using Electrochem-
ical Impedance Spectroscopy (EIS) [8]], in order to obtain SoC
and SoH estimation for specific applications.

This paper is organized as follows. Sect. |lI| describes the
EIS technique. Sect. deals with related works. Sect.
deals with the procedure used to create the dataset that was
used to train and test the proposed algorithm. Sect. [V] deals
with the experimental results and, finally, Sect. Mj deals with
conclusions.

II. APPLICATION OF EIS TO LITHIUM ION BATTERIES

EIS is a characterization technique typically used to measure
the impedance of an electrochemical system over a range
of frequencies. The measurement method is based on the
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application of a low-amplitude sinusoidal current or voltage
signal of a certain amplitude and frequency, then measuring
the magnitude and the shift of the voltage or current response
signal, respectively [9]. In the case of lithium-ion batteries,
EIS is applied for multiple purposes. For instance, it is used
to study the physical and chemical processes that occur inside
the cell such as charge transfer, diffusion, interfacial reactions,
as well as to characterize and model the degradation phenom-
ena of the active materials [10]. Since EIS is non-invasive
analytical method, it can also provide real-time information
on lithium-ion batteries as state of charge (SoC) [11]], state
of health (SoH) [12]] and hazard conditions which can lead
to thermal runaway accidents [13]]. Furthermore, it can be
used as a quality check tool for cell-to-cell variation due to
manufacturing process [14].

Much of this information can be extrapolated by a graphical
analysis of the Nyquist plot, where the imaginary part of
the impedance is plotted against the real part, or from Bode
plot, where magnitude and phase are plotted as a function of
frequency. In fact, according to the position in the frequency
range, which for lithium-ion batteries typically spans from few
millihertz (mHz) to tens of kilohertz (kHz), different features
and related information can be found [15].

For instance, in the upper frequency range, a typical induc-
tive behaviour can be representative of the geometry of the
cell, although artefacts from measurement must be separated.
The high-frequency impedance value having phase zero, and
matching with the real axis intercept in Nyquist plot, consti-
tutes the internal resistance of the cell. This value provides
information about all ohmic drops due to electrolyte, active
materials, current collectors, and electrical contacts. The mid-
frequency range of the impedance is representative of all elec-
trochemical processes occurring at the electrode/electrolyte
interfaces, which combine resistive and capacitive effects. This
part of the impedance spectrum contains information about
charge transfer kinetic at the anode and cathode, or additional
layers present on the surface of the electrodes such as the
solid electrolyte interphase (SEI) typically present at the anode
side of the lithium-ion battery. In the Nyquist plot, these
phenomena can be observed as single semicircles although
often they appear as a single pseudo-semicircle due to the
overlapping of the processes. Finally, the low-frequency range,
which can be observed as a straight line in the Nyquist plot,
is mainly representative of the lithium-ions diffusion through
the electrodes and provides information on the physics of the
active materials such as their porosity. Since, for a lithium-
ion cell, the individual electrochemical phenomena discussed
above are dependent from SoC, internal temperature, and the
type of degradation undergone by the active materials due to
aging, the analysis of the impedance spectrum and its evolution
over time can provide information in this regard.

Although EIS is considered a powerful technique able to
identify most of the electrochemical processes characterizing
the lithium-ion battery behaviour, it is not frequently used
for this purpose due to the complex interpretation of the data
[16]. This situation is very common when the impedance data

come from an EIS measurements carried out on full lithium-
ion cells, as for real-time monitoring where destructive disas-
sembly of the cell is not practicable. In this case, the single
elementary processes of both electrodes are overlapped in a
single spectrum making extremely difficult its deconvolution
to separate the phenomena and then extrapolate the desired
information.

III. RELATED WORKS

EIS data analysis for extraction of special features describ-
ing the state of the battery can be facilitated using automated
algorithms, based on equivalent circuital and physics-based
model [17]], mathematical approaches [18]], or data-driven
methods, which can extrapolate the main features and simply
model the phenomena without focusing on the complex prin-
ciples at the base of physical and electrochemical behaviour
of the lithium-ion cells [19].

Several machine learning methods were proposed in the
literature in order to obtain accurate models for Li-ion batter-
ies, e.g., Neural Networks (NN) [20], Support Vector Machine
(SVM) [21]], or Fuzzy Logic [22] classifiers.

In [5]] the authors presented a comparison between several
ML algorithms that were used in literature to determine the
SoC and SoH of a battery, such as deep learning, SVM, and
convolutional neural networks (CNN). They concluded that
the main drawback of deep and machine learning algorithms
is the large computational burden, in particular when training
is performed on a large dataset.

However, the comparison between ML algorithms presented
in [5] did not consider Random Forest. As Random Forest is
a ML algorithm characterized by lower computational burden
than CNN and deep learning 2], it can be used advantageously
for estimating SoC and SoH.

In [4]] the performance of a SVM-based model was com-
pared with the performance of two equivalent circuital mod-
els (ECMs), thus demonstrating that SVM-based algorithm
achieved better accuracy than ECM models, at the cost of a
higher computational cost. However, in [4] only SoC models
were compared and only one kind of discharging cycle was
considered. Conversely, the system proposed in this work is
able to predict both SoC and SoH under different operating
conditions characterized by different temperatures and differ-
ent discharging cycles.

IV. EXPERIMENTAL DATASET

The experimental dataset used in this work derives from a
measurement campaign carried out at the Institute of Advanced
Energy Technologies (CNR ITAE) with the scope of inves-
tigating aging mechanisms in lithium-ion batteries operating
under different conditions. The battery selected for this activity
is a Samsung (SAMNIR) 18650-35E cylindrical cell with a
high-energy density of 240 Wh/kg and a nominal capacity
of 3.35 Ah. The cell consists of a Lithium-Nickel-Cobalt-
Aluminium oxide (NCA) cathode and a mixed graphite/silicon
anode separated by an organic liquid electrolyte. The exper-
imental setup used for the electrical characterization, shown



TABLE I
TESTED CHARGING/DISCHARGING CYCLES

ID Cycle Charging Discharging Temperature
1| STD 0.3-1C 1=1020 mA 1=3400 mA 25°C
up to 4.2 V down to 2.65 V
2 | STD 0.3-1C 1=1020 mA 1=3400 mA 45°C
up to 42V down to 2.65 V
4 PFR P=2.65 W, 2 min; | P=2.65 W, 2 min; 45°C
P=53 W, 1 min | P=53 W, 1 min
5 PFR accel P=53 W, 2 min; | P=5.3 W, 2 min; 25°C
P=10.6 W, 1 min | P=10.6 W, 1 min
6 PFR accel P=53 W, 2 min; | P=5.3 W, 2 min; 45°C
P=10.6 W, 1 min | P=10.6 W, 1 min
7 | STD 0.6-1C 1=2040 mA 1=3400 mA 25°C
up to 4.2 V down to 2.65 V
8 | STD 0.6-1C 1=2040 mA 1=3400 mA 45°C
up to 4.2V down to 2.65 V
9 | STD 0.6-2.5C 1=2040 mA 1=8500 mA 25°C
up to 42 V down to 2.65 V
10 | STD 0.6-2.5C 1=2040 mA 1=8500 mA 45°C
up to 4.2 V down to 2.65 V
12 PFR P=2.65 W, 2 min; | P=2.65 W, 2 min; 25°C
P=53 W, 1 min | P=5.3 W, 1 min
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Fig. 1. Representation of battery and experimental setup.

in Fig. [ includes a Basytec XCTS battery cycler [23] and
an Autolab PGSTAT302N potentiostat [24] for the electro-
chemical analysis of aged cells, equipped with a multiplexer
capable of managing up to 10 channels. An Angelantoni
Discovery DM340BT climatic chamber was used to control
the temperature during the execution of the tests, maintaining
stable the required environmental conditions.

A. Ageing profiles of the cells

The measurement campaign has been carried out on 10
identical lithium-ion cells aged according to ten different
operating profiles, which can be grouped in standard (STD)
full charge/discharge cycles, and a power frequency regulation
(PFR) endurance test as indicated by the standard IEC 61427-2
Ed.1.0 [25]), reported in Fig. [2(a) and in Fig. [2b), respectively.

The STD cycles consist of current profiles involving a
constant current (CC) discharge from 100% to 0% SoC and
a constant current-constant voltage (CC-CV) charge to 100%
SoC, separated by 1 h rest periods. The PFR endurance test is
a power profile made for large batteries, which requires that
the storage system is able to provide symmetrical charging
and discharging phases at constant power (CP) of 500 kW for
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Fig. 2. (a) STD and (b) PFR aging profile

2 min and 1000 kW for 1 min, respectively. In this case, the
profile was scaled down to match with maximum acceptable
power for the selected lithium-ion cell. The cycle, consisting in
a total duration of 6 min, was continuously repeated until the
minimum voltage threshold of the cell is reached. Moreover,
in order to accept the maximum power step without reaching
the upper voltage threshold of the cell, the test was started at
90% SoC.

In order to evaluate the effect of two of the main stressing
factors (temperature and charging rate, C-rate), both STD and
PFR profiles were performed with different charge/discharge
current or power (Tab. . In particular, the test cells were
subjected to three different STD cycles consisting of a man-
ufacturer’s standard cycle (0.3 C charge - 1 C discharge) and
two accelerated versions at higher C-rates (0.6 C charge - 1 C
discharge and 0.6 C charge - 2.5 C discharge, respectively).
The other cells were subjected to two PFR profiles, one at
nominal power of the cell (Pmin=5.3 W, Pmax=10.6 W) and
the other one at a less stressful version obtained reducing by
half the required power (Pmin=2.65 W, Pmax=5.3 W). All 5
aging cycles were carried out at 25 °C and 45 °C. In this way,
a dataset with 10 classes, one for each pair of aging cycle and
temperature, can be obtained.

B. Check-up tests

The SoH level of the cells was periodically monitored by
dedicated parametric check-ups, performed every 25-50 cycles
for STD operating profiles or approximately every 10 days for
PFR endurance tests, to measure their residual capacity and
internal impedance. Capacity test was performed according
to the manufacturer’s protocol consisting in a full charge in
CC mode at 0.5 C up to 4.2 V cut-off and CV mode to
68 mA minimum current, followed by a CC discharge at
1 C up to 2.5 V cut-off voltage, both steps separated by
1 h rest at 23 °C. For a statistical analysis, the capacity test
was repeated three times consecutively in order to record at
least three capacity measurements for each check-up, then
calculating their average value. Moreover, the capacity test was
performed at 12 different aging levels and 1 time at begin of
life (BoL), therefore populating the experimental dataset with
13 data points for each cell. Fig. [3] shows the evolution of
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Fig. 3. Capacity loss as function of number of cycles

the capacity of the ten cells subject to the operating profiles
described above as a function of the number of cycles, which
matches with the actual number of cycles in the case of STD
profiles. On the other hand, since the short charge/discharge
steps of PRF profile do not allow the execution of full cycles,
the equivalent full cycle number (/V,) was used. It is defined
according to Eq. [T] as the ratio between the cumulative energy
supplied (E.4) by the cell during the PFR test with respect to
the nominal energy (E,) of the new battery.

Eeq (Wh)

Ne = E,(Wh) 0

The cells follow a trend of capacity loss more or less
marked according to the type aging profile (STD or PFR) and
the related C-rate and temperature imposed. Cells 9 and 10,
operating at the highest C-rate (0.6 C - 2.5 C), show greater
degradation, leading to an overall capacity loss of about 17-
18% after 500 full cycles. Moreover, the effect of the ambient
temperature has less impact on their capacity loss. At moderate
C-rate, as in the case of Cells 1 and 2 operating according to
the manufacturer’s profile (0.3 C - 1 C), the capacity losses at
500 full cycles are about 13% and 17%, respectively. Unlike
high C-rate case, the higher operating temperature of 45 °C
manifests its effects, causing a greater loss of capacity. Similar
considerations can be done for Cells 7 and 8 operating at
intermediate C-rate (0.6 C - 1 C), which show capacity losses
at 500 full cycles of about 14% and 18%, respectively. In
this case, the accelerated degradation effect induced by the
higher operating temperature is still observed, although the
combination of the intermediate C-rate used and the higher
temperature (as for Cell 8) causes a similar loss of capacity
as for Cell 10. On the other hand, Cells 4, 5, 6 and 12 aged
under PRF endurance tests, show reduced capacity losses in
the range 6-10%, then confirming the less degradation effect
of PFR than STD cycle aging [26]. The different N, of each
PFR cell in Fig. 3 is due to the different amount of energy
required by each operating profile at a given test duration time.
Impedance analysis of the cells was performed by EIS tech-
nique under controlled temperature of 25 °C in potentiostatic
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Fig. 4. Evolution of impedance with cycle aging at 100% SoC in Nyquist
plots. (a) Cell 6; (b) Cell 10; (a’, b’) insets of high frequency regions.

mode with an amplitude signal of 10 mV. Before of each EIS
measurement, the cells were allowed to reach their steady state
condition (stable open circuit voltage - OCV) by waiting for
at least 1 h after any external perturbation. Each cell was
tested under 5 different SoC (100%, 80%, 50%, 20%, 0%)
and 12 SoH levels (60 battery states in all). An EIS spectrum
was recorded per each battery state (SoC; SoH), therefore the
experimental dataset was populated with 60 EIS spectra per
cell. OCV values recorded at the same SoC levels were also
used to populate the dataset.

In a first moment, 12 cells were used, thus obtaining an
experimental dataset of 720 EIS spectra in all. However,
two cells were later discarded because they showed some
anomalies, thus obtaining the final version of the experimental
dataset made up of 600 EIS spectra related to 10 cells.

Each EIS spectrum contained the impedance measures of
each cell in the frequency range 10 mHz - 10 kHz with 10
points per decade. As a result, each EIS spectrum included 60
points of impedance (real and imaginary parts) measured at 60
frequencies. Examples of EIS spectra in Nyquist plot showing
the impedance evolution with PFR and STD cycle aging are
reported in Fig. ffa) for Cell 6 and in Fig. f[b) for Cell 10,
respectively. For ease of viewing, only the spectra recorded at
100% SoC and varying SoH state are shown for both cells.

The shift of the spectrum to the right is indicative of increase
in the internal resistance of the cell. Furthermore, the clear
separation of two semicircles in the region of medium-high
frequencies, can be related with the thickening of the SEI
layer and with the increase in resistance to charge transfer.
The comparison between the spectra of the two cells highlights
a marked difference in terms of increase of impedance with
cycle aging. Similar behaviours are for all other cells of
the dataset. This confirms the close correlation between cell
impedance and cycle aging, which validates the EIS analysis
as an optimal tool for lithium-ion cell diagnosis.

V. EXPERIMENTAL RESULTS

ML models proposed in this paper are based on Random
Forest (RF) [7]]. In comparison to SVM and NN, RF models
require less computational power [2] and therefore are better
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TABLE III
CROSS-VALIDATION RESULTS (SOH) (RF REGRESSOR WITH € = 5,d = 4)

1D Cycle Temperature R2 R2 | MAE
Training | Test
1 | STD 0.3-1C 25°C 0.998 {0.993{0.205%
2 | STD 0.3-1C 45°C 0.996 {0.990{0.332%
4 PFR 45°C 0.997 10.991(0.123%
5 | PFR accel 25°C 0.997 10.991(0.158%
6 | PFR accel 45°C 0.998 [0.994(0.135%
7 | STD 0.6-1C 25°C 0.996 |0.975(0.798%
8 | STD 0.6-1C 45°C 0.997 10.992{0.339%
9 | STD 0.6-2.5C 25°C 0.998 |0.9950.280%
10| STD 0.6-2.5C 45°C 0.998 {0.9920.285%
12 PFR 25°C 0.999 {0.996 | 0.095%
[ [ Average | 0.997 [0.991]0.275% |

mse = 0.0 mse = 0.0
samples = 10 samples = 6
value = 20.0 value = 0.0

Fig. 5. The RF decision tree (e = 5 trees and depth d = 4) for SoC
classification, suitable to batteries aged with the aging cycle ncycie = 1.

TABLE 11
CROSS-VALIDATION RESULTS (SOC) (RF CLASSIFIER WITH e = 5,d = 4)

ID Cycle Temperature R2 R2 | MAE
Training | Test
1 | STD 0.3-1C 25°C 0.998 |0.9980.43%
2 | STD 0.3-1C 45°C 0.998 [0.993]0.57%
4 PFR 45°C 0.999 [0.9990.13%
5 | PFR accel 25°C 0.999 [0.995]0.63%
6 | PFR accel 45°C 0.999 [0.996|0.57%
7 | STD 0.6-1C 25°C 0.997 10.992]0.80%
8 | STD 0.6-1C 45°C 0.999 [0.996 | 0.29%
9 | STD 0.6-2.5C 25°C 0.999 |0.9980.33%
10| STD 0.6-2.5C 45°C 0.999 [0.995]0.76%
12 PFR 25°C 0.999 [0.997]0.33%
[ [ Average 0.998 10.995]0.50% |

suitable for low-cost BMSs. RF models are based on a set
of decision trees optimized during the training procedure.
Basically, each RF decision tree can be considered as a black
box model that describes the battery behaviour under certain
conditions. The final output, i.e., SOC or SoH, can be obtained
by averaging the output provided by different decision trees.

The performance of RF-based models are affected by the
maximum depth (d) and by the number of decision trees ()
used for the models.

Performance results reported in this section have been
obtained using the dataset described in Sect. considering
a 80:20 cross-validation [27], i.e. by considering 5 random
partitions, each made up of 80% of data used for the training
set and 20% of data used for the test subset. The training
subset was used to generate a set of RF models with up to
e = b trees each with a maximum depth equal to d = 4.

The model is composed by two levels. A first level was
generated in order to recognize the aging cycle (n¢yce) to
which the cell was subjected to. The model, whose final
decision tree is shown in Fig. [6l assumes as inputs the
temperature and an equivalent average time T¢, of the battery,
where T, can be calculated by dividing the overall operational
time and the number of equivalent cycles N, (see eq. .

The second level of the model is able to predict SoC and
SoH values. More precisely, ten RF models, one for each
aging cycle, were generated for SoC estimation. These models
exploit the open circuit voltage (OCV) and EIS features as

input variables. As an example, in Fig. 5] the RF model used
to predict SoC values for the aging cycle ncyce = 1 is shown.

Another set of ten RF models was generated and used as
SoH estimators. In this case, the number of equivalent cycles
N¢q and EIS features have been used as input variables.

The performance of the proposed model was measured by
calculating the mean absolute error (MAE) and the coefficient
of determination (R2) defined respectively as follows:

Z?:1 lyi — il
MAFE = N
i1y —9)?
where y; is the true value, y; is the value estimated by the
model and § = £ >7", ;.

The coefficient of determination R2 is a measure of how
well a classification (regression) algorithm predicts the class
(or the value) associated to a given item of the testing dataset.
In general, it is bounded between 0 and 1 and greater values
represent more reliable models.

Note that in Tab. [l and Tab. [[TT, R2 metric has been reported
for both the training set and the test set.

The average values of MAE and R2 metrics, calculated over
the 5 partitions, are shown in Tab. || and in Tab.[[II| for SoC and
SoH, respectively. As it is possible to observe, the proposed
model achieves an average MAE of 0.50% and 0.275% in SoC
and SoH estimation, respectively. Moreover, the coefficient of
determination R2 is always higher than 0.990. This confirm
the effectiveness of the proposed system.

2

R2=1- 3)

VI. CONCLUSIONS

In this paper, we proposed a Random Forest model for
estimating SoC and SoH of Li-lon batteries. The proposed
model is able to predict SoC and SoH values by exploiting
values of the open circuit voltage (OCV) and a few EIS fea-
tures. Experimental results show that the model is effective in
determining SoC values even considering different discharging
cycles. In particular, in all experiments the measured MAE was
lower than 0.80% and R2 was higher than 0.992.

The system appears also to be effective in determining
the SoH using as input the number of equivalent discharging
cycles and EIS features. In this case, the measured MAE was



Temp <= 35.0
gini = 0.87
samples = 55

class=17

valie=[9,7,7,6,6, 15, 15, 5,4, 3]

TV

Teq <= 351
gini=0.74
samples = 26
value = [9,0,0, 6,0, 15,0,5,0, 3]
/ =
Teq<=32 Teq <= 4.06
gini= 038 gini=0.61
samples = 13 samples = 13
value = [0, 0,0,0,0, 15,0,5,0,0] value = [9,0,0, 6,0, 0,0, 0,0, 3]
chiss=7 chass = |

/

Falsz

p
value = [0, 7, 7, 0, 6,0, 15, 0, 4, 0]

Teq<=3.34
gini =075
samples = 29

class=8

gini= 00 sl

samples = 4 Ea

value = [0, 0, 0, 6, 0, 0,0, 0, 0, 0] )
class=5

il
value = [9,0,0,0,0,0,0,0,0, 3]

class = 1

\

Teq<=542
gini = 0.65
samples = 16
value = [0,7, 7,0, 6,0,0,0,0,0]
class =2

|

Teq <= 392
gini=05

gini= 0.0
samples = 6
value = [0, 0,7, 6,0,0,0,0,0, 0]
class=4

samples = 10
value = [0,7,0,0,6,0,0,0,0,0]

class=2

VAN

gini=00 gini=00
samples = 5 samples = 5
valuz = [0,0,0,0,6,0,0,0,0,0] | | value = [0, 7,0,0,0,0,0,0,0,0]
class = 6 chss =2

Fig. 6. The RF decision tree (e = 5 trees and depth d = 4) for aging-cycle classification.

lower than 0.798% and the achieved R2 was higher than 0.990
for all discharging cycles investigated.

As future works, the proposed model will be integrated in a
BMS in order to validate its performance in a real-world and
dynamic scenario.
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