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Giovanni Chiorboli™, and Ilaria De Munari ', Senior Member, IEEE

Abstract— Nowadays, lithium-ion (Li-ion) is among the most
used chemistry for batteries and shows an increasing market
growth rate; however, to reduce failure or safety risks, the battery
state-of-charge (SoC) must be accurately monitored and pre-
dicted by a suitable battery management system (BMS). Artificial
intelligence (AI) techniques have been extensively applied to this
field with good results. Typically, Als are trained on dynamic
profile data, emulating battery charging and discharging cycles
related to the application under test. In this article, a novel
approach is presented: application-independent constant current
profiles are used to train a support vector regression (SVR)
algorithm. To enhance the estimation accuracy, the output of
the obtained SVR model was postprocessed. Finally, an error
correction algorithm was applied to further reduce the estimation
error. The system is validated over test cycles, representing
different application scenarios for the battery cell operations. For
the development of the proposed approach, a total of 105 constant
current discharge profiles for the training and 20 realistic test
cycles for the validation have been considered, including standard
automotive cycles and a generic battery-powered power tool. The
performance in the SoC estimation resulted in a root-mean-
square error (RMSE) of 0.94% and a mean absolute error
(MAE) of 0.75% over all the test cycles. Error metrics are
comparable to those obtained for SoC estimation AI algorithms
based on traditional approaches using application-dependent
battery profiles for the training phase.

Index Terms— Batteries, battery management system (BMS),
lithium-ion (Li-ion) batteries, state of charge (SoC), support
vector machines (SVMs).

I. INTRODUCTION

HE global lithium-ion (Li-ion) battery market is expected

to reach U.S. $182.53 billion by 2030, with a compound
annual growth rate of 18.1% from 2022 to 2030 [1]. Many
portable electronic device products based on Li-ion batteries
have been developed, ranging from mobile phones, laptops,
medical instruments, and wearable devices to high-power
applications, including cordless power tools [2], [3]. Nowa-
days, Li-ion-based chemistry is among the most commonly
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used, a success that can be ascribed to several advantages [4]
such as high energy density, low self-discharge rate, high
voltage of about 3.6 V, lightweight, good safety, and excellent
cycling performance in addition to a sharply decreasing trend
in the cost over the next years [5].

Battery management system (BMS) plays a key role in
an efficient, safe, and reliable operation of a battery pack.
The BMS guarantees continuous control and monitoring,
acquiring voltage, current, temperature, and evaluating the
state-of-charge (SoC) and the state-of-health (SoH) indicators
to prevent the cell to work outside the safe operating area and
avoid overstress situations leading to premature failure and
safety risks [6]. Indeed, a battery pack is usually composed of
modules consisting of several cells connected in series and/or
in parallel to obtain the desired pack voltage and capacity;
however, due to manufacturing tolerances, they do not work
exactly in the same way, and the battery pack does not show
its maximum capacity. Different cell balancing methods have
been proposed in the literature [7], [8], and different topologies
can be employed for a battery pack, and therefore, for the
BMS design [9], [10], [11]. But, for all of them, it is always
crucial to know the SoC of the cells to ensure the optimum
functioning of the battery pack [12]. The battery SoC gives
information on the available battery energy and represents the
foundation of the BMS. It provides the percentage of the
remaining capacity with respect to the maximum available
one [13]; however, since batteries are complex electrochemical
devices with a behavior depending on various conditions,
accurate SoC estimation is a challenging task. SoC cannot be
directly measured and can only be predicted from measurable
parameters such as cell voltage, current, and temperature. For
this reason, many battery SoC evaluation approaches with
different levels of accuracy and implementation complexity
have been studied and reported in the literature. To assess the
goodness of each approach, along with the prediction accuracy,
some other parameters can be taken into account, such as the
capability of an online/offline computation, the suitability to
be applied to in situ measurements or only in a laboratory
environment and the need to determine the battery model
parameters with prior experiments [13].

Artificial intelligence (AI) techniques have recently gained
significant importance in battery SoC estimation [14]. The
inferred models, i.e., the data-driven models (DDMs), do not
require the implementation of an equivalent battery circuit
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(like in the electrical circuit model approach [15]) nor deep
knowledge of the electrochemical process inside the battery
(electrochemical model [16]). The DDM has the substan-
tial advantage of describing the behavior of the battery
without prior knowledge of its internal structure. Various
DDMs, including artificial neural networks (ANNSs), Adaptive
Neuro-Fuzzy Inference Systems, deep neural networks (DNN),
and support vector machines (SVM), have been presented in
the literature [14], [17], [18]. Among the presented models,
SVM has been recognized as one of the most interesting to
predict SoC for its capability to deal with complex nonlinear
functions [19]; moreover, it is suitable for implementation on
embedded systems based on field programmable gate arrays
(FPGASs) or microcontrollers, facilitating the integration in a
BMS [20].

Usually, the DDM is trained, validated, and tested on
current, voltage, and temperature measurements acquired,
emulating the battery load use. In [14], a review of Al-based
approaches to SoC estimation for Li-ion batteries is presented.
SVMs, Gradient boosting, and ANN techniques are reported
and compared. The application field is the electric vehicles
(EVs), and all the models refer to driving cycles for both
training and testing. The same approach is reported in [21]
and [22], where battery SoC estimation models based on deep
learning and machine learning techniques are discussed. Also,
for evaluating the SoC for energy storage systems for grid
services, the DDM is trained and tested on application-specific
data as acquired in the field [23], [24]; therefore, the system
validation is based on data that are similar to those used in the
training phase. Actually, this allows obtaining good accuracy
in SoC prediction but makes the developed system dependent
on the particular application and on discharge profiles used in
the training. For example, in the field of EVs, the existing
SoC estimation is not suitable for vehicles running with
velocity profiles that are different from those used to define the
model [6]. Changing the application context, therefore, implies
the reexecution of the training procedure, which is usually
very long and requires the recording of a new large number
of measurements; moreover, if the system is implemented on
an embedded solution for in situ measurements, a redesign
would be needed.

In this article, a novel approach is proposed. A DDM
model, based on the SVM regression support vector regression
(SVR), is designed by exploiting a series of constant current
cell battery discharge curves. Then, the trained model is
applied to different cycles, emulating the discharge profile
of generic load-absorbing currents in the same range of the
training set. The aim is to train a model independently of
the specific application: this phase could be easily carried
out by battery manufacturers or research laboratories, freeing
the BMS designers from this process. A very first attempt to
implement this approach has been presented in [25]; however,
in that work, only five discharge cycles have been collected for
three different constant currents. Four of them have been used
for the training and the remaining for the test. The validation
of the approach was then very limited and performed over
the same cycles exploited in the training. Instead, in this
proposed work, the SVR trained with the constant current

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT

profiles is tested with a set of random currents in the same
range but with nominal values that can also be different from
the train currents; moreover, as a case of study, the proposed
approach is used to estimate the SoC during the operation
of a battery-powered drill. The discharge profile of such a
tool has been acquired following the discharge profile reported
in [26]. Finally, the approach was verified considering a US06
supplemental federal test procedure (SFTP) driving cycle [27].

The accuracy of the SoC estimation was, moreover,
improved by adding a digital signal processing phase at the
output of the trained model, consisting of a low-pass filter
(LPF) and a calibration algorithm. This stage was conceived to
be performed on board with calibration parameters computed
during the first discharge cycles according to the selected
application.

Hence, the contribution of this article can be summarized
as follows.

1) A new training approach based on constant current
discharge profiles, aiming at minimizing the burden
of training a specific SVR model for each different
application field.

2) A new method for the SoC assessment that improves
the estimate obtained from a conventional SVR through
a calibration algorithm.

This article is organized as follows: in Section II, the
related works are discussed; in Section III, a description of
the proposed method is presented; then in Section IV, results
are presented; finally, in Section V, conclusions are drawn.

II. RELATED WORKS

The SVM technique belongs to the supervised learning
algorithms. Unlike unsupervised learning, all the supervised
learning algorithms require input—output pairs for the training
phase, in which the output represents the expected value for
the specific input vector. In the SoC estimation application,
a set of battery-related features is the input vector x; to be
mapped to the corresponding battery cell SoC (i.e., the output
SI)\C). In the regression form of the SVM algorithm, from a
new input vector x, the expected output SoC can be inferred
by applying the regression function in the following equation:

NSV

SoC = > (e — ) K (x,x)) +b (1)

i=1

where o; and o;* are the Lagrange multipliers, K (x, x;)
is the kernel function, NSV is the number of Support Vec-
tors, and b is a bias term. In (1), the kernel function has
the highest impact on the algorithm performance. Different
choices for the kernel function are available (e.g., linear,
polynomial, radial basis function (RBF), etc.) [19], depending
on the exploited input features and the expected model output.
Once the input features and the kernel function have been
defined, the other parameters are obtained after solving the
SVM quadratic problem [14]. Different parameter sets result
in different solutions to the quadratic problem, hence in
different model performance. An iterative optimization process
is usually applied to the training process to find the param-
eter set that allows achieving the minimum estimation error.
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For each iteration, the obtained model is validated with the
k-fold cross-validation technique [28], [29]. This process can
be time-consuming. As the algorithm is, moreover, usually
trained and then tested on the same application-specific pro-
files, the training process must be repeated if the context
changes.

In the literature, root mean square error (RMSE) and
mean absolute error (MAE) metrics are commonly adopted
to evaluate the performance of the reported methods. They
are defined as

1 mo - 2
RMSE = \/ —~ Zk:l (SoCx — yi) )
l — —
MAE = — Z ISoC, — yi| (3)
k=1

where So/\Ck represents the predicted value of SoC at the
observation k£ while y; is the observed value and m is the
number of observations.

In recent years, several works have been presented on the
evaluation of the SoC of Li-ion batteries by model-based
approaches. Most of them are focused on EV applications, and
only a few works report studies on different fields [23], [24].

In [30], a hybrid method is proposed, combining an
improved bidirectional gated recurrent unit (IBGRU) network
and unscented Kalman filtering (UKF). The method is trained
and validated on Li-NMC data emulating UDDS and US06
driving cycles, obtaining an RMSE of 1.12% and an MAE
of 0.83%. A joint approach of adaptive extended Kalman
particle filter (aEKPF) with Bayesian belief network (BBN) is
presented in [15]. A model was trained under UDDS driving
cycle conditions and another model for ECE conditions. For
each model, the tests are performed over the same profiles
used for the training with a maximum RMSE of 0.38% and a
maximum MAE of 0.52%.

A Bayesian-optimized bidirectional long- and short-term
memory neural network (NN) is introduced in [31] with results
in terms of RMSE and MAE of 0.89% and 0.60%, respectively.
In [32] a long short-term memory (LSTM) DNN is developed,
and to enhance SoC estimation, the input of the DNN is
augmented, introducing information from an equivalent circuit
model. Differently from the other works, here, real-world
driving profiles were used to train the model. An RMSE and
an MAE of 1.85% and 3.35% were computed.

In [33], a physics-constrained NN was trained on data col-
lected by applying four different driving cycle current profiles
to the battery cell and then tested with a single hybrid driving
cycle case consisting of the same four profiles, obtaining an
RMSE of 0.36% and an MAE of 0.83%; moreover, this model
has a maximum RMSE in validation of 0.67%.

The least squares SVM (LSVM) model was trained in [34]
on battery data emulating FUDS driving cycles and tested
on DST cycles, obtaining an RMSE of 1.14% and an MAE
equal to 7.78% at 25 °C. Great improvement in the algorithm
is obtained by introducing models, including sliding window
methods with feedback vectors (RMSE = 0.20%, MAE =
0.21%). This strategy, however, complicates the model, espe-
cially for implementation on embedded devices.

SVR has been successfully applied to various nonlinear
classification and regression problems [35]. It works on the
principle of SVM, but it predicts the value of output instead
of classifying the output into categories. In [36] several kernel
functions of SVR were investigated and applied to the SoC
estimation problem. The RBF kernel has been demonstrated
as the best solution. It has also been proved that the use of
only three features (voltage, current, and temperature) reduces
model complexity with a minimal impact on performance.
An RMSE of 1.18% and an MAE of 0.94% have been
obtained. In [37], an online SVR machine able to update the
model in real time is presented. The RMSE obtained during
the test of the system is 1.72%, while the MAE is 6.58%.

SoC estimation for applications different from EV is
reported in [23], where, with an ANN, an RMSE of 1.6%
and an MAE of 1.2% are reached.

In all the aforementioned articles, experimental results
are carried out on tests performed using the same
application-related profiles also exploited in the training phase.

Few works so far have investigated the more general case
in which training and testing are not so related to each
other. In [22], an SVR approach is adopted, employing a
low-complexity linear kernel combined with an ant colony
optimization (ACO) algorithm. In this work, the algorithm is
trained with different EV profiles than those used in the test,
obtaining an RMSE and MAE of 1.4% and 1.2%, respectively.

In [38], an RBF-NN has been exploited. The training set
was composed of constant current discharge cycles mixed with
EV discharge cycles; thus, the training set was not completely
application dependent. When tested with application-specific
profiles, the authors found an RMSE of 4.45%. If the test
set is composed of both specific profiles and constant current
profiles, as the training set, the error drops to less than 2%.
In [39], the problem of obtaining a general model is addressed
with transfer learning. Here, the focus is not to extend the
estimation capability of the model to other discharge profiles
but to other battery types. The training set was composed of
different automotive-related driving cycles, and the test set was
a mixed drive cycle. The authors achieved an RMSE of 2.47%
by applying a DCNN to different scenarios. A similar approach
was investigated in [30], where to demonstrate the validity of
the results obtained, the performance has been also estimated
after transfer learning on US06 data coming from a different
battery, obtaining an MAE and RMSE of 1.32% and 1.51%,
respectively. Finally, in [40], the same problem is approached
with a CNN combined with transfer learning, obtaining an
RMSE of 1.37% and an MAE of 1.12%.

ITI. MATERIALS AND METHODS
A. Proposed SoC Estimation Method

In this work, a novel approach based on an SVR model has
been used for the evaluation of the battery SoC. Instead of
training the model with discharge profiles compliant with a
specific application, the model was trained using constant dis-
charge currents. The goal is to demonstrate that this model is
then applicable to different contexts without requiring different
model training for each one. The MATLAB environment and
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the Bayesian algorithm have been used to train and optimize
an SVR model with an RBF kernel. This kernel was selected
since it has been demonstrated as the best approach to the SoC
estimation [36].

Once trained, the SVR model has to be applied to different
application contexts. To improve the estimation accuracy of
the trained SVR, data postprocessing stages have been applied
to the model output, consisting of an LPF and a calibration
algorithm. In Fig. 1, a schematic of the applied algorithm in
the test phase is shown.

Al techniques are prone to produce abrupt changes in
the predicted value of the SoC [33], which can worsen the
prediction accuracy. To limit this effect, the variation of the
SoC has been limited to discard unfeasible values (i.e., values
beyond the physical thresholds of 100%—0%); moreover, a 64-
tap FIR filter has been applied to smooth the spikes in the
SoC estimation, considering a normalized cut-off frequency
of 0.01 Hz. In Fig. 2, an example of estimated SoC before
and after filtering is shown, while in Fig. 3, the corresponding
spectra are reported.

Finally, a calibration stage has been applied. The error ¢ in
the estimation of the SoC can be expressed as

g = SoC — y. “4)

A calibration line can be computed by linear fitting, and then
it can be used to correct the estimated value of the SoC, i.e.,
SoC. In particular, the corrected SoC (SoC,) can be computed
as

SoC, = ~— 1 (5)

where m and ¢ are the slope and the intercept, respectively,
of the calibration line.
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To consider possible nonlinearities occurring in the whole
SoC range (i.e., from 100% to 0%) due to the intrinsically
nonlinear behavior of the SoC, the full range has been divided
into smaller 10% width ranges. For each of them, a calibration
line has been evaluated.

The calibration correction is intended to be applied onboard
to the application-specific data. The simple linear regression
(SLR) algorithm can be considered for the onboard implemen-
tation [41], [42]. The SLR fits the data with the best-fit line in
least squares terms, i.e., minimizes the residual errors between
each data point and the best first-order polynomial line. The
cost function to be minimized is then

J(m,q) = (mx; +q — )’ 6)

where m and ¢ are the slope and the intercept of the line,
respectively, and (x;, y;) are the coordinates of each data point
to be fit. Equating the gradients of J to zero allows to solve
for m and g [41], [42]. The solutions can be simplified by
substituting with the sum of squares, defined as

S, = in @)

V=D ®)
Sex = ixf ©)
(10)
Then, the best-fit line can be computed with low effort through
the following pseudo-code.

As can be seen, the computational complexity of the fit-
ting algorithm is O(n). The code above is a mathematically
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Algorithm 1 Best Fit Line Computation

S, <0
Sy, <0
R
Sey <0
define n = number of data points
fori = I:n
Sy < S + x(@)
Sy <~ 8, +y@)
Sy < Sey + x(0) % y(i)
Sex < Sie + x@) xx(i)
end
m<— (nk Syy - S¢ * Sy) / (% Sey - Se * Sy)
q< (Sxx * 8y - Sy * Sey)/ (nx Sy - Sy * Sy)

return m and q

efficient formulation of the general least square algorithm
employed by the MATLAB polyfit function. Considering a
32-bit Arm' Cortex-M4! microcontroller, the averaged error
computed when estimating the parameters m and g with
the algorithm described above with respect to the MATLAB
polyfit function are 3.5 x 107> and 2.5 x 107, respectively.

It is worth noticing that the use of data from the spe-
cific application in the calibration stage does not jeopardize
the generality of the approach. Indeed, unlike the training
phase, whose computational complexity is O(n®) [43], and
it is scarcely executable on devices with limited computing
resources like microcontrollers, the calibration process can be
performed when the battery is being used by the final users;
moreover, differently from the training phase, the calibration
needs less data that can be collected during the in-field
estimation. Hence, the proposed approach allows programming
of the firmware of the device only once with the trained
model and then modifying the calibration parameters during
the first cycles of operation. Then, if the device should be
applied to a new scenario, a new calibration process will be
required without the need to retrain the model and reprogram
the firmware of the device.

B. Measurement Setup

To validate the proposed approach, data from a brand-new
18650 Li-ion 2.75 Ah Panasonic NCR18650PF cylindri-
cal battery cell with nickel-manganese—cobalt oxide (NMC)
chemistry have been acquired. This type of battery has a large
diffusion, and it is used in different contexts, i.e., EVs, electric
bicycles, energy storage systems, power tools, and medical
instruments [4]. Voltage, current, and temperature data have
been gathered across several discharge cycles, repeated at
different constant current values. To avoid damaging or early
aging of the cell, a standard constant current—constant voltage
(CC-CV) procedure has been exploited for the battery charg-
ing phase, accomplishing the specific battery datasheet [44],
reported in Table I. A programmable 200 W ITECH IT-
M3412 bidirectional power supply can handle both charging

IRegistered trademark.

TABLE I
PANASONIC NCR18650PF ELECTRICAL CHARACTERISTICS

Chemistry LiNiCoMnO2
Nominal capacity at 25 °C after
standard CC-CV charge [Ah] 275
Nominal Voltage [V] 3.6
Voltage cut-off [V] (lower-upper) 25-42
Max. discharge current [A] 10
Standard CC-CV cut-off current
[A] 0.10

TABLE II
DMM SETTINGS AND SPECIFICATIONS

Instrument
DMM 1 DMM 2 DMM 3
Measured Cell Voltage Current Temperature
Feature
] 4-wire
Configuration Voltage Voltage resistance
Range 10V 0.1V 100 kQ
Resolution 100 uv Lpv 1o
N f)jccur;_cy . 0.0035 + 0.0035+ 0.01 +0.001
(; reading 0.0005 0.0005 : '
© range)

and discharging phases, acting as an electronic load. It is rated
for 60 V and +30 A; hence, it is perfectly suitable for cell-
level operations. When working in constant voltage mode, the
accuracy is better than 0.1% of the maximum voltage, whilst
the programming accuracy in constant current mode is better
than 0.1% plus 0.1% of the full scale.

The workbench setup, shown in Fig. 4, aims to acquire
cell voltage, current, and temperature. For the measurements,
three Agilent 34401A digital multimeters (DMMs) have been
used; all DMMs operate with auto-zero instrument function
enabled to avoid any drift, while the auto-range function has
been disabled so as not to slow down the readings/s, held
to 10. The selected reading/s is a common trade-off between
monitoring accuracy and computational demand [20]. Detailed
considerations on the instrument configuration, resolution, and
accuracy are presented in Table II.

The cell voltage has been measured by DMM 1 in a 10 V
range configuration with 100 uV resolution (Table II), while
cell current has been estimated by measuring, with the
DMM 2, the voltage across a 10 mS2 shunt resistor, speci-
fied for 1% tolerance and less than 50 ppm/K temperature
coefficient. The voltage resolution of 1 ©V in the 0.1 V range
corresponds to a 100 A current resolution.

Finally, the cell temperature has been measured through
a 10 k& £ 1% NTC thermistor, longitudinally applied on
the cell’s surface as shown in Fig. 5. The thermistor has
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Fig. 5.

Placement of the NTC thermistor into the battery holder.

a resistance value at 25 °C of 10 k2 and a characteristic
temperature of the material of 3435 K so that the resistance
has been measured in the 100 k2 range with a resolution
of 1 © (i.e., DMM 3 in Table II) not considering temperatures
below —20 °C. The estimated model accuracy of the NTC is
below 1 °C.

Each DMM communicates with a desktop PC through an
Agilent 82357B USB/GPIB interface in a daisy-chain con-
figuration, allowing a plug-and-play connection. A MATLAB
script controls DMMs by sending IEEE 488 standard SCPI
commands for initial configuration and memory data fetching.
The same script also interfaces with the IT-M3412 power
supply by sending SCPI commands through an ethernet con-
nection to its fixed IP address, allowing switching between
charge/discharge operations. The whole system has been wired
using AWG 14 copper wires for power delivery, compliant
with the wire section range advised in the IT-M3412 datasheet
and allowing low parasitic voltage drops.

C. Acquired Dataset

The training dataset consists of current, voltage, and tem-
perature measurements acquired during discharge cycles at
constant currents. All the cycles have been started at the
ambient temperature.

At the beginning, the range from 3 to 4 A was considered,
with steps of 0.1 A. This current range was chosen as it
is compatible with those of some commonly used battery-
powered tools. For each current value, a set of five discharge
cycles has been collected. The recorded dataset, with a reading
every 100 ms, resulted in 55 discharge profiles for a total of
more than one million of data points.

After the complete discharge of the cell, a CC-CV charge
cycle has been applied to restore the SoC of the cell to 100%.

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT
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Each cell charge/discharge phase has been followed by 30 min
resting period before starting the next phase, to allow for the
disappearance of polarization effects [45]. This is required to
ensure that each charge/discharge phase is independent of the
previous battery state.

To test model estimation performance, several test cycles
have also been acquired. In each test cycle different random
current values in the range 3—4 A were exploited. In this case,
a minimum variation of 0.1 mA was set, different from the
0.1 A steps used for the constant current acquired to train the
model. This guarantees the test set, also including discharge
current values different from those considered in the training.

To test the generalization capability of the approach and to
prove that extending to a different current range is feasible,
the whole process has been repeated in the current range
from 2 to 3 A. The current step was the same as the 3—4 A
range, and for each step, five current profiles were acquired.
A new test set corresponding to the new range was also
acquired.

Finally, training and test sets covering the full range of
currents (i.e., from 2 to 4 A) were also considered. This allows
the evaluation of the flexibility of the approach, allowing the
battery manufacturers to develop and make available different
models, according to the needs of the final application.

Moreover, as an additional approach validation, some real-
istic battery-powered drill current profiles [26] have also been
acquired, appropriately scaled to the considered current ranges.
The proposed approach was also tested over a discharge
current compliant with the US06 driving cycle.

A total of 105 training cycles and 20 test cycles were
acquired.

IV. RESULTS AND DISCUSSION
A. SVR Model Training

The training input features for the SVR algorithm are
current, voltage, and temperature data acquired by the
DMMs, as explained in the previous section. To compute
the expected SoC, the Coulomb counting (CC) technique has
been exploited [33]. This method involves current integra-
tion over time and is prone to accumulate errors. The CC
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TABLE III
DATA DOWNSAMPLING EFFECT ON TRAINING TIME
P o
Tralmt}g Data Training Time RMSE (%)
Readings/s

2 15 days 0.9

1 6 days 0.6

0.1 7 hours 1.1

0.01 S minutes 1.3

algorithm is, therefore, suitable only in the case the input data
are acquired through high-accuracy instrumentation, and the
initial state of the battery is known a priori, as in laboratory
workbenches [46]. This method is not advisable for real-time
on-field estimation.

The SVR model has been designed in the MATLAB
environment through the embedded regression learner app.
An RBF kernel has been exploited, which is a popular kernel
choice when dealing with nonlinear problems such as battery
state estimation [6]. The SVR parameters have been optimized
through the Bayesian algorithm, set to run for 100 iterations.
In each iteration, the model parameters were validated by
performing a ten—fold cross validation on the training set. As a
result, the cross-validated model with the minor RMSE and the
related optimum parameter set have been determined.

Since in [47], it has been demonstrated that a BMS sampling
data at 2 Hz successfully runs and controls the algorithm
performed, as a first attempt, the training dataset has been
downsampled at this frequency.

Considering the training dataset ranging from 3 to 4 A,
down sampled to 2 Hz, and a personal computer with an
11th gen. Intel i9-11900 core at 2.5 GHz and 32 GB RAM,
a trained model was obtained in about two weeks, reaching
a validation RMSE of 1.4%. This time is significantly long,
especially when considering a real scenario in which, possibly,
a multitude of SVR models must be trained on different ranges.
To test the feasibility of maintaining the same accuracy in
evaluating the actual SoC while shortening the time required
to obtain models, more severe downsampling rates have also
been evaluated, resulting in datasets sampled every 1, 10, and
100 s. The required training timing and the related validation
accuracy are reported in Table III.

As it can be seen from the results, the training time is
subjected to a highly nonlinear drop with a higher down
sampling. This is probably due to the fact that the training
time depends not only on the dataset size but also on other
parameters like the computing load of the processor. As far
as the validation accuracy is concerned, the results show that
there is not a straightforward dependency of accuracy on data
sampling. It is noticeable that in validation, the same kind of
data is exploited for both training and testing (i.e., constant
discharge currents). The great improvements in the training
time made the 100 s dataset the most suitable choice for further
investigation in this article from now on.

B. Testing Phase

To prove the feasibility of a model trained with constant
current profiles in a different application scenario, discharge

TABLE IV
TEST RESULTS WITH RANDOM DISCHARGE CYCLES IN 3—4 A RANGE
St Output RMSE MAE
age Outpu (%) (%)
SVR model 3.98 3.57
Fir Filter 2.87 2.49
Error Correction 1.2 1
TABLE V
TEST RESULTS WITH DIFFERENT SVR KERNELS IN 3-4 A RANGE
SVR Model +
SVR Model Filter +Error
SVR Kernel output C(grection
utput
RMSE MAE RMSE MAE
(%) (%) (%) (%)
Linear 4.98 422 2.58 2.38
Quadratic 5.12 4.29 1.31 1.14
Cubic 4.24 3.78 1.2 1.05
RBF 3.98 3.57 1.2 1

profiles with random currents were considered for the test. For
each considered current range, five test cycles were acquired.

To apply the calibration algorithm, one of the test cycles was
used to compute the linearization parameters through the linear
fit of the error in the estimation of the SoC with respect to the
expected SoC value, as illustrated in Section III-A. Then, the
calculated parameters were applied to the remaining four tests,
and the resulting RMSE was calculated as the average of the
RMSEs obtained on the individual tests. To avoid the choice
of the calibration test influencing the results, this approach
was repeated on each of the five tests. So, the final RMSE is
the result of the average of all RMSEs obtained during the
process. This resulted in a total of 80 tests.

To analyze the effectiveness of the postprocessing stages
shown in Fig. 1, Table IV shows the average RMSE and MAE
values after each stage, applying random discharge profiles in
the range from 3 to 4 A. As it can be seen the SVR estimation
accuracy is greatly affected by the fact that training and test
include different profiles and different steps of currents. The
subsequent filtering, however, reduces the RMSE error by 28%
and the error correction stage by a further 58% with respect
to the filtering stage. Considering the total data postprocessing
phase, the improvement in RMSE is found to be about 70%.

To further prove the effectiveness of the proposed algorithm,
SVR models with different kernels (i.e., linear, quadratic, and
cubic) were also evaluated. In Table V, results obtained apply-
ing only the SVR stage were compared with the performance
of the proposed method, including the filter and the error cor-
rection stages. Results demonstrate that the proposed algorithm
is effective in improving the performance of a conventional
SVR model with all the kernels considered. In particular, the
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Fig. 6. Comparison between the estimated and the expected SoC signals.
In the box, the absolute error is shown.

TABLE VI
TEST RESULTS WITH RANDOM DISCHARGE CYCLES ON DIFFERENT
RANGES
RMSE MAE
Current Range (%) (%)
2A-3A 1 0.89
3A-4A 1.2 1
2A4A
(one SVR model) 0.8 0.65
2A-4A
(multiple models) 0.7 0.61

proposed method improves the RMSE of 48%, 74%, and 72%
in the case of linear, quadratic, and cubic kernels, respectively.
The RMSE and MAE after error correction in cubic and RBF
kernels are approximatively the same, but the RBF has the
lowest RMSE and MAE after the SVR model output, as also
reported in the literature [36]. For this reason, the following
tests were carried out, considering only the RBF kernel.

In Fig. 6, an example of the estimated SoC compared with
the expected SoC is shown. The estimated SoC trend is similar
to the expected one. In Table VI, the results of the tests in
each current range are summarized. As it can be seen from
the results, with discharge cycles, including random currents
in the range from 3 to 4 A, an RMSE of 1.2% and an
MAE of 1% can be obtained. The results are similar if the
proposed algorithm is applied to other ranges, confirming the
generalization capability of the method. It is worth noting that
when the full range from 2 to 4 A is considered, two different
approaches were applied and compared to each other. In the
first one, a unique SVR model was trained for the whole 2—4
A range, while in the other one, the two models already trained
for the current ranges from 2 to 3 A and from 3 to 4 A have
been used together, applying an input decision logic to direct
the input vector (i.e., current, voltage and temperature values)
toward the most suitable machine according to the measured
current. This can also be useful to demonstrate the flexibility
of the proposed approach. The training over a larger dataset
can be a longer and heavier task, as data in Table III has
shown. The possibility of training machines with fewer points,
can therefore, be interesting, especially for the possibility of
evaluating to configure the implemented algorithms differently

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT

TABLE VII
COMPARISON TO THE STATE-OF-THE-ART
Same
Work Application profiles for | RMSE | MAE
field Training (%) (%)
and test
[36] Automotive YES 1.18 0.94
[38] Automotive Partially 2 -
[22] Automotive NO 1.4 1.2
[39] Automotive NO 2.47 -
[30] Automotive NO 1.51 1.32
[40] Automotive NO 1.37 1.12
Proposed Miscellaneous NO 0.94 0.75

according to the current interval required by the particular
application.

To further validate the proposed technique, the RMSE and
the MAE were evaluated in the case of two different and more
realistic application fields: some discharge cycles following the
behavior of a common battery-powered drill and other driving
cycles acquired according to the US06 SFTP. The first has
been obtained by measuring the current consumption of a drill
during a screwing process in [26]. At the motor startup, a spike
in the current profile is experienced. Then, the current falls
and rises again as the friction of the screw increases. Finally,
a higher current value is due to the conclusive tightening.

The US06 SFTP is defined as vehicle speed over time
to obtain a worldwide standardized estimate of vehicle fuel
consumption under different road scenarios [48]. In particular,
the US06 SFTP includes rapid speed fluctuations, from high-
speed (e.g., highways) to low-speed (e.g., city traffic) driving.
The cycle represents a 12.8 km route with an average speed of
77.9 km/h, a maximum speed of 129.2 km/h, and a duration of
596 s. The speed set points have been converted into current set
points to be applied to the battery by defining the vehicle spec-
ifications (i.e., weight, motor efficiency, battery, etc.) affecting
the vehicle acceleration, and hence the power consumption.
The reference vehicle was a 2012 Tesla Model S 75.

For testing purposes, both the vehicle and drill current
profiles have been scaled to the required current range, still
preserving the shape.

In the case of the power tool, an RMSE of 0.9% and an
MAE of 0.6% were obtained, while in the case of the US06
driving cycle, an RMSE of 0.96% and an MAE of 0.76%
were achieved. Considering all the tests, an average RMSE of
0.94% and an average MAE of 0.75% were obtained.

In Table VII, these results are compared with those of
other works already published in the literature and previously
discussed in Section II. In this regard, it is important to
consider that the majority of the works use the same profiles
for the training and the test: among these, in [36], an extended
set of features has been used as input of an SVM regression
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TABLE VIII
COMPARISON OVER THE SAME DATASET

Dataset Metrics [36] Proposed

RMSE (%) 9.95 1.04

2A3A MAE (%) 5.86 0.89

cost (ms) 21.2 18.8

RMSE (%) 12.4 1.21

3A4A MAE (%) 8.90 1.03

cost (ms) 18.2 15.2

model with an RBF kernel. Along with current, temperature
and voltage, the authors added filtered current and voltage
measurements. Two different Butterworth filters were applied
for this aim, one with a 0.5 mHz cut-off frequency and
the other with 5 mHz. Compared to this case, the proposed
method, although allows a more general approach, reaches
similar performance. Some works [15], [33] also exploiting
the same profiles in training and testing, achieved even con-
siderably lower errors but using more complicated methods
and a higher number of input features.

Instead, considering articles that tried to exploit different
training and testing sets, the proposed work performs well with
a reduction of both RMSE and MAE. These results confirm the
feasibility of the method based on SVR training with constant
currents, which allows a more general approach to the problem
of SoC estimation.

The performance of the proposed approach in terms of
accuracy and computational cost was, moreover, compared
to the method presented in [36] (i.e., the work featuring the
lowest errors in Table VII) considering the same dataset. For
comparison, an SVR model was trained with the extended
set of input features used by the authors in [36] over a set
of constant current profiles, and then the trained model was
tested over five different random discharge profiles. During
the training phase, the same optimization method used for the
proposed algorithm was applied. In this experiment, both the
2-3 A and the 34 A datasets were used.

The results of this analysis are reported in Table VIIIL.

As can be seen, performance in terms of accuracy wors-
ens compared with the proposed method for both datasets.
Computational cost was also evaluated, showing lower times
for the proposed method. This is also very important when
considering the actual implementation of the algorithm in a
BMS, which accomplishes the battery monitoring task, avoids
the battery operation outside safe conditions, and performs cell
balancing. Indeed, a common BMS design strategy involves
a master-slave approach [10], [11], [49]. Several slave units
perform measurements on multiple cells, sending data to the
master processor unit, which performs computations. In this
case, the proposed method could then be applied once for each
monitored cell. Employing master/slave topologies could allow
to parallelize the SoC estimation on multiple slave boards
(i.e., the proposed approach could be replicated on each slave
board) [49]; moreover, if the BMS has been designed to also
include an FPGA, the algorithm could be replicated multiple
times in hardware, and multiple cell SoC could be evaluated at
the same time on the same board [50]. It is worth considering

that if the implementation relies on a microcontroller device,
the operating frequency is a limit to the maximum number of
cells that the proposed method can evaluate since each cell
SoC must be estimated sequentially. The possibility to run an
algorithm with a low computational cost like the one proposed
is an advantage because it allows the monitoring of several
cells at the same time.

V. CONCLUSION

In this article, an application-independent approach for the
SoC estimation based on SVR and a postprocessing phase
is presented. Typically, Al algorithms for SoC estimation
are trained on a set of data that mimics the current profile
of the real application. In this work, an application-specific
approach exploiting constant current profiles for the SVR
training phase has been validated over different test sets.
This approach has the advantage of separating the battery use
phase from the training phase, which typically requires a lot
of time and computing power and can hardly be performed
by the BMS designer. Data from a Panasonic NCR18650PF
battery cell have been acquired and then fed to the training
algorithm. Data covering different ranges of current have been
exploited, demonstrating the generalization capability of the
approach. For the test set, three different scenarios have been
considered: random discharge profiles with no relevance for a
specific application, battery-powered drill discharge profiles,
and USO06 automotive driving cycles. A maximum RMSE
of 0.94% and an MAE of 0.75% were observed, which is
comparable with the results already reported in the literature
obtained by exploiting the same application-specific scenarios
for the training and the test. In the future, this approach
can be further investigated. The approach will have to be
further characterized by considering its operation at different
temperatures. Furthermore, the results using different models
and types of batteries have to be evaluated. It worthy of remark
that the presented approach can also be applied to other ML
models different from the SVR to further verify the generality
of the approach and if the combination with other algorithms
can lead to a further improvement in the SoC estimation.
In this context, other input features can also be taken into
account as well (e.g., battery impedance spectroscopy [51]).
Finally, the approach should be implemented on an embedded
device to verify the real-time operation and the possibility to
exploit an FPGA device to apply it to parallel cells.
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