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The growing applications of lithium-ion batteries worldwide demonstrate the importance of accurate estimation
of the state of charge (SOC) of batteries, as this directly impact charging quality and battery performance, and
serves as a key indicator for users. Despite the importance of SOC, there is no physical device to measure it from
the battery terminal. This paper proposes a comprehensive nonlinear fractional order model incorporating key
factors affecting SOC estimation such as battery hysteresis effect, temperature, and age of battery into the model
structure. In order to acquire thorough and broad range of experimental data, a battery tester and a data logger
were set up through gathering the data under different conditions over a substantial period of time. The electrical
elements of the equivalent circuit model were obtained using a PSO algorithm, and then input into the state-space
equations. Based on the model outputs, a look-up table was generated for various conditions. Being reasonably
accurate, the table could reduce intensive calculations considerably. Proposed nonlinear fractional order model,
significantly reduces the computational overhead compared to adaptive models. Therefor by considering the
electrical parameters as constant values and transferring all non-linearity and changes such as hysteresis effect,
temperature and life cycle of studied battery in VOC function, the experimental results confirm the accuracy of
proposed model.
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1. Introduction

With the recent rapid expansion of smart grids and use of
electric vehicles and new energies, batteries have emerged as the
most important source of energy storage. Meanwhile, lithium
batteries are used as a reliable and easy-to-use source for electrifying
cars and storing energy electrochemically. Accurate and reliable
estimation of state of charge (SOC) is a major challenge in the
industry[1]. To determine the general conditions of the batteries,
parameters such as SOC, depth of discharge and state of health
(SOH) are considered important. Having exact values of SOC in
various applications is very crucial, and no physical devices have so
far been developed to measure these parameters[2]. There are
various methods for estimating SOC based on external parameters
like voltage and current. One way is a measure the battery terminal
voltage. It is clear that the amount of voltage measured at the battery
terminal will vary in the presence of current and will vary according
to the load on the battery output. Therefore, it is not possible to
determine SOC instantly and accurately simply by measuring the
output voltage of the battery. The Columbine counting method or
ampere- hour counting is another practical method that has been
proposed and used in practice. In load counting method, there is a
considerable deal of dependence on the initial conditions. This
means that the amount of initial stored load is important because
estimating the amount of battery charge at any later time is based on

initial amount. Precise estimation of SOC is not only for use in the
battery management system, which leads to increasing the quality of
charge, but also to protect the battery from overcharging or deep
discharge in order to extend the overall battery lifespan. Existing
methods of battery SOC estimation are either not accurate enough or
impractical due to their high complexity[3]. In order to estimate the
state of health (SOH) and SOC of lithium-ion batteries, a hybrid
approach, based on multi-layer perceptron (MLP) with extreme
gradient boosting (XGBoost) algorithm is proposed in[4]. Two RC
equivalent circuit models of lithium-ion batteries are developed and
used in[5].

It is obvious that development of a precise mathematical model is
the first step of accurate control and stability of a system. The main
idea of modeling a battery and achieving internal state variables,
including SOC is based on measurable signals such as battery voltage
and battery output current. In general, three different models are used
to model batteries: 1) electrochemical model, 2) electrical model, and
3) fuzzy model[6]. In mathematical modeling of batteries, the use of
equivalent electrical model is very common[7-9]. One of the
disadvantages of this model is its inability to exactly model the current
electrochemical process in the battery because it only describes the
input and output behavior based on electrical elements. The use of
electrochemical models through partial equations will help solving
some problems of equivalent electrical circuit models. Although they
describe the phenomenon of ion transfer and electrochemical reactions
using partial equations more accurately, but the number of calculations
will be too heavy. Even with the simplest electrochemical models like
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single-particle model, 10 unknown parameters for designing
estimates of battery SOC will be required, which indicates a high
computational volume in these models[10].

A fractional-order hysteresis equivalent circuit model is used
and electrical parameters are identified by PSO algorithm which
optimized by genetic algorithm, and a fractional order adaptive
unscented Kalman filter is drived to estimate SOC of lithium-ion
batteries[11].

In [12] a multi layered long short-term memory (MLLSTM) is
proposed. by measuring voltage and current, parameters of the
battery is identified using an adaptive multi time-scale identification
strategy (AMIS) with frequency feature decomposition.

A new adaptive genetic algorithm (AGA) is proposed to
estimate SOC of lithiumQion batteries by considering temperature
affects on prediction performance. Finally, combination AGA and
adaptive unscented Kalman Filter (AUKF) is proposed and
employed to estimate SOC[13].

Improved adaptive extended Kalman filter (IAEKF) is
employed to estimate SOC of lithium-ion batteies precisely. Hence,
experimental results confirm that IAEKF in comparison to other
AEKEF algorithm achieves better estimation accuracy and robustness
[14].

The main objective of this research is to develop a method for
estimating SOC of lithium-ion batteries as a critical parameter, with
relatively low computational complexity and high accuracy. This
method aims to account for factors such as hysteresis effects,
temperature, and battery aging, making it suitable for practical
applications.

2. Basic Definition

In order to describe and analyze the performance of batteries to
achieve an equivalent and appropriate model that can be used to
simulate the dynamic behavior of the battery and extract the desired
parameters like SOC, it is necessary to introduce backgrounds in this
area. In the following, some types of batteries which is one of the
most common and widely used methods of energy storage, are
briefly introduced. Given the expansion of the use of fractional
calculus in the control and definition of practical applications is
presented [15, 16].

2.1. Energy Storage System

Storage systems as one of the most important components of
electric vehicles and grid-independent power supply systems have
various types, including mechanical, chemical, electrochemical,
electrical and heating; among them electrochemical methods
(conventional batteries) particularly have been growing rapidly in
recent years. In general, every battery’s structure consists of cells,
each responsible for providing part of the required power in which,
a reversible conversion between electrical and chemical energy in
charge and discharge process that is the fundamental principle
behind the operation of electrochemical batteries allows for the
storage and release of energy as needed. These battery cells are
connected in series, which creates a cumulative voltage across the
entire series that provides voltage demand to meet the requirements
of the applications. Also, to provide sufficient current, the battery
packs are created by connecting the modules in parallel. Moreover,
batteries are different by such features, specifically mass and energy
density, which are decisive when choosing a battery for electric
vehicles, so that lower mass and higher energy destiny are desired.
Nickel-cadmium and nickel-metal hydride batteries were used in the
first generation of portable electronics and quickly became popular
due to their small size and greater energy storage. Larger dimensions

of these batteries were in electric vehicles used for higher energy
density and lower mass comparing to lead-acid batteries. However,
due to the toxicity of cadmium, shorter life and lower energy density
of Nickel-cadmium batteries, they are being replaced by nickel-metal
hydride batteries. Despite the advantages of nickel-metal hydride
batteries, because of the high rate of spontaneous discharge, lithium-
ion batteries have become a dominant technology in modern portable
electronics and electric mobility applications thanks to their high
energy density, high electrochemical potential, rechargeability, low
self-discharge rate, lack of memory effect, low weight, longer life, and
environmentally friendly features[17, 18]. Nowadays, different types
of lithium-ion batteries with differences in cathode, anode and
electrolyte are designed and manufactured to increase the lifespan and
safety and reduce the cost of raw materials. A comparison between
several types of batteries based on power density and energy is given
in Fig. 1.
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Fig. 1. Comparison of several types of batteries

Other types of lithium batteries include lithium-ion polymer as a
new generation of high-performance lithium batteries, lithium-
manganese and lithium-titanite[19].

2.2. Battery Management System

Along with the increasing growth of batteries applications in
electric vehicles, smart grids and renewable energy systems, battery
management system (BMS) is overstated in terms of providing safety,
prolonged battery life, efficient energy management, performance
optimization and data logging and diagnostics in which SOC and SOH
represent the available capacity of the battery and the overall
capability of the battery relative to its original, respectively[20]. BMS
is one of the essential parts which is used in battery-based systems.
One major input to BMS is SOC; therefore, SOC estimation plays a
crucial role in battery modelling and BMS[21].

A comprehensive BMS should have all the features, including
protection and safety of the battery against various environmental
factors such as overcharging or deep discharge, management and
control of battery temperature, monitoring of battery cells, balance and
battery data collection. Although the discharge current of the battery
depends on the output load, which is located in the output of the battery
and varies according to the type of application, the charge rate must
follow certain standards to perform the charging operation with the
highest efficiency and the least damage to the battery[22]. Another
important environmental factor is the issue of temperature
management because its increase can increase the resistance inside the
battery, and thus, reduces the energy capacity stored in the battery.
Therefore, one of the tasks of the battery management system will be
to monitor and control the battery temperature under various operating
conditions and adjust it within the permissible range[23]. The battery
charge estimate actually represents the available energy stored related
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to the total battery capacity shown in Fig. 2 [24].
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Fig. 2. Graphical view of total battery capacity

Despite the importance of SOC, there is no physical device to
measure it from the battery terminal. Existing methods for
measuring battery SOC that are used in practice do not have
sufficient accuracy and are not easily applicable to methods that
have high accuracy and online estimation[25].

Amper hour approach is the most common and practical method
in this case:

S(t)=S(t0)—éJ77i (t)dt (6]

to

Where, S(t0) denotes the initial value of SOC at t0, S(t) displays
SOC at time t. n is charging/discharging efficiency, and i(t) is
battery’s instantaneous charging or discharging current[21].

2.3. Hysteresis Effect

Research findings show that VOC-SOC relation is not a one-to-
one mapping function (Fig. 3). In the same charge condition, the
battery is in different discharge situation. The effect of hysteresis on
lithium batteries is due to the effect of thermodynamic entropy,
mechanical stress, and microscopic deformation inside the active
electrode components during lithium adsorption and extraction.

The magnification clearly indicates that the path of battery
charge is different from the path of battery return or discharge; this
issue (if not taken into account seriously) may cause errors in the
modeling and correct identification of the battery. One simple way
to model hysteresis effect is to extract two different functions and a
reference table for the battery charge and discharge curve[26].
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Fig. 3. Hysteresis effect in batteries

2.4. Fractional Calculus

Over the last two decades, the application of fractional control has
spread out due to its robust performance. There exist some definitions
for fractional calculus[27, 28].

Rieman-Liouville fractional order integral is defined as follows:

a-1
A 1 ¢
IF)=——|(t-7) f(:)dr t>c,aeR*
SR () r<a)!( ) (o) (1)
Where, I is the Gamma function.

Note that substituting by in order to reach fractional order

differential operator is impossible.

Rieman-Liouville definition for the fractional order derivative of
has the following form[29]:
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Another definition was introduced by Caputo as Eq. (3)[30]:
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Laplace transform is the next operator, which is used in this paper.
It is given for Caputo fractional order derivative as Eq. (5) [31]:

([eDef (t)]:s“F(s)—és“"“lf ) (0) 5)

It is worth noting that due to the expansion of fractional order
calculus in engineering during a couple of decades and also the growth
of fractional order control in this area, only brief explanations have
been provided.

3. Battery Identification

There are various identification methods to determine and specify
the unknown parameters of the system fractional order model; we used
the battery system in this study. The method presented in [23] has a
good performance, but due to the high computational volume,
including convolution operations, it takes up a lot of time. Although
replacing the indirect detection method with discrete time model
parameters can solve the problems mentioned above, rapid dynamics
may be lost during the sampling process. However, relatively small
sampling times will lead to numerical problems that limit
identification of unknown parameters in the discrete time model [32].
In addition, identifying model parameters can be sensitive to initial
conditions and noise and limit real-time applications. In this process,
because these batteries have both fast and slow dynamics, the choice
of sampling time must be done very carefully [33]. One of the
identification methods in nonlinear systems along with neural network
and Volta series method is Wiener-Hammerstein method. In
comparison, there is a nonlinear system in nonlinear methods and
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identification is done using existing methods. In [34], to overcome
the problems of discrete time method, continuous time system
identification is used because it creates a good view of the system
features and prevents data from being ignored due to high sensitivity
to the factors. In [35], continuous time system identification is
compared with indirect identification of discrete time system in
battery applications [36]. The method proposed in this proposal is
to simplify the problem from a complex nonlinear system to a linear
system under special conditions [37], i.e. keeping the SOC and all
environmental factors constant. In this way, the amounts of terminal
voltage and open circuit voltage are measured. For example, a
current of 1 ampere is taken from the battery for a few seconds under
standard conditions, and after a long time and when all the dynamics
are damped, the amount of terminal voltage, which is the same as
the open circuit voltage, is recorded. In the next step, by collecting
data and clustering them, the function of the relationship between
open circuit voltage and battery charge status is calculated by
considering the temperature and operating mode, i.e. charging or
discharging mode [38].

3.1. Data Acquisition

In order to collect real time and true data of battery charge and
discharge, including battery current, terminal voltage, temperature
and SOC, a data logger based on digital and analogue sensors was
designed and established. SOC was measured by ampere-hour
counting approach and validated by physically measuring the
amount of charge.

Fig. 4. Data logger for battery tests

To collect battery data, a data logger was designed so that one
Arduino UNO (as a microcontroller), ACS712 current measurement
sensor, SD card and its module, DS3231 clock module, digital
temperature  measurement module, TP4056 charging and
discharging lithium-ion batteries module and a voltage
measurement module were used. Finally, by applying various
conditions, all parameters and environmental situation during
extensive time span were saved.

3.2. Battery Discharging
The assembled data logger was applied to a lithium-ion battery
with the characteristics listed in Table 1.
Table 1. Battery characteristics
Voltage (v) | Capacity (mAh) | Size Type
15 2000 19650 Li-ion

In this stage, the battery was tested and examined by applying a
resistive load in the form of pulses with the width of approximately

10 minutes and rest periods of more than one hour.

Battery current versus terminal voltage values is shown in Figs. 5
and 6, respectively.
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Fig. 6. Measured discharging voltage of battery

Another challenging parameter that plays an important role in
estimating SOC is the OCV of battery. Since it is not possible to access
this parameter directly, then in order to collect this parameter, it is
assumed that the real value of OCV is equal to terminal voltage after
1 or 2 hours of resting and settling down of the transient condition. It
means that after each test on battery, it was given approximately 2
hours of rest time before the next round; this allows the battery to
stabilize in terms of overheating, chemical reactions, and the transient
voltage output dissipation so the terminal voltage becomes equal to
the OCV. Applying this procedure leads to gather the OCV of the
battery.
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Fig.7. Extracted OCV of battery

The hysteresis effect, presented in Fig. 8 based on the collected
data and plotting of OCV as a function of battery SOC, was
measured using the Coulomb counting algorithm.
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Fig. 8. Hysteresis effect on the studied battery

As clearly shown in Fig. 8, the presence of a hysteresis effect
results in a noticeable difference between the charge and discharge
curves of the battery’s OCV, which has significant implications for
battery modeling and SOC estimation. Proper calculation of the
hysteresis effect can avoid considerable errors that would affect the
modelling of battery behavior.

3.3. New Battery Discharging

In this research, two main tests were conducted on the battery,
which capture all the battery dynamics to provide more accurate
information for modelling the battery. In the previous step, data
related to the used battery and measurements were conducted in a
discontinuous manner with time intervals between them for the rest
of the battery operation. Then all the tests were conducted frequently
without any rest time in order to monitor the voltage until reaching
an unused range, which is about 3.3V particularly in this case,
considering SOC to be zero. The battery current in the presence of
constant resistive load at battery output is shown in Fig. 9.
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Fig. 9. Measured discharging current of new battery

The measured battery terminal voltage in continuous discharging
state is illustrated in Fig. 10.
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Fig. 10. Measured discharging voltage of battery

As mentioned earlier, the OCV could be obtained under specific
conditions. The changes in the OCV voltage of new battery in
continuous discharging state are displayed in Fig. 11.
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Fig. 11. Extracted OCV of battery

Fig. 12 presents the hysteresis effect based on the data collected
for the new battery.
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Fig. 12. Hysteresis effect on the new battery

Considering the large number of tests and data acquisition, only
some of the figures are presented in this research and the rest were
used for modeling and determining the nonlinear fractional order
state space model of battery.

4. Battery Modelling

In electrical models, the required parameters are changed by
changing the charge and discharge rate, SOC, temperature and
ageing level; therefore, they must be identified and updated online
[39].

In this research, battery parameters were assumed constant
parameters as identified by the manufacturer. On the other side,
unlike commonly known methods of integer order, fractional order
derivatives allow an explanation of matter transfer, diffusion, and
memory in dielectrics [40]. In batteries, especially lithium-ion type,
fractional order differential system is used to describe the electrical
dynamics, including material and charge transfer process in the
electrolyte, and material diffusion and porosity in solid electrodes
[41, 42].

4.1. Equivalent Electrical Circuit Model

First, a first-order equivalent electrical circuit model (Fig. 13) was
chosen to identify the accuracy of parameters by writing the
description equations and applying the PSO algorithm. It was found
that this model does not have sufficient accuracy, so a second-order
equivalent electrical circuit model (Fig. 14) was replaced [43].
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Fig. 13. First-order equivalent electrical circuit model

The first-order and second-order models have been extensively
used in various researches. The findings have shown that increasing
the number of RC branches does not lead to a significant improvement
in accuracy; rather it increases the model complexity. As a result, in
this case, the second-order model was used as a trade-off between
computational load and model accuracy.

—
~

Fig. 14. Second-order equivalent electrical circuit model

To determine the value of parameters Ro, R1, R2,C1,C2, alpha and
beta based on the measurements of Voc, V1 and I, a linear transfer
function, H(s), is defined as Eqs. 6 and 7:

Vo (s) (6)

I

H(s)=

as“” +hs® +c,s” +d, )
(@) 5
a,s' " +b,s”* +c,5” +d,

H(s)=

a = R0R1R2C1C2 a, = R1R2C1C2

8
b1:R1C1(R0+R2) bz =R1C1 ®
Clszcz(Ro+R1) C, :chz

d,=R,+R,+R, d, =1

Where, Vo=Voc - V7.

In order to omit the nonlinearity part of the equivalent electrical
circuit model of the battery, H(s) is considered as a linear transfer
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function. The unknown parameters of H(s) are identified and
implemented in nonlinear state space model through performing
various simulations and experiments.

The voltage of H(s) (in Fig. 15 shown by dashed line in Fig. 14))
in Fig. 15 for used battery with non-continuous discharging
algorithm is presented in Fig. 15 as transfer function voltage.

05 Transfer Function Voltage

0471

o
w

Voltage(v)
o
[he]

0.1

0
0 2000 4000 6000 8000 10000 12000 14000

Time(s)
Fig. 15. Voltage of H(s) in piecewise discharging of used battery

Various experiments have been carried out to identify the
unknown parameters, and the curve of continuous discharging of
used battery is shown in Fig. 16
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Fig. 16. Voltage of H(s) in continues discharging of new battery

4.2. Determining Parameters

Unknown parameters where determined based on our prior
knowledge modelling of electrochemical process follows fractional
equations. Technically speaking, the parameters such as resistors
and capacitors are not constant values due to electrochemical
process inside of battery. Therefore, in this research electrical
elements and fractional order degrees assumed as constant values
based on H(s) linear model. Then they were considered within
nonlinear terms in the state space model. It is notable that one of the
most important variables in exact modeling of battery is the relation
between the battery’s OCV and SOC, which is determined in next
section.

To determine the electrical model parameters, the PSO algorithm
was implemented with the input data I_T and the output data V_o for
both charging and discharging states at different temperatures under
various battery conditions. The results are shown in Table 2. It is
notable that the values of the electrical elements are considered as
constant values in battery model at all different environmental and
internal conditions like hysteresis effect, temperature and healthiness
of battery for the equivalent state-space model. Hence, all mentioned
conditions are taken into account in relation to VOC-SOC. As
previously noted, nonlinear relation between VOC and SOC plays a
significant role in model accuracy.
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The mean value of electrical parameters for each column in table

parameters to be identified include RO, R1, R2, C1, C2, a, and.

Table 1: Identified values of the electrical parameters of equivalent model

Tests conditions R, R, R, Gy C, B
Piecewise charging for new battery 0.191 0.093 0.189 1434 376 0.54 0.56
Piecewise discharging for new battery 0.197 0.087 0.193 1427 382 0.51 0.53
Continuous charging for new battery 0.2 0.092 0.187 1441 381 0.54 0.57
Continuous charging for used-battery 0.21 0.089 0.186 1430 381 0.53 0.56
Continuous discharging for used-battery 0.2 0.088 0.191 1421 371 0.5 0.54
Continuous discharging for new battery 0.21 0.087 0.195 1430 383 0.54 0.56
Piecewise charging for used-battery 0.19 0.087 0.185 1439 376 0.51 0.57
Piecewise discharging for used-battery 0.2 0.09 0.19 1432 375 0.53 0.58

2 is shown in table 3.
Table 3: Mean values of electrical parameters
RQ R1 RZ C1 Cz a ﬁ
0.2 0.089 | 0.189 | 1431 378 0.52 0.56

5. Fractional State Space Model

According to Fig. 5, the state space description equations of
studied system, which represent the second-order model consisting
of resistors, constant phase elements and fractional order degrees are
written. In this model, the open circuit voltage is considered as a
nonlinear function of the SOC of the battery. SOC is also introduced
as one of the state variables that should be estimated. The
description of SOC based on previous researches is shown in Eq.

(9):
dSoC (9)

n
= )L
pm o®) 2.

Where, Q_n represents battery capacity and n is charging and
discharging efficiency. They are electrochemical parameters that are
measured by the manufacturer and recorded on the battery
datasheet. Therefore, any changes in SOC over time will vary
according to the battery current as well as these two parameters
measured for each battery in the factory. By writing the description
equations of the system and selecting VOC=f(SOC) as the nonlinear
term connecting VOC and SOC, the state-space equations are
obtained.

A sample of nonlinear state-space model is shown below:

dv, _v,0) 1@
dt* RC, C, (10)
dv, _V,0) L
d” RLC, C,
dsocC n
=-o-1 0
dt Q, '
(11)

Y )=V, (t)=-V,({t)-V,({)+VOC (SOC)-R,l, (t)

The battery voltage output will be the same as the y. Unknown

Although in many similar researches, the system is considered
commensurate, in this research due to the independence of CPEs from
each other, the equations are written in an incommensurate form.
Therefore, there is no relationship between alpha and beta, and each
CPE branch describes one of the system's dynamics:

X =AX +Bu
y =Cx +f (SOC)+Du

(12)

X ®)=pM,@) V,0) soc®)] . uw)=I,) (13)
=t 0 o_ e
Rlcl Cl
-1 1

A=l 0w UBElG ) (14)
0 0 0 -n
Q]

C=[-1 -1 d,],D=-R,

As seen in eq. 11, VOC must be determined according to SOC as
the third state variable and substituting to state space model. In next
section, based on different situation, VOC function will generated and
put in look-up table due to employ in non-linear fractional order model
of battery.

4.3. Determining VOC according to SOC

Curve fitting was implemented to find the relation between VOC
and SOC, as a nonlinear term in state-space equations. So, the values
estimation of electrical parameters is the key to obtain the nonlinear
state-space model of equivalent electrical circuit model with
acceptable accuracy, which was done in the previous section. The
SOC values were measured using the ampere hour counting method.
Then the values of VOC corresponding to SOC gathered from real
tests are displayed in Fig. 5.

A polynomial curve was fitted to the SOC-VOC data, which led
to a mathematical polynomial equation describing the nonlinear
behavior represented as follows. To increase the accuracy, the SOC
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value range of 5-95% has been considered for the curve fitting.
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Fig. 17. Fitted curve for the VOC-SOC of new battery discharging

As shown in Figs. 17-18, two samples of VOC-SOC curves are
presented. The figures also display the plots of curves fitted based
on the estimated polynomial.
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Fig. 18. Fitted curve for VOC-SOC of new battery charging

According to the experiments and analysis done during this
research, four states of charging and discharging mode for the new
and used battery are presented in the following equations,
respectively:

New battery charging:
VOC =8.312x107SOC * —1.498x10*SOC ? (15)

+1.012x1072SOC +3.752

New battery discharging: (16)
VOC =5.436x107SOC *-9.842x107°SOC *
+7.729x107°SOC +3.721

Used battery charging:
VOC =5.03x107SOC?-1.035x107*SOC 2 (7
+8.715x107°SOC +3.725

Used battery discharging:
VOC =5.632x107SOC *-1.308x107“SOC 2 (18)

+0.011SOC +3.705

A sample form of battery identification look-up table is presented
in Table 4. it is worth noting that, to increase the accuracy of battery
modelling, much more conditions can be considered.

Table 4: Sample format of battery modeling lookup table

Condition Charge/discharge Life cycle Temperature
1 Charge 0-200
2 Discharge 0-15
3 Charge 200-500
4 Discharge
5 Charge 0-200
6 Discharge 15-30
7 Charge
8 discharge 200-500

It is worth mentioning that optimal temperature for high
performance of lithium-ion batteries is in the range of 15-35 OC. By
increasing or decreasing the temperature above or below this range,
the battery’s performance is deteriorated [44]. As mentioned before,
in order to establish an accurate model for battery, several tests are
implemented on a battery in the factory; then a look-up table is
gathered. Then, based on the look-up table, the equivalent state space
is determined and switched to a new model for each environmental
and internal condition. Based on the gathered look up table (table 4)
and assuming a new battery in charging mode and 25 C ambient
temperature, the equivalent state space model is written as follows:

d*X, _—t 0” M1

dt* | |127.36 x. 7 | 1431

d’x, -1 ' 1

— 22 0 @ — X, |+ — Ut

dt’ 71.44 x2 378 ®

X, 0 0 ol |-095 (19)
L dt | L ] L 2 ]

y =—X,-X,+8.312x107X $ ~1.498x107“X ?
+1.012x102X , +3.75-0.2U (t)

6. Validation
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Ultimately, by applying new inputs to the state-space equations
describing the equivalent electrical circuit and comparing its output
to the actual data, accuracy of the proposed model is assessed.

To validate the obtained model, a test input/ output data was
employed, which has not been not used in the training steps, and by
applying the input to the identified system, measuring y and
comparing the values with the actual measurements, validity of
obtained system was examined.

In Fig. 19, battery current with negative values, indicating the
charging mode, is applied to test the battery.

Battery Current
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o
o
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Time (s) x10*

Fig. 19. Real battery charge current for new battery

o
w
o

Test input is employed to the proposed model and computed
output is achieved. Then the real output, which is gathered by
measuring the terminal voltage and current of the battery, is plotted
with the simulated output in the same figure (See Fig. 20).
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Fig. 20. Simulated and real output curves

Based on the analysis done on the proposed model of battery
and validating it on the achieved equivalent state space model,
precise performance of the model is proved.

7. Conclusion

One of the common approaches of battery modelling for
estimating the state of charge in lithium-ion batteries under
environmental and internal conditions (such as hysteresis,

temperature and aging) is through adaptive methods. So, real-time
modelling approaches, identification of model parameters, and state
estimation or control of battery are performed instantaneously.
However, in this research, which is being implemented on a solar-
powered smart lighting device, instead of performing continuous
battery modelling and complex computations, a different approach has
been employed. Before installing the battery in the devices, there is a
pre-test stage leading to generating a look-up table that associates the
appropriate battery model and parameters with the corresponding SOC
values. Consequently, during the actual operation of device, the
required battery model and parameters are simply looked up from the
pre-generated table, without the need for intensive real-time
calculations. This significantly reduces the computational overhead
compared to adaptive models.

The advantage of this approach is that it trades off some model
accuracy for significantly lower computational requirements, which is
suitable for resource-constrained embedded systems like solar-power
smart lighting devices. By performing the battery characterization
upfront, reasonably precise SOC estimation can be achieved.

In conclusion, it is worth mentioning that the most significant research
gap addressed in this study is the development of a device capable of
measuring SOC of a battery with minimal computations and high
accuracy. As mentioned earlier, there is no physical device currently
available to perform this task. Most of the devices introduced primarily
estimate this parameter with a high computational load. It is also essential
to note that detailed testing of the battery to be used must be conducted at
the factory before installation in the equipment that utilizes the battery. A
look-up table specific to that particular battery should also be prepared. It
is also worth mentioning that by conducting precises tests, all conditions
affecting the battery in its operational state are taken into account. For
instance, all battery dynamics will also be reflected in the look-up table
based on these detailed tests. Moreover, in most battery-powered
equipment, the dynamics are generally not fast, and SOC typicaly changes
slowly and gradually, without causing rapid fluctuation in the battery.
Nevertheless, the fastest dynamics are also considered during the initial
testing.
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