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Thanks to their electrochemical structure, batteries are the elements that can store electrical
energy and spend on a load when the electrical energy they store is needed. Today, with the
widespread use of electrically powered mobile devices, rechargeable batteries have become
widespread and battery technologies have developed. With the idea that the latest technology
systems and electric vehicles will become widespread in the future, the studies on batteries are
increasing day by day. In this study, charge state estimation of Li-ion battery cell used to provide
power in many applications was realized by using adaptive neural fuzzy inference system
(ANFIS). A Li-ion battery was discharged using variable electrical loads with a battery discharge
circuit modeled on MATLAB Simulink and current, voltage, temperature and current power
parameters of the battery were selected as input variables. Battery parameters and charge status
data obtained from discharge tests using different electrical loads on MATLAB Simulink were
used as training and test parameters of neural network. Using the MATLAB ANFIS toolbox, the
system was trained with 80% of the battery parameters obtained in the battery discharge
experiments and with 20% as testing data, the success performance was interpreted by applying
the adaptive neural fuzzy inference system.
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1. Introduction

developed in the computer environment. In this type of
modeling, all the dynamic characteristics of the battery can

The batteries have a wide range of applications. Portable
electronic devices, commercial and industrial applications,
the automobile industry, power systems that intervene when
main power fails, and satellites are some of the fields which
have use of batteries. There are many types of batteries
depending on the area in which they are used. The
manufacturers make battery selection considering energy
capacity, weight, number of cycles and size.

Batteries are complex systems that are not linear due to their
chemical structure. Chemical, mathematical and electrical
methods are used to model the batteries. A highly accurate,
intuitive and comprehensive electrical battery model can be

be calculated which are the non-linear parameters such as
open circuit voltage, current, temperature, number of pulses,
capacity-dependent storage time [1]. In order to estimate the
current-voltage behavior of the batteries, there are simulation
models using the MATLAB curve fitting toolbox by
combining the electrical circuit model with the RC circuit [2].
The battery equivalent circuit model can be realized in
MATLAB / Simulink environment so that the space state
equations of the battery can be obtained by using the
differential equations which calculate the dynamic
parameters of the battery [3]. By using the electrical model
of batteries, energy saving can be achieved by performing


http://www.dergipark.gov.tr/ijeat
mailto:ilkerozkan@selcuk.edu.tr

Y. Karabacak, I.A. Ozkan, |. Saritas: Estimation of li-ion battery state of charge using adaptive neural fuzzy inference system (ANFIS)
International Journal of Energy Applications and Technologies, Year 2020, Vol. 7, No. 3, pp. 88-94 89

energy management system algorithms in electric vehicle
systems used under variable loads [4].

Batteries are equipment that make our lives easier. By using
the batteries correctly, it is possible to extend the service life.
In order to use the batteries efficiently, they should not be
used outside the limit values. Operating outside the operating
temperatures, taking more current from the battery, over-
charging or over-discharging are some of the factors that
reduce the life of the battery. Such problems are prevented
by battery management systems (BMS) [5]. The voltage of
the battery cells is monitored by the BMS and the cells are
compensated. Voltage, internal resistance, current of each
cell can be monitored [6]. As a result of studies in the
literature, it was stated that BMS improves the management
of independent battery arrays. [7]. The algorithm for
operating the BMS should be the weakest cell based. Single-
cell BMS provides the user with information on temperature
and voltage and helps prevent over-discharge [8]. It is
important to obtain high efficiency from the battery under
different operating conditions. The BMS plays an important
role in the optimization of the charge and discharge
mechanism control of the battery as well as in indicating the
status of the battery [9]. Li-lon batteries require an BMS to
ensure maximum performance and safety. [10]. Intelligent
developed for Li-lon batteries used in electric vehicles
provides information about the instantaneous state of the
battery. [11]. For the Li-lon battery pack used in electric
vehicles, the charge status estimation was performed with an
artificial neural network algorithm [12]. In different
methanol mixtures for an internal combustion engine, the
effect on engine emissions and performance is estimated
using an ANFIS model [13]. Li-ion batteries are used in
electric vehicles [14-15].

Efficient use of storable energy resources, which are
becoming more and more needed today, is of great
importance. Excess chemical substances in its structure cause
serious harm to both human health and nature. However, it is
possible to make these energy sources last longer thanks to
the correct usage methods. In this respect, it is foreseen to
minimize the harm to human health and environment. In this
study, the state of charge of Li-lon battery is estimated with
ANFIS application, which is one of the hybrid artificial
intelligence techniques. By determining the state of charge of
the battery, it is aimed to determine the most suitable working
area and use it more efficiently.

2. Li-lon Battery

Today, Li-lon batteries are the most preferred type of battery
in most of the portable hand tools from mobile phones to
laptops. Figure 1 shows the image of this battery. Li-lon
batteries have a wide operating temperature range since they
can be used between -20 ° C and + 60 ° C during charging
and between -40 ° C and + 65 ° C during discharge. Li-lon

battery cell voltages are between 2.5V and 4.2V and are
approximately three times that of other battery types [16-18].
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Fig. 1. Lithium-lon Battery [19]

2.1. Mathematical modeling of the battery

With the mathematical model of the batteries, it is possible to
calculate the open circuit voltage and charge status
parameters of the battery. One of the most basic
mathematical equations used in the calculation of battery
charge status is the Peukert equation. The Peukert rule was
published in 1897 by the German scientist W. Peukert. With
this rule, the capacity of the lead acid battery is calculated
according to the discharge rate [19].

Discharge curve
Exponential area
Viun Nominal area

Voltage, V

Qrnax

Qrom
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Fig. 2. Typical discharge curve [20]

As can be seen from the battery discharge curve given in
Figure 2, the usable capacity of the battery decreases as the
discharge rate increases. The Peukert rule for one-ampere
discharge rate is expressed as in Equation 1.

C, =1t €))
Here Cp is the capacity at the discharge rate of one-ampere
and expressed in Ah, | is the current value drawn by the load,
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tis the time in hours. Usually the discharge rate of the battery
cells is not 1Ah. When the formula is rearranged according
to the capacity and discharge rate, it is as in Equation 2.

t=H()" 0

In Equation 2, the nominal discharge time in hours H,
nominal capacity in Ah in discharge rate C, the measured
discharge current in I A, k Peukert constant, t is the time
elapsed when discharging the battery in hours. [21].
Tremblay and Dessaint mathematically expressed the charge
and discharge dynamics of rechargeable batteries. Figure 2
shows a typical discharge curve for a NiMH battery cell. The
most important feature of this model is that the filtered
current (i*) through the polarization resistance is used. With
this parameter, algebraic problems in simulation are
overcome.

Q
Q-it

Polarization
voltage

it — Ry i+ GExp(B-it) — quit i (3)
Polarization
resistance

V,=E,— K

In Equation 3, Vb is the battery voltage (V), EQ is the battery
constant voltage (V), K is the polarization constant (\V / Ah)
or the polarization resistance (2), Q is the battery capacity
(Ah), it is the actual battery charge (Ah) G is the exponential
zone amplitude (V), B is the exponential zone time constant
inverse (Ah) -1, Ric is the internal resistance (Q), i is the
battery current (A) and i* is the filtered current (A). The
exponential area given in Equation 3 applies to Li-lon
batteries. However, for other batteries, there is a case of
hysteresis where the charge state of the battery is not
important between charge and discharge. This occurs in the
exponential area given in Figure 2. This phenomenon can be
expressed in a nonlinear dynamic system as given in
Equation 4.

Exp(t) = B - |i()| - (Exp(t) + A - u(t)) (4)

In Equation 4, Exp(t) is the exponential field voltage, i(t) is
the battery current, u(t) is the charge or discharge mode (u(t)
= 1 charge, u(t) = 0 discharge). Figure 2 shows the entire
discharge pattern.

The charging pattern of the battery varies depending on the
battery type. The charge end characteristics of Pb, Li-ion,
Lipo batteries are similar. Because the voltage rises rapidly
when the battery approaches the full charge. This
phenomenon is modeled by polarization resistance. In
charging mode, the polarization resistance increases until the
battery is almost fully charged. Above this point, the
polarization resistance suddenly increases. The polarization
resistance during discharge is now K-Q/it. Theoretically,
when the charge current is equal to zero, the polarization
resistance is infinite. But in practice this is not the case.
Figure 3 shows the electrical discharge circuit of a battery.
According to the data obtained from experimental studies,
the battery capacity varies by 10%. The polarization
resistance is therefore expressed as given in Equation 5. Like

the discharge model, the exponential field is similar for Li-
lon, LiPo and Pb batteries.

|
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h» 1)
()— R
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Fig. 3. Battery discharge model

©)

The charging end characteristics of NiMH and NiCd batteries
are different. When the battery reaches full charge voltage,
the voltage decreases slowly depending on the current
amplitude. This phenomenon can be modeled by changing
the polarization resistance. When the battery is fully charged
(it = 0), the voltage begins to drop. The charger tries to
overcharge the battery (it <0) and the voltage drops. This
phenomenon can be modeled as given in Equation 6 by
reducing the polarization resistance when the battery is
overcharged using the absolute value of it.

; (6)

lit]-0.1-Q

Pol.resistance = K

Pol.resistance =
Li-lon, LiPo battery discharge equation;
Vb=E,—R-i —Kﬁ(it +i%)+GExp(=B-it) (7)

Li-lon, LiPo battery charge equation;

Vb=E,—R-i—K—2

it—0.1-Q

ix —K% - it + GExp(—B - it) 8

3. ANFIS Design

The basis of the ANFIS estimation method is Takagi-
Sugeno-Kang fuzzy inference system. In 1993, Jang
developed the ANFIS method and used it to model nonlinear
functions, identify nonlinear components in a control system,
and estimate chaotic time series. In addition, ANFIS method
is introduced to the Fuzzy Logic Designer in MATLAB via
a User Interface (GUI). The ANFIS presented structure is
shown in Figure 4 [22].

Layer |

Layer 2 Layer 3

Layer 4

Fig. 4. The structure of ANFIS

In this structure, in the first layer, Ai and Bi values are used
to express linguistic variables. Each node in this layer
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generates membership grades of the crisp inputs. In the
second layer, the inputs are multiplied by each other to form
the output of a node. In the third layer, the nodes calculate
the ratio of the ith rules firing strength. After the fourth layer,
Takagi-Sugeno-Kang model and output variable is defined as
a fixed number or polynomial function connected to the
variable. [23].
Output function value is calculated with average weight
model in TSK Model [24];
a;.xi

x, = 520 ©)
In addition, TSK method output values are crisp values. If
inference is made by this method, defuzzification is not
necessary again. As a result of the fifth layer, the total output
value is obtained from the model. The mathematical
expression of this process can be summarized as follows;
Set of rules: IF, x Ai and y Bi then fi=pix+qiy+ri
1. Layer: By selecting a membership function (u(x)), the
degree of membership of the verbal variables is determined.

(14, (X, 15, (¥))

2. Layer: w; = py, (%). s, ()

J— wi

3. Layer: w, = Sw;

4. Layer: w,. f; the output of the layer.

5. Layer: x, = _Zzwvi’f i
L

4. Experimental Studies

4.1. Battery discharge experiments

The Panasonic NCR18650 battery cell is modeled using the
MATLAB Simulink battery block. An electrical discharge
circuit was created in the modeled battery cell and battery
discharge was performed on the simulation using constant
electrical loads. The simulation results were recorded on the
MATLAB workspace and the battery was discharged to a
lower voltage of 2.6 volts.

The simulation is terminated when the discharge reaches the
battery low limit voltage. The visualization of the model
performed on MATLAB Simulink is given in Figure 5.
Battery discharge test, charge status-voltage curves are given
in Figure 6.
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Fig. 5. Discharge circuit model
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Fig. 6. Battery charge state-voltage curves in different load tests in
battery discharge experiment

4.2. ANFIS application and experimental results

In MATLAB / Simulink environment, the controller was
designed with the help of ANFIS toolbox and trained using
experimental data. The input parameters used in the training
of the ANFIS neural network are battery voltage, current,
temperature and instantaneous power consumption on the
battery. If the ANFIS neural network is the target, the battery
charge status is an estimate. Gaussmf type function is used in
membership functions created for rule base. The limits of the
input membership function defined for the battery voltage of
the ANFIS neural network before training are given in Figure
7. The new limits for the input membership function defined
for battery voltage after training are given in Figure 8.

Membership function plots 2! 227t 181

in1mf1 in1mf2 in1mf3

Fig. 7. Limits of pre-training input membership function
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1

Fig. 8. New boundaries of input membership function after training

A screen shot of the structure of the ANFIS neural network
established between the input and output information, which
results from the training of the ANFIS neural network, is
given in Figure 9.

80% of the data obtained from the test circuit is used as
training data. The trained ANFIS neural network was then
tested using 20% of the experimental data obtained and
estimated the battery charge status. The error-iteration graph
of the trained neural network is given in Figure 10
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Fig. 9. Structure of ANFIS neural network after training
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Fig. 10. Error-iteration curve of ANFIS training
5. Results and Discussions

In this study, the charge state estimation of a Li-lon battery
cell with adaptive neural fuzzy interest system was
performed. The data required for ANFIS training was
obtained by creating a battery discharge circuit model
modeled on MATLAB Simulink platform. The simulation of
the generated battery discharge circuit model was realized by
completely discharging the fully charged battery cell using
different constant electrical loads. ANFIS was trained with
80% of the data received and its performance tested with
20%.

The test data related to the battery charge status obtained as
a result of discharging the battery under 1 ohm, 2 ohm and 3

ohm loads and the estimation graph of the charge status data
of the ANFIS neural network are given in Figure 11. Figure
12 illustrates the relationship between the training data and
the estimation data of the ANFIS neural network.

When the values given in Table 1 are compared, it is seen that
ANFIS results are very close to the test data. As a result of
the error calculation made by comparing ANFIS results for
the same input values with the sample data, the mean error
value was found to be 0.13571.
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Fig. 11. Battery discharge charge status test data and ANFIS neural

network prediction graph
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Fig. 12. Battery discharge charge status training data and ANFIS neural

network prediction graph

Table 1. Comparison of training data and ANFIS model results

No Battery Parameters Estimation

1 Voltage  Ampere  Temperature Power Battery Charge  ANFIS Charge
V) (A) (°C) (W) Status (%) Status (%)

2 3.93 1.31 25 5.15 98.72 98.7

3 3.81 1.27 25.01 4.85 89.07 88.7

4 3.75 1.25 25.02 4.68 76.36 75.8

5 3.52 1.17 25.03 4.13 36 36.1

6 3.43 1.14 25.04 3.92 25.1 25.1

7 3.3 1.1 25.04 3.63 14.6 14.5
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The accuracy percentage of the ANFIS result obtained from
the test data was found to be 99.72%. Considering these
results, it is seen that the ANFIS neural network, which was
designed as a result, works with high accuracy.

MATLAB can be applied on ANFIS model by modeling
different types of batteries on Simulink platform and
achieving high rate of successful results. The operation can
be tested on data obtained by charging and discharging the
battery cell in the real environment. In addition, performance
can be increased by increasing the number of data sets in
future studies. New findings can be obtained by comparison
with other methods in the literature. In case of participation
with the battery producing companies, the status of the
batteries can be monitored and contributed to the
development of the field.
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