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Establishment and application for SOC
model of lithium-ion battery based on

ANFIS

Jianping Shi2, 3, Mingfang Liu2

Abstract. In this paper, a prediction model of lithium-ion battery residual capacity of

adaptive neuro-fuzzy inference system (ANFIS) is established through analyzing experimental data

of rebound voltage of lithium-ion battery in high and low temperature. In this prediction model,

the rebound voltage and temperature is the input and the residual capacity used is the output.

Based on MATLAB, a large amount of experimental data is used to train and test the prediction

model of ANFIS and then the prediction model is used to predict and verify the residual capacity

of di�erent battery packs. Experimental results demonstrate that the prediction model has good

performance and accuracy in predicting the residual capacity of lithium-ion battery.
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1. Introduction

In recent years, lithium-ion battery has increasingly drawn people's attention
and is widely applied to production, common life and other �elds. At present, the
study on management system of lithium-ion battery has made great progress. But
the key technology of lithium-ion battery still exist some shortage, where estimation
and prediction of residual capacity become one of the focuses. Nowadays, there are
several estimating methods of state of charge (SOC) in estimation and prediction of
residual capacity, such as ampere-hour method [1], open circuit voltage method [2],
fuzzy control algorithm, neural network algorithm [3], Kalman �ltering algorithm
[4] and etc. These estimating methods both have shortcomings and their estimating
performance is not good. In the estimation and prediction of residual capacity, the
timeliness of battery SOC estimation is very important. If the real-time accurate
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prediction of battery SOC can be realized in battery management system, it will
promote the development of battery management technology, as well as related in-
dustries. In this paper, a lithium-ion battery SOC prediction model is proposed
based on rebound voltage according to the timeliness requirement of battery SOC
prediction, combined with fuzzy control and theory of neural network.

2. Applicability and in�uence factors of the SOC estimation
by the rebound voltage

2.1. Applicability of rebound voltage

The change in o�ine voltage of lithium-ion battery is shown in Fig.1. Point
A indicates the o�ine cut o� voltage of lithium-ion battery. When the lithium-ion
battery is o�ine, its terminal voltage undergoes a jump from point A to point B. And
then, in case of out of load, it slowly recovers in a period of time to a stable voltage -
Open Circuit Voltage (OCV). The voltage of point B in the above-mentioned process
is called rebound voltage, denoted by Ut.

The detailed analysis in Ref. [5] proves that the voltage value of rebound battery
Utdepends on the value of OCV while OCV and residual capacity of the battery
have a relatively �xed relationship [6]. As a result, there exists a close relationship
between rebound voltage and residual capacity. In view of the fact that voltage
value is easy to detect and obtain, rebound voltage shows its obvious e�ectiveness
in SOC prediction.

Fig. 1. Change in o�ine voltage of lithium-ion battery

2.2. In�uence factors

The capacity of battery is a�ected by some factors, such as temperature, charge-
discharge rate, cycle life and etc. Therefore, it is necessary to consider the in�uence
of these factors to estimate battery SOC.
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1. In�uence of temperature
It is well known that battery's capacity is a�ected by temperature. With the

development of battery application, operating temperature of secondary battery is
varied in di�erent situations. At low temperature, electrochemical reaction rate
decreases, while the residual capacity of secondary battery declines along with it.
At high temperature, it will accelerate the chemical reaction rate, releasing more
capacity in same condition. The ambient temperature has a certain e�ect on OCV.
The lower the temperature is, the lower the OCV of the same capacity. What's
more, the rebound voltage is part of the open-circuit voltage. Therefore, at the
same rebound voltage, it will release more SOC in the low temperature than in the
high temperature.

2. In�uence of charge-discharge rate
When the battery is discharged at a di�erent rate, the discharge capacity will

be di�erent. The greater discharge current is, the less capacity will be released
relatively. The smaller the discharge current is, the more capacity will be released.
As a result, the change of discharge rate will bring some di�culties to the secondary
battery SOC prediction. Besides, frequently discharge or charge at a large rate will
bring a certain degree of damage on secondary battery [6].

3. In�uence of cycle life
Cycle life of lithium-ion battery is a�ected by some factors, such as battery

structure, assembly process, electrode materials, charge-discharge rules, temperature
and etc. With reduction of cycle life, actual capacity gradually reduces too, which
makes SOC estimation more di�cult.

3. Experimental analysis

Considering these above mentioned factors, the experiment on lithium-ion battery
SOC estimation is investigated. In experiment, two packs of the battery were used
where each battery pack consists of three pieces of INCMP58145155N-I lithium-ion
battery in series, which is rated voltage 3.7V and capacity 10Ah. The model BTS-M
chmetcnvUnitNameaSourceValue300HasSpaceFalseNegativeFalseNumberType1TCSC0300A/12V
battery parameters' automatic testing equipment is utilized to study the experiment.

The experimental process is described as follows. First of all, the two packs were
deep discharged from 10% to 70% everyday, with a record of rebound voltages. Then,
after 2 hours of voltage recovery, the packs were completely discharged with chmetcn-
vUnitNameCSourceValue.2HasSpaceFalseNegativeFalseNumberType1TCSC00.2C. When
each settled experimental period of discharge depth had �nished, the same exper-
iment was conducted again at a di�erent change-discharge rate. Besides, the two
sets of battery were placed in high and low environmental temperatures separately,
so as to observe the impact of ambient temperature.

3.1. Analysis of temperature

In this research, the two battery packs are tested in high and low temperatures,
respectively. Considering the performance of the two battery packs is di�erent, the
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experiment under di�erent temperature is proceed using same battery pack. Table
1 shows the residual capacity under di�erent temperatures with discharge of 50%.

Fig. 2. Schematic diagram of SOC under di�erent temperatures with discharge of
50%.

Fig. 2 shows that the change of temperature has an impact on the residual
capacity under the same conditions. From the data, the initial conclusion can be seen
that in a certain range of temperature, when temperature increasing, the residual
capacity increases too. Therefore, in�uence of temperature on the SOC prediction
cannot be ignored.

3.2. Analysis of discharge rate

The discharge rate in�uences battery capacity c, as described in section 2.2.
In order to observe the e�ect of discharge rate on the residual capacity, several
experiments was conducted in same experimental conditions at a di�erent discharge
rate. Table 1 shows the experimental data of battery pack 1.

Table 1. Residual capacity after discharge under di�erent temperatures

Depth of Discharge
Discharge Rate

30% 40% 50% 60%

chmetcnvUnitNameCSourceValue.2HasSpaceFalseNegativeFalseNumberType1TCSC00.2C6.202778 5.2125 4.231111 3.227778

chmetcnvUnitNameCSourceValue.5HasSpaceFalseNegativeFalseNumberType1TCSC00.5C6.070556 5.051111 4.015833 3.046111

chmetcnvUnitNameCSourceValue.8HasSpaceFalseNegativeFalseNumberType1TCSC00.8C5.782222 4.898056 3.920278 2.903889

It can be seen from Table 1 that the residual capacity is constantly decreasing
at same depth of discharge while the discharge rate keeps increasing. Hence, it can
be seen that discharge rate does a�ect capacity of battery. However, since discharge
rate might be a�ected by the load, we found that the average value did not change a
lot in the actual operation. Therefore, discharge rate is not considered as the input
of the prediction model in actual operation.

In a word, the input of the following modeling has been determined as rebound
voltage and ambient temperature.
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4. Application of ANFIS in SOC Model Establishment of
Lithium-Ion Battery

In this work, an adaptive neural-fuzzy inference system (ANFIS) is presented
to build the SOC prediction model of Lithium-ion battery based on the rebound
voltage. In fact, ANFIS learning algorithm process and its architecture is integrated
with learning methods of feed-forward neural network, along with several supervisory
learning functions. Besides, adaptive network is a structure which consists with
several nodes and a network to connect them. Furthermore, part or even all of the
nodes have the feature of self-adaptability. This means that their outputs depend
on the parameters (one or more), which belong to the activation function of the
nodes, while the learning rules dictate how these parameters should be changed to
minimize the prescribed error. What's more, the basic rules of adaptive networks
are based on Gradient Descent and Chain Rule [7]. Because the gradient descent
has a slow process rate, and might easily fall into local convergence, ANFIS adopted
hybrid rules, which can accelerate its learning process.

Generally, fuzzy inference systems often need large amounts of experienced knowl-
edge as the fuzzy rule base. Owing to the strong subjectivity, it is a fatal �aw for a
subject who has not been fully understood yet. However, the neural network, with
good learning and adaptive ability, can realize the control of nonlinear systems and
conclude the regularity from the data. The combination of the two methods can
well make up for their shortcomings. By use of neural network learning method, an
objective rule base was generated, which is required by the fuzzy inference system,
with adaptive ability. ANFIS is suitable for modeling complex systems that are not
well mastered [8].

MATLAB (2013a) provides a graphical interface editor for adaptive neuro-fuzzy
inference system, which can be called by typing "an�seditor" in the main window.
This research takes the experimental data as samples for training, calibrating and
testing. The network structure and system structure are shown in Fig. 3 and Fig.
4, respectively, and the partial rule view in Fig. 5.

Fig. 3. Network structure.
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Fig. 4. System structure

Fig. 5. The partial rule view.

5. Simulation check

After the establishment of ANFIS model, the work is simulated in Simulink
environment to verify the reliability. The rebound voltage and temperature on the
date of 20th experiment day are input into the model and the experiment results
can be obtained as shown in Fig. 6. It can be seen from Fig. 5 that the SOC value
is 0.6093. The relative error is only 0.0022 between SOC value and experimental
value of 0.6071.

The process can be concluded as follows: �rstly, simulation was conducted on
each experimental date; secondly, the output value was compared with the actual
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Fig. 6. Simulation of SOC prediction on the 20th experiment date.

experimental data. Fig. 7 shows comparison result of the two kinds of values.
Predicted value and actual value of SOC model has a small deviation. In conclusion,
the SOC prediction model of lithium-ion battery established in this work is reliable
and applicable.

Fig. 7. Comparative analyses between predicted value and expected value in SOC

6. Conclusion

According to the timeliness demand of battery SOC prediction, a prediction
model based on rebound voltage is proposed based on rebound voltage in this re-
search considering the in�uence factors of the prediction. After analyzing the fuzzy
control and theory of neural network, this work found the advantage of ANFIS in
analyzing unknown complex systems. Then a SOC prediction model for lithium-ion
battery is built based on ANFIS. In the end, the performance and reliability of the
model are veri�ed by simulation and calibration. Finally, when it comes to in�u-
ence of the cycle life, this work is not thoroughly �nished due to the restriction of
the project condition. Therefore, lithium-ion battery recession might have a certain
impact on SOC, which needs conducting further in-depth studies.
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