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Abstract: One of the most important and indispensable
parameters of a Battery Management Systems (BMS) is
accurate estimates of the State of Charge (SoC) of the
battery. It can prevent battery from damage or
premature aging by avoiding over charge/discharge.
Due to the limited capacity of a battery, advanced
methods must be used to estimate precisely the SoC in
order to keep battery safely being charged and
discharged at a suitable level and to prolong its life
cycle. In this paper, we review several effective
approaches: Coulomb counting, Open Circuit Voltage
(OCV) and Kalman Filter method for performing the
SoC estimation; then we propose Artificial Intelligence
(AI) approach that can be efficiently used to precisely
determine the SoC estimation for the smart battery
management system as presented in [1]. By using our
proposed approach, a more accurate SoC measurement
will be obtained for the smart battery management
system.
Keywords: Battery Management Systems (BMS), State
of Charge (SoC), Artificial Intelligence (AI)
1. Introduction
In the modern society, environment and transportation
problems are the main challenge for many countries.
Due to the increasing awareness of global warming, the
requirements for clean fuel are on the rise. Thus, there is
a continuous shift towards the Electric Vehicles (EVs)
and Hybrid Electric Vehicles (HEVs) [1]. Moreover,
battery-powered electronic devices have become
ubiquitous in modern society. Rapid expansion of the
use of portable devices (e.g. laptops, tablet computers
and cellular phones) creates a strong demand for a large
deployment of battery technologies at an unprecedented
rate. In addition, distinct requirements for batteries, such
as high energy storage density, no-memory effect, low
self-discharge and long cycling life, have drawn explicit
attention recently. Due to the above-mentioned facts,
Battery Management Systems (BMSs) become

indispensable for modern battery-powered applications
[11-13].
A BMS does not only monitor and protect the battery,
but also provide the guidance on optimal usage of the
battery. One of the most important and indispensable
parameters of a BMS is to accurately estimate the State
of Charge [5] of the battery. The SoC is defined as the
present capacity of the battery expressed as a percentage
of some reference. Due to the limited capacity of a
battery, advanced methods must be used to estimate
precisely the SoC of the battery in order to keep it safely
being charged and discharged at a suitable level and to
prolong the life cycle of the battery. However, the
measurement of SoC is not a trivial task, because one
should also consider the battery voltage, current,
temperature, aging and so on. Accurate SoC estimation
can prevent the battery from damage or rapidly aging
due to unwanted overcharge and overdischarge on the
battery.
The conventional SoC estimation method such as
Coulomb counting [3] suffers from an error
accumulation glitch which leads to inaccurate
estimation [2]. In addition, the finite battery efficiency
[2] and the chemical reaction taking place during charge
and discharge cause temperature rise and badly
influence the SoC estimation. Therefore, efficient
algorithms are definitely needed for the accurate SoC
estimation. Furthermore, neither Coulomb counting nor
voltage measurement alone is sufficient for high
accuracy SoC estimation, because the estimation of SoC
is strongly influenced by many other factors such as
charge/discharge rates, hysteresis, temperature, cell
aging, etc.
A smart BMS for aged batteries and multi-cell batteries
was presented in [1] which aims to meet the following
requirements:
· Accurate estimation of SoC prevents battery
damage or premature aging by avoiding unsuitable
over charge and over discharge.
· SoC can be effectively used to deduce how well

the battery system is functioning relative to its
nominal (rated) and end (failed) states.
· The battery aging process needs to be reduced by
conditioning the battery in a suitable manner (e.g.
through controlling its charging and discharging
profile), under various load conditions and harsh
environments.
· Hardware implementation of the BMS is flexible
and adaptable in both Application-Specific
Integrated Circuit (ASIC) and Field Programmable
Gate Arrays (FPGA) technology.
In this paper, we propose an Artificial Intelligence (AI)
approach [15] that can be efficiently used to precisely
determine the SoC estimation for the smart battery
management system.
This paper is organized as follows: Section 2 presents
and discusses several techniques that have been widely
applied for the battery SoC estimation. Our intended AI
approach for estimating the SoC of the smart battery
management system is outlined in Section 3.
Concluding remarks are given in Section 4 and
directions for future work are pointed out at the same
section.
2. Battery SoC Estimation
Many techniques have been proposed previously to
estimate the SoC of battery cells or battery packs, each
of them has merits and demerits.
2.1. Current Based SoC Estimation
Current based SoC estimation is also known as
Coulomb Counting [3-7], which takes integration of
current and time into account to estimate SoC. Coulomb
Counting requires an initial state namely SoC0, and if
the initial state of the battery is known, from then the
SoC can be calculated though this method.
For example, the initial state is SoC0, using I ampere
current to charge the battery for t hours, that will add I*t
Ah charge in the battery. Also, if the capacity of the
battery is C, then the final SoC can be calculated as
follows:
(1)

According to theory, if a battery was charged for 3
hours at 2A, the same energy can be released when
discharging. However, this is not the case in reality. No
methodology is perfect. For instance, Coulomb
Counting suffers from a drift over time. As mentioned
in [3], battery aging causes a gradual small and constant
error in the variable. The small and constant error
causes a tiny error for measurement of current, which
will be magnified during each charging and discharging
cycle and will result in the SoC drift. Therefore, if there
is a way to re-calibrate the SoC on a regular basis, such
as reset the SoC to 100% when the battery is fully
charged, Coulomb Counting can be used to accurate
estimate SoC and often enough to overcome drift.
2.2. Voltage Based SOC Estimation
There are already many applications that measure the
SoC based on voltage, such as the charge balance shown
in cellular phones. The voltage is firstly measured and
then converted to SoC. When the battery is discharging,
the voltage drops more or less linearly [4]. In practice,
there are two cases for the Lead Acid battery and the
Li-ion battery [6]. For the Lead Acid battery, the
voltage diminishes significantly when it is discharged as
shown in Fig. 2 [4].
However, the voltage is significantly affected by the
current, temperature, discharge rate and the age of cell.
These factors need to be compensated, in order to
achieve a higher accuracy of SoC.
For the Li-ion battery, there are very small changes for
voltage between each charging and discharging cycle as
shown in Fig.3. Due to the constant voltage of Li-ion
battery, it is difficult to estimate the SoC by voltage
based method. However, the voltage of the Li-ion
battery changes significantly at both the ends of SoC
range, which can be two important indicators of
imminent discharge. For instance, for many applications
an early warning is required before the battery is
completely discharged or empty.

Fig. 2. The relationship between Voltage and SoC in Lead
Acid battery
Fig. 1. Estimating SoC by using Coulomb Counting

Fig. 3. The relationship between Voltage and SoC in Li-ion
battery

2.3. Extended Kalman Filter
In 1960s, Kalman Filter theory was proposed [9] to
accurately estimate the state for the linear systems,
especially for systems with multiple inputs, by
removing unwanted noise from a set of data. However,
for the systems with specific requirements, such as
non-normality and non-linearity, the application of the
Kalman Filter method is not feasible.
Due to the time-variance, nonlinear model of the battery,
noise assumption and the measurement error of the
BMS, extended Kalman Filter (EKF) [14] is used to
estimate the SoC for these nonlinear battery systems.
With EKF method linearization process are used at each
time step to approximate the nonlinear system with a
linear time-varying system [10]. EKF becomes an
elegant and powerful solution to estimate the SoC.
3. Artificial Intelligence Approach to Estimate SoC
The battery pack charge and discharge processes are so
complex that it is essential to consider many factors
such as cell voltage, current, internal impedance and
temperature gradients [16]-[18]. The battery pack
connected in series presents a more complex problem.
Careful monitoring and control is necessary to avoid
any single cell within a Li-ion battery pack from
undergoing over-voltage or under-voltage. In a Li-ion
battery module-management system, the individual
battery SoC must be monitored because of overcharge
and over-discharge issues. Therefore, it is essential to
have methods capable of estimating the battery SoC.
As mentioned above, Kalman Filter (KF) is a powerful
tool for the state estimation of systems. Some research
have used this filter to estimate the open-circuit voltage
or other parameters of batteries that have a direct
relationship with the SoC [19]. In [20, 21] the KF is
employed to estimate some physical quantities, which
have direct effects on the SoC.
To achieve the accurate estimation of SoC, Artificial
Neural Networks [22] (ANN) and Fuzzy Logic [23]
systems have been treated as the universal
approximators. Many techniques have been developed
to approximate the nonlinear functions for practical

applications [24, 25]. The BMF constructed in [24]
possesses the property of local control and has been
successfully applied to Fuzzy Neural Control [26]. Also,
the hybridization of fuzzy logic with ANN has been
used to improve the efficiency of function estimation.
For instance, Fuzzy Neural Networks (FNN) have been
used in many applications, especially in identification of
unknown systems. The FNN can effectively model the
nonlinear system by calculating the optimized
coefficients of the learning mechanism [26-30].
The adaptive Neural Fuzzy method was proposed in
[31] to estimate battery residual capacity. Although the
estimation of battery residual is accurate, the algorithm
utilizes the least-square method to identify the optimal
values and hence, learning rate is computationally
expensive; much time is wasted in training an ANN. A
more practical approach, called merged-FNN for SoC
estimation is proposed in [32]. In merged-FNN, the
FNN strategy is combined with Reduced-form Genetic
Algorithm (RGA) [33] which performs effectively on
SoC estimation in a series-connected Li-ion battery
string. The merged-FNN achieved a faster learning rate
and lower estimation error than the traditional ANN
with a back-propagation method.
Due to the above-mentioned facts, it is not hard to see
that AI is a promising approach for fast, precise and
reliable SoC estimation.
4. Conclusions
An overview of current techniques for battery State of
Charge SoC (SoC) estimation has been given. An
intended Artificial Intelligence (AI) approach that can
be efficiently used to precisely determine the SoC
estimation for a smart battery management system has
been presented. Our future will focus on the
implementation of a new AI technique to accurately
estimate the SoC of various types of batteries.
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