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HIGHLIGHTS

e A novel open circuit voltage model is developed in considering temperature.

e Temperature and current are considered to model total available energy capacity.

o A novel model-based state of energy estimator is established using dual filters.

o The robustness of new method is validated under dynamic experimental conditions.
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The state-of-energy of lithium-ion batteries is an important evaluation index for energy storage systems
in electric vehicles and smart grids. To improve the battery state-of-energy estimation accuracy and
reliability, an online model-based estimation approach is proposed against uncertain dynamic load
currents and environment temperatures. Firstly, a three-dimensional response surface open-circuit-
voltage model is built up to improve the battery state-of-energy estimation accuracy, taking various
temperatures into account. Secondly, a total-available-energy-capacity model that involves temperatures
and discharge rates is reconstructed to improve the accuracy of the battery model. An extended-Kalman-
filter and particle-filter based dual filters algorithm is then developed to establish an online model-based
estimator for the battery state-of-energy. The extended-Kalman-filter is employed to update parameters
of the battery model using real-time battery current and voltage at each sampling interval, while the
particle-filter is applied to estimate the battery state-of-energy. Finally, the proposed approach is verified
by experiments conducted on a LiFePO4 lithium-ion battery under different operating currents and
temperatures. Experimental results indicate that the battery model simulates battery dynamics robustly
with high accuracy, and the estimates of the dual filters converge to the real state-of-energy within an

error of +4%.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Nowadays, rechargeable batteries have been finding applica-
tions in on-board energy storage for electric vehicles and smart
grids. Li-ion (Lithium-ion) based rechargeable batteries have been
widely adopted for high energy density and a considerably long life.
For instance, Wang et al. [1] established a temperature composed
battery model based on commercial LiFePO4 cells which can be
used for SOC (state of charge) estimation at dynamic temperatures.
Liu et al. [2] introduced a novel remaining discharge capacity
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estimation method through different voltage analysis for Li-ion
batteries. Zhong et al. [3] developed a new method for SOC esti-
mation of a pack that considered the differences among the cells
and the impact of balance control. Due to demanding vehicle op-
erations in daily driving and complex interactions with electricity
grids, BMSs (Battery Management Systems) have been designed to
guarantee safe, efficient, reliable and durable battery operations. A
critical variable that must be estimated in the BMS is the battery
SOE (state of energy). SOE represents residual energy in a battery
compared with its maximum value, and it provides the essential
basis of energy deployment, load balancing, and security of elec-
tricity [4].

Traditionally, the energy left in a battery is measured by SOC.
However, with the increasingly widespread application of Li-ion
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batteries, the functional demand of BMS appears a more sophisti-
cated and complex trend. Therefore, SOC is not appropriate to
predict the residual energy of power battery systems [4]. Compared
to SOC, SOE is a more significant indicator for residual energy.
Meanwhile, SOC denotes the state of the electrical charge rather
than the energy of a battery. Therefore, it changes linearly with
operating currents, while SOE has direct link with the battery real-
time voltage. As a result, SOE is hard to be accurately estimated. An
assortment of techniques have previously been reported to esti-
mate SOE, adopting almost the same methods for SOC estimation.
As to SOC estimation method, Xiong et al. [5] used an adaptive
extended Kalman filter (EKF)-based method to jointly estimate SOC
and peak power capability of a Li-ion battery. Liu et al. [6] built a
dual-particle-filter (PF) estimator to obtain simultaneous SOC and
drift current estimation. Plett et al. [7] and Hu et al. [8] adopted EKF
for online estimation of SOC and the identification of a battery
empirical model. Hu et al. [9] presented an integrated method for
the capacity of a Li-ion battery and remaining useful life throughout
the whole life-time based on the Gauss-Hermite PF method.
Charkhgard et al. [10] presented a method for modeling and esti-
mation of SOC of Li-ion batteries using neural networks and EKF.
Some other works developed the fuzzy logic method [11] and the
support vector machine [12] for SOC estimation.

In terms of SOE estimation, Mamadou et al. [ 13] proposed a new
criterion for direct evaluating the residual energy of a battery,
where the discharge stages of the battery were considered.
Mamadou et al. [14], Stockar et al. [15], and Kermani et al. [16]
presented a definition of SOE and a method to follow-up SOE
based on a direct power integral method which used power inte-
gral to estimate SOE. However, this method suffered from a sig-
nificant estimation error because of an erroneous initial value and
the measurement noises of currents and terminal voltages of bat-
tery cells. Liu et al. [4] proposed an improved direct SOE estimation
method at dynamic currents and temperatures based on Back-
Propagation Neural Network (BPNN). In the input layer, the input
parameters consisted of the battery terminal voltage, the current
and the temperature. The output was the estimated SOE. However,
the estimation accuracy of this method may become poor due to
the incorrect measurements, because it was an open-loop estima-
tion. Wang et al. [17] used PF to jointly estimate SOC and SOE of a
battery, and PF had been verified under both constant and dynamic
current conditions. However, the SOE estimation accuracy depen-
ded on the SOC estimation accuracy in this method. Dong et al. [ 18]
presented a method for SOE estimation based on a wavelet-neural-
network-based battery model and a PF based estimator. To further
reduce the hardware cost, the complexity of the proposed algo-
rithm needed to be decreased. He et al. [19] employed the central
difference Kalman filter to estimate the real time SOE. In consid-
ering that different kinds of battery showed different open circuit
voltage behaviors, a Gaussian model was employed to construct the
battery model in this study. What was more, the genetic algorithm
was employed to locate the optimal parameter for the selected
battery model. All the aforementioned methods for SOE estimation
have achieved acceptable results. However, batteries used in EVs
and electricity grids would inevitably experience uncertain oper-
ating currents and temperatures. Therefore, the real-time perfor-
mance of a battery model should be enhanced. To solve this
problem, Zhang et al. [20] established a joint estimator for SOE and
SOP (state of power), where parameters of the battery model were
estimated online using RLS (recursive least square algorithm)
method. However, it did not take the influence of temperature and
discharge rate on total available energy into account, while the total
available energy is a critical parameter directly limit the pack per-
formance through “capacity fade”. Moreover, when the system
models are not linear in the parameters, the RLS method becomes

inappropriate. To solve this problem, the dual EKF method for SOC
estimation presented in Plett [7] can be a candidate. Moreover, in
contrast to Kalman filter, PF is a completely nonlinear state esti-
mator based on the probability. It is noted that PF has become a
popular method in solving optimal estimation problems for non-
linear non-Gaussian state space models, such as SOC estimation
problems. For instance, Wang et al. [21] employed PF to estimate
the cell SOCs during equalization in order to eliminate the drift
noise of the current sensor. Compared to EKF and UKEF, the advan-
tages of PF in solving SOC or SOE estimation problems are also
demonstrated in Zhong et al. [3] and Wang et al. [17].

In this paper, to determine SOE of a battery, an online model-
based estimator using EKF-PF dual filters is developed. In the pro-
posed method, EKF method is used to identify parameters of the
battery model through real-time battery currents and voltages due
to its high accuracy and quick convergence in estimating unknown
parameters. In addition, PF is applied to estimate battery SOE. In
conclusion, the proposed EKF-PF based approach has the potential
to accurately estimate battery SOE and eliminate the drawback of
parameter variations. Further more, the performance of this esti-
mator has been verified and evaluated by experiments conducted
on LiFePO4 cells.

The outline of this paper is as follows: Section 2 gives the
lumped parameter battery model and the implement flowchart of
the parametric modeling approach. Section 3 presents a review of
the EKF-PF based dual filters algorithm, and then gives the model-
based approach implement flowchart of battery SOE. The test
bench and datasheets of IFP1865140-type cells are described in
Section 4. The experiment, simulation results and evaluation of the
proposed method are reported in Section 5. Finally, some conclu-
sions and final remarks are given in Section 6.

2. Parametric modeling approach
2.1. Battery model

SOE provides information of the remaining available energy of a
battery. In this study, SOE is defined as the ratio of the residual
energy to the total original energy capacity of a Li-ion battery. A
common definition of SOE is formulated as the following equation
[17,22]:

t
P(r)dr
SOE(t) = SOE(ty) — 20— — (1)
En
Based on Eq. (1), the discrete-time recurrence can then be
written as.

Zy =24 1 — AE 1/ENn =2} 1 — I 1Ueg_14t/En (2)

where z denotes SOE of a battery, zx and zx_; denote the SOE at
sample time k andk—1. 4Ey is the consumed energy at time k. Ey
denotes the maximum available energy of the battery. I; represents
the load current of the battery. U; represents the terminal voltage of
the battery.

An accurate battery model that can simulate the dynamic
characteristic of a battery is essential to dynamic state estimation.
Therefore, many battery models have been proposed, among which
the most commonly used are the equivalent circuit model. In most
cases, researchers choose to use a data-driven model, which means
that the battery model is established according to the measured
data, such as Xiong et al. [23] and Sun et al. [24]. As shown in Fig. 1,
the first-order RC model is utilized to make a trade-off between the
model error and the computation cost in this paper. This battery
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