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Abstract—An accurate algorithm for lithium polymer battery
state-of-charge (SOC) estimation is proposed based on adaptive
unscented Kalman filters (AUKF) and least-square support vector
machines (LSSVM). A novel approach using the moving window
method is applied, with AUKF and LSSVM to accurately estab-
lish the battery model with limited initial training samples. The
effectiveness of the moving window modeling method is validated
by both simulations and lithium polymer battery experimental re-
sults. The measurement equation of the proposed AUKF method is
established by the LSSVM battery model and AUKF has the advan-
tage of adaptively adjusting noise covariance during the estimation
process. In addition, the developed LSSVM model is continuously
updated online with new samples during the battery operation, in
order to minimize the influence of the changes in battery internal
characteristics on modeling accuracy and estimation results after
a period of operation. Finally, a comparison of accuracy and per-
formance between the AUKF and UKF is made. Simulation and
experiment results indicate that the proposed algorithm is capable
of predicting lithium battery SOC with a limited number of initial
training samples.

Index Terms—Adaptive unscented Kalman filter (AUKF), least-
square support vector machine (LSSVM), Lithium polymer bat-
tery, modeling, moving window method, state of charge (SOC).

I. INTRODUCTION

L ITHIUM batteries have been widely used as the power
supply source in various applications, such as portable de-

vices, electrified transportation [1], etc. Due to their superior
energy density, preferable power-to-energy balance, and long
cycle life, lithium polymer batteries are applied to electric ve-
hicles (EVs) and hybrid electric vehicles (HEVs) [2]. The bat-
tery management system (BMS) is needed to guarantee battery
safety, extend its operational life and enable it to meet the de-
mands of EVs. In general, battery state estimation is one of the
key issues in BMS [3]. The battery state-of-charge (SOC) indi-
cates the amount of electrical energy left. Depending on the bat-
tery SOC, BMS selects the control strategy of a discharging or
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90000, France (e-mail: fei.gao@utbm.fr).

Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TPEL.2015.2439578

charging current in an electrical circuit [4]. Thus, an appropriate
SOC can assist BMS to avoid overcharging and unbalancing cir-
cumstances among batteries in the pack [5]. However, SOC can
only be estimated from battery terminal characteristics due to
the fact that a lithium battery itself is an enclosed system. With
SOC as a crucial parameter in the BMS, battery SOC estimation
has received considerable attention in recent years.

The conventional methods for SOC estimation include Am-
pere hour counting or coulomb counting [6], open-circuit volt-
age estimation [7], artificial neural networks [8], and others
[9]–[12], all of which can be adopted to complete the SOC
estimation process and obtain acceptable results in different
applications. Ampere hour counting and open-circuit voltage
estimation are the most common methods for SOC estimation.
However, the essential of initial SOC makes it difficult for Am-
pere hour counting to be applied to practice. Furthermore, due to
the accumulation of measurement errors, the method inevitably
results in inaccuracy. For open-circuit voltage estimation, a long
time (up to hours) is needed for a battery to be relaxed to reach its
equilibrium, which makes this method hardly available for on-
line applications. Therefore, it is suitable as an SOC estimation
method merely at the beginning or end of the entire process.

In order to compensate estimation errors and obtain accurate
SOC, there has been an increasing interest in observe-based
methods [13]. Although the main drawback is their computa-
tional burden, Kalman filter-based methods prove to be an effi-
cient algorithm to improve SOC estimation accuracy [14]–[17]
[19]–[21]. The Kalman filter is widely used in system state es-
timation and has achieved expected efficiency and performance
in many applications, such as aerospace, military, and other ar-
eas. When SOC is estimated by Kalman filter-based methods,
it is necessary to build the state-space equation of the battery at
first. In the condition of minimum mean square error, Kalman
filter makes full use of the previous and the current results to
achieve optimal estimation of current state variables. However,
the estimation process of battery SOC inevitably results in er-
rors because the Kalman filter is only suitable for linear systems
while battery charging and discharging are complex nonlinear
processes. The extended Kalman filter (EKF), which linearizes
the state-space equation of nonlinear systems by Taylor’s for-
mula, has received better results on SOC estimation [14]–[17].
However, the iterative process of the EKF will yield linearization
errors as a result of ignoring higher order terms of Taylor’s for-
mula. The nonlinear matrix of the state-space equation may be
nondifferentiable, that is, the Jacobian matrix may not be calcu-
lated in some cases. As a matter of fact, the Jacobian matrix, the



MENG et al.: LITHIUM POLYMER BATTERY STATE-OF-CHARGE ESTIMATION BASED ON ADAPTIVE UNSCENTED KALMAN FILTER 2227

computation results of first-order partial derivative of the system
matrix, is required in the calculation of EKF. Therefore, in or-
der to make up the shortcomings of EKF, the unscented Kalman
filter (UKF) based on the unscented transform is proposed. The
research in [18] indicates that the UKF is more accurate and
easier to implement than the EKF. Thus, the UKF has a higher
accuracy over the EKF in SOC estimation [19]–[21]. The AUKF,
with all the advantages of an UKF, adaptively adjusts process
noise covariance and measurement noise covariance in the esti-
mation process. In particular, AUKF, used for SOC estimation
in this paper, does not increase much computational burden
when updating covariance matrices. Computational burden of
the EKF and UKF, however, is still an important consideration
in practical applications.

The prerequisite of achieving a highly accurate SOC by the
AUKF is the construction of a precise battery model. Hence, a
least-square support vector machine (LSSVM) [22] is applied
in this research to build the nonlinear battery model with limited
initial training samples, which is different from other AUKF-
based SOC estimation methods in the literature [19]–[21]. In
this paper, a moving window method is proposed for collect-
ing enough training samples. The moving widow can limit the
size of dataset to reduce computational burden and select data
closely related to the current state to improve estimation ac-
curacy. Since ageing of the battery leads to changes in battery
internal characteristics [23], and the parameters of the model
vary with SOC level in charging and discharging processes, the
battery model should vary with operating time for better accu-
racy. On the basis of the proposed algorithm, the battery model
is not restricted by the structure of equivalent circuit and can
be updated during operation. The LSSVM model increases the
accuracy of the estimated SOC by acting as the measurement
equation in an AUKF. Furthermore, the entire estimation process
can be accomplished with a limited number of initial training
samples, and desirable results are guaranteed. Simulation and
experiment results demonstrate the validity and accuracy of the
proposed algorithm in this paper.

This paper is organized as follows. The battery modeling
method, which is based on limited training samples by combin-
ing the moving window method and LSSVM, is described in
Section II; the SOC estimation algorithm based on the AUKF
presented in Section III; and the accuracy of the battery mod-
eling method tested in simulation in Section IV; Section V de-
scribes the laboratory prototype and presents experimental re-
sults using a lithium polymer battery; and the conclusion made
in Section VI.

II. BATTERY MODELING

Battery SOC is the ratio of remaining capacity Qt to nominal
capacity Qn at the specified discharging rate

Xt =
Qt

Qn
(1)

Qt is derived from the integration of current in the discharging
process and given by

Qt = Q0 −
∫ t

0
η · i (τ)dτ (2)

where Q0 is the initial capacity, i(τ ) is the instantaneous current
at time τ , and η is equal to 1/3600.

Equation (2) is then discretized to be applied to an iterative
process as follows:

Qk+1 = Qk − η · Δt · ik (3)

where Qk and Qk+1 represent the remaining battery capacities
at time k and k + 1, respectively, ik is the battery discharging
current, and Δt is the time interval.

As SOC is proportional to Qt in (1), the state function is
shown as follows:

Xk+1 = Xk − η

Qn
· Δt · ik (4)

where Xk is the battery SOC. Consequently, SOC is derived
by integrating the current. However, the Ampere hour counting
method has several disadvantages as described in the previous
section.

A wide variety of battery models are used in the literature [24].
The models developed by Shepherd, Unnewehr, and Nernst [25]
rely on empirical formulas, while equivalent circuit models [26],
[27], like the Thevenin battery model, and the electrochemical
models are also used for SOC estimation in some literature [28]–
[32]. Since the circuit topology and parameters of these models
are usually constants, these models only demonstrate their effi-
ciency and accuracy under specified circumstances. However, to
achieve a better result in an AUKF, it is necessary to build a pre-
cise battery model as measurement equation, which is achieved
by the LSSVM [33] in this paper.

In general, the LSSVM algorithm for regression can be for-
mulated as follows [34]:

y (x) =
N∑

i=1

αiK (x, xi) + b (5)

where αi is the weight coefficient, b is the bias term, and
K(x, xi) is the kernel function that maps the input data to a
higher dimensional space. The radial basis function (RBF) is a
popular kernel function in SVM and can accomplish nonlinear
mapping [35], [36]. Accordingly, RBF is selected as the kernel
function in this paper and expressed as

K (x, xi) = e
‖x −x i ‖2

2 σ 2 (6)

where σ is the tuning parameter associated with the RBF kernel
function.

Generally, voltage and current are considered as the most
influential factors related to SOC in battery charging and dis-
charging processes. Hence, voltage is selected as output variable
Zk and current as input ik for the measurement equation. The
LSSVM model describes the relationship between Zk and ik to
act as the measurement equation in the AUKF. The two level
structure of the LSSVM is illustrated in Fig. 1.

For LSSVM training purpose, a number of samples need to
be collected first. Thus, the moving window method is proposed
to build the LSSVM model. The moving window method can
update the dataset for the training of the LSSVM in the iterative
process, expressed as (7) [13], [37], [38]. w(k) is the coefficient
multiplied by the training sample. When in the range of the
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Fig. 1. Structure of LSSVM.

Fig. 2. Flow chart of the moving window method.

moving window, the samples are multiplied by 1. Otherwise,
they are multiplied by 0, which means only the samples in the
range of the window are selected to train the LSSVM model.
Thus, the moving window method is capable of limiting the
size of training samples and updates the training samples step
by step

w(k) =

{
1, 1 < n < M

0, other.
(7)

It is assumed that the number of initial samples is m, and the
width of the moving window is also defined to m. When the
moving window method is iterating from k to k + 1 step, the
SOC estimation method will yield another m samples. The m
samples in k + 1 step are applied to train the (k + 1)th model to
reduce computation burden so that the (k + 1)th model can be
used in the next iteration. The iteration procedure of the moving
window method is shown in Fig. 2. The method is particularly
useful in the case that only a limited number of training samples
are obtained at the start of the estimation. Moreover, the battery
model can be retrained after sufficient samples are collected in
enough iteration steps.

III. ESTIMATION ALGORITHM BASED ON AUKF

Using the sampling method to approximate nonlinear distri-
bution makes it possible that UKF could have better estimation
results than the EKF. In addition, AUKF does not require com-
putation of the Jacobian matrix and can adaptively adjust process
and measurement noise covariances. An accurate SOC by using
AUKF has been obtained in conjunction with the measurement
equation explained in Section II.

The state-space equation of the battery needs to be established
first to start AUKF-based SOC estimation. The measurement

equation established by the LSSVM inevitably contains errors
due to limited training samples. In addition, errors may also oc-
cur in every measurement of the voltage and current. Therefore,
system noise qk and measurement noise rk are added to state
space

Xk+1 = f (Xk, ik ) + qk = Xk − η

Qn
· Δt · ik + qk (8)

Zk+1 = H (Xk, ik ) + rk . (9)

Equation (8) is directly derived from (4). Equation (9) is
the LSSVM model, which acts as the measurement equation in
the state-space equation. Equation (8) indicates the relationship
between voltage and SOC, with H(Xk, ik ) shown as follows:

H (Xk, ik ) =
l∑

i=1

aiK (xi, ij ) + b (10)

where K(xi, x) is the kernel function. ai and b are the coeffi-
cients obtained in the LSSVM training process.

Based on the aforementioned established state-space equa-
tion, the AUKF algorithm can be used for SOC estimation.

Step1. Initialization: Initial values are calculated by the fol-
lowing equation:

X̂0 = E(X0) (11)

P0 = E

[(
X0 − X̂0

)
·
(
X0 − X̂0

)T
]

(12)

where X0 is the initial SOC, and P0 is the initial posterior error
covariance. r0 and q0 determine the initial measurement noise
covariance and process noise covariance.

Step 2. Calculation of Sigma Points and Weighting Coeffi-
cients: Sigma points are calculated as follows:

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

X̃0 = X̂k−1

X̃(i)
k −1

= X̂k−1 +
(√

(n + κ) Pk

)
i

X̃(j )
k −1

= X̂k−1 −
(√

(n + κ)Pk

)
j−n

(13)

where i is from 1 to n, j ranges from n + 1 to 2n, and
(
√

(n + κ)Pk )i is the ith row of the square-rooting matrix.
The calculation of the weighting coefficients in an AUKF is

given by
⎧⎪⎪⎪⎨
⎪⎪⎪⎩

W
(0)
m = κ/ (n + κ)

W
(0)
c = κ/ (n + κ) +

(
1 − α2 + β

)

W
(i)
m = W

(i)
c = κ/ [2 · (n + κ)]

(14)

where n is the dimension of Xk , and i is in the 1–2n range.
Three additional parameters α, β, and κ are required in (14). α
determines the distribution of sigma points, ranging from 1e−4

to 1 in general. λ is typically selected to be 0 or 3–n. β is the
state distribution parameter, which is 2 for Gaussian distribution
and 0 for single state variable. κ is given by

κ = a2(n + λ). (15)
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Step 3. Prediction and Correction: Prediction equations are
shown as follows:

X
(i)
k |k−1 = f

(
X̃

(i)
k−1 , ik

)
(16)

X̂k |k−1 =
2n∑
i=0

W (i)
m · X(i)

k |k−1 (17)

P−
x,k |k−1 =

2n∑
i=0

W (i)
c

[
X

(i)
k |k−1 − X̂k |k−1

]

×
[
X

(i)
k |k−1 − X̂k |k−1

]T

+ qk−1 (18)

Z
(i)
k |k−1 = H

(
X̂k |k−1 , ik

)
(19)

Ẑk |k−1 =
2n∑
i=0

W (i)
m · Z(i)

k |k−1 . (20)

Correction equations are given by

Py,k =
2n∑
i=0

W (i)
c

[
Z

(i)
k |k−1 − Ẑk |k−1

]

×
[
Z

(i)
k |k−1 − Ẑk |k−1

]T

+ rk−1 (21)

Pxy,k =
2n∑
i=0

W (i)
c

[
X

(i)
k |k−1 − X̂k |k−1

]

×
[
Z

(i)
k |k−1 − Ẑk |k−1

]T

(22)

K = Pxy,kP−1
y ,k (23)

X̂k = X̂k |k−1 + K
(
Zk − Ẑk |k−1

)
(24)

Pk = P−
x,k |k−1 − KPy,kKT . (25)

Step4. Adjustment Process: The noise covariances qk−1 and
rk−1 are updated by the following equation:

εk = Zk − H(X̂k , ik ) (26)

ck =

k∑
i=k−L+1

εiε
T
i

L
(27)

rk = ck +
2n+1∑
i=0

W (i)
c (Z(i)

k |k−1 − Zk + ck )

× (Z(i)
k |k−1 − Zk + ck )T (28)

qk = KckKT (29)

where X̂k is the estimated SOC by an AUKF in kth iteration.
Fig. 3 is the structure of the AUKF algorithm.
The flowchart of the overall algorithm is illustrated in Fig. 4.
In Fig. 4, m is the number of the initial training samples, N

determines whether the number of training samples is enough or
not, t stands for the operating time of battery, and T represents

Fig. 3. Schematic diagram of proposed algorithm.

Fig. 4. Flowchart of overall algorithm.

TABLE I
PARAMETERS OF BATTERY MODEL

Nominal Capacity 4.180 Ah
Nominal Voltage 3.338 V

the threshold that determines the updating cycle time of the
battery model.

IV. ACCURACY OF LSSVM-BASED MODEL

To verify the accuracy of the LSSVM-based model, simula-
tion tests are designed in this section with the lithium battery
model from the research in [39]. Table I shows the battery pa-
rameters. Samples are collected for LSSVM training purpose
after running the model in Fig. 5.

A specific current profile in Fig. 6(a) is used as discharg-
ing current for the battery model in Simulink. The discharging
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Fig. 5. Lithium battery model in Simulink.

Fig. 6. Physical quantities changes of battery model in Simulation 1,
(a) Discharging current, (b) Voltage, (c) Temperature.

current rapidly fluctuates between 0 and 6 A. The voltage, tem-
perature, and SOC are recorded in this test for 3600 s with 1-s
sample time. During the discharging process, battery voltage
constantly decreases as shown in Fig. 6(b). The cross-validation
method is applied for LSSVM parameter optimization.

In order to validate the moving window method in simula-
tion, it is assumed that training samples are not sufficient at the

Fig. 7. Test result of moving window method in Simulation 1, (a) State of
charge, (b) Absolute errors ea of SOC, (c) Relative errors er of SOC.

beginning of the estimation. The numbers of initial samples m
are set to 10, which means only ten SOC values are essential
to build the LSSVM model at the start. AUKF is selected as
the estimation method so that the required SOC can be obtained
in the next iteration. It can be clearly seen from Fig. 7 that the
estimated SOC follows its actual values with accuracy.

Two types of errors are used to measure the accuracy of SOC
estimation in this paper. Absolute error ea is defined as

ea = x∗ − x (30)

where x∗ is the approximate value and x is the actual value.
In this paper, x∗ and x are the estimated SOC and the ref-
erence SOC, respectively. As previously described, SOC, as
a percentage, represents the ratio of remaining capacity Qt to
nominal capacity Qn , which means the absolute error ea is also a
percentage.

In this test, the absolute error ea ranges from −0.79% to
+0.94% as shown in Fig. 7(b). The absolute error ea in the
literature [10], [17] is confined to ±2% error band and ±3%
in [11] and [16]. Compared with an average ±15% ea in the
Ampere hour counting method and an average ea of 5% in the
EKF over a wide range of operation [9], the average ea obtained
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Fig. 8. Test result of retrained measurement equation in Simulation 1, (a) The
output of the measurement equation, (b) Errors of measurement equation.

in this test is less than 0.5%, which proves the validity of the
moving window method. It can be also seen that the average |ea |
is 0.47% when SOC is below 20% and that the average |ea | is
0.37% in other SOC ranges. One reason for the increase in ea is
the high nonlinearity of the dependence of model parameters on
SOC in lower SOC ranges [5], [12]. Another reason is that the
estimated SOC in the current step adopts the model established
by the training data in the previous step. The variation of volt-
age curve [see Fig. 14(b)] is steeper in the lower range of SOC,
which inevitably increases the difference between established
models in the two steps. Thus, the increase in ea and er is mainly
due to the nonlinear changes in battery internal characteristics
and the updated mode of the moving window method. However,
compared with the results in the literature [10], [11], [16], [17],
the variation curve of ea in this paper does not increase signif-
icantly at lower SOC level and ea is always less than ±2% in
overall SOC ranges.

In addition to the absolute error, the relative error er can be
defined as

er =
x∗ − x

x
(31)

where x∗ is the approximate value and x is the actual value.
When SOC is below 20% at 3370 s, the relative error er

increases faster than SOC level in the range of 100%–20%. The
relative error er is between −3.3% and +4.99%, as shown in
Fig. 7(c). Despite the reasons explained earlier, the increase in
er mainly results from the decrease in denominator (low SOC
value) in (31). Thus, the resulting er is higher in lower SOC
ranges, the average |er | for SOC below 20% can reach nearly
3% and the maximum |er | is around 5%. Although ea and er

increase when SOC is below 20%, the proposed method can still

Fig. 9. Physical quantity changes of battery model in Simulation 2, (a) Dis-
charging current, (b) Voltage, (c) Temperature.

be used to obtain acceptable results compared with the literature
[10], [11], [16], [17].

Since battery parameters vary with time and modeling preci-
sion depends on the number of training samples, the established
measurement equation needs to be updated after a period of
operating. The LSSVM model is retrained after 3600 training
samples are collected in this test. The LSSVM model output is
compared with the measured voltage to examine the accuracy of
the proposed modeling method. It can be seen that the voltages
calculated by the retrained LSSVM model are close to the actual
values in Fig. 8(a). Most errors are less than 0.1 V in Fig. 8(b),
which indicates the high accuracy of the developed model.

It is also necessary to investigate the moving window method
in slower current profiles due to the importance of the internal
dynamic phenomena of batteries. Another test is designed in
simulation to validate the performance of the modeling method
in slower current profiles, with sampling time also set to 1 s.
As shown in Fig. 9(a), the discharging current profile is slower
than it is in the previous test, and the negative current repre-
sents the charging current as well. The estimated SOC closely
follows their reference values in the whole process, as shown in
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Fig. 10. Test result of moving window method in Simulation 2, (a) State of
charge, (b) Absolute errors ea of SOC, (c) Relative errors er of SOC.

Fig. 10(a). It can be seen from Fig. 10(b) that the absolute error
|ea | of the estimated SOC value is less than 1%. The proposed
moving window method in slower current profiles achieves ex-
pected performance in estimation accuracy. However, the aver-
age |er | in Fig. 10(c) still increases to more than 9% for SOC
below 20%, due to the smaller value of denominator reference
(low SOC value).

As mentioned previously, in order to achieve better accuracy,
the LSSVM model is retrained with enough samples collected
in this test. The LSSVM model output is then compared with
the actual voltages in Fig. 11. The errors are less than 0.1 V in
most cases, which indicates the accuracy of the LSSVM model
in slower current profiles.

V. EXPERIMENTAL RESULTS

The moving window modeling technique and the AUKF-
based estimation method are applied to real applications, and
the experimental results are shown in this section. A lithium
polymer battery manufactured by KOKAM Company is used to

Fig. 11. Test result of retrained measurement equation in Simulation 2,
(a) Output of measurement equation, (b) Errors of measurement equation.

TABLE II
PARAMETERS OF THE LITHIUM POLYMER BATTERY

Nominal Capacity 70.0 Ah
Nominal Voltage 3.7 V

Fig. 12. Test bench.

acquire the dataset. The parameters corresponding to the battery
are listed in Table II with the test bench shown in Fig. 12.

The structure of the experimental test bench is shown in
Fig. 13. The battery pack to be tested is electrically connected
to a programmable power supply and an electronic load. The
electronic load can impose a battery discharging cycle, and the
programmable power supply can impose a charging cycle (for
example, to simulate the regenerative braking of an electric ve-
hicle). Both charging and discharging cycles are generated by
a supervision PC and sent to the electronic load and the power
supply via digital interfaces (GPIB and RS232). During the test,
the individual battery cell current, voltage and temperature are
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Fig. 13. Test bench system diagram.

Fig. 14. Physical quantities changes of battery in Experiment 1, (a) Discharg-
ing current, (b) Voltage, (c) Temperature

measured by voltage/current sensors and an infrared camera
placed in front of the battery cells. The measured data are sent
and stored in the supervision PC for subsequent analysis.

To validate the battery in a slower current profile, the
lithium polymer battery is discharged with the current shown in
Fig. 14(a). The current is 75 A, which is almost a constant value

Fig. 15. Test result of measurement function in Experiment 1, (a) State of
charge, (b) Voltage, (c) Errors.

in the entire discharging process. The voltage and temperature
of the battery slowly change as shown in Fig. 14(b) and (c). The
discharging process lasts for 3440 s with sampling time 0.4 s.

The accuracy of the modeling method has been proved in
simulation environment. In this section, the method is applied
to experimental test. The window width m is set to 10, the
same as in Simulation 1. The results in Fig. 15(a) show the
SOC estimated by the AUKF and the moving window method
is also applied in the discharging process. The estimated SOC
is very close to the reference values, which indicates the accu-
racy of the method in slower current profiles. Afterward, the
estimated SOC and the measured quantities are used to train
a new battery model. The voltage calculated by the LSSVM
model is compared with the measured voltage to validate the
new measurement equation. The calculated values are almost in
agreement with the measured values in Fig. 15(b). The errors of
the method are negligible in Fig. 15(c), which further confirms
the validity of the moving window method.

Subsequently, experiments are also conducted to validate the
moving window method in fast dynamic current profiles. The
range of the discharging current is from −224 to 396 A in
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Fig. 16. Physical quantities changes of battery in Experiment 2, (a) Discharg-
ing current, (b) Voltage, (c) Temperature.

Fig. 16(a), while the negative discharging current actually rep-
resents the battery charging current. The variations of voltage
and temperature are shown in Fig. 16(b) and (c). The battery
is continuously discharging for 1108 s. Moreover, the sampling
interval of current and voltage is 0.4 s.

The moving window width m = 10 is also chosen. Fig. 17(a)
shows the estimated SOC by the moving window method. And
the model can be retrained after enough training samples have
been collected. The calculated voltages of the measurement
equation are compared with the measured voltages in Fig. 17(b).
Most errors in Fig. 17(c) are less than 0.2 V, which indicates a
high accuracy of the modeling method.

The accuracy of the moving window modeling method has
been validated by both simulation and experiment. Afterwards,
the retrained model is used as the measurement equation in the
AUKF to estimate the battery SOC. The AUKF-based method
is compared with an UKF to validate its performance in exper-
iment. In addition to using the LSSVM model trained by SOC
reference values, the model based on SOC estimation values is
also applied to an AUKF. Essentially, the two models are trained
by different sources of SOC. The reference value of SOC is ob-

Fig. 17. Test result of measurement function in Experiment 2, (a) State of
charge, (b) Voltage, (c) Errors.

tained from the experimental test bench (AUKF based on actual
value in Fig. 18), while SOC estimation value is collected by the
moving window modeling method (AUKF based on estimation
value in Fig. 18). Considering the difficulty to get initial SOC
in real conditions, the initial SOC could be set to a reasonable
value arbitrarily. Thus, the value of initial SOC is set to 50% for
both estimation methods in this experiment. The mean absolute
error (MAE) of the results is calculated by

emae,k =

∑k
i=0

∣∣∣Xi − X̂i

∣∣∣
k + 1

. (32)

The comparative results of different methods are shown in
Fig. 18, and the estimation results of both methods follow the
trend of reference values, though errors can always be observed
in Fig. 18(a). The MAE of the estimated SOC is reduced to less
than 5% at the end of the curves in Fig. 18(b), which proves the
effectiveness of the UKF and AUKF. However, the convergence
speed of the AUKF is still higher than that of the UKF and
AUKF errors are clearly less than those of the UKF as shown in
Fig. 18(b), which indicate the superiority of the AUKF to UKF.
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Fig. 18. Experimental results and MAE of methods in Experiment 2, (a) State
of charge, (b) MAE.

Fig. 19. Time consumption of different methods in Experiment 2.

The AUKF based on estimation value of SOC also obtains good
results in Fig. 18. The MAE is almost the same for the two
AUKF-based methods, which indicates the effectiveness of the
proposed method.

Since computational burden plays an important role in real
applications, it is also quite necessary to pay attention to the
time consumption of the Kalman filter-based methods. In order
to quantify the computational cost, the experiment is repeated
for ten times to calculate the average time consumption. The
results in Fig. 19 show the average values for each iteration,
which indicates that an AUKF consumes more time than an
UKF. The calculated average values and maximum value of
time consumption for different methods are shown in Table III,
which explicitly indicates that an UKF is almost twice as fast as
an AUKF in the experiment.

The proposed method needs to be applied to another experi-
ment to further test its performance on accuracy for SOC below
20%. In Experiment 3, the battery is discharged until its SOC

TABLE III
TIME CONSUMPTION OF DIFFERENT METHODS

Method Mean of time Maximum value of
consumption (ms) time consumption (ms)

UKF 1.1424 3.0201
AUKF based on actual value 2.1665 2.3467
AUKF based on estimation value 2.1605 2.3317

Fig. 20. Physical quantities changes of battery in Experiment 3, (a) Discharg-
ing current, (b) Voltage, (c) Temperature.

is 10%. The variations of voltage, current, and temperature in
the process are shown in Fig. 20. The current changes rapidly
from –110 to 430 A, while the lasting time of experiment is still
1108 s. The negative discharging current in the figure represents
the charging current of the battery.

The initial SOC is set to 20% for all methods in the experi-
ment. When the same battery model is used as the measurement
equation, the AUKF-based method approaches the reference
values faster than an UKF, as illustrated in Fig. 21(a). The AUKF
based on estimation value of SOC also follows the references,
which can be seen in Fig. 21(a). The MAE is less than 5% after
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Fig. 21. Experimental results and MAE of methods in Experiment 3, (a) State
of charge, (b) MAE.

Fig. 22. Relative errors in estimation process.

TABLE IV
AVERAGE ERRORS OF ALGORITHMS IN DIFFERENT SOC LEVEL

Method |er | |ea | |er | |ea |
(SOC < 20%) (SOC < 20%) (SOC � 20%) (SOC � 20%)

UKF 10.5% 1.54% 3.0% 1.5%
AUKF based on
actual value

2.5% 0.38% 0.5% 0.24%

AUKF based on
estimation value

5.0% 0.73% 1.2% 0.63%

a certain number of iterations in Fig. 21(b), which indicates the
effectiveness of the proposed method.

Fig. 22 shows the relative error er for each step in Experi-
ment 3. It can be confirmed that SOC estimation relative errors
er increase for SOC below 20% in the subgraph of Fig. 22. In
Table IV, the average |er | and |ea | also increase in the same
condition. However, the AUKF-based method still obtains bet-
ter accuracy than an UKF. The results indicate that an AUKF

Fig. 23. Experimental results and MAE with separate datasets for model
identification and validation, (a) State of charge, (b) MAE.

using estimation values of SOC is not as good as the results
from an AUKF using actual values, but the result is reasonable
and acceptable. As described previously, the two AUKF-based
methods use different sources of SOC, resulting in the difference
in accuracy.

Then, separate datasets are used for model identifica-
tion and validation. The model is established by samples in
Experiment 2 and validated by dataset in Experiment 3. The
initial SOC is set to 70% in the experiment.

The estimated SOC follows their reference in Fig. 23(a) and
the MAE is less than 5% in Fig. 23(b), which indicate the
validity of the proposed method in separate datasets for model
identification and validation.

VI. CONCLUSION

A highly accurate algorithm for lithium polymer battery SOC
estimation is presented with a limited number of initial train-
ing samples. In order to solve the problem of lacking training
data, moving window modeling method is proposed to build the
LSSVM model. The width of the moving window is set to 10 in
Section V, i.e., only 10 initial values are needed to start the esti-
mation. The simulation and experiment results of the estimated
SOC closely follow their reference values. As internal dynamic
phenomena of the batteries are very important, the modeling
method is also tested in both slow and fast dynamic current pro-
files, with results showing high accuracy of the moving window
modeling method in different variations of current profile.

With enough data collected using the moving window
method, the LSSVM-based model is cyclically updated to im-
prove its accuracy. Accordingly, an accurately retrained battery
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model is obtained, which is validated by comparing the out-
put of the model with measured voltages in the simulation and
experiment.

The LSSVM-based measurement equation is used in an
AUKF. Experimental results validate the proposed AUKF algo-
rithm in different initial SOCs. Additionally, separate datasets
are adopted for model identification and validation. The aver-
age absolute error is less than 2%, which proves the feasibility
and accuracy of the algorithm. Furthermore, as an LSSVM is a
universal method, the proposed method is able to be applied to
other battery types as well.

With computational burden being crucial to Kalman-filter-
based methods, the experiment section lists the time consump-
tion of the proposed method. Future work is expected to aim at
reducing its computational burden.
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