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Abstract: As an effective computing technique, Kalman filter (KF) currently plays an important role in
state of charge (SOC) estimation in battery management systems (BMS). However, the traditional KF
with mean square error (MSE) loss faces some difficulties in handling the presence of non-Gaussian
noise in the system. To ensure higher estimation accuracy under this condition, a robust SOC
approach using correntropy unscented KF (CUKF) filter is proposed in this paper. The new approach
was developed by replacing the MSE in traditional UKF with correntropy loss. As a robust estimation
method, CUKF enables the estimate process to be achieved with stable and lower estimation error
performance. To further improve the performance of CUKF, an adaptive update strategy of the process
and measurement error covariance matrices was introduced into CUKF to design an adaptive CUKF
(ACUKF). Experiment results showed that the proposed ACUKF-based SOC estimation method
could achieve accurate estimate compared to CUKF, UKF, and adaptive UKF on real measurement
data in the presence of non-Gaussian system noises.

Keywords: SOC estimation; UKF; correntropy loss; adaptive; non-Gaussian noises

1. Introduction

Reliable and accurate state of charge (SOC) estimate of lithium-ion battery plays a crucial role
in battery management systems (BMS) [1–6]. At present, SOC estimate methods based on Kalman
filter (KF) are gaining great interest due to their excellent convergence performance and initial value
insensitivity. As a data processing algorithm with autoregressive optimal characteristic, KF can make
the best estimate of the minimum variance in the system state. For SOC estimate, the traditional
linear KF-aware algorithms can not only overcome the error accumulation effect of the coulomb
counting method, but it also does not depend on an accurate initial SOC value [3,4]. However, the
accuracy of this method relies on the establishment of a battery equivalent circuit mode (ECM), and
some physical properties of the battery model are nonlinear [5,6]. For this reason, the extended KF
(EKF) algorithm is proposed in this paper using first-order Taylor series expansion to improve the
performance of conventional KF algorithms, which implements recursive filtering by linearizing
nonlinear functions. Unfortunately, EKF may produce large estimation errors or may even diverge
when the system nonlinearity is strong. To circumvent first-order approximation errors of EKF, the
UKF algorithm was developed by applying nonlinear system equations to the standard KF by means
of unscented transformation (UT) naturally [7–11].

Compared with EKF, UKF can achieve higher accuracy for solving nonlinear estimation problems
in a wider application range. Therefore, more and more UKF and SOC estimate methods based on
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its variations have been developed in recent years [12,13]. In Reference [12], a modified ECM model
with the impact of different current rates and SOC on the battery internal resistance was presented,
and the UKF algorithm was introduced to estimate SOC. An adaptive UKF (AUKF) and least-square
support vector machines (LSSVM)-based accurate SOC estimation algorithm for lithium polymer
battery was proposed in Reference [13] in which AUKF and LSSVM were used to accurately establish
the battery model with limited initial training samples. Li et al. proposed a wavelet transform-adaptive
UKF approach for SOC estimation of LiFePo4 battery [14]. Considering SOC estimation in uncertain
operating environments, the joint SOC estimation method was proposed in Reference [15], where the
H-infinity filter was used to estimate battery model parameters, while SOC was estimated using UKF.
In the studies, both the process and the observation noises of the system nonlinear dynamic models
were assumed to be Gaussian when developing a SOC estimation method. However, BMS usually
suffers from unexpected sensing of noises that may not follow Gaussian distributions in practice
because of the uncertainties of the system [16–18], meaning the measurement errors of the voltage and
current may obey non-Gaussian probability distributions. Therefore, the received measurements may
be significantly biased because of non-Gaussian noise. Under this condition, traditional UKF-based
SOC estimate methods will obtain biased estimation results. To address the state estimation issue under
non-Gaussian noise cases, several robust UKF algorithms have been developed in the last few years.
The GM-UKF [19] was proposed for power system state estimation that is able to filter out unknown
Gaussian and non-Gaussian noises. As a robust cost function in information theoretic learning (ITL),
correntropy loss [20] has been widely used to design different robust filters, such as sparse-aware
correntropy filter [21], diffusion correntropy [22], and linear correntropy KF (CKF) [23]. For nonlinear
estimation problems in impulsive noise environments, the extended CKF and the correntropy UKF
(CUKF) were proposed in References [24–28].

At present, CUKF is widely used in nonstationary growth model estimation and signal processing.
To the best of our knowledge, however, it has not been applied to handle SOC estimation for lithium
ion when the system encounters non-Gaussian noises. Therefore, to overcome the drawback of
SOC estimation based on traditional UKF under non-Gaussian situations, as well as inspired by the
outstanding properties of CUKF, this paper aims to develop a robust SOC estimation method using
CUKF. Although CUKF performs well in non-Gaussian cases, similar to UKF, it will only work under
certain condition where the means and covariance matrices of the system process and measurement
noises are assumed to be known at each time instant. However, for practical dynamical systems, these
may be difficult to obtain because both noises depend heavily on the actual operating conditions of the
system and change from time to time [19]. For this reason, an adaptive update scheme was introduced
into CUKF to adjust the process and measurement noise covariance matrices adaptively, and a novel
adaptive CUKF (ACUKF)-based SOC estimation method was further developed to suppress the
influence of non-Gaussian measurement noise. The proposed method was implemented and tested
on lithium ion with the current profiles. The experimental results demonstrated that the proposed
ACUKF method could achieve higher estimation accuracy and fast convergence for SOC estimation in
comparison to the conventional UKF and adaptive UKF.

The remainder of this paper is organized as follows. Section 2 describes the battery model
structure selected for study in this paper. Section 3 introduces the SOC estimation method based
on adaptive CUKF. The SOC estimation method via ACUKF is validated using experimental data in
Section 4. Finally, Section 5 concludes with a summary of the main findings of this paper.

2. Equivalent Circuit Model and Parameter Identification

The ECM is the foundation of KF-based SOC estimate methods for lithium ion in BMS. It uses
simple elements such as resistors and capacitors to model the charging and discharging behavior of
lithium-ion batteries [29]. The available lithium-ion battery charging strategies usually fall into three
categories depending on the mathematical models utilized [30]. In this section, the overall framework
of ECM and its parameters identification process will be introduced.
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2.1. Two-Order R-C ECM

A reliable ECM is a prerequisite for accurate SOC estimation. Various ECMs are now extensively
utilized in SOC estimate studies, including Thevenin model [31], Rint model [32], resistor–capacitor
(R-C) model [33], Partnership for a New Generation of Vehicles (PNGV) model [34], fractional-order
battery model [35], and so on. Among them, R-C network is one of important models because it
can accurately capture the battery dynamics and can be easily implemented in real-time applications.
According to the report in Reference [29], the model accuracy is not always improved by increasing
the order of the R-C network, and the first- and second-order R-C models are the best choice owing to
their balance of accuracy and reliability for lithium-ion batteries. Therefore, the two-order R-C model
was selected as the ECM in this work, as shown in Figure 1.
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Figure 1. Schematic diagram of the two-order resistor–capacitor (R-C) model.

In this model, R0 denotes the battery’s Ohmic resistance, which represents the instantaneous
voltage drop during the battery charge/discharge process. Two R-C networks are used to model the
relaxation effects of battery charge/discharge process. The Rs and Cs branch imitates the short-term
transient response of battery, whereas the long-term transient response is modeled by Rd and Cd.
The Uoc represents the battery’s open circuit voltage (OCV), which is usually a nonlinear function
of SOC. Ut denotes the battery terminal voltage, and I is the load current with a positive value at
discharge and a negative value at charge. Us and Ud are the short- and long-time transient voltage
responses for charging/discharging, respectively. Using the Kirchhoff’s circuit laws, the electrical
behavior of the 2-R-C model can be expressed as follows:

dUs

dt
= − Us

RsCs
+

I
Cs

(1)

dUd
dt

= − Ud
RdCd

+
I

Cd
(2)

Ut = Uoc −Us −Ud − R0 I (3)

In this model, the parameter vectors (R0, Rs, Rd, Cs, and Cd) should be experimentally identified
efficiently to increase the SOC accuracy in real-time application. The following parameter identification
process is shown on actual data taken from the website of the “Battery Management Systems, Volume
II: Equivalent-Circuit” course [36].

2.2. SOC-OCV Relationship

As the terminal voltage of battery at charge equilibrium condition, the OCV is directly dependent
on SOC value. To obtain the nonlinear functional relationship between OCV and SOC, the OCV test
was conducted using the lithium-ion battery as a case study. In this study, the hysteresis effect was
neglected. The discharge characteristic experiment with 1C rate was conducted for the battery, and
the test temperature was kept at 25 ◦C. The 8th degree polynomial equation was employed to fit
the relationship accurately using the experimental data because it had shown better performance
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than the 7th degree one in References [15,37,38]. With 18 pairs of OCV and SOC data, the OCV–SOC
relationship was determined by the polynomial fitting method as follows:

Uoc(SOC) = −3.3825× 10−14·SOC8 + 1.6725× 10−11·SOC7 − 3.3840× 10−9·SOC6

+3.6435× 10−7·SOC5 − 2.2685× 10−5·SOC4 + 8.2970× 10−4·SOC3

−0.0173·SOC2 + 0.1913·SOC + 2.3585
(4)

Figure 2a shows the SOC-OCV graph obtained from the experiment and the fitting data.
The validation of the above polynomial equation in terms of absolute difference is shown in Figure 2b.
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2.3. Identification of Model Parameters

In this subsection, we identify the parameters (R0, Rs, Rd, Cs, and Cd) using the off-line method.
Under the same temperature conditions, a hybrid pulse current profile was loaded to get the battery
model parameters. Data obtained from the test on LiFePO4 battery in Reference [34] was used in
this work. The key specifications of a LiFePO4 battery selected for the experiment were as follows:
The nominal capacity of the battery was 5 Ah, nominal voltage was 3.5 V, and maximum continuous
discharge current was 8.5 A. The batteries were placed in the temperature chamber, and the temperature
of the cell was measured. The current, voltage, and SOC were sampled at 1 Hz and are plotted in
Figure 3a–c. The experiments in Section 4 were conducted using these data to verify the performance
of the novel SOC estimate method proposed in this work.
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(1) Ohmic resistance R0
The resistive and capacitive parameters of the battery ECM can be identified by data obtained

from the unidirectional pulse charging test and the unidirectional pulse discharging test described
at the beginning of this section. Ohmic resistance is the main cause of lithium battery current load
voltage changes, and its identification calculation can be obtained according to the terminal variation.
According to the Ohm’s law of equation [39] we get the following:

∆U = Ro∆I, ∆U = U1 −U2, (5)

from this, we can deduce Ro.
Figure 4 is the terminal voltage response curve of unidirectional pulse discharge sequence. In the

terminal voltage response curve, the instantaneous variation of the voltage at the beginning and end
of the pulse discharge current is mainly caused by the Ohmic resistance R0 because of the very short
pulse discharge time, while SOC changes little before and after pulse discharge. Once the discharge
current is stopped, the terminal voltage will drop immediately. It must be noted that the voltage Us

and Ud of the capacitors Cs and Cd will not suddenly change at the moment of starting the discharge.
Then, Ohmic resistance Ro can be found from numerous of the terminal voltage at the moment of
starting the discharge. Thus, we can calculate the Ohmic resistance Ro [40]:

Ro =
|U1 −U2|+|U4 −U3|

2|I| (6)
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(2) Polarization resistance–capacitance parameters
The exponential fitting approach is employed to identify the model parameters Rs, Rd, Cs, and Cd.

The time constant τs = RsDs, τd = RdDd should be computed first. Using the identified time constant,
the details identification of the Rs, Rd, Cs, and Cd can then be introduced. During pulse discharge
end static period, R-C network is zero input response; then, the terminal voltage can be represented
as follows:

U = Uoc −Us(0)e
− t

RsCs −Ud(0)e
− t

RdCd (7)

where Us(0) is the initial value of the voltage at the two ends of the RsCs network, and Ud(0) is
the initial value of the voltage at the two ends of the RdCd network. According to Equation (7),
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we can perform the second-order exponential fitting of the terminal voltage response by the
following expression:

U = Uoc − cse−
t

τs − cde−
t

τd (8)

Here, cs, cd, τs, τd are unknown coefficients, and we can obtain the value of them by
least-square fitting method. Then, the parameters Rs, Cs, Rd, Cd can be identified further by the
following methodology.

Using Kirchhoff’s circuit laws, the circuit dynamics of the RC network combining Rs and Cs can
be expressed as follows:

Us

Rs
+

dQs

dt
= I (9)

where Qs = Cs ×Us, then, the above equation can be written as follows:

dUs

dt
= − Us

RsCs
+

I
Cs

(10)

Solving the differential equation yields, we get the following:

Us = Rs(1− e−
t

RsCs )I(t) (11)

In like manner, we have the following:

dUd
dt

= − Ud
RdCd

+
I

Cd
(12)

Further, we have the following:

Ud = Rd(1− e−
t

RdCd )I(t) (13)

Then, from Equations (11) and (13), the resistances Rs and Rd are determined by the
following equations:

Rs =
Us

(1− e−
t

RsCs )I(t)
(14)

Rd =
Ud

(1− e−
t

RdCd )I(t)
(15)

Now, the values of Cs and Cd can be computed from Cs =
τs
Rs

, Cd = τd
Rd

.
Then, the parameter identification is completed and the results are given in Table 1.

Table 1. Identified parameters.

R0 (mΩ) Rs (mΩ) Cs (kF) Rd (mΩ) Cd (kF)

0.00074428 0.0153 9173.5 0.0050 28,005

(3) Parameter validation test
In order to verify the correctness of the battery equivalent circuit model and parameter

identification method, it was necessary to compare the measured battery terminal voltage with
the terminal voltage obtained by the model. The output of the model was obtained by the
following equation:

U = Uoc − IR0 − IRs(1− e−
t

RsCs )− IRd(1− e−
t

RdCd ) (16)
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Figure 5a gives the actual voltage and the model output voltage results, and Figure 5b is the
difference between them. From this result, we can observe that the model output voltage is identical
with the actual voltage, and it implies availability of the parameters obtained by the process above
for the selected battery. However, we can also observe that the absolute difference increases over
0.2 V during charge/discharge stage. There are two probable reasons for this phenomenon: (1) The
dynamic characteristic of charge/discharge leads to fluctuation. (2) There is noise in the dynamic
charge–discharge process. This seems to be a critical flaw of the calculated parameters, and we will
focus on this issue in future research.
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3. Adaptive Correntropy UKF for SOC

In this section, we introduce a novel SOC estimation approach using correntropy UKF with
adaptive update of process and measurement error covariance matrices.

3.1. Correntropy Loss

As a nonlinear similarity measure, correntropy has been proposed in information theoretical
learning (ITL) framework where the conventional concepts of second-order statistics (covariance, L2

distances, correlation functions) are substituted by scalars and functions with information theoretic
underpinnings—entropy, mutual information, and correntropy, respectively [41]. For two random
variables X = [x1, · · · , xN ]

T and Y = [y1, · · · , yN ]
T , its definition is as follows:

V(X, Y) = E[κσ(X, Y)] =
∫

κσ(x, y)dFXY(x, y) (17)

where E[] denotes the expectation operator, κσ(·, ·) is a kernel function with kernel width σ, and
FXY(x, y) represents the joint distribution function. In general, the data distribution is not obtained and
only a finite number of samples {xi, yi}N

i=1 are available, hence the sample estimator of correntropy is
used as follows:

V̂(X, Y) =
1
N

N

∑
i=1

κσ(xi, yi) (18)

The Gaussian kernel is usually used in correntropy and given by the following equation:
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κσ(x, y) =
1

σ
√

2π
exp(− e2

2σ2 ) (19)

where e = x− y denotes the error of two random variables. As a local similarity criterion, correntropy
is very useful for non-Gaussian cases, especially for measurement noise with large outlier. It is
always bounded for any distribution and robust with respect to impulsive noises (or outliers) [42,43].
correntropy loss is aimed at maximizing correntropy between a variable and its estimator, which has
been successfully applied in designing robust adaptive filters [21–28].

3.2. UKF with Correntropy Loss

The KF is a computing tool that can provide an efficient recursive means for estimating the states
of a process by minimizing the MSE, which is used as an optimal criterion under Gaussian assumption.
Unfortunately, this condition may still not hold true in real world. Therefore, several novel KFs via a
substitute criterion have been developed to improve the robustness of the conventional KF. correntropy
loss, as a simple and efficient criterion, has been employed to design different kinds of KFs, such as
correntropy KF [23,24], correntropy EKF [25], and CUKF [26–28]. In this work, we focused on the
development of a novel SOC estimate method based on the proposed adaptive CUKF. CUKF and the
adaptive update scheme of the process and measurement noises covariance matrices for CUKF are
introduced in this section.

The following state-space equation model was used to introduce CUKF from Reference [26].
State equation:

xi = f (xi−1, ui−1) + wi (20)

Measurement equation:
yi = g(xi, ui) + vi (21)

where f denotes the state-space model, g is the measurement model, xi denotes state variable, ui
represents input variable, yi is output variable. wi and vi are process noise and measurement
noise, respectively.

In general, CUKF also follows the structure of standard UKF using modified one-step estimation
error covariance and measurement error covariance. The whole algorithm is given as follows:

Step1: A suitable kernel bandwidth σ and the initial state variable x0 are first selected, then
the initial state mean x̂0|0 = E[x0], P0|0 is the covariance of the state estimate error defined by

P0|0 = P0 = E[(x0 − x̂0)(x0 − x̂0)
T ].

Step 2: Compute sigma points χs
i−1|i−1 using x̂i−1|i−1 and Pi−1|i−1 by the following equation:

χs
i−1|i−1 =


x̂i−1|i−1 s = 0

x̂i−1|i−1 +
[√

(n + λ)Pi−1|i−1

]
s

s = 1, 2, · · · n

x̂i−1|i−1 +
[√

(n + λ)Pi−1|i−1

]
s−n

s = n + 1, n + 2, · · · 2n

(22)

where
[√

(n + λ)Pi−1|i−1

]
s

is the sth column of
√
(n + λ)Pi−1|i−1, λ = α2(n + k) − n is a scaling

parameter used to reduce the prediction error, α determines the spread of the sigma points around
and is usually set to a small positive value, 0 ≤ α ≤ 1. The value of k is set to guarantee semipositive
properties of the matrices (n + λ)Pi−1|i−1 and is set at 2 when the state variable is a single argument,
while k = 3 − n when the state variable is multivariable. x̂i−1|i−1 is the state estimation at time index
i-1, and Pi−1|i−1 represents the related estimation error covariance matrix.

Step 3: Obtain the weight of the sigma point:
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w0

m = λ
n+λ

w0
c = λ

n+λ + 1− α2 + β2

wi
m = wi

c =
1

2(n+λ)
, i = 1, 2, · · · 2n

(23)

where wm is the weight of the sigma point mean, wc denotes the weight of the covariance, the free
parameter β ≥ 0, which can integrate into the prior information of random variable, and it is optimal
when β = 2 for Gaussian distribution.

Step 4: Obtain the mean x̂i−1|i−1 and covariance of the one-step predicted state Pi|i−1 by the
following equations:

x̂i|i−1 =
2n

∑
s=0

wi
m f (χs

i−1|i−1, ui) (24)

Pi|i−1 =
2n

∑
s=0

wi
c

[
f (χs

i−1|i−1, ui)− x̂i|i−1

][
f (χs

i−1|i−1, ui)− x̂i|i−1

]T
+ Qi−1 (25)

Step 5: Computing of sigma point χs
i|i−1 using x̂i|i−1 and Pi|i−1 by the following equation:

χs
i|i−1 =


x̂i|i−1 s = 0

x̂i|i−1 +
[√

(n + λ)Pi|i−1

]
s

s = 1, 2, · · · n

x̂i|i−1 +
[√

(n + λ)Pi|i−1

]
s−n

s = n + 1, n + 2, · · · 2n

(26)

Step 6: Obtain the mean ŷi|i−1 and the cross-covariance matrix Pxy,i of the predicted measurement
by the following equations:

ŷi|i−1 =
2n

∑
s=0

wi
mg
(

χs
i|i−1, ui

)
(27)

Pxy,i =
2n

∑
s=0

ws
c

[
χs

i|i−1 − x̂i|i−1

][
g
(

χs
i|i−1, ui

)
− ŷT

i|i−1

]T
(28)

Step 7: Get the pseudo measurement matrix Hi by the following equation:

Hi = PT
xy,iP

−1
i|i−1 (29)

Step 8: Calculate the modified P̃i|i−1 and R̃i as follows:[
Pi|i−1 0

0 Ri

]

=

[
Sp,i|i−1ST

p,i|i−1 0

0 Sr,iST
r,i

]
= SiST

i

(30)

Di = S−1
i

[
x̂i|i−1

yi − ŷi|i−1 + Hix̂i|i−1

]
(31)

Wi = S−1
i

[
I

Hi

]
(32)

ei = Di −Wix̂i|i−1 (33)

C̃x,i = diag(Gσ(e1,i), · · · , Gσ(en,i))

C̃y,i = diag(Gσ(en+1,i), · · · , Gσ(en+m,i)
(34)
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where el,i is the lth elements of ei, C̃x,i and C̃y,i are from the following fixed-point equation with matrix
form as follows:

xi =
(

WT
i CiWi

)−1
WT

i CiDi (35)

where Ci =

[
C̃x,i

C̃y,i

]
. In addition, we have the following:

P̃i|i−1 = Sp,i|i−1C−1
x,i ST

p,i|i−1 (36)

R̃i = Sr,iC−1
y,i ST

r,i (37)

Step 9: Obtain K̃i and calculate x̂i|i and Pi|i through the following equations:

K̃i = P̃i|i−1HT
i

(
HiP̃i|i−1HT

k + R̃k

)−1
(38)

x̂i = x̂i|i−1 + K̃i

(
yi − ŷi|i−1

)
(39)

Pi|i = (I− K̃iH̃i)Pi|i−1(I− K̃iHi)
T
+ K̃iRiK̃T

i (40)

Remark 1: According to Equations (36) and (37), we know that the difference between UKF and CUKF mainly
lies in P̃i|i−1 and R̃i. Due to the Gaussian kernel introduced by correntropy loss, CUKF will automatically
adjust those two matrices in response to non-Gaussian signals. The detailed derive process for the state equation
can be seen in Reference [26].

3.3. Adaptive Correntropy UKF

The process noise covariance Q and measurement noise R are assumed to be known in CUKF.
However, they are real time in general and may not be obtained prior in practice. Therefore, they
should be updated with changes in time on the basis of some obtained prior knowledge. In recent
years, different methods have been used to implement the adaptive estimation [44–46]. In this work,
we use the covariance matching technique to estimate the covariance values to improve the robustness
of CUKF. The realization process is detailed in the following:

εi = yi − g(x̂i|i,ui) (41)

Fi = εiε
T
i (42)

Qi = K̃iFiK̃T
i (43)

Ri = (Fi +
2n

∑
s=0

ws
c(y

s
i+1|i − yi)(ys

i+1|i − yi)
T)/2 (44)

where εi is the residual error of the measurement output, and ys
i+1|i− yi denotes the residual error of the

measurement output estimated by each sigma point. We can now give analysis of the method above.
According to Equation (21), we have the following:

vi = yi − g(xi, ui) (45)

vi =
2n

∑
s=0

ws
c(y

s
i+1|i − yi) (46)
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Then, Equations (44) and (46) are the estimate of the vi. Fi denotes the residual error covariance
of the measurement, the mean of the sum of the residual error covariance can be estimate of the
measurement noise covariance. According to Equation (11), we have the following

wi = xi − f (xi−1, ui−1) (47)

Further, from Equation (39), we obtain the following:

ŵi = x̂i − x̂i|i−1 = K̃i

(
yi − ŷi|i−1

)
= K̃iv̂i (48)

Due to
K̃iv̂i ≈ K̃iεi (49)

Thus,
Qi = ŵiŵT

i = K̃iFiK̃T
i (50)

When Equations (43) and (44) are introduced into CUKF, we can obtain the adaptive CUKF
algorithm, which can overcome the drawback of CUKF and improve the estimate accurate by adjusting
the covariance of the process and measurement noises.

3.4. ACUKF for SOC Estimation

In order to estimate SOC using the ACUKF, we substitute the state vector x in Equation (11) by
the factor in ECM, which represents the total effect of system inputs u on the current system operation,
such as SOC, and the measurable system output y is replaced by terminal voltage in Equation (12).
w is the unmeasured “process noise” that affects the system state, and v is the measurement noise
that does not affect the system state but can be reflected in the system output. f (x,u) and g(x,u) are
functions specified by the particular used cell model. Then, discretizing Equations (1)–(3), we obtain
the following:

Us(k + 1) = e−
∆t

RsCs Us(k) + Rs(1− e−
Λt

RsCs )I(k) (51)

Ud(k + 1) = e−
∆t

RdCd Ud(k) + Rd(1− e−
∆t

RdCd )I(k) (52)

U(k) = Uoc(SOC(k))−Us(k)−Ud(k)− R0 I(k) (53)

where ∆t is the sampling interval, SOC(k) represents the SOC value at discretizing time k, and its
discretizing form is as follows:

SOC(k + 1) = SOC(k)− I(k)∆t
Qc

(54)

where Qc is the total battery capacity.
The state variable of the systems usually comprises Equations (51), (52) and (54), while the

terminal voltage in Equation (6) represents the model output measurement; the current I(t) is the
input. To this end, the state and measurement equations with matrix form in discrete time can be
expressed as follows: SOC(k + 1)

Us(k + 1)
Ud(k + 1)

 =


1 0 0

0 e−
∆t

RsCs 0

0 0 e−
∆t

RdCd


 SOC(k)

Us(k)
Ud(k)

+


− 1

Qc

Rs(1− e−
∆t

RsCs )

Rd(1− e−
∆t

RdCd )

I(k) (55)



Energies 2018, 11, 3123 12 of 20

U(k) = Uoc(SOC(k))−Us(k)−Ud(k)− R0 I(k)

= [ 1 −1 −1 ]

 Uoc(SOC(k))
Us(k)
Ud(k)

− R0 I(k)
(56)

4. Experiment Results and Discussion

We performed experiments to verify the effectiveness and feasibility of the proposed ACUKF for
SOC estimation of lithium ion with respect to the database available in the research of the ECM data
repository [36], and the true SOC was obtained by subtracting the net charge flow from the charge in a
fully charged cell.

In general, the measurement data is usually not consistent with the original data due to
the measurement error and observation error. Furthermore, these errors can also be seen from
measurement noises. Therefore, in this work, we focused on the SOC estimation problem when the
measurement data is affected by the noises with Gaussian and non-Gaussian cases. In order to make a
quantitative comparison study of different SOC estimation methods, the mean square error (MSE),
maximum absolute error (MAE), and root MSE (RMSE) were calculated according to the formula in
Equations (57)–(59):

MSE =
1
n

n

∑
k=1

(SOC(k)− SÔC(k))2 (57)

MAE = Max
∣∣SOC(k)− SÔC(k)

∣∣ (58)

RMSE =
√

MSE (59)

The performance of the proposed ACUKF for SOC estimation was compared with three other
techniques—UKF, CUKF, and AUKF—under Gaussian and non-Gaussian environments.

4.1. Under Gaussian Noise

We first performed an experiment under Gaussian noise environments to evaluate the validation
of the proposed method. Here, all the values of tuning parameters of each algorithm were selected by
following the principle of obtaining optimal performance for them. The same free parameters of all
algorithms were set at α = 1, k = 0, β = 2. The initial state was set at 70%, and the kernel width σ was
selected as 2 for CUKF and ACUKF. We added the Gaussian noise with zero mean and variance 0.0001
as the state noise for state equation and selected another Gaussian noise with zero mean and variance
0.001 for measurement noise. The SOC estimate results are shown in Figure 6. From this result, one
can observe that all the estimate methods performed well in this case, and the SOC estimate results
of all methods were similar to each other. However, from the estimate errors in Figure 7, we see that
differences still existed between them. In particular, the UKF and AUKF methods had larger initial
error compared with CUKF and ACUKF. The MSE, RMSE, and MAE results of all methods are given
in Table 2.
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Table 2. Evaluation results for different SOC estimation methods.

Algorithm MSE (%) RMSE (%) MAE (%)

UKF 0.390262 0.62471 27.1591
AUKF 0.0998027 0.315916 27.1591
CUKF 0.505981 0.505981 1.95338

ACUKF 0.0073751 0.0858784 0.36099

4.2. Under Non-Gaussian Noise

We know that non-Gaussian noises are common in real environments, so it is worthwhile to
investigate the performance of the proposed method under the contamination of non-Gaussian noises.
Two different cases for the system and measurement disturbances were considered to evaluate the
SOC estimation performance of the proposed approach.
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Case 1: In this case, the elements of wk and vk comprised Gaussian noise plus shot noise. The noise
terms are represented as follows:

wk = N(µx, Q) + Shot noise

vk = N(µy, R) + Shot noise

where µx = [ 0 0 0 0 ]
T

, µy = [ 0 0 ]
T

, Q = Diag([ 0.1 0.1 0.1 0.1 ]), R =

Diag([ 0.1 0.1 ]).
The shot noises applied to the first measurement are demonstrated in Figure 8; the shot noise

used for wk was similar but is not shown here.
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We first investigated the SOC estimation performance of the proposed method under the mixture
noises mentioned above. The state variable was still initialized at 70%. The kernel width σ was set at
0.6 for CUKF and ACUKF. The other parameters were set in the same way as in Section 4.1. The SOC
estimate results of all methods are given in Figure 9. One can see that the estimate results of UKF
and AUKF at initial stage had obvious bias in this case, while CUKF and ACUKF showed excellent
performance. As expected, the estimate result of the proposed ACUKF was identical with the real SOC
curve according to Figure 9d. Furthermore, we can obtain the same conclusion in the SOC estimate
error curves in Figure 10. From Table 3, we also know that the MSE, RMSE, and MAE results of the
ACUKF approach were lower than other methods. From this result, we can conclude the following:
(1) The performance of UKF and AUKF with MSE loss is influenced greatly by the impulsive point in
the non-Gaussian noises. (2) The CUKF and ACUKF are robust for non-Gaussian noises environments,
and they are suitable for real engineering application. (3) The ACUKF with the adaptive update of
the state and measurement errors covariance matrix shows outstanding tracking ability for the SOC
estimate issue.

Table 3. Evaluation results for different SOC estimation methods.

Algorithm MSE (%) RMSE (%) MAE (%)

UKF 18.9521 4.3534 27.1591
AUKF 7.69109 2.77328 27.1591
CUKF 2.9299 1.7117 3.72793

ACUKF 0.800853 0.641365 1.2948



Energies 2018, 11, 3123 15 of 20
Energies 2018, 11, x FOR PEER REVIEW    15 of 20 

 

 

Figure 9. SOC estimate comparison using different methods under shot noise.  (a) SOC estimation 

using UKF;  (b) SOC estimation using AUKF;  (c) SOC estimation using CUKF;  (d) SOC estimation 

using ACUKF. 

 

Figure  10.  SOC  estimate  error  comparison  using  different methods  under  shot  noise.  (a)  SOC 

estimate error of UKF; (b) SOC estimate error of AUKF; (c) SOC estimate error of CUKF; (d) SOC 

estimate error of ACUKF. 

The initialization value set is an important factor for SOC estimate methods, therefore we set 

different  initialization  values  to  investigate  the  robustness  of  the  proposed  method  in  this 

experiment.  Figure  11a,b  show  the  SOC  estimate  results  of CUKF  and ACUKF  under  different 

initialization values (70%, 80%, 90%, and 100%). It is interesting that ACUKF showed better estimate 

results than CUKF for each initial value of state variable, which means that the adaptive covariance 

matrix scheme can improve the tracking ability. 

0 1 2 3 4

(a)Time (s) 104

-10
-8
-6
-4
-2
0
2
4
6
8

10
SOC estimation errors using UKF

UKF error

0 1 2 3 4

(b)Time (s) 104

-10
-8
-6
-4
-2
0
2
4
6
8

10
SOC estimation errors using AUKF

AUKF error

0 1 2 3 4

(c)Time (s) 104

-10
-8
-6
-4
-2
0
2
4
6
8

10
SOC estimation errors using CUKF

CUKF error

0 1 2 3 4

(d)Time (s) 104

-10
-8
-6
-4
-2
0
2
4
6
8

10
SOC estimation errors using ACUKF

ACUKF error

Figure 9. SOC estimate comparison using different methods under shot noise. (a) SOC estimation
using UKF; (b) SOC estimation using AUKF; (c) SOC estimation using CUKF; (d) SOC estimation
using ACUKF.
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Figure 10. SOC estimate error comparison using different methods under shot noise. (a) SOC estimate
error of UKF; (b) SOC estimate error of AUKF; (c) SOC estimate error of CUKF; (d) SOC estimate error
of ACUKF.

The initialization value set is an important factor for SOC estimate methods, therefore we set
different initialization values to investigate the robustness of the proposed method in this experiment.
Figure 11a,b show the SOC estimate results of CUKF and ACUKF under different initialization values
(70%, 80%, 90%, and 100%). It is interesting that ACUKF showed better estimate results than CUKF
for each initial value of state variable, which means that the adaptive covariance matrix scheme can
improve the tracking ability.
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Case 2: In this case, we set wk and vk by the following Gaussian mixture model as follows

wk = αN(µx1, Q1) + (1− α)N(µx2, Q2)

vk = αN(µy1, R1) + (1− α)N(µy2, R2)

where

µx1 = [ −3 −3 −3 −3 ]
T

µx2 = [ 2 2 2 2 ]
T

µy1 = [ 2 2 ]
T

µy2 = [ −2 −2 ]
T

Q1 = Q2 = Q
R1 = R2 = R, α = 0.5

The mixture noise, as the measurement noise generated by the model above, is shown in Figure 12.
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Figure 12. Mixture noise in measured output.

In this case, we used the SOC estimate results and error curves of all mentioned approaches to
illustrate their robustness. Here, parameter settings were the same as in Case 1. The parameters were
set the same as in Figure 13a,b. One can observe that the proposed CUKF- and ACUKF-based SOC
estimate methods outperformed other approaches in this case. This result implies that the estimation
methods based on correntropy loss are truly valid for non-Gaussian noise cases and even for the
environment with many impulsive points. The MSE, RMSE, and MAE results are given in Table 4.
From this result, we can come to the same conclusion. Therefore, we know that the proposed methods,
i.e., CUKF and ACUKF, are appropriate selections for SOC estimate under non-Gaussian conditions.
In addition, ACUKF is more effective than other model-based estimation methods.
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Table 4. Evaluation results for different SOC estimation methods.

Algorithm MSE (%) RMSE (%) MAE (%)

UKF 1.43215 1.19672 27.159
AUKF 1.38107 1.17519 27.159
CUKF 0.147968 0.384666 1.25679

ACUKF 0.132814 0.364437 1.48755

5. Conclusions

For SOC estimate of lithium-ion battery considering the non-Gaussian noises in the system, a
novel adaptive correntropy UKF method with adaptive process and measurement noises covariance
was proposed in this work. Considering the statistics of system process and measurement noises
with non-Gaussian characteristic in real BMS, CUKF was first employed to estimate SOC. In addition,
to improve the accuracy and reliability of CUKF, we further introduced an adaptive update scheme
for the process and measurement noise covariance matrices for CUKF with change in time to design
adaptive CUKF for SOC estimate. Experiment results carried out on real data from the battery test
system demonstrated the effectiveness and robustness of the proposed SOC method.
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