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Abstract—The conventional state-of-charge (SoC) estimation
methods based on the equivalent circuit model (ECM) integrate
all state variables into one augmented state vector. However, the
correlations between RC voltages and SoC degrade the stability
and accuracy of the estimates. To address this problem, this pa-
per presents an adaptive SoC estimation method based on the split
battery model, which divides the conventional augmented battery
model into two submodels: the RC voltage submodel and the SoC
submodel. Hence, the cross interference between RC voltages and
SoC is reduced, which effectively reduces the oscillation in the es-
timation and improves the estimation accuracy. In addition, the
adaptive algorithm is applied on the SoC submodel to improve
the system robustness to noise disturbances. A case of a second-
order ECM is analyzed and two types of Lithium-ion batteries are
employed to verify the universality of the proposed method. Ex-
perimental results show that the undesired oscillation is eliminated
during the convergence stage and the maximum SoC error is within
1% over a wide SoC range.

Index Terms—Adaptive extended Kalman filter (AEKF), electric
vehicles (EVs), Lithium-ion batteries, state-of-charge (SoC), split
battery model (SBM).

1. INTRODUCTION

ITHIUM-ION batteries are the main choice for energy
I J storage in electric vehicles (EVs) due to the advantages of
low self-discharge rate, high energy and high power densities
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[1], [2]. To ensure the safety and reliability of battery systems,
a well-designed battery management system (BMS) is of sig-
nificant importance [3]-[5]. One of the core tasks of the BMS
is to provide the accurate state-of-charge (SoC), which is de-
fined as an indicator of the available capacity remaining in the
battery compared to the full capacity. Unlike the gas gauge, the
SoC cannot be measured directly from physical sensors, and is
closely related to the complex electrochemical reactions. Hence,
calculating an accurate SoC is still a challenging task.

The existing SoC estimation methods can generally be di-
vided into two categories: open-loop and closed-loop estimation
methods.

The Coulomb counting (CC) and the OCV measurement
methods are two commonly used open-loop SoC estimation
methods. They are straightforward and easy to implement. Nev-
ertheless, the CC method is vulnerable to the noise of the current
sensor, and highly depends on the precision of the initial SoC.
While for the OCV measurement method, the sufficient rest
time is required to ensure the measured battery terminal voltage
is close to the OCV value, which is infeasible from a practical
point of view [6]. In addition, the estimation result is sensitive
to the voltage measurement accuracy. Especially for the battery
chemistry with a flat SoC-OCV curve, e.g., LiFePO, battery, a
slight error on the OCV can induce a large error on the estimated
SoC [7].

In contrast, the closed-loop estimation methods can effec-
tively overcome the drawbacks associated with the CC and
OCV measurement methods and provide robust SoC estima-
tion. These methods can be classified into two groups, namely,
the data-driven based and the equivalent circuit model (ECM)
based methods. The data-driven based methods employ tech-
niques such as fuzzy logic [8], artificial neural networks (ANN)
[9], [10] and support vector machines (SVM) [11] to train the
“black box” model with a large amount of collected testing data.
Most of these methods are prohibitive for on-board implementa-
tion due to the overload in the computational cost. On the other
hand, the electrical behavior of the battery can be described by
the ECM, and the associated state variables, including RC volt-
ages and SoC, are estimated online through a variety of model
based filters or observers, such as extended Kalman filter (EKF)
[12]-[14], particle filter [15], H-infinity filter [16], [17] and
sliding mode observer [18], [19]. Among them, the EKF related
estimation methods are very promising. Since only basic matrix
operations are involved in this type of estimation method, it can
be easily conducted on the automotive microcontroller, making
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Fig. 1. nth-order ECM.

it valuable in the practical applications. However, the perfor-
mance of the EKF related estimation methods strongly depends
on the predetermined values of the system noise. Lee in [20]
proposes a battery model with a measurement noise model and
data injection to regulate the measurement noise covariance.
Xiong in [21]-[23] employs the covariance matching approach
to adaptively update the system noise. Zhang in [24] develops
an adaptive SoC estimation framework by integrating the SoC
estimation schemes with the identification algorithms. Zhang
in [25] utilizes the wavelet transform matrix to de-noise both
noisy current and voltage signals, and employs the adaptive ex-
tended Kalman filter (AEKF) to adjust the noise covariance.
These methods can improve the accuracy and the robustness of
the SoC estimation to a certain extent. It has to be noted that in
the existing EKF related estimation methods, RC voltages and
SoC are usually coupled together to form one augmented state
vector. However, the uncertainty on the estimated RC voltage
disturbs the estimated SoC and vice versa. Hence, the cross in-
terference between these two types of state variables can degrade
the estimation convergence at the start-up stage, and reduce the
estimation accuracy at the stable stage.

In this paper, an adaptive SoC estimation method is pro-
posed on the basis of the split battery model (SBM). The SBM
is achieved by decoupling the conventional augmented battery
model (ABM) into two submodels: the RC voltage submodel
and the SoC submodel. Owing to the decoupling, the cross inter-
ference terms in the expression of Kalman gain are eliminated,
which is beneficial for reducing the oscillation and estimation
error. Moreover, the adaptive algorithm is applied on the SoC
submodel to improve the system robustness to the process and
measurement noise. Experiments are carried out on two types
of lithium-ion batteries (the LiFePO, battery and the LINMC
battery) to validate the feasibility and robustness of the devel-
oped estimation approach. Furthermore, comparison with the
conventional estimation method demonstrated the advantages
of the proposed method in terms of convergence performance
and estimation accuracy.

II. ABM BASED AEKF ESTIMATION METHOD
A. Algorithm Structure of ABM Based AEKF

The common structure of an nth-order ECM is shown in
Fig. 1. Generally, RC voltages and the SoC are combined to-
gether to form one augmented state vector, thus the state equa-
tion and output equation of the state-space model are expressed
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as [22], [26]:
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where k denotes the time index, Ty denotes the sampling time
interval, the positive current [, represents charging, R, repre-
sents the Ohmic resistance, Vi ; represents the voltage across
the corresponding RC network (consists of capacitance C; and
resistance I?;), V; represents the battery terminal voltage, OCV
is the function of SoC, 1 denotes the Coulombic efficiency,
which is defined as the ratio between discharge and charge ca-
pacities, C,p denotes the capacity of the battery, x;, is the state
vector, y;; is the output vector, uy; is the input vector, g(x, uy)
is a nonlinear measurement function, and A, B and D, are
system matrices of the state-space model.

TABLE I
OPERATION PROCESS OF ABM BASED AEKF ESTIMATION METHOD

Initialization (k = 0)

Set@y, P, Q¢ Ry
Time update (k = 1,2, ...)
Prior state: & =Apa& |+ Brojugor )

Prior error covariance: P = Ak,|Pkt IA;’A;I +Qr1 @

Innovation': e, =y —CrZ); — Dyug (5)
Measurement update
(k=1,2,...)

Kalman gain matrix: K, =P CL/(Ck P, CF + Ry_1) (6)
Posterior state: iy =2, + Kpe,, )
Posterior error covariance: Pl =(I-K,Cp)P; ®)
Adaptive algorithm
(k=M ,M+1,...)*
Variance-covariance matrix: Co=(1/M) Zf:k—MJrl e;(e,;)T )
Qr = Ky Cu K (10
Ry =C, +CkPk+CE 11

Process noise covariance:
Measurement noise covariance:

| _ dg(zguy)
Cr = EEN |1-L.:1-kf'

2M is the size of moving window.
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Based on (1) and (2), the detailed operation process of ABM
based AEKF estimation method is summarized in Table I [27].

B. Cross Interference in Kalman Gain

It can be derived from (1) that SoC is calculated through the
CC method in the state equation. On the other hand, by the prior
knowledge of RC voltages calculated from the state equation,
SoC can also be derived through the OCV measurement method
based on the OCV value obtained from the output equation. In
the EKF related algorithm, the computation of K, is the most
critical part, because it determines whether the CC method or
the OCV measurement method gives more weight to the final
estimated SoC.

According to the properties of the covariance matrix, the
detailed expression of P, can be defined as [28]:

n—+1,

(12)
Specifically, the off-diagonal terms in the covariance matrix
can be further expressed as [28]:
n41&i # g

= Piji/Diiker/Djjk>%J = 1,2,
(13)

where p;; ;. represents the correlation coefficient, which is the
measurement of the linear dependence between x; ;, and x; 1,
and |p;; x| < 1. Specifically, p;; » > 0 indicates the positive
correlation, p;;; < O indicates the negative correlation and
pij.kx = 0indicates no correlation.

It can be inferred from (13) that p;; ;. contains the informa-
tion of both x; ;. and z; ;.. Thus, the off-diagonal terms in the
covariance matrix represent the cross interference between the
corresponding state variables.

Substituting (12) into (6), the detailed expression of K, with
respect to RC voltage (K 5, ! = 1,...,n) and SoC (K, +1x)
can be expressed as

PI;:{p;j"k}(n+1)><(7l+1),p;j’k :pjii"k’ BI=12,

Pijk

dOC'V} T
Kl,k ZJ 1p17k +pl n+1),k dSOCk
1
B doCV,
Ko -
ok Z_] 1Pnjk T Pus) )k dSoC), |
(14)
dOCV,
Kpyip = E Z:: (n1ik TPt 1) (0 1)k GS00 dSoCy,
(15)
where
dOCV,
E = ;;pz7k+22pn+1jkm
B doCV,,
TPty (n+1),k (dSoCk> e (1o

It can be obtained from (14) and (15) that besides the
variances of RC voltages (pi_j‘k,i,j =1,...,n) and the vari-
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ances of the SoC (p (1) (nt 1), 0> the covariances of SoC and

Vre, (p (s 1)),k 7 =1,...,n), which represent the cross inter-
ference terms between these two types of state variables, also
have a great influence on the values of Kalman gain. Taking
the convergence process as an example, when the adaptive al-
gorithm is conducted, the elements of P, converge to the steady
state rapidly with various rates. Different changing ratios among
variances and covariances lead to the fluctuation of the Kalman
gain, which in turn causes the oscillation of estimation (SoC and
Vro).

However, there are no explicit correlations between RC volt-
ages and SoC, which also means that the corresponding corre-
lation coefficients (p;(,+1),%x, ¢ = 1,2,...,n) should be zero.
Taking the charging scenario as an example, if the capacitors in
the RC networks are not fully charged, the RC voltages and the
SoC increase simultaneously when the charging current keeps
constant or varies slightly, thus the positive correlation coeffi-
cients are obtained. After the capacitors are fully charged, the
corresponding RC voltages maintain constant while the SoC
still increases, thus the values of p;(, 1) keep decreasing
and approaching zero. Besides, considering a condition that
the charging current suddenly drops to a low value, the decreas-

— Té‘
ing tendency caused by the e #i¢i Vi ¢, ;. term accounts for
a larger proportion, in comparison to the increasing tendency

caused by the R;I;(1 — ef“fﬁ) term. It can be seen from (1)
that the overall RC voltages present decreasing tendencies. On
the other hand, the SoC still increases due to the positive cur-
rent. As a result, negative correlation coefficients are obtained in
this condition. Similar results can be inferred in the discharging
scenario. Hence, it can be concluded that there are no explicit
correlations between RC voltages and SoC, thus the cross inter-
ference between them should be eliminated.

III. SBM BASED AEKF ESTIMATION METHOD
A. Structure of SBM

In order to decouple the relationship between the RC voltages
and the SoC, the conventional ABM is split into two submodels:
the RC voltage submodel and the SoC submodel. The discrete-
time state-space functions of the two submodels are shown as

The RC voltage submodel [22], [26]:

VRe, k+1 e T 0 Vre k
Vee, k+1 0 e mer | Ve k
—_——
TLk+1 Ay g
__Ts
. R C
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RC voltage submodel
X=Xy + By (17)

I Y =CaXiy + Dy (18) VecoiosVac s
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Fig. 2. Block diagram of split battery model.
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SOCk+1 = 1 'SOOA;
T2 k41 Az i
+ [T/ Ceap 0+ O] [Ik Vier -+ Vie,k]”
Bk U k
(19)
Vz,k = (dOCW/dSOCk) SOCk
—~
Y2k Ca
+[Ro Lo+ 1] [Ix Vaerk -+ Ve, ] (20)
~——
Da i

where x; ., y1, and u; ;. are the state vector, output vector and
input vector of the RC voltage submodel, A, j, By, C)  and
D j, are system matrices of the RC voltage submodel. Similarly,
T2k, Y21 and uy . are the state vector, output vector and input
vector of the SoC submodel, A;, By, Cop and D, are
system matrices of the SoC submodel.

It can be concluded from (17)—(20) that the augmented state
vector in (1) is divided into two parts: the vector only contains
RC voltages, and the vector only contains the SoC. Equation
(17)indicates that the state variable of the SoC submodel is in-
volved in the input vector of the RC voltage submodel. Similarly,
the input vector of the SoC submodel contains state variables
of the RC voltage submodel, as illustrated in (19). Hence, the
complete model is formed by combining the two submodels
together, as shown in Fig. 2.

B. Discussion of Kalman Gain

Based on (6), the detailed expressions of the Kalman gain
with respect to the RC voltage submodel and SoC submodel are
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shown as
K > 1Pk
1
= - (21)
2 Z?:l Pijr T Tk —
Kln,k Zj:lpnj,k
p7 dOoCVy

KZ}]; _ 2,k dSoC. (22)

2
Dok (7‘22501/[ ) + T
where 71, and r; ;, denote the measurement covariances for the
RC voltage submodel and the SoC submodel, respectively.

It can be observed from (21) that K ;. is only related to the
covariances among RC voltages (pz’] wl 7 = 1,...,n)and the
measurement covariance (1 i ). Meanwhile, it can be noted from
(22) that K, ;, is mainly affected by three factors: the variance
of SoC (p5 ,.), the measurement covariance (7, ) and the OCV
changing rate with respect to SoC (dOCV; /dSoC}, ). Hence, it
can be concluded that the cross interference terms between RC
voltages and SoC are eliminated in (21) and (22). In addition,
both of expressions have been simplified, in comparison to (14)
and (15).

It can be concluded from (22) that the value of
dOCV}, /dSoC}, has a significant influence on K ;. For some
types of battery chemistries, such as the LiFePO, battery, the
SoC-OCV curve is quite flat during a wide SoC range, which
means that the value of dOCV},/dSoCy, is almost zero in this
region, and SoC is a quasi-unobservable state variable for the
OCYV measurement method. In this case, if the estimated value of
72,1 1s also too small, a relatively large value of K ;. is obtained.
On one hand, this would lead to the divergence of the system.
On the other hand, the OCV measurement method, which leads
to a large estimation error, gives more weight to the final esti-
mated SoC. Hence, the lower limit of 5 j, (72 k1im) needs to be
set in an appropriate range to ensure the stability and fidelity of
the estimation, especially for batteries with a wide range of flat
SoC-OCV curve.

C. Algorithm Framework

In this paper, the RC voltage estimation and the SoC esti-
mation are executed based on a decoupled SBM. Since for the
electrical vehicle applications, the SoC is more concerned by de-
signers and consumers when compared to RC voltages, thus the
adaptive algorithm is only applied to the SoC estimation, which
can also reduce the computation cost of the algorithm. In most
working scenarios, SoC changes gradually during a short time
interval, thus the OCV value and impedance parameters, which
present progressive variations with SoC and are essential for the
RC voltage estimation, can be considered as constant during the
specific time interval. Hence, the estimation algorithm based on
the RC voltage submodel can be firstly implemented with the
SoC value estimated from the last time index. After that, the
SoC submodel updates RC voltages estimated from the first es-
timation algorithm to accurately estimate the SoC, and then, the
estimated value is provided back to the RC voltage submodel.
The block diagram of the proposed estimation method is shown
in Fig. 3.
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Fig. 3. Block diagram of proposed estimation method.
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Fig. 4. The structure of the test platform.

TABLE II
SPECIFICATIONS FOR TEST BATTERIES

Battery chemistry LiFePO;  LiNMC
Nominal capacity 10.50 Ah 40 Ah
Nominal voltage 32V 3.7V
Charge cutoff voltage 365V 42V
Discharge cutoff voltage 20V 27V

IV. EXPERIMENTAL TESTS
A. Experimental Setup

As shown in Fig. 4, a test platform is established to verify the
effectiveness of the proposed method. The test platform consists
of the tested batteries, an Arbin BT2000 battery cycler, and a
host computer to program and store experimental data. Two
categories of lithium-ion cell chemistries, i.e., the LiFePO, and
the LINMC batteries, are selected for the test. The specifications
for tested batteries are presented in Table II. The 8—channel
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TABLE III
PROCEDURE OF BATTERY CHARACTERIZATION TESTS

Procedure

1 Capacity test

2. Charge/discharge SoC-OCV test
3. Discharge hybrid pulse test

4 Consecutive UDDS test

TABLE IV
CAPACITY TEST RESULTS

Battery chemistry LiFePOy4 LiINMC
Charge capacity 10.50 Ah  40.99 Ah
Discharge capacity 10.47 Ah 40.89 Ah
Columbic efficiency 99.71% 99.76%

Arbin BT2000 battery cycler is used to load current or power
profiles on the tested batteries. Current and voltage sensors of
each channel have accuracies of +0.02% for low power and
+0.05% for high power applications. The measurement current
and voltage ranges are £100A and 0~5 V, respectively. All of
the tests are conducted at room temperature (25 4 2 ° C). Data
points, including current, voltage, temperature and accumulative
capacity, are collected with the sampling rate of 1 Hz. Since the
error of the current sensor in the battery cycleris less than 0.05%,
and the initial conditions can be obtained precisely from the test
platform, it is feasible to assume that the CC calculation results
based on the recorded current can be considered as a reference
value for comparison.

B. Battery Characterization Test Procedure

It can be inferred from (17) to (20) that the system matrices
of the SBM contain one SoC-OCV relationship and a series
of impedance parameters (R,, R; and C;), which need to be
identified firstly. In this paper, the battery model parameters are
identified off-line through battery characterization tests. The
detailed test procedure is presented in Table III.

The capacity test is composed of three charge/discharge cy-
cles. In each cycle, the battery is charged using the constant-
current constant-voltage method with the manufacture’s
recommended voltage and current. After that, the 0.5C constant-
current discharge process is implemented until the discharge
cutoff voltage is reached. A 60-minute rest period is conducted
after each charge/discharge process. The charge/discharge ca-
pacity, which is calculated as the mean value of three cycles,
will be applied for SoC calculations. The capacity test results,
including the charge/discharge capacities and the Columbic ef-
ficiencies are presented in Table IV.

The charge/discharge SoC-OCV curves are extracted at 5%
SoC interval with a 0.5C charge/discharge followed by a certain
length of rest period (5-hour for the LiFePO, battery and 2-
hour for the LINMC battery). Considering the characteristic of
nonlinearity, the polynomial function as shown in (23) is adopted
to describe the average SoC-OCV relationship, as shown in
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Fig. 5. SoC-OCYV curve of two tested batteries.

Fig. 5.

Voo (S0C) = a;SoC' (23)
i=0

where a; is the polynomial coefficient which is extracted with
the curve-fitting method, n; is the order of the polynomial func-
tion. Compared with the LINMC battery, the SoC-OCV rela-
tionship of the LiFePO, battery owns a stronger nonlinear char-
acteristic, as shown in Fig. 5. Hence, n; is set as 10 for the
LiFePO, battery and 8 for the LiNMC battery. The specific
values of q; for the two batteries are listed as

LiFePOy:

ay = 2.8862;a; = 11.064;a, = —154.23;a3 = 1164.7;
ag = —5212.4;a5 = 14744; ag = —27172; a7 = 32603; a3 =
—24556;a9 = 10531;2a;9 = —1959.1.

LiNMC:

ap = 3.3504;a; = 3.3149;a, = —31.783;a3 = 189.42;
as = —631.24;a5 = 1200.9; a4 = —1292.6;a; = 732.92; a3 =
—170.15.

To extract the impedance parameters, the discharge hybrid
pulse test is conducted over the whole SoC range in steps of 5%
SoC interval. In each interval, the test profile consists of five
pairs of 20-second discharge and charge pulses (0.5C, 1.0C,
1.5C, 2.0C and 2.5C). Each discharge pulse is followed by a
40-second rest period, and each charge pulse is followed by
a 60-second rest period. After the hybrid pulses, a 5% SoC
decrease is realized by 0.5C discharge current, followed by a
2-hour rest. Impedance parameters of each SoC interval are
identified through the least squares method.

Finally, the Urban Dynamometer Driving Schedule (UDDS)
cycles with 10-minute rest periods are employed consecutively
to prove the validity and advantages of the proposed method.
The test begins by a known initial SoC value of 80%, thus
the reference trajectory of SoC can be computed through the
CC estimation method. The test is terminated when SoC drops
below 20%. The current profile of UDDS is scaled such that the
maximum discharge current is 2.5C and the maximum charge
current is 2C.

V. EXPERIMENTAL VERIFICATION AND DISCUSSION

Based on the above analysis, the proposed estimation method
can be applied to an ECM with any order. Considering a trade-
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Fig. 6. Comparison of SoC estimation by two methods for LiFePOy battery.

off between the fidelity and the computational complexity, the
second-order ECM is selected in this paper. To test the robust-
ness of the proposed algorithm against the uncertain initializa-
tion and noise effects, the estimated SoC is erroneously initial-
ized as 60%, and two random white noise is superimposed over
the measured current and voltage datasets (the LiFePO, bat-
tery: o = 1A,oy = 5mV; the LINMC battery: o1 = 4 A,
ay = 5 mV)

A. Discussion of Estimation Results

To verify the advantages of the proposed SBM based AEKF
method, the ABM based AEKF method, as one of the widely
used techniques in the SoC estimation, is also conducted to make
a comparison. The size of moving window is set as 100 through-
out this paper, which also means that the adaptive algorithm is
executed after 100 s.

1) LiFePO, Battery: It can be observed from Fig. 5 that two
obvious plateaus exist in the SoOC-OCYV curve (during 35%—65%
SoC and 70%-95% SoC, respectively). Based on the analysis
in Section III, the value of r,x1im should be set as a relatively
large value (comparing to the LiINMC battery) to ensure the
stability and fidelity of the estimation. The value of 7y jim is
set as 1 x 1072 in this paper, and the results of SoC estimation
by the conventional and the proposed methods are plotted in
Fig. 6.

It can be observed from Fig. 6 that the evolution of the es-
timated SoC can be divided into two stages: the start-up stage
and the stable stage.

The close look of the Kalman gain with respect to SoC and
the SoC variation during the start-up stage is plotted in Fig. 7(a)
and Fig. 7(b), respectively. It can be observed that the Kalman
gain calculated by the conventional method exhibits obvious os-
cillation after the adaptive algorithm is executed (around 110 s),
which in turn leads to the undesired oscillation of the esti-
mated SoC, whose the largest error reaches 16.9%, as shown in
Fig. 7(c). In addition, it can be noticed from Fig. 7(d) that
the estimated RC voltages also fluctuate dramatically around
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110 s. Because of correlations between RC voltages and SoC,
the oscillation in the RC voltage estimation results in the oscil-
lating OCV estimation, which in turn influences the estimated
SoC. Hence, it can be concluded that the cross interference be-
tween RC voltages and SoC leads to the undesired oscillation
in estimation and degrades the convergence performance.

In terms of the stable stage, the SoC error estimated by the
conventional method reaches to 5% for a long period of time,
which is caused by two reasons. On one hand, the cross inter-
ference between SoC and RC voltages reduce the estimation
accuracy. The estimation error on RC voltages can result in the
estimation error on the OCV, which in turn degrades the accu-
racy of the estimated SoC. On the other hand, according to (15),
the lower value of dOC'V}, /dSoC), during the plateau leads to
a larger value of Kalman gain. It means that the OCV measure-
ment method gives more weight to the final estimated SoC, in
comparison with the CC method. Unfortunately, a large SoC
error exists by the OCV measurement method due to the invert-
ible characteristic of the flat SoC-OCV relationship, which can
reduce the final SoC estimation accuracy.

By comparison, it can be observed from Fig. 6 that the result
of SoC estimation by the proposed method converges to the
reference value much smoother during the start-up stage. During
the stable stage, the maximum SoC error is no more than 1%. As
can be seen from Fig. 7, the Kalman gain converges to the stable
value smoothly after the adaptive algorithm is adopted, and
the undesired oscillations are eliminated in both the estimated
SoC and RC voltages. The improvements are brought by the
cross interference reduction, as a result of decoupling the SoC
estimation and RC voltage estimation.

2) LiNMC Battery: Both the proposed and the conventional
methods are applied on the experimental data of the LINMC
battery. Since the SoC-OCYV curve of the LINMC battery doesn’t
exist the obvious plateau, the restriction on the 7 jimit iS not
very strict, and it is set as 1 x 10~ in this paper. The estimation
results are plotted in Figs. 8 and 9, which are similar to the
results from the LiFePO, battery. It can be noted from Fig. 9
that at the start-up stage, the Kalman gain calculated by the
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TABLE V
COMPUTATIONAL TIME OF STATE ESTIMATION IN UDDS FOR
DIFFERENT BATTERIES

Conventional method Proposed method

LiFePOy4
959 us

LiNMC
874 us

LiFePOy4
798 us

LiINMC

Computational time 784 us

conventional method fluctuates dramatically at round 110 s,
resulting in an undesired oscillation in the estimated SoC and
RC voltages, and the maximum SoC error reaches 18.6%. In
comparison, the proposed method eliminates the oscillation at
the start-up stage and generates less error at the stable stage,
which clearly indicates the advantage of the proposed method.
Compared with the results from the LiFePO, battery, the results
from the LiINMC battery show faster convergence speed and
less steady state error, due to the steeper SoOC-OCV curve.

B. Computational Cost

In the electric vehicle applications, the state estimation pro-
cess needs to be implemented on-board through the embedded
microcontrollers with limited calculation, storage and power re-
sources. For that reason, it is worthwhile to investigate the com-
putational cost of the proposed estimation method. In order to
quantify the computational cost, each algorithm is implemented
(on a 2.5-GHz processor and with 12-GB RAM) repeatedly for
10 times to obtain the average computational time of each time
interval. The comparative results are shown in Table V. Due
to the reduction of the matrix dimension, the proposed method
reduces the computational time while improves the estimation
performance at the same time. Since the average computational
time for both categories of batteries is far less than 1 s, it is
verified that the proposed method is eligible for on-board BMS
applications, in which the sampling ratio is often set as less than
1 Hz.

VI. CONCLUSION

This paper presents a SBM based adaptive SoC estimation
method. The proposed SBM is achieved by dividing the con-
ventional ABM into two parts: the RC voltage submodel and
the SoC submodel. The model partition helps reduce the cross
interference between the RC voltages and the SoC. Thus, the
oscillation in the states estimation is degraded at the start-up
stage, and the estimation accuracy is improved during the stable
stage. Two types of lithium-ion batteries, including the LiFePO,
battery and the LINMC battery, are employed under test, and a
case of a second-order ECM is analyzed. Comparative results
show that the proposed method demonstrates a higher stability
during the start-up stage and constrains the SoC error within 1%
during the stable stage, regardless of the incorrect initial SoC
and additional sensor noise. Moreover, the average computa-
tional time of the proposed method is far less than 1 s, which
verifies its feasibility in on-board applications.

In this paper, all of the model parameters are identified off-
line and considered as univariate functions of SoC. However,
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model parameters, such as the impedance parameters and the
charge/discharge capacities, are also influenced by many other
factors in the electric vehicle applications, such as the C-rate of
load current, the temperature and aging levels. Therefore, the
future work will be concentrated on the integration of the SBM
based adaptive SoC estimation method to the on-line parameter
identification, which can update model parameters in real time
to further improve the accuracy of SoC estimation.

[1]
[2]

[3]

[4]

[5]

[6]

[7]

[8]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

REFERENCES

X. Zhang and C. Mi, Vehicle Power Management: Modeling, Control and
Optimization. Berlin, Germany: Springer, 2011.

L. Lu, X. Han, J. Li, J. Hua, and M. Ouyang, “A review on the key
issues for Lithium-ion battery management in electric vehicles,” J. Power
Sources, vol. 226, pp. 272-288, 2013.

Y. Shang, B. Xia, F. Lu, C. Zhang, N. Cui, and C. Mi, “A switched-
coupling-capacitor equalizer for series-connected battery strings,” IEEE
Trans. Power Electron., vol. 32, no. 10, pp. 7694-7706, Oct. 2017.

B. Xia, T. Nguyen, J. Yang, and C. Mi, “The improved interleaved volt-
age measurement method for series connected battery packs,” J. Power
Sources, vol. 334, pp. 12-22, 2016.

B. Xia, Y. Shang, T. Nguyen, and C. Mi, “A correlation based fault de-
tection method for short circuits in battery packs,” J. Power Sources,
vol. 337, pp. 1-10, 2017.

M. Petzl and M. A. Danzer, “Advancements in OCV measurement and
analysis for Lithium-ion batteries,” IEEE Trans. Energy Convers., vol. 28,
no. 3, pp. 675-681, Sep. 2013.

H. He, X. Zhang, R. Xiong, Y. Xu, and H. Guo, “Online model-based esti-
mation of state-of-charge and open-circuit voltage of Lithium-ion batteries
in electric vehicles,” Energy, vol. 39, pp. 310-318, 2012.

P. Singh, C. Fennie Jr., and D. Reisner, “Fuzzy logic modelling of state-of-
charge and available capacity of Nickel/metal hydride batteries,” J. Power
Sources, vol. 136, pp. 322-333, Oct. 1, 2004.

Y. L. Murphey et al., “Intelligent hybrid vehicle power control—Part
II: Online intelligent energy management,” [EEE Trans. Veh. Technol.,
vol. 62, no. 1, pp. 69-79, Jan. 2013.

M. Charkhgard and M. Farrokhi, “State-of-charge estimation for Lithium-
ion batteries using neural networks and EKF,” IEEE Trans. Ind. Electron.,
vol. 57, no. 12, pp. 4178-4187, Dec. 2010.

Q.-S. Shi, C.-H. Zhang, and N.-X. Cui, “Estimation of battery state-of-
charge using v-support vector regression algorithm,” Int. J. Automot. Tech-
nol., vol. 9, pp. 759-764, 2008.

Z. Chen, Y. Fu, and C. C. Mi, “State of charge estimation of Lithium-ion
batteries in electric drive vehicles using extended Kalman filtering,” IEEE
Trans. Veh. Technol., vol. 62, no. 3 pp. 1020-1030, Mar. 2013.

Z.Chen, B. Xia, and C. C. Mi, “A novel state-of-charge estimation method
for Lithium-ion battery pack of electric vehicles,” in Proc. 2015 IEEE
Transp. Electrification Conf. Expo, 2015, pp. 1-6.

Y. Zhang, R. Xiong, and H. He, “Evaluation of the model-based state-of-
charge estimation methods for Lithium-ion batteries,” in Proc. 2016 IEEE
Transp. Electrification Conf. Expo, 2016, pp. 1-8.

Y. Wang, C. Zhang, and Z. Chen, “A method for state-of-charge estimation
of LiFePOy batteries at dynamic currents and temperatures using particle
filter,” J. Power Sources, vol. 279, pp. 306-311, 2015.

C. Lin, H. Mu, R. Xiong, and W. Shen, “A novel multi-model probability
battery state of charge estimation approach for electric vehicles using
H-infinity algorithm,” Appl. Energy, vol. 166, pp. 76-83, Mar. 15, 2016.
F. Zhang, G. Liu, L. Fang, and H. Wang, “Estimation of battery state
of charge with Hj,f, observer: Applied to a robot for inspecting
power transmission lines,” IEEE Trans. Ind. Electron., vol. 59, no. 2,
pp- 10861095, Feb. 2012.

J. Xu, B. Cao, J. Cao, Z. Zou, C. C. Mi, and Z. Chen, “A comparison study
of the model based SOC estimation methods for Lithium-ion batteries,”
in Proc. 2013 IEEE Veh. Power Propulsion Conf., 2013, pp. 1-5.

X. Chen, W. Shen, Z. Cao, and A. Kapoor, “A novel approach for state of
charge estimation based on adaptive switching gain sliding mode observer
in electric vehicles,” J. Power Sources, vol. 246, pp. 667-678, 2014.

J. Lee, O. Nam, and B. Cho, “Li-ion battery SOC estimation method
based on the reduced order extended Kalman filtering,” J. Power Sources,
vol. 174, pp. 9-15, 2007.

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

ment
tion,

ol 2

H

10897

H. He, R. Xiong, X. Zhang, F. Sun, and J. Fan, “State-of-charge estimation
of the Lithium-ion battery using an adaptive extended Kalman filter based
on an improved Thevenin model,” IEEE Trans. Veh. Technol., vol. 60,
no. 4, pp. 1461-1469, May 2011.

F. Sun, R. Xiong, and H. He, “A systematic state-of-charge estimation
framework for multi-cell battery pack in electric vehicles using bias cor-
rection technique,” Appl. Energy, vol. 162, pp. 1399-1409, 2016.

R. Xiong, F. Sun, X. Gong, and C. Gao, “A data-driven based adaptive
state of charge estimator of Lithium-ion polymer battery used in electric
vehicles,” Appl. Energy, vol. 113, pp. 1421-1433, 2014.

C. Zhang, L. Y. Wang, X. Li, W. Chen, G. G. Yin, and J. Jiang, “Robust
and adaptive estimation of state of charge for Lithium-ion batteries,” [EEE
Trans. Ind. Electron., vol. 62, no. 8, pp. 4948-4957, Aug. 2015.

Z. L. Zhang, X. Cheng, Z. Y. Lu, and D. J. Gu, “SOC estimation of
Lithium-ion batteries with AEKF and wavelet transform matrix,” IEEE
Trans. Power Electron., vol. 32, no. 10, pp. 7626-7634, Oct. 2017.

J. Yang, B. Xia, Y. Shang, W. Huang, and C. Mi, “Improved battery pa-
rameter estimation method considering operating scenarios for HEV/EV
applications,” Energies, vol. 10, pp. 1-20, 2016.

R. Xiong, H. He, F. Sun, and K. Zhao, “Evaluation on state of charge
estimation of batteries with adaptive extended Kalman filter by experi-
ment approach,” IEEE Trans. Veh. Technol., vol. 62, no. 1, pp. 108117,
Jan. 2013.

J. Rice, Mathematical Statistics and Data Analysis. Scarborough, ON,
Canada: Nelson Education, 2006.

Jufeng Yang (S’ 15) received the B.S. degree in elec-
trical engineering in 2012 from Nanjing University
of Aeronautics and Astronautics, Nanjing, China,
where he is currently working toward the Ph.D. de-
gree (Master-Doctorate program) in electrical engi-
neering. In 2015, he received the funding from China
Scholarship Council, and became a joint Ph.D. stu-
dent in the Department of Electrical and Computer
Engineering, San Diego State University, San Diego,
CA, USA.

His research interests focus on battery manage-
systems, including battery modeling, battery model parameter identifica-
and battery state estimation.

Bing Xia (S’13) received the B.S. degree in mechan-
ical engineering from the University of Michigan,
Ann Arbor, MI, USA, and the B.S. degree in electri-
cal engineering from Shanghai Jiaotong University,
Shanghai, China, in 2012. He was a Ph.D. student in
automotive system engineering at the University of
Michigan Dearborn between winter 2013 and sum-
mer 2015. Since Fall 2015, he has been a Ph.D. candi-
date in the joint Ph.D. program with San Diego State
University, San Diego, CA, USA, and the University
of California, San Diego, CA, USA.

is research interests focus on batteries, including charging optimization,

battery safety, and battery management.

Yunlong Shang (S’14) received the B.S. degree in
automation from Hefei University of Technology,
Hefei, China, in 2008. Since 2010, he has been work-
ing toward the Ph.D. degree in the School of Con-
trol Science and Engineering, Shandong University,
Shandong, China. In 2015, he received the funding
from China Scholarship Council, and became a joint

A\ ) Ph.D. student in the Department of Electrical and

f

and ¢

Computer Engineering, San Diego State University,
San Diego, CA, USA.

His current research interests include the design
ontrol of battery management systems and battery equalizers, battery mod-

Wh\‘\ o wm,”l
Nl h

eling, and battery state estimation.



10898

-

—~

—

systems.

Y

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 66, NO. 12, DECEMBER 2017

Wenxin Huang (M’09) received the B.S. degree in
the Southeast University, Nanjing, China, in 1988,
and the M.S. and Ph.D. degrees from Nanjing Univer-
sity of Aeronautics and Astronautics (NUAA), Nan-
jing, China, in 1994 and 2002, respectively.

In 2003, he joined the faculty of the College of Au-
tomation Engineering, NUAA, where he is currently
a Professor. His research interests include stand-
alone power systems, design and control for elec-
trical machine systems, power electronics, renewable
energy generating systems, and battery management

Chunting Chris Mi (S’00-A’01-M’01-SM’03—
F’12) received the B.S.E.E. and M.S.E.E. degrees in
electrical engineering from Northwestern Polytech-
nical University, Xi’an, China, in 1985 and 1988, re-
spectively. He received the Ph.D. degree in electrical
engineering from the University of Toronto, Toronto,
ON, Canada, in 2001.

He is currently a Professor and the Chair of electri-
cal and computer engineering and the Director of the
Department of Energy—funded Graduate Automo-
tive Technology Education Center for Electric Drive
Transportation, San Diego State University, San Diego, USA. Prior to joining
SDSU, he was with with the University of Michigan, Dearborn, MI, USA, from
2001 to 2015.

He has conducted extensive research and has published more than 100 journal
papers. His research interests include electric drives, power electronics, electric
machines, renewable-energy systems, and electrical and hybrid vehicles.





<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


