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Abstract

Errors of a battery model will dramatically enlarge as the internal parameters of a battery varying. To reduce the
systematic errors, a parameter adaptive battery model is proposed. Based on it, sliding mode algorithm is adopted to
estimate the SOC of a battery. The experimental platform is constructed and the UDDS driving cycles is used to
verify the method. The results show the error of SOC estimation is less than 2% and it indicates the monitoring
algorithm is of great value to power batteries which are generally used in variable environment.

© 2016 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of the organizing committee of CUE 2015

Keywords: battery model; parameter adaptive battery model; sliding mode observer; SOC estimation

Nomenclature

E, Open Circuit Voltage

V, Terminal Voltage

Vv, Polarization Voltage

Z SOC

R, Ohm Resistance

R, Polarization Resistance
C, Polarization Capacitor

C, Nominal Battery Capacity
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o, Noise

0, Feedback Coefficient

ey, The Observable Error of Terminal Voltage

e, The Observable Error of SOC

e The Observable Error of Polarization Voltage

1. Introduction

Battery management system (BMS) is one of the most important parts of an electric vehicle. As the
core of BMS, state of charge (SOC) estimation has an extremely considerable effect on safety, dynamic
and economy of the electric vehicles. If an accurate SOC can be obtained, the SOC range can be used of
batteries could be extended[1]. Thus, a smaller battery pack will be able to satisfy the demand of electric
vehicles. It means the price for building low-carbon cities by improving the market penetration of electric
vehicles could be dramatically decreased.

The precision of SOC estimation rely on the accuracy of the battery model[1]. Currently, static battery
models are generally adopted in implement, such as Rint. RC[2]. Thevenin[3]. PNGV[4] and
nonlinear equivalent circuit model[5]. However, static battery models initialized in laboratory are unable
to adapt variable actual using environment[6]. Though many robust SOC observer have been built to
reduce the negative impacts, such as sliding mode observer[7], proportional integral observer[8] and
extended Kalman filter observer[9], the model systemic error led from the variation of internal parameters
is hard to be eliminated.

Thus, keeping the coherence of a battery model and its actual characteristics under actual using
environment becomes the key point to ensure the accuracy of SOC estimation. It means dynamic battery
models are needed to adapt the change of internal parameters of a battery. Plett proposed a dual extended
Kalman filter method[10] and Song proposed a dual sliding mode observer to estimate SOC and state of
health (SOH) of a battery[11]. However, these kinds of battery models have obvious drawbacks: 1)
ignoring the variation of other parameters except for internal resistance, 2) ignoring the transmission
error’s impacts on parameter estimation, 3) a complex identification of parameters is needed.

Thus, research on dynamic battery model and related SOC estimation methods are still inadequate. To
solve the problems stated above, an adaptive battery model is established and a sliding mode observer for
SOC estimation is proposed in this paper. As shown in Figure 1, parameters estimation, model updating
and SOC estimation are synchronous. Compared with previous models, advantages are obvious: 1)
eliminating systemic error of battery model effectively, 2) online estimation of parameters, 3) no need of
accurate initial parameters, 4) transmission errors are avoided by independent parameter observer, 5)
simple mathematical operation.
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Fig. 1. Parameter adaptive battery model and sliding mode SOC estimation method
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2. Theoretical analysis
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2.1. Equivalent circuit of a battery

A simple first order RC equivalent circuit battery model is adopted for a further study in this paper.
The RC model is shown in Figure 2. It consists of a voltage source ( E; ), a resistor (R, ), and a parallel

capacitor ( C, ) and resistor ( R, ).

1 I R2 ®
R i
E, G v,

Fig. 2. One order RC equivalent circuit battery model

E, is a nonlinear function of SOC[12]. The relationship of E; and SOC could be decomposed as
E, =a, xz+ B, by linear interpolation. The related parameters are listed in Table 1.

Table 1. Relationship between EQ and SOC

Z 0-0.1 0.1-0.2 0.2-0.3 0.3-04 0.4-0.5
a, 0.59 0.46 0.62 0.73 0.79
,Bn 34 3413 3.381 3.348 3.324
Z 0.5-0.6 0.6-0.7 0.7-0.8 0.8-0.9 0.9-1
a, 0.64 0.65 0.76 0.87 0.60
ﬂn 3.399 3.393 3.316 3.228 3.471

In Figure 2, the relationship between polarization voltage and current can be obtained according to
Kirchhoff's law

V, =V, [(RC)+1/C, @)
Terminal voltage V| could be written as follow
V, = E, +IR +V, (2)
C, is assumed to be constant in this paper. SOC can be depicted by derivation
z=1/C, (3)

2.2. Online estimation of model parameters

As terminal voltage varies slightly in a short period, R+ R, C, and E; are assumed to be slowly

varying parameters. The derivative of equation (2) can be rewritten by substituting equation (1) and (4)
into itself

V, =RI+[(R +R)IT/(R,C,)-V,/(R,C,)+E, /(R,C,)
=[R (R+R)/(R,G,) Y(RGC,) EJRCHIT ~V, 1" (4)
=06 6, 6; 6,11, 1, 115 ,u4]T :eﬂT

where @(E,,R,R,,C,)=[6, 6, 6, 6,] is a matrix consists of parameters under estimation. Define
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error ¢, =V, -V, thena V, observer is constructed

V,=u' +2
" {‘ ’ fvo ' (5)
=[6 6, 6, 0,111 -V, 1]T"'/levU

Ife, = O—é, equation (6) and (7) are needed for the convergence of the estimated parameters

lime, =0 (6)
lime, =0 (7)

Definite Lyapunov function as follow
V= %eﬁo +%63Ae; (8)

Where A is a positive definite matrix. Thus
V= e, 6y, + e, Aé,
= e, 101" —(Gu" + Ae, )] +e,A(6" —0") (9)
~e,(u'e, ~AO) - Je,}

In order to satisfy the law of LyapunoV’s stability criterion, V shoule be negative definite. Thus, a
model for estimation of parameters is constructed

6.\ [ piv,—V,)

AR (10)
)| | eV, V)

) Pi(Vo=Vy)
R =6 (11)
Rz = A2/ A3 _él (12)
E, =6,/6, (13)
C, =[(R +R)I =V, + E,]/[(V, - IR )R,] (14)

As battery internal parameters vary slowly in a short period, a moving average filter is built to reduce
noise of estimated parameters for the next step of operation.

2.3. Adaptive sliding mode SOC observer

The continuous state space equation of the battery model is established according to the equation
(1), (2) ,(4)
V, ==V, /(R,C,)+E, /(R,C,)+[I(R, +R,)]/(R,C,) + &,
=V, —E,-V,)/(RC,)+o, (15)
V, =V, /(R,C,))+1/C, + o,
And it can be updated dynamically by parameters estimated online



Bo Ning et al. / Energy Procedia 88 (2016) 619 — 626

V, ==V, [(R,C,)+E, | (R,C,)+[I(R, + R))]/(R,C,) +
:=(V,-E,-V,))/(RC,)+w, (16)
V, = —VZ/(IQZCA2)+I/CA2 + 0,

State variables of the battery model are observable, because the observation matrix is positive
definite. A state observer can be constructed as follow

Vy ==V [(RC))+E, [ (R,C)+(R + R)I/(R,C,)+ 5, sgne,,)
F=(V,-E,-V,)/(RC,)+6,sen(e,) (17)
V, =V, [(RC,)+1/C, +35,sgn(e, )

Where ey, can be easily got through a voltage sensor, however ey, and ey, could not be got directly.

According to the law of Lyapunov’s stability criterion, when formula (19) is satisfied, the relationship
between e, and ey, 1 €y and ey, can be constructed

sen(e,) = sgn[R,C, sgn(e,, ) [at, ] (18)

sgn(e,, ) =sgn{-R,C, sgn[R,C, sgn(e,, ) /e, 1}

6 >>0 +1l,e, >0

5, >>0 sgn(e, ) = ‘ (19)
0 -l,e, <0

0, >>0 0

Then an adaptive sliding mode SOC observer could be described as follow
Vy ==V, [(RC)+E, [(R,C)+I(R +R)I/(R,C,)+ 6, sgne, )
i< W, - EO —Vz)/(ﬁlC“)ﬂSz sgn[l%zé2 sgn(e, )/an]

‘}2 = _‘}z /(Iézéz)+ I/éz +6, sgn{_klcn Sgn[}ézéz sgn(ey, )/an]} (20)
6 >>0 +Le, >0
8, >>0 sgn(e, ) = !
0 -le, <0
0,>>0 °

3. Experimental verification

NCR18650 lithium-ion battery is adopted in the experiment. It has a rated voltage of 3.7V and a cut off
voltage of 2.8V. Urban dynamometer driving schedule (UDDS) current profile shown in Figure 3 is used
to verify the accuracy of the algorithm for online parameter identification and SOC estimation of the

power battery.
i
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Fig. 3. UDDS current profile
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A A A

Initialization parameters and feedback coefficients 6, , =1 6, , =0.01 &,, =0.2 A4(0) =14=0.1

£, =0.02 p, =0.005 p, =0.005 p, =0.05.

Comparison between estimated curves of parameters and actual curves filtered by sliding average filter
are shown in Figure 4. The reference curve is calculated and interpolated offline through hybrid pulse
power characterization (HPPC) test.

In Figure 4, the estimated curves of parameters quickly converge to the reference curves with small
fluctuations. Then they are used to dynamically update the SOC estimation model. The estimated terminal
voltage based on parameter adaptive battery model proposed before and the actual one are compared in
Figure 5. The curves fit well, which indicates that the adaptive battery model updated online could truly
reflect the characteristics of the battery.

0.1

estimated
............ reference

R1/0hm

e e e e e e e e e :
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Time/s

(a) Ohm resistance estimation curve
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------------ reference

c c c c c c c c I
o 50 100 150 200 250 300 350 400 450 500
Time/s

R2/0hm
o

(b) Polarization resistance estimation curve

s

C2IF

estimated
"""""" reference

500 c c c c c c c c c c
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Time/s

(c) Polarization capacitance estimation curve

Fig. 4. Online parameter estimation curves

actual
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Vo
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Fig. 5. Terminal voltage under UDDS current

Initialize state variable z, =0.8 V, =0V, =4, initialize coefficients 6, =0.05 6, =0.001 6, = 0.005.

In order to verify the estimation accuracy of the SOC under unknown initial situation, the initial error of

estimated SOC is set to be 20%.
The comparison of the estimated SOC curve and the actual curve are shown in Figure 6.
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(a) SOC estimation curve
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(b) SOC estimation error curve

Fig. 6. The results of the proposed method

It shows that the estimated SOC curve rises rapidly and converges to the actual SOC curve in 400
seconds. The rapid convergence and small overshoot reflect a great robustness of the algorithm. After 400
seconds the estimated SOC tends to be stable with few minor fluctuations. The error of SOC estimation is
less than 2% as shown in Figure 6 (b).

Different initial SOC error has a considerable effect on the convergence time. Under normal
conditions, the initial SOC error of a battery is led from self-discharge, which is generally much lower
than 20%. So the convergence time should be less than 400 seconds.

To apply the algorithm in implementation, a hardware platform including current censors. voltage
sensors and a digital signal processor is needed. As the variation of the parameters is small in a short
period, the model could be updated periodically using a multi-time dimension method to reduce the
computation of DSP. At the beginning of the estimation period, the estimated parameters are not stable,
so the historical parameters are used to replace them.

4. Conclusion

In this paper, a complete adaptive battery model is established based on battery parameters identified
online to take the variation of battery internal characteristics under variable environment into
consideration. Based on it, the sliding mode SOC observer is constructed to eliminate the error of the
battery model and reduce the noise of measurement. The battery environmental platform is built and
Lithium-ion battery is adopted to verify the effectiveness of the proposed method in estimating battery
internal parameters and SOC under the UDDS driving cycles. The experiment results indicates that the
online estimated parameters all converged to the true value in 400 seconds and the SOC estimation error
is less than 2% .

Acknowledgements

625



626

Bo Ning et al. / Energy Procedia 88 (2016) 619 — 626

This work was supported by the National Natural Science Foundation of China (Grant No. 51405374)
and the Postdoctoral Science Foundation of China (Grant No. 2014M560763).

Reference

Wang JP, Chen QS, Cao BG. Study on the charging and discharging model of Ni/MH battery module for electric vehicle. Journal of
Xi'an Jiaotong University 2006,40(1),50-52

Li C, Shang AN. Research on second-order RC circuit model of Ni-MH battery for EV. Chinese Journal of Power Sources
2011,35(2): 195-197.

Fang YQ, Cheng XM, Yin YL. SOC Estimation of Lithium-Ion Battery Packs Based on Thevenin Model. Mechanical Engineering,
Industrial Electronics and Informatization 2013, 299(2):211-215.

Gao WG, Jiang M, Hou YM. Research on PNGV model parameter identification of LiFePO4 Li-ion battery based on FMRLS.
Industrial Electronics and Applications (ICIEA). Beijing, China: 2011 6th IEEE Conference on 2011,49(20):2294- 2297.

Lin CT, Qiu B, Chen QS. A study on nonlinear equivalent circuit model for battery of electric vehicle . Automotive Engineering
2006,28(1): 38-42.

Wang JP, Cao BG, Chen QS. Self-adaptive filtering based state of charge estimation method for electric vehicle batery Chinese
Journal of Mechanical Engineering 2008, 44(5): 76-79.

Chen X, Shen W. Sliding mode observer for state of charge estimation based on battery equivalent circuit in electric vehicles
Australian Journal of Electrical & Electronic Engineering 2012, 225-234.

Xu J, Mi CC, Cao BG. The State of Charge Estimation of Lithium-Ion Batteries Based on a Proportional Integral Observer
Vehicular Technology, IEEE Transactions on 2014, 63(4):1614-1621.

Plett GL. Extended Kalman filtering for battery management systems of LiPB-based HEV battery packs: Part 1. Background.
Journal of Power Sources 2004, 134(2): 252-261.

Plett GL. Extended Kalman filtering for battery management systems of LiPB-based HEV battery packs. Part 3. State and parameter
estimation. Journal of Power Sources 2004, 134(2): 277-292.

IL-SONG K. A Technique for Estimating the State of Health of Lithium Batteries Through a Dual Sliding Mode Observer. Power
Electronics, IEEE Transactions on 2010, 25(4):1013-1022.

XU J, MI CC, CAO BG. A new method to estimate the state of charge of lithium-ion batteries based on the battery impedance
model. Journal of Power Sources 2013, 233(4): 277-284.

5. Author Artwork

Ning Bo received the B.S. degree in mechanical engineering from Xi’an Jiaotong
University,Xi’an, China, in 2012, where he is currently working toward the M.S. degree
with the School of Mechanical Engineering. From 2013 to 2015, he focused on the
battery management system for electric vehicle. His research interests include design,
analysis, testing, and state estimation of battery systems, including battery modeling and
battery state estimation.

Jun Xu received his BS and PhD degrees in Mechanical Engineering from Xi’an
Jiaotong University, Xi’an, Shaanxi, China in 2009 and 2013, respectively. He is an
assistant professor at the Institute for Electric Vehicle and System Control in Xi’an
Jiaotong University. His research interests include battery system design, analysis, and
state estimation for electric vehicles.




