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Lithium-Ion Battery Pack State of Charge and State
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Abstract—An adaptive H infinity filter approach is proposed to
estimate the multistates including state of charge (SOC) and state
of energy (SOE) for a lithium-ion battery pack. In the proposed
approach, the covariance matching technique is used to adaptively
update the covariance of system and observation noises and the
recursive least square method is used to identify the battery model
parameters in real time. The hardware-in-the-loop (HIL) platform
for battery charge/discharge is set up to evaluate the accuracy
and robustness of the SOC and the SOE estimation and compare
the proposed approach with the multistate estimators using an
extended Kalman filter and an H infinity filter. The experimental
results indicate that the adaptive H infinity filter-based estimator
is able to estimate the battery states in real time with the highest
accuracy among the three filters.

Index Terms—Adaptive H infinity filter, hardware-in-the-loop
(HIL), lithium-ion batteries, multistate estimation.

1. INTRODUCTION

ITHIUM-ION (Li-ion) batteries have found wide appli-
L cation in electric vehicles (EVs) due to their high energy
density, high power density, low self-discharge, and long life.
To provide sufficient power and energy for EVs, a battery pack
that consists of hundreds or thousands of batteries connected
in series and parallels is required. The state of charge (SOC)
and state of energy (SOE) are two important quantities to indi-
cate the status of the battery pack. The SOC indicates the battery
remaining capacity and the SOE is a gauge of the battery remain-
ing energy. Their accurate estimation can help manage battery
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pack efficiently, extend battery pack life, and extend EV driving
range [1]-[3].

Five mathematical models based on state-space equations
to capture the dynamics of Li-ion batteries in hybrid electric
vehicles (HEVs) are proposed in [4]. A study of 12 lumped bat-
tery models is also conducted in [5]. The simulation results [4],
[5] show that the models with a single state provide reasonable
accuracy with simplicity, while the models including hysteresis
and more states improve the model accuracy but at the cost of
complexity, namely heavy computation burden [6]. Thus, the
selection of the battery model is the balance between accuracy
and complexity. In real applications, a simple battery model is
preferred due to low computation burden, robustness, and rea-
sonable accuracy. The combined model is one of such simple
models used in the SOC estimation [7] and the SOC and SOE
estimation [8]. In these two cases, robust performance and ac-
curate estimation results are achieved. Therefore, the combined
model will be selected in this study.

Currently, the Kalman filter (KF) is one of the most popular
methods to estimate battery state in EVs [9]-[12]. For the KF,
it is assumed that the dynamic model of the battery and the
statistical properties of the exogenous inputs of the batteries are
known. In practice, the constructed battery model and assumed
knowledge about noise statistics based on experience usually
have a certain error, which will easily cause filter instability or
divergence. The improved KFs have been proposed to design the
robust estimators for battery states in handling modeling errors
and noise uncertainty [7], [13]-[15]. For example, the AEKF is
introduced to estimate the SOC of a lead-acid battery in [7]. The
results show that the AKEF provides smaller SOC estimation
error than the EKF because of its adaptive ability to update the
process and measurement noise covariance values. The sigma-
point Kalman filter (SPKF) is proposed to estimate the SOC in
[13] and the results show that the SPKF gives better estimation
results in strong nonlinear battery systems than the EKF with
lower root-mean-square error and lower maximum error. How-
ever, these approaches cannot solve the existing defects of KFs
fundamentally since all these KF-based approaches require the
assumption that the battery model is accurately established.

In contrast to the KF, the H infinity filter allows uncertainty
in battery dynamic model and its filter accuracy does not de-
pend on the specific noise statistics. Hence, it is more robust
to disturbances in battery dynamics model and noise statistics
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[16]-[22]. In [16], an H infinity filter approach is presented for
robust parameter estimation in electrical capacitance tomogra-
phy. It demonstrates better performance of the H infinity filter
than other methods (in particular KFs) in handling model errors.
The H infinity filter is also applied to the battery area which re-
alizes the accurate parameter and state estimation, respectively,
[17], [18]. In addition, the H infinity filter has been applied
to mechanical vibration, networked control system, sampled-
data system, and landing gear [19]-[22]. They all obtain the
satisfactory state estimation results. When the H infinity filter
applies to nonlinear systems, the extended H infinity filter is
developed [23]-[25] by linearizing nonlinear systems. For the
extended H infinity filter to circumvent the linearization error,
the unscented transform is applied, leading to the unscented H
infinity filter [26], which is similar to the unscented KF (UKF).
The unscented H infinity filter is used to estimate power qual-
ity disturbances and prove that its performance is better than
that of the UKF [27]. Although an H infinity filter generally is
more robust than KFs [18], it is still assumed that the covariance
values of the process and measurement noises are known. How-
ever, these covariance values may not be known exactly in real
applications. Furthermore, the erroneous covariance can lead to
large estimation error or divergence of the H infinity filter. Thus,
the covariance values can be treated as design parameters in the
adaptive H infinity filter [7] and can be estimated in real time to
improve the performance of the H infinity filter. The adaptive H
infinity filter is proposed in [28] to estimate the battery SOC and
the experimental results indicate that its performance is better
than that of the adaptive extended KF and the square root UKF.
However, the adaptive H infinity filter for the SOC estimation
in [28] lacks the details in deriving the adaptive algorithms for
estimating covariance matrices and it is only evaluated offline,
which ignores measurement noises, random disturbances, and
real-time computing ability in real applications.

Besides the KF and H infinity filter methods, there are many
other techniques to estimate the SOC. The recursive least square
(RLS) algorithm is augmented to the observer for online SOC
estimation based on the commonly used single particle model in
[29]. The simulation results have shown good performance and
effectiveness of the RLS algorithm based observer for battery
state estimation. An estimator based on particle filter is proposed
for the joint estimation of SOC and SOE in [8]. The experimental
results have verified the accuracy and robustness of the SOC and
SOE estimation under dynamic temperature conditions. A dual
neural network (NN) fusion model which is composed of the
linear NN battery model and back of prorogation NN is proposed
to capture the behavior of open-circuit voltage and SOC in [30]
and the accuracy and effectiveness of the NN model is also
verified by the experimental results.

A. Contribution of the Paper

Both the SOC and the SOE are two important parameters for
battery management system in EVs. Their accurate estimations
have recently been the research focuses [4], [6], [31]-[34], par-
ticularly the SOE estimation. From engineering point of view,
the SOE is more useful since it takes battery terminal voltage
into account which can predict the available energy for EVs.
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In this paper, an adaptive H infinity filter based battery mul-
tistate estimators are constructed to estimate the battery SOC
and SOE and an RLS approach is applied to identify the battery
model parameters in real time. The adaptive H infinity filter
is able to adjust its process and measurement noise matrices
based on the covariance matching technique to further improve
robustness compared to the H infinity filter. A hardware-in-the-
loop (HIL) test bench for battery charge/discharge is set up to
evaluate the adaptive H infinity filter based estimators for the
SOC and the SOE in terms of their accuracy, computing ability,
and robustness against disturbances and erroneous initial system
parameters.

B. Organization of the Paper

In Section II, the adaptive H infinity filter approach is mod-
eled; and Section III presents the battery modeling process
for parameter identification and battery multistate estimation;
Section IV introduces the experimental design and test bench;
the experimental results are analyzed in Section V, followed by
the conclusions in Section VI.

II. ADAPTIVE H INFINITY FILTER APPROACH

In this section, a brief introduction of the H infinity filter
approach and the detailed derivation process for an adaptive H
infinity filter is presented.

A. Introduction of the H Infinity Filter Method

Suppose there is the linear discrete-time state-space equation
expressed as

xp = Fp1op1 +wy
Yk = Hyxp, + vg (1)
Ep = Lkl‘k

where wy, and v, are random noises with possibly unknown
statistics or deterministic, €;, is a linear combination of the state,
and Lj, is a matrix defined by the user. The goal is to estimate
e, and if xy is directly estimated, then there is a need to set
L = 1. ¢, and 2, respectively, represent the estimate of ¢,
and the state at the initial time. Applying the game theory to the
H infinity filter method results in the following cost function
[35]:

N-—1 A 112
_ > k=0 llew —éxlls,
~ 112 N-—1 2 2
lwo = ol + S0 (et + ol )

where Si, Py, Qk, and R, are symmetric matrices selected by
the user according to the particular problem.

Since .J; is not easily to be directly minimized, as a replace-
ment, a performance bound is chosen to explore an optimal
estimation strategy making sure that J; satisfies the threshold,
namely finding an estimate of ¢j;, which leads to

1
J < — (3)
T

i 2

where 7 is the user-specified performance bound. The calcu-
lation process of the discrete-time H infinity filter is shown in
Table I.
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TABLE I TABLE II
H INFINITY FILTER CALCULATION PROCESS ADAPTIVE H INFINITY FILTER CALCULATION PROCESS
zr = Fr_1x)1 +wp zr = Fr_1xr1 + wp
System equations: { vy, = Hjx) + v “4) System equations: { vy, = Hjx) + v (23)
e = Lpxy er = Lpxy
I Initialization: for & = 0, set I Initialization: for & = 0, set
iy = E(x), P = O &) =E(x), Py :E[(JTO*iJ)(I‘ﬂ*iJ)T :80,0,Q0, Ro (24)
T
E [(xo 7j8r) (xﬂ 7i§) ] ,S50,60,Q0, Ry II Time update: For £ = 1,2, ..., compute
Prior estimate of state: &, = Fj, 4 2
II Time update: For £ = 1,2, ..., compute rfnr e ¥ma N O‘q ates Ty . k- rf ! + T 25)
. . - ot Prior estimate of error covariance: P,C = Fr_1 P,C L F L+ Qka (26)
Prior estimate of state: 2, = Fj 12, 6) . L. . . 5 T
. . . L + T Symmetric positive definite matrices update: Sy = L; Sy Ly, 27)
Prior estimate of error covariance: P~ = Fj, 1 P,/ F/ | + Q1 (@) L -1 S T o1
. . . ok o kel kot Condition judgment: (P;7)~" —6S, + H! R;'Hj. > 0 (28)
Symmetric positive definite matrices update: Sy, = L; Sy L. ) III Measurement update: ‘
Condition judgment: (P,7)™' =08, + HY R;'H > 0 9) . ) paate: L
[ k Innovation update: e, = yj, — Hy, &), (29)
IIT Measurement update: . L . ..
K L Adaptive estimation of measurement noise matrix: (30)
Innovation update: ey = yr — Hy 2, (10) &
Kalman gain matrix update: an = £ eiel | Ry = My, — Hy P{HA»T
Ky =FyP (I -6S. P, + H' R 'H, P, )"'HI R, A
Measurement update of state estimate: &, = &, + Ky e, (12)  Kalman gain matrix update: (€2))
Measurement update of error covariance: (13) Ky =FP (I—08.P; +HIR'H, P, ) 'HI R!
+ - & p— T p-1 —\- A -
Pl =P, (I =05k P+ HAI' R, Hy Py )7t Adaptive estimation of process noise matrix: Q, = K M}, KkT (32)
Measurement update of state estimate: ﬁ;r =13, + Kpeyp (33)
Measurement update of error covariance: (34)

B. Adaptive H Infinity Filter

Different methods are used to implement the adaptive
filter. Mehra [36] divided these methods into four kinds:
covariance matching (estimation), correlation, maximum like-
lihood, and Bayesian. The covariance matching (estimation) is
widely adopted in many engineering fields. For example, the
AEKEF is used to estimate the battery state to improve the es-
timation accuracy [7]. The AEKF is also applied to control
an interior permanent magnet synchronous motor drive for EV
traction applications which enhances fault tolerance of position
sensor [37]. The adaptive unscented Kalman filter observer is
developed to address the NOy sensor ammonia cross-sensitivity
problem with the excellent adaptability for time variation and
nonlinear system in [38]. Therefore, an adaptive H infinity filter
using the covariance matching technique is adopted to estimate
the covariance values to improve its robustness in this study.
The realization process is detailed in the following.

1) Updating the Observation Noise Covariance R Adap-
tively: According to (10), the error innovation can be written as

an expression of previous state estimates:
er = yr — Hp @), = Hy ({Ek—"f;)ﬁ-’l)k. (14)

The variance is taken on both sides of (14) to give the mea-

surement noise covariance
My = Hy P Hl + Ry, (15)

where M) denotes the covariance of e; and is computed by
taking average inside a shifting estimation window of sample
N as follows:

(16)

Then, an estimate of Ry, is obtained through M, 1 Which is the
statistical sample variance estimate of M,

R, = My — H,P; H}. (17)

Pl =P (I -0S, P, + HFR'H, P,)™

2) Updating the System Noise Covariance Q Adaptively:
Similarly, the process noise w;, is computed from (4)

wy, = Tpi1 — Frap = vpe1 — B@f + B (8 —a) . (18)

Substituting the state priori estimate (6) into (18) leads to the
process noise

wp = T — Epyy + B (8 - )
= (@ep1 =& 1) + Fu (87 —2n) + (30, — 34) -
(19)

Then, the variance is taken on both sides of (19) to obtain the
system noise matrix

Q.= Pl - FEP F

o+ 1
1 u T
ty 2 @ -a)@E i) o
i=k—N+1

In the steady state, only the last term of (20) is considered as
an estimate of (), namely

k
. 1 . R N
Qk:ﬁ, Z (x:r—.Z‘L)(J)j—J)!) . 20
i=k—N+1
Substituting (12) and (16) into (21) gives
Qr = K, My K} (22)

The discrete-time adaptive H infinity filter is shown in
Table II, which realizes the real-time adaptive covariance update
of both the system and measurement noise.

III. BATTERY MODELING FOR MULTISTATE ESTIMATION

In this section, the battery modeling process will be discussed
and the adaptive H infinity filter based battery SOC and SOE
estimators will be described.



4424
35 T T
~
% 3.2r b
& 3 13.35 Zoom Figure I
z > The ignoring of hysteresis effect
> 32 and polarization characteristic
15 . 1.6 ) . [— Reference — Prediction

[
193

=0 0.5 1 1.5 2 2.5 3 35 4
Time(h)
(a)

3.5 T
S 32 1
go 3 13 Zoom Figure i
Gl
>

- [—Reference — Prediction
=0 0.5 1 1.5 2 25 3 3.5
Time(h)

(b)

Fig. 1. Terminal voltage estimation results of combined model using: (a) GA.
(b) RLS method.

A. Battery Modeling and Parameter Estimation

The combined model 1is applied to describe the
charge/discharge responses of battery terminal voltage, which
is shown as follows [4]:

K,

Uy = Ko — - Koz + K ln (2)
k

+Kyln (1 —z) — Rig (35)

where U, ;. and 7y, ;. represent the battery terminal voltage and
the charge/discharge current at kth sampling moment, respec-
tively. R represents the battery resistance, z represents the
battery SOC, and Ky ;. 4 is the fitting coefficients. Usually,

through the battery dataset. Fig. 1(a) shows the terminal volt-
age fitting result of the combined model based on one set of
LiFePO4 database when the model parameters are identified
offline by the genetic algorithm (GA), which is shown as

min {f (Xy)}
X = [K()7K1,...,K4,R]

N

f(xg) = \/i > (Ut.i — Uy, ()Zg))

i=1

;066

where the estimate of U, ; at the data point ¢ is denoted as Uﬁ ,the
estimate of the current population y at generation g is denoted
as X4, and the experimental data length is represented by V.
It shows that since the combined model does not consider the
hysteresis effect and polarization characteristic of batteries, the
model fails to accurately follow the terminal voltage response.
For the purpose of improving the model prediction accuracy
without increasing model complexity, the RLS method with a
forgetting factor is used to adaptively adjust model parameters
according to the observed terminal voltage in real time, where
the forgetting factor is able to reduce the influence of outdated
data and ensures the high stability of the RLS method. The
combined model shown in (35) is the linear discrete input—
output equation, the RLS method with a forgetting factor can
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be directly applied to identify its parameters. Suppose we write
(35) into a standard form as

y =60 +w. (37)

where y represents the output vector and ¢ and 6 represent
the input data matrix and the parameter vector, respectively. w
represents the white noise vector mainly caused by the measure-
ment. The RLS method to identify the parameter vector 6 of the
combined model can be shown in the following two steps.

Step 1: Initialization

Prso=10A6%1, p=0.98
0y = [1, Ko,0, K10, K2.0, K3,0, K10, Ro]" =[1,0,0,0,0,0]"
o = [1, =1/ 20, —2y,In(20) ,In (1 — 2y) , —ig]
(38)
where Pr, denotes the covariance matrix of the estimates; p
denotes the forgetting factor, which is among 0.95 and 1; 6 is
the parameter vector and K values and R are treated as variables

whose initial values are set to zero; ¢ is the input data vector.
Step 2: The Adjustment of 0

-1
Kiow = Prsp10} [01Prsi—101 + pl
O = 01 + Kok {yk - ¢kék—1}

Py = i I — Krsr0r) Prs i

(39)

where K is the gain matrix to adaptively adjust 6 according
to the fitting error between the observed and predicted terminal
voltages. In this step, K, is first updated mainly based on the
covariance matrix Pf ¢ and forgetting factor y, then the param-
eter vector 6 is adjusted according to the gain matrix K¢ and
fitting error. If there is a deviation between the observed and
predicted voltages, the covariance matrix Pr will be large ac-
cordingly, which will lead to a big gain matrix K to further
reduce the prediction error of terminal voltage by adaptively
adjusting the parameter vector 6. In this way, a closed-loop pre-
diction algorithm is constructed to realize the optimal prediction
of terminal voltage. Fig. 1(b) is the RLS-based terminal voltage
fitting result of the combined model. It can be observed from
Fig. 1 that the terminal voltage of the combined model obtained
from the RLS method is more accurate than that obtained from
the GA, which has demonstrated that the RLS method has im-
proved the estimation accuracy of the combined model than the
GA.

B. State-Space Equation Modeling for SOC and SOE
Estimation

SOC indicates the remaining charges stored. Mathematically,
it can be defined as

 Makin g At

C. (40)

Rk = Zk-1
where z denotes SOC, C,, denotes the battery total capacity, 7,
represents the ampere-hour efficiency which refers to the total
discharge capacity divided by the total charge capacity, and At
denotes the sampling time.
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SOE indicates the remaining energy stored in the battery
which can be defined as

_ ns,kAEa o nsUt,kfliL,kAt
S =8k-1— — 0 =8-1 " —— =

o o 41)

where s represents SOE, A F, represents the variation of battery
energy between two contiguous sampling times, £, denotes the
battery available energy, and 7 represents the battery energy
efficiency, which refers to the total discharge energy divided by
the total charge energy.

Combining (35) with (40) gives the state-space model to
estimate the SOC

. N-kip x At

2 = f(2e-1,00k) Fwho1 = 261 — ., + w1
) Ky »

Uik = h(zr,ink) + v = Koy — —+ — Ko g2k

+K3’k In (Zk) + K47k In (1 - Zk) — RkiL,k —+ V.
(42)
The Taylor series expansion around the prior state estimation
is used to linearize (42) and obtain

xr = f(p—1,i01) +wp1 = Ap1Tp—1 + Brip p + wp—1
Yk = h(xkai[/,k) + v, = Cray + Dyir i + gr + vg

43)
where
k= 25, Apoy = 1, By = — 122
K
Y = Ui, Cp = %}Z:Z; = % — Ky,
+ Ksr  Kux D L _}kz (44)
z; 1—-2;? k= k
k k

g = Ko, — % — Ky 2, + Kz In (2)
+ Ky ln (1 — zk_) +Crz,
Similar to the SOC state-space equation modeling process,

the linearization of the state-space equation to estimate the SOE
is the same as (43), but with different coefficients being

xp =8k, A1 =1,Bp = —7"5"“UE:71At
yr = Ui, Cr = %h:s; = I;;zk — Ko

+ K:[‘ - f39;7Dk = —Ry (45)
gL = Kgﬁk - Ks];k — K2.k5]; + K37k In (S;)

h
+Kypln(1=s;) + Crsy-
Both wy, and v;, are random noise terms with unknown statis-
tics and covariance denoted by Q). and Ry, respectively.

C. Real-Time Multistate Estimation Based on Integration of
RLS and Adaptive H Infinity Filter Methods

Fig. 2 shows the SOC and SOE estimator of batteries based
on the integration of the RLS and adaptive H infinity filter
methods. In order to improve the initial robustness of the pro-
posed approach, the GA-based optimization method has been
used to identify the model parameters based on the offline
charge/discharge data, which are obtained in the HIL test plat-
form within the first five minutes. Then, these identified parame-
ters are set to the initial model parameters and will be updated in
real time for the rest of time. In our experiment, if the estimated
states cannot converge to the true values within five minutes, the
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Combined model:

U, =K07§71<2zk +K;In(z,)+ K, In(1-z,) - Ri,
k

State space equation:
x.=f (xk—l’iL,k )+ Wi = A X + B+

st &tV

Vi :h(x,(,i“t)+vk =Cx, + Dy,

Fig. 2. Multistate estimator based on integration of RLS and adaptive H
infinity filter methods.

Load Control Current data profiles
Battery module Electrical load |« XPC Target
Current Current Input ¢
Host computer
- Download S
| r%’ Genera!.mg odel 1 .
execution -
Collect Feedback | 008 e | Upload | pig” AHIF simulink
Data d Data model Data model for re‘al-time
battery multi-states
estimation
Fig. 3. HIL battery test bench.

estimation is considered as a failure. Otherwise, the estimation
process will continue.

First, the RLS method is used to adaptively update the com-
bined model parameters to minimize the terminal voltage error.
Then, the adaptive H infinity filter method is executed to estimate
battery SOC and SOE based on the battery state-space equation
with the identified model parameters. These estimated states in-
cluding the SOC and the SOE are sent to the RLS calculator
as the known inputs for the next time parameter identification.
This closed-loop estimation process makes both the adaptive H
infinity filter approach to estimate multistates of batteries and
the RLS method to identity battery parameters more accurately.

IV. HIL EXPERIMENTAL APPROACH

The HIL experiments are performed mainly for two purposes:
1) to validate the correctness and effectiveness of the adaptive
H infinity filter in real applications; 2) to evaluate the accuracy,
robustness, and real-time computing ability of the adaptive H
infinity filter based multistate estimator in practice, where the
RLS method is applied to identify the battery model parameters
in real time. The HIL battery test bench for real-time data col-
lection and computation is shown in Fig. 3, which consists of
an electronic load, a host computer, an xPC Target, and the bat-
tery pack for charge/discharge. The electronic load specification
is listed in Table III. The xPC Target is an industrial personal
computer and its specification is shown in Table IV. The battery
pack is made up of two same cells in series and the technical
specification of each cell is shown in Table V.

First, the controlled current data profiles and the Simulink
model for the adaptive H infinity filter based estimators of the
SOC and the SOE are downloaded to the xPC target from the host
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TABLE IIT
ELECTRICAL LOAD SPECIFICATION

Item Range Accuracy
Current 0-+100 A/0-£200 A 5%(30-200 A)
Voltage(V) 5-16 V/18-500 V >5%

TABLE IV
IPC SPECIFICATION

Processor system Max. Speed Memory (Max. Capacity)
Intel Core 2 Quad Q9400 2.66 GHz 8 GB
TABLE V
CELL SPECIFICATION

Lithium-ion battery cell LiMn; Oy

Nominal capacity (Ah) 25

Nominal voltage (V) 3.6

Upper cut-off voltage (V) 4.2

Lower cut-off voltage (V) 2.75

A
oS O

Current(A)
3]
=]

0
20 20 40 60 80 100 120
Time(min)
(@)
8.5

8
>
T 7.51 8.1
g
E 7
Zoom figure

03[ 18 g

6 25 35

0 20 40 60 80 100 120

Time(min)
(b)

Fig. 4. DST: (a) Current profiles. (b) Voltage profiles.

computer; after compiling the received program, the execution
codes are generated and the xPC target will send the current
control signals to the electronic load to discharge the battery
pack; the real-time collected data including voltage, current,
and temperature are then sent back to the xPC target through
the electronic load; based on the feedback data, the xPC target
will execute the generated codes of the adaptive H infinity filter
estimator to estimate the battery SOC and SOE in real time,
which will then be used to predict the battery model parameters
using the RLS method. The results will be uploaded to the host
computer for further processing to better display.

By loading the dynamic stress test (DST) profiles to the bat-
tery pack, the collected data of current and voltage are plotted
in Fig. 4, where the negative current represents charge and the
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positive current indicates discharge. From the zoomed figure
in Fig. 4(b), it shows that the voltage profiles are strongly in-
fluenced by the measurement noise with large fluctuations. It
is noted that all the experiments are conducted in the thermal
chamber at the constant temperature of 25 °C.

V. EXPERIMENTAL RESULTS

The battery multistate estimation based on the adaptive H
infinity filter, EKF, and H infinity filter has been conducted
simultaneously in the HIL battery test bench for verification
and fair comparison, where the RLS approach is used to make
the battery model parameter identification in each method and
the capacity and energy efficiencies are assumed to be 100% at
the discharge current rate less than 2 C for this Li-ion battery
pack in the HIL [6].

There are totally nine design parameters including Py o,
w1 in the RLS algorithm and iar, P(;L ,S0,7,Qo, Ry, N in the
adaptive H infinity filter. As the initial state vector x| is far away
from the real value, P, ( will be set as large as 10°6xI for the
quick convergence and y is usually between 0.95 and 1, which is
set to 0.98 in this experiment. i"a’ is the initial SOC state, which
is set to 80%, 90%, and 100% for the fully charged battery pack,
respectively. For the initial SOC of 100%, which is the correct
value, PO+ should be set as small as zero. For the initial SOCs
of 90% and 80%, which are the wrong values, PO+ should be
respectively increased to 0.01 and 0.04. However, it is found
that the SOC estimation will converge to the true value quickly
with large P,". Thus, P, is finally set to 1 in this experiment.
Since only one state needs to be estimated by using the adaptive
H infinity filter, Sy will be set to 1. 7 indicates model accuracy
and smaller 7 implies a more accurate state-space model. If the
state-space model is believed to be accurate, 7 should be set
very close to zero. As the accuracy of the combined model has
been greatly improved by using the RLS identification in real
time, 7 is selected to be less than 1. The error of state equation
mainly comes from the small sampling error in the measured
current and also from the large disturbances in the measured
terminal voltage, hence @) is set to be less than 0.01 and Ry is
set to be larger than 1. NV is the sampling window length and a
reasonable value of N is vital to ensure the filter reliability and
accuracy. It is found in the experiment that the filter will obtain
better estimation results with [V being around 120.

Fig. 5(a) and (b) shows the SOC reference and estima-
tion results and the corresponding estimation errors, respec-
tively. The statistical results of the SOC estimation are listed in
Table VI. For the cases where the SOC is intentionally incor-
rectly set to 90% and 80%, the SOC estimation converges to
the true value within 21 and 35 s, respectively. This is because
the proposed method can accurately estimate the terminal volt-
age and adaptively adjust the Kalman gain based on the error
between the measured and estimated terminal voltages in real
time. In other words, the erroneous SOC setting leads to a large
terminal voltage error, which in turn causes a large Kalman
gain matrix to compensate the SOC estimation in an efficient
closed-loop feedback. After the convergence, the SOC estima-
tion tracks the reference (true) trajectory as accurately as the
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reference and estimation results. (b) SOC estimation error. (c)—(h) Terminal voltage reference and estimation results and terminal voltage estimation errors.

TABLE VI
STATISTICAL RESULTS OF SOC ESTIMATION WITH DIFFERENT INITIAL
SETTINGS OF SOC VALUES

Index Initial ~ ABSMAX Mean Standard Convergence
SOC error error deviation time (s)
SOC(%) 100% 0.04 0.01 0.01 -
90% 0.06 —0.01 0.01 21
80% 0.07 —0.02 0.01 35
Voltage(mV) 100% 76.55 2.61 15.08 -
90% 76.43 0.87 15.92 21
80% 86.09 —2.65 17.45 35

case of the initial SOC setting of 100%. Take the case of initial
SOC of 80% as an example, the absolute maximum (ABSMAX)
error, mean error, and standard deviation of the SOC estimation
are only 0.07%, —0.02%, and 0.01%, respectively. Fig. 5(c), (e),
and (g) shows the measured and estimated terminal voltages
and (d), (f), and (h) shows the corresponding estimation voltage
errors. It is observed that the terminal voltage estimation errors
are up to 250 and 400 mV initially, which are corresponding
to the initial incorrect SOC settings of 90% and 80%, respec-
tively. Due to the efficient closed-loop feedback, the estimated
terminal voltages converge to the measured terminal voltages
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and estimation results. (b) SOE estimation error. (c)—(h) Terminal voltage reference and estimation results and terminal voltage estimation errors.

as accurately as the case of the initial SOC setting of 100% af-
ter convergence. Furthermore, the estimated voltage tracks the
measured voltage accurately with a much smoother trajectory,
which indicates the strong noise-filtering ability of the proposed
approach. For example, the mean errors of the terminal voltage
are only 2.61, 0.87, and —2.65 mV, respectively, for three initial
SOC settings of 100%, 90%, and 80%, as shown in Table VI.
The SOE estimation results are shown in Fig. 6, in which the
initial SOEs are respectively set to 80%, 90%, and 100% for the

fully charged battery pack. Fig. 6(a) and (b) shows the SOE ref-
erence and estimation results and the corresponding estimation
errors, respectively. For the cases where the SOE is intentionally
incorrectly set to 90% and 80%, the SOE estimation converges
to the true value within 21 and 62 s, respectively, as shown in
Table VII. Take the case of the initial SOE of 80% as an ex-
ample, the ABSMAX error, mean error, and standard deviation
of the SOE estimation are only 0.07%, —0.01%, and 0.01%, re-
spectively, which indicates the high SOE estimation accuracy of
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SOC and SOE estimation results with 80% of their respective true initial SOC and SOE values based on three different filters: (a) SOC reference and

TABLE VII
STATISTICAL RESULTS OF SOE ESTIMATION WITH DIFFERENT INITIAL
SETTINGS OF SOE VALUES

TABLE VIII
STATISTICAL RESULTS OF SOC AND SOE ESTIMATION WITH INITIAL SETTING
OF 80% OF THEIR INITIAL VALUES

Index Initial ABSMAX Mean Standard Convergence
SOE error error devia- time (s)
tion
SOE(%) 100% 0.06 —3e-3 0.01 -
90% 0.06 —9e-3 0.01 21
80% 0.07 —0.01 0.01 62
Voltage(mV) 100% 75.54 2.78 15.06 -
90% 75.48 1.29 15.91 21
80% 82.99 —2.18 17.49 62

Index Filter ABSMAX  Mean Standard Convergence Average
error error deviation time (s) TET (ms)
SOC(%)  AHinf 0.07 —0.02 0.01 35 0.24
Hinf 0.61 0.31 0.21 67 0.23
EKF 1.77 0.86 0.59 90 0.23
SOE(%) AHinf 0.07 —0.01 0.01 62 0.24
Hinf 0.94 0.36 0.32 77 0.23
EKF 2.16 0.82 0.77 99 0.23

the proposed method. Fig. 6(c), (e), and (g) shows the measured
and estimated terminal voltages and (d), (f), and (h) shows the
corresponding estimation errors. Similar to the case of the SOC
estimation, after convergence the terminal voltage after filter-
ing is much smoother than the measured voltage, indicating its
strong filtering ability against noises. The absolute mean errors
are all smaller than 3 mV for the three initial settings of 100%,
90%, and 80%, as shown in Table VII.

Thus, the proposed approach is able to estimate the SOC and
SOE accurately while obtaining much smother terminal voltage
with the high accuracy in real time against inaccurate initial
settings of the SOC and SOE values and strong measurement
disturbances in the HIL platform.

To further validate the estimation accuracy and stability of
the proposed approach, other two traditional filters including
the H infinity filter and the EKF are compared in the same
HIL platform. Besides the two design parameters Pr, ¢, 1t in

the RLS algorithm, there are six design parameters including
&4, Py, Sy, 7,Qu, Ry in the H infinity filter and four design
parameters including &, Py, Qo, Ry in the EKF. It is noted
that all these parameters follow the same tuning process as
described for the adaptive H infinity filter.

The initial SOC and SOE are set to 80% for the three filters,
which is 20% away from the true value. Fig. 7(a) and (b) shows
the SOC reference and estimation results and corresponding
estimation errors, respectively. It is seen that the SOC estimation
based on the adaptive H infinity filter, the H infinity filter, and
the EKF all converge to the true value gradually with different
convergence times of 35, 67, and 90 s, respectively, as shown in
Table VIII. It is also seen that the proposed RLS-based model
parameter identification method is very effective. For example,
the adaptive H infinity filter for the SOC estimation obtains a
very small estimation error during the whole filtering time, its
ABSMAX error, mean error, and standard deviation are only
0.07%, —0.02%, and 0.01%, respectively, and it is lower than
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those of the other two filters. This is because the proposed
adaptive H infinity filter is able to adaptively estimate its process
noise matrix () and measurement noise matrix R in real time,
making it more robust against noise disturbances in practice. In
order to evaluate the operating speed of the proposed method,
the average task execution time (TET) of the three filters is also
listed in Table VIII, where the average TET is an average of the
measured CPU time to run model equations and send out outputs
during each sampling interval. It is found that the average TET
is 0.24 ms for the adaptive H infinity filter, which is only 0.01 ms
longer than the H infinity filter or the EKF and much smaller than
1 s sampling interval in this experiment. Fig. 7(c) and (d) shows
the SOE reference and estimation results and corresponding
estimation errors. The SOE estimation based on the adaptive
H infinity filter converges faster and more accurate than those
based on the other two filters. For example, the adaptive H
infinity filter has the convergence time of 62 s, which is smaller
than 77 and 99 s of the other two filters, its ABSMAX error,
mean error, and standard deviation are only 0.07%, —0.01%, and
0.01%, respectively, as shown in Table VIIL. It indicates that the
adaptive infinity filter has higher estimation accuracy than the
other two filters. Furthermore, the average TETs for the SOE
estimation is the same as those of the SOC estimation for these
three filters, indicating that the adaptive H infinity filter for both
the SOC and SOE estimation can meet the real-time demand in
practice.

VI. CONCLUSION

In this paper, the adaptive H infinity filter has been em-
ployed for battery SOC and SOE estimation with high accu-
racy and strong robustness to a battery model uncertainty and
measurement noise. An HIL experimental platform for battery
charge/discharge has been set up to implement the adaptive H
infinity filter estimator for battery multistate estimation in real
time and validate its effectiveness. The experimental results in-
dicate the excellent performances of the adaptive H infinity filter
based estimators with the high estimation accuracy of the SOC
and the SOE. The maximum SOC and SOE estimation errors are
only 0.04% and 0.06%, respectively, when the initial SOC and
SOE are correctly set. When the erroneous initial values of the
SOC and the SOE are set to 80% for the fully charged battery
pack, the SOC and SOE estimators converge to the true value
within 35 and 62 s, respectively, and keep high accuracy within
0.1%. In addition, the proposed estimators have demonstrated
strong filtering ability to provide much smoother voltage than
the measured voltage.
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