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Abstract: Pragmatic approaches are proposed to enhance battery state estimation using Kalman filter (KF) and extended
KF. Notable novelties introduced include: the use of state/parameter constraints, asymmetric equivalent circuit model
behaviour, inclusion of nominal models, and current sensor measurement bias estimation and compensation. The socalled delta parameters are estimated to handle cell variations, aging, and online deviation of parameters. Strategic
simplifications that enable the use of traditional KF algorithm are described. Unique filter structures are presented for
state-of-charge and state-of-health estimation, the latter focuses on capacity and impedance estimation. The
performance of the proposed approaches is demonstrated on experimental drive-cycle data designed for electric
vehicle (EV) and hybrid EV applications.

1

Introduction

Batteries are a fundamental component to enable clean, sustainable,
and electriﬁed transportation [1, 2]. A battery management system
(BMS) manages the electric energy storage system in an electric
vehicle (EV), hybrid EV (HEV), and plugin HEV (PHEV) [3].
The BMS monitors battery conditions and ensures healthy and
safe operation of the battery. State estimation also plays a crucial
role in the BMS. Three important states that need to be estimated
are state-of-charge (SOC), state-of-health (SOH), and
state-of-power (SOP). The SOC is analogous to the fuel gauge of
conventional vehicles since it roughly indicates the percentage of
remaining energy. SOH monitors phenomena such as cell
impedance growth and capacity fade, both of which effect battery
performance. The SOP is typically a measure of the maximum
power output capabilities of the battery at any given point in time.
Online battery state estimation approaches using equivalent circuit
modelling with algorithms based on least squares and derivatives of
Kalman ﬁlter (KF) are popular. Recursive least squares (RLS) has
been used by a number of researchers [4, 5]; these approaches rely
on a linear-in-parameter model reformulation for use with the
standard RLS algorithm. An advantage of this approach is only a
single forgetting factor, that diminishes the inﬂuence of old data,
needs to be tuned; a disadvantage is the need for nonlinear
transformations to obtain the parameter of interest; these
transformations can pose problematic numerical issues. Verbrugge
and Koch [4] employed voltage-based RLS estimation of SOC as
part of an approach that is weighted with current-based SOC
estimation. Xiong et al. [5] have used RLS for both SOC and SOP
estimation. To improve capacity estimation and its robustness,
Plett [6] has proposed a modiﬁed RLS method referred to as a
total least squares method; it considers input and output noises,
such as accumulated ampere-hours and SOC. An SOC estimation
approach based on using the open-circuit voltage (OCV) at various
temperatures has been proposed by Xing et al. [7].
Many approaches based on extended KF (EKF) have been
employed [8–13]. The non-linear relationship between the OCV
and SOC forces the use of the EKF. The ability to embed the
equivalent circuit model into the ﬁlter and inherent ﬁlter optimality
associated with KF related approaches are two highlights of using
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EKF. A well-known disadvantage is non-trivial tuning of both
process and measurement noise matrices. The seminal work by
Plett [8] explored the use of EKF to estimate both SOC and model
parameters. Both joint and dual EKF approaches were explored,
the latter sacriﬁces some cross-correlation information in order to
gain computational efﬁciency improvements. Methods to make the
EKF more robust for SOC estimation have been proposed by He
et al. [9]. Xiong et al. have recently proposed adaptive EKF
approaches that automatically tune the ﬁlter online [10]. A similar
adaptive EKF approach has been applied by Chen et al. [13].
Multi-scale dual EKF approaches have been recently proposed for
the purpose of simultaneous SOC and capacity estimation [11, 12].
A fast timescale is used for SOC estimation and a slow timescale
is used to estimate capacity.
Alternative ﬁltering approaches have also been explored for
battery state estimation. For example, a sigma-point KF (SPKF)
was used by Plett [14] to simultaneously estimate SOC and model
parameters. The SPKF mitigates some of the estimation bias that
non-linearities introduce when using EKF. Gholizade-Narm and
Charkhgard [15] employed a square-root unscented KF to improve
numerical robustness of SOC estimation. To robustify SOC
estimation Alﬁ et al. [16] employed and H-inﬁnity ﬁlter with
radial basis function-based neural networks. Zhang et al. [17] also
employed an H-inﬁnity ﬁlter to estimate SOC for HEV applications.
Neural networks and unscented KF have been employed for SOC
estimation by He et al. [18]. An extensive review of battery state
estimation has been reported by Waag et al. [19].
In this paper, the contributions are as follows, pragmatic
approaches are explored to improve battery state estimation using
KF and EKF with the use of current sensor bias correction and
parameter state constraints. A priori knowledge of state/parameter
values can typically come in the form of inequality constraints, the
inclusion of these is presented in this paper. The usage of
constraints can bound estimated values to known ranges, e.g.
non-negative resistances/capacities and known bounds for
equivalent circuit models. This leads to more robust estimation.
Modelling and calibration testing of fresh battery cells are
routinely done during the design and production phase of
electriﬁed vehicles, therefore methods to incorporate nominal
models into the estimation are also presented. The estimation of
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deviations from this model called delta parameters are proposed,
they can compensate for cell-to-cell variations and aging effects
that cause time-varying parameters. An asymmetric equivalent
circuit-based model that considers asymmetry in all resistances is
introduced and is used for estimation. Rather than complicating
the EKF, strategic simpliﬁcations are performed that allow the use
of a linear model and the traditional KF. This is shown to be
possible by using OCV as a state instead of SOC. Comparisons
with KF and EKF are performed for both SOC and capacity
estimation using unique joint ﬁlter structures and with drive cycle
experimental data. A novel current sensor bias estimation ﬁlter
based on a new voltage-input/current-output (VICO) cell model is
presented. Finally, a method to incorporate this in a current bias
compensation strategy for SOC and SOH estimation is also
demonstrated.
The rest of the paper is organised as follows. Section 2 reviews
algorithms for battery state estimation. Section 3 details the
different models and ﬁlter structures. Section 4 presents the results
of applying the proposed methods for SOC and SOH estimation
on drive cycle data. Section 5 concludes the paper.

2
2.1

Estimation algorithms
Kalman filter

The KF embeds a model into the ﬁlter and uses it to predict an
intermediate state estimate. A discrete-time state-space model of
the following form is assumed
xk = Ak−1 xk−1 + Bk−1 uk−1 + wk−1

(1)

yk = C k xk + Dk uk + vk

(2)

where xk [ <n is a to be estimated system state vector at time k and
uk [ <p is a known input vector, yk [ <m a measurement vector,
and wk [ <n and vk [ <m represent the process noise and
measurement noise, respectively.
The KF is an optimal estimator [20] under the assumption of
normally distributed, zero mean, and independent process and
measurement noise, i.e. with probability distributions
P(w)  N (0, Q),

P(v)  N (0, R)

(3)

where Q is the process noise covariance and R is the measurement
noise covariance. The mechanics of the KF are summarised in
Table 1.
In the time update steps 1 and 2, a priori state and a priori
covariance are predicted from time k − 1 to time k. During the
measurement update steps 3–5, the Kalman gain matrix K k is used
to obtain a posteriori covariance matrix and state estimate.
2.2

where f () and g() are non-linear functions, and wk and vk are process
and measurement noise vectors, respectively. For such non-linear
systems, a modiﬁed KF that linearises around the state estimates
can be used. It is referred to as the EKF [20] and for non-linear
systems it becomes a sub-optimal ﬁlter.
For EKF the non-linear functions of f () and g() are used for
prediction, however covariance matrix updates and Kalman gain
calculation employ linearised Jacobian matrices of f () and g()
as follows

∂f (x, uk )
,
Ak =
∂x x=x̂k|k


∂g(x, uk )
Ck =
∂x x=x̂k|k−1

(6)

The mechanics of the EKF are summarised in Table 2.
2.3

KF/EKF estimate projection with state constraints

When the state vector xk is subject to linear time-varying equality
constraints, H k xk = hk , the in-the-loop projection method
proposed by Teixeira et al. [21] can be employed. It is assumed
that H k is a short full rank matrix. A weighted pseudoinverse
denoted by H +
k is obtained and used to project the state estimate
vector and covariance matrix update. The mechanics of this
approach are summarised in Table 3, Fig. 1 illustrates how this
projection method can be integrated with the KF/EKF.
The projection method can also cover cases of inequality
in
constraints H in
k xk ≤ hk when an active set approach is employed
[22]. An active set method uses the fact that it is only those
constraints that are active at the solution of the problem that are
signiﬁcant. The active constraints can be represented by the
equality constraint H k xk = hk , where the rows of H k and hk are
in
the active subset of the rows of H in
k and hk . Therefore, the linear
inequality constraint problem becomes equivalent to the equality
Table 2 EKF algorithm
Step

Equation
Ak−1 =

1. A priori linearisation
2. A priori covariance update
3. A priori estimate prediction

P k |k−1 = Ak−1 P k −1|k −1 ATk−1 + Q k−1
x̂k|k−1 = f (x̂k−1|k −1 , u k−1 )
Ck =

4. A posteriori linearisation
5. Kalman gain matrix calculation
6. A posteriori covariance update
7. A posteriori estimate correction

∂f (x , u k−1 )
|x =x̂ k −1|k−1
∂x

∂g(x , u k )
|x=x̂ k|k−1
∂x

K k = P k|k −1 C Tk (C k P k|k−1 C Tk + R k )−1
P k|k = (I − K k C k )P k|k −1
x̂k|k = x̂k|k −1 + K k (y k − g(x̂k |k−1 , u k ))

Table 3 Estimate projection algorithm

Extended KF

Step

Equation

Consider a non-linear system of the form
xk = f (xk−1 , uk−1 ) + wk−1

(4)

yk = g(xk , uk ) + vk

(5)

1.
2.
3.
4.

Active linear constraints
Pseudoinverse calculation
Covariance projection
Estimate projection

H k x k = hk
T
T −1
H+
k = P k|k H k H k P k|k H k
T
p
+
P k|k = P k|k − H k H k P k |k H Tk H +
k
x pk|k = x k |k − H +
(h
−
H
x
k
k k|k )
k

Table 1 KF algorithm
Step
1. A priori covariance update
2. A priori estimate prediction
3. Kalman gain matrix
calculation
4. A posteriori covariance
update
5. A posteriori estimate
correction

Equation
P k|k −1 = Ak−1 P k−1|k−1 ATk −1 + Q k −1
x̂k |k−1 = Ak−1 x̂k −1|k−1 + B k −1 u k−1
K k = P k |k−1 C k T (C k P k|k−1 C Tk + R k )−1
P k |k = (I − K k C k )P k |k−1
x̂k|k = x̂k|k −1 + K k (y k − C k x̂k |k−1 − D k u k )
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Fig. 1 Algorithm with state estimate projection
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constraint problem when the active set is known a priori. It is noted
numerical issues can arise since a rank deﬁcient covariance matrix
results, in [21] an ad-hoc solution is to add a small diagonal
matrix to the covariance matrix after projection. Another ad hoc
alternative is to ignore the covariance projection step altogether.

3

capacitance, respectively. Ia and Va are the current through Ca and
its voltage, respectively. The continuous time dynamics are

Battery state and parameter estimation

In this section, different battery state and parameter estimation
methods and models are presented that employ the algorithms in
Section 2. The different models are derived from a basic
equivalent circuit model (ECM) that includes: an OCV that is a
function of SOC [23], an ohmic resistance and RC elements that
reﬂect the dynamics of the batteries. In this section, a model
employing one RC element, as depicted in Fig. 2, is used as an
example. Generalisation to higher order ECMs is straightforward
[24]. SOC in this paper is deﬁned as a number between zero and
one representing the fraction of available Coulomb-counting
capacity of the battery. SOH metrics are typically based on
full-charge capacity and resistance, in this paper SOH generally
refers to either of these parameters; explicit deﬁnitions of SOH
metrics can be found in [3].
In Fig. 2, Voc is the OCV, Ro is the ohmic resistance. V and I are
the terminal voltage and terminal current, respectively. Positive
current indicates discharging. Ra and Ca are the resistance and

Va
I
+
Ra C a C a

(7)

V = Voc − Va − IRo

(8)

V̇ a = −

In the subsequent subsections, approaches are presented to estimate
battery SOC, impedance, capacity, and current bias. Inclusion of
nominal model parameters and estimation of the deviations of
these parameters are introduced as ways to improve ﬁlter
performance. Rather than estimate SOC directly, the OCV Voc is
ﬁrst estimated and then passed through an OCV–SOC look-up
table to obtain SOC. Compensation of current bias is another
method introduced to improve estimation performance. The overall
battery state and parameter estimation strategy are summarised in
Fig. 3. The remainder of this section will present ﬁlters that can be
used for each of the separate estimation blocks shown in Fig. 3.
Although different blocks may estimate some of the same
parameters, tuning of each block can be done to optimise
estimation of the state(s)/parameter(s) of interest.
3.1

Joint OCV and parameter estimation

3.1.1 EKF method – symmetric resistances: The vector to be
estimated is x = [u, Ra , Ro , Voc , Va ]T where u = e−(Dt/Ra Ca ) . In this
method, the state-space form is
⎤ ⎡
⎤
uk
uk−1
⎥
⎢ Ra,k ⎥ ⎢ Ra,k−1
⎥ ⎢
⎥
⎢
⎥ + wk−1
⎢ Ro,k ⎥ = ⎢ Ro,k−1
⎥ ⎢
⎥
⎢
⎦
⎣ Voc,k ⎦ ⎣ Voc,k−1
Va,k
uk−1 Va,k−1 + Ra,k−1 (1 − uk−1 )Ik−1
⎡

Vk = Voc,k − Ro,k Ik − Va,k + vk
Fig. 2 1RC equivalent circuit model

(9)

(10)

The linearised Jacobian matrices of f ( · ) and g( · ) to be used with

Fig. 3 Battery SOC and SOH estimation strategy based on measurements of current (I), voltage (V), and temperature (T)
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are made

EKF are
⎡
⎢
⎢
Ak = ⎢
⎢
⎣
Va,k

1
0
0
0
− Ra,k Ik

C k = −0 0 −Ik

0
1
0
0
(1 − uk )Ik

0
0
1
0
0

⎤
0 0
0 0 ⎥
⎥
0 0 ⎥
⎥
1 0 ⎦
0 ua,k

1 −1

Extensions to EKF/KF joint estimation

In this section, alternate ﬁlter models are presented intended to
improve estimation performance. The ﬁrst considers a model-based
update in the OCV Voc in a spirit analogous to current integration.
This leads to the Voc state to be modelled as
Voc,k = Voc,k−1 −

dVoc,k−1
Dt
I
·
dSOCk−1 CAP k−1

 a + Ra )(1 − u − u)Ik−1
Va,k = (u + u)Va,k−1 + (R

Vk = Voc,k

(13)

The Va,k equation in (13) is a nonlinear function of estimation vector
x = [u, Ra , Ro , Voc , Va ]T and terminal current I.
3.2.2 Delta EKF method – asymmetric resistances: Here
asymmetric resistances are assumed and the following substitutions
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(14)

 a + Rca ,
Rca = R

 a + Rda
Rda = R

(15)

d

d

+
 a + Rda )(1 − u − u)Ik−1
Va,k = (u + u)Va,k−1 + (R
d

−
 ca + Rca )(1 − u − u)Ik−1
+ (R

Voc,k = Voc,k−1 −

dVoc
Dt +
−
(I
+ Ik−1
)
·
dSOC CAP k−1

(16)

 do Ik+ − Rdo Ik+ − R
 co Ik− − Rco Ik−
Vk = Voc,k − Va,k − R
where Ik+ = max (0, Ik ) and Ik− = min (0, Ik ) are employed. The
estimation vector is x = [u, Rda , Rca , Rdo , Rco , Voc , Va ]T .
3.2.3 Delta KF methods: Non-linearity can be reduced in the
ﬁlter by eliminating the estimation of the time-constant related
parameter. A pre-described or nominal value can be used, i.e.
u = u. Two versions are considered. The ﬁrst is the symmetric
resistances model, the vector to be estimated is
x = [Ra , Ro , Voc , Va ]T . The discrete-time model simpliﬁes to
 a (1 − u)Ik−1 + Ra (1 − u)Ik−1
Va,k = uVa,k−1 + R
dVoc
Dt
I
·
dSOC CAP k−1
 o Ik − Ro Ik
− Va,k − R

Voc,k = Voc,k−1 −
Vk = Voc,k

3.2.1 Delta EKF method – symmetric resistances: Using the
aforementioned substitutions on model parameters the discrete-time
model becomes

dVoc
Dt
I
·
dSOC CAP k−1
 o Ik − Ro Ik
− Va,k − R

 o + Rdo
Rdo = R

 co , R
 do , R
 ca , and R
 da are the nominal values, and Rco , Rdo , Rca , and
where, R
d
Ra are delta parameters to be estimated. The discrete-time model
equations are

(12)

where CAP is the cell capacity; note the derivative of the OCV–SOC
relationship is used here.
Another improvement is the inclusion of nominal model
parameters and estimation of the deviation from these parameters.
For example, each model parameter is divided into two parts:
 o + Ro , Ra = R
 a + Ra , and u = u + u, where R
o, R
 a , and u
Ro = R
are nominal values that can be stored in look-up tables, and Ro ,
Ra , and u are denoted as delta parameters that are estimated
on-line. Compared to the actual resistances themselves, the delta
resistance parameters can be a more reliable estimate of impedance
growth since their values should vary less due to their reduced
dependence on operating conditions, e.g. SOC and temperature.
The third improvement is better described as a simpliﬁcation to a
time-varying KF. This is possible by eliminating the need to estimate
θ and using a pre-described nominal value for it that can come from a
look-up table. This approach lets the ﬁlter estimate the states and
parameters of interest for SOC and SOH estimation, e.g. Voc and
delta resistances. This approach is motivated by the remarks in the
previous section.

Voc,k = Voc,k−1 −

c

c

(11)

3.1.2 EKF method – asymmetric resistances: In this
approach, EKF is used to estimate the vector x = [u, Rda , Rca , Rdo ,
Rca , Voc , Va ]T . The state-space form and Jacobian matrices are
nearly identical to (9)–(11). The use of asymmetric resistance
parameters and symmetric time-constants is motivated by analysis
of high pulse power characterisation (HPPC) cell testing data. For
some cells, it has been observed that the time constant parameter
varies marginally between charge and discharge, moreover it has
been observed this parameter also does not vary greatly over a
wide SOC range. Resistances on the other hand have been
observed to differ between charge and discharge current pulses. At
low temperatures, cell resistance can also depend on the magnitude
of the current.
3.2

 o + Rco ,
Rco = R

(17)

The result of eliminating θ from the state vector leads to the above
equations to be linear time varying functions of estimation vector
xk . It is straightforward to derive the matrices in (1) and (2) that
are used by KF algorithm. Moreover, this improvement reduces
the number of parameters to be estimated and concentrates the
information the ﬁlter processes toward fewer estimated parameters.
A similar simpliﬁcation can also be applied to the asymmetric
resistances model. The vector to be estimated is
d
c
d
c
x = [R̃a , R̃a , R̃o , R̃o , Voc , Va ]T . The discrete model equations used are
+
 a + Rda )(1 − u)Ik−1
Va,k = uVa,k−1 + (R
d

−
 ca + Rca )(1 − u)Ik−1
+ (R

Voc,k = Voc,k−1 −

dVoc
Dt +
−
(I
+ Ik−1
)
·
dSOC CAP k−1

(18)

 do Ik+ − Rdo Ik+ − R
 co Ik− − Rco Ik−
Vk = Voc,k − Va,k − R
3.3

Joint capacity estimation

Another function of a BMS is to report the remaining useful energy
in the battery, to accurately do this the full battery capacity, e.g.
ampere-hour (Ah), has to be accurately known or estimated.
Moreover, tracking capacity degradation is another metric for SOH
estimation. Therefore KF and EKF approaches are derived to
jointly estimate full battery capacity. Three different approaches
are described in this subsection; they are essentially extensions of
the approaches described in the previous subsections.
3.3.1 Delta EKF methods: Similar to the substitution of delta
parameters in the previous section, capacity is divided into
 A
nominal parameter and delta parameter: CAP = CAP + CAP.
nominal capacity CAP can be deﬁned as the initial cell capacity
 is
when the cell is new. A delta capacity parameter CAP
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additionally estimated online. Applying this substitution to the delta
EKF models of the previous subsection the Voc,k discrete-time
equation is rewritten as
Voc,k = Voc,k−1 −

dVoc
Dt
I
·
 k−1
dSOC CAP + CAP

where it is evident that the relevant resistance is Ro in parallel with
Ra.
For the purpose of continuous to discrete conversion, the
discrete-time input, output, and states are deﬁned as


(19)
yk = I k ,

The estimation vectors are augmented with the additional estimate of
 The delta parameter symmetric resistances
delta capacity CAP.
 ũ, R̃a , R̃o , Voc , Va ]T ,
version uses estimation vector xk = [CAP,
while
the
asymmetric
resistances
version
employs
 ũ, R̃da , R̃ca , R̃do , R̃co , Voc , Va ]T .
xk = [CAP,

dVoc
−1
 k−1
· Dt(CAP + iCAP)I
dSOC

⎡
Dt

a
−
t
)
k−1 = ⎣
Ak = e
0
Bk =

3.4

⎤
Ra
(
a
−
1)
⎦
B d t = ⎣ Ra + Ro
0

(25)

⎡

tk
e

A(tk −t)

tk−1

(20)



Dt
−t

a=e

a||o

yk = Ik ,

⎤

u=V

⎡

ta||o


nk
,
Voc,k

u k = Vk

nk = ank−1 + (1 − a)Voc,k−1 + (a − 1)Vk−1

(29)



a
Voc,k = Voc,k−1 − z · Voc,k−1 − R R+R
nk−1 − Vk−1

(30)

1
1
R + Ro 1
+
= a
·
Ro Ca Ra Ca
Ra Ro C a

o

1
Ra
(V −
n − Vk )
Ro oc,k Ra + Ro k

(31)

dVoc Dt 1
·
d SOC CAP Ro

(32)

where

z=

⎤

(22)

It is noted here that, for now, Voc is assumed to be constant.
Moreover, the relevant time-constant for such a system is
=

(28)

is an internal state to be estimated. With this redeﬁned state the
discrete-time model equations become

Ik =

−1
1
1
−1
−
A = ⎣ Ro Ca Ra Ca Ro Ca ⎦, B = ⎣ Ro Ca ⎦
0
0
0


 
−1 1
−1
, D=
C=
Ro Ro
Ro

1

xk =

a

and the state-space matrices are
⎡

Dt(R +R )
− C Ra R o
a a o

a



Va
,
Voc

(27)

nk = Va,k RaR+Ro

where the input, output, and states are deﬁned as
x=


−1
Ro

where

y = Cx + Du

y = I,

(26)

An alternative model can be derived by deﬁning the input, output,
and estimation vector to be

ẋ = Ax + Bu





=e



3.4.1 KF using VICO model: The continuous-time model of a
1RC ECM can be expressed in state-space form as

−1 1
Ro Ro

Dk = D =

VICO model with current bias estimation

The models presented thus far have been based on a current-input/
voltage-output approach. This subsection derives a VICO
discrete-time model. The approaches in this subsection use
nominal values for the ECM parameters, e.g. resistances,
capacitance, and capacity. This model is convenient since it is
straightforward to augment it to include current bias estimation;
this is also shown in this subsection.
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(24)



note the above equation is linear with respect to the estimation
vector. The asymmetric resistances model uses estimation vector
 R̃da , R̃ca , R̃do , R̃co , Voc , Va ]T and Voc update model
xk = [iCAP,
Voc,k

uk = Vk

⎤
Ra
(1 − a) ⎦
Ra + Ro
1

A (tk

Ck = C =

dVoc
−1
+
−
 · (Ik−1
= Voc,k−1 −
+ Ik−1
) (21)
· Dt(CAP + iCAP)
dSOC


Va,k
,
Voc,k

The discrete-time state-space matrices can be derived via a transfer
function and inverse Laplace transform method [25], the result of
which gives

3.3.2 Delta KF methods: Simpliﬁcation to a KF is possible by
eliminating estimation of θ and using the substitution
 A delta inverse capacity parameter is
1/CAP = (1/CAP) + iCAP.
estimated. As long as the nominal value is non-zero the normality
of the noise statistics of the delta capacity parameter is not greatly
affected. The symmetric resistances version uses estimation vector
 R̃a , R̃o , Voc , Va ]T . The discrete time Voc update
xk = [iCAP,
equation becomes
Voc,k = Voc,k−1 −

xk =

(23)

3.4.2 Current bias KF: It is commonplace for current sensors to
exhibit measurement bias/offset; this ultimately biases SOC
estimation and is extremely detrimental to capacity estimation. To
compensate for current bias it can be added as an extra parameter
to be jointly estimated. The output discrete-time (31) is
straightforwardly modiﬁed as


1
Ra
Voc,k −
n − Vk + Ibias
Ik =
Ro
Ra + Ro k

(33)
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The input, output, and states are deﬁned as
⎡

yk = Ik ,

⎤
nk
xk = ⎣ Voc,k ⎦,
Ibias

u k = Vk

It is assumed current bias is constant, therefore the state-space
matrices used for its estimation via the KF are
⎡

⎤
⎡
⎤
a
(1 − a) 0
(a − 1)
⎢ Ra
⎥
⎢
⎥
⎥
Ak = ⎢
⎣ R + R z 1 − z 0 ⎦, Bk = ⎣ z ⎦
a
o
0
0
0
1
 


−1
Ra
1
−1
·
1 , Dk =
Ck =
Ro Ra + Ro Ro
Ro

(34)

With the above deﬁnitions the observability matrix [C, CA, CA2 ]T is
typically full rank, resulting in the three states being observable. A
notable exception, that is not expected to be encountered, is when
ζ is zero. This KF can be used solely for the purpose of current
bias estimation to correct and compensate current measurements
used in other estimation algorithms.

4

Estimation results

This section presents results for SOC and SOH estimation using the
methods described in Section 3 with experimental measurements on
Nickel-Manganese-Cobalt (NMC)-based lithium ion cells with a
nominal capacity of 5.2 Ah. For each test a single cell has been
excited using drive cycle proﬁles suitable for electriﬁed vehicles.
The cell response data has been provided by a major automotive
Original Equipment Manufacturer (OEM). The cells were tested
using a Maccor cell cycler and a Thermotron thermal chamber.
4.1

SOC estimation

SOC estimation performance is evaluated on cell response data that
is appropriate for an EV application. The full range of cell SOC is
considered along with a recharging segment. The methods
presented in Section 3.2 are evaluated. Parameter estimation
constraints are employed using the method described in Section
2.3. The constraints used are as follows, non-negativity of
resistances and bounding estimation of u = e−Dt/Ra (Ca ) to be 0.9 ≤
θ ≤ 1. The cell capacity has been measured a priori and was
inputted in the estimation ﬁlters. The current and voltage input
proﬁles for this scenario are shown in Fig. 4.
True SOC has been calculated using integration of current,
measured capacity, and a known starting SOC point (Fig. 5). For
the purpose of estimation, the voltage and current proﬁles have
been contaminated with Gaussian noise with variances of 100 mA2

Fig. 4 Full SOC range drive cycle and charging proﬁles
a Current
b Voltage

and 2 mV2 for current and voltage measurements, respectively. A
comparison between the different methods is given in Fig. 6 where
the mean and the maximum absolute error are shown.
From Fig. 6, it is seen that the use of an asymmetric resistance
model outperforms a symmetric-based model for both KF and
EKF. The use of constraints beneﬁted the EKF approaches the
most; EKF additionally estimated the time-constant related
parameter θ. Nearly negligible marginal improvements for KF
were observed using parameter constraints. The next scenario
considers the effect of current measurement bias and the use of
current bias estimation to compensate its effect. Current sensor
bias of of 1 A was injected and was estimated using the ﬁlter in
Section 3.4.2.
The output of the current bias KF performs best when current levels
are low; this is expected since the sensitivity of current bias is greatest
at low current levels. The output of the current bias KF was corrected
to only except the KF estimation provided a sufﬁcient low current
time-period is satisﬁed, otherwise it would remember its old value.
This approach proved to be effective. Fig. 7 shows the sensitivity of
SOC to current measurement bias. Compared to Fig. 6 maximum
errors nearly double for KF and approximately triple for EKF. The
use of the proposed current bias compensation method greatly
improves performance in all four cases.
4.2

SOH estimation

SOH estimation performance predominately in terms of capacity and
some impedance estimation is described in this section. Three different
Li-ion based cells have been cycled aged over a six month period using

Fig. 5 SOC and its estimation using KF with asymmetric resistances
a SOC; true – grey line, estimate – black line
b Absolute value of SOC error
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Fig. 6 SOC estimation performance for an example full range SOC drive cycle. Note the ‘-c’ indicates the usage of parameter constraints

Fig. 7 SOC estimation performance for an example full range SOC drive cycle with current measurement bias of 1 A. Note the ‘-b’ indicates the usage of bias
correction. All methods employ parameter constraints

Fig. 8 Capacity estimation performance for drive cycle aged cells. Note the ‘-c’ indicates the usage of parameter constraints

drive cycle proﬁles typical to an HEV application. Weekly data sets
of cycled aged proﬁles were recorded. At three month intervals
capacity measurements are performed, therefore nine different

142

capacity measurements and weekly data sets were available; only
the weekly proﬁles closest to the capacity measurement tests were
used. The joint methods described in Section 3.3 were evaluated.
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Fig. 9 Sample results for joint SOC and capacity KF estimation using asymmetric resistances model
a SOC (left y-axis) and absolute value of SOC error (right y-axis)
b Capacity

Fig. 10 Capacity fade of drive-cycled aged sample cell over the course of one week

The length of data used for each proﬁle set was the ﬁrst 60,000 s
(16.66 h). The cycled aging repeats a combination of three
commonly used automotive drive cycle proﬁles, between the
repetitions a constant voltage charge to return the SOC to
approximately 50% is performed. An HEV typical SOC
operating range of approximately 30–70% was in effect. Since
capacity degradation is typically a slow process, the last 5000
samples of capacity estimation were averaged and compared to
the corresponding capacity measurement. The voltage/current
measurements used by the KF/EKF were contaminated with the
same noise as shown in Section 4.1; the same parameter
constraints were also considered. Two estimation results were
performed for each data set that used a nominal capacity value
equal to the measured value ±10%. Therefore 18 capacity error
measurements were available of which their mean and
maximum absolute values are reported in Fig. 8.
The results depicted in Fig. 8 indicate the KF outperformed the
EKF. The KF here had the advantage of estimating one less
parameter compared to the EKF approaches. The capacity related
ﬁlter structure for the EKF induced extra non-linearity that led to
poorer global estimator performance of the EKF. There was no
clear advantage of using an asymmetric resistance model and/or
parameter constraints. A sample typical response for joint SOC
and capacity estimation is illustrated in Fig. 9. The joint SOC–
capacity estimation is used to estimate cell capacity fade without a
full charge–discharge cycle, therefore is amenable to HEV, EV,
and PHEV applications. Convergence of capacity estimation
occurs within a few cycle repetitions, however in many cases an
offset was observed that degraded the capacity estimation
performance. Sources of this offset include an improperly
calibrated and discretisation of the OCV–SOC curve [26].
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Moreover, the OCV–SOC relation can slightly change as the
battery ages inducing additional error in both SOC and capacity
estimation.
Although the utility of absolute capacity estimation using joint
KF/EKF has problems, their use for relative SOH metrics can be
promising and can possibly be improved. Figs. 10 and 11 show
sample results of capacity estimation and resistance estimation by
extending the time range to a week to track capacity degradation.
The asymmetric model KF was used. Minute capacity fade and
resistance growth can be observed as the cell was cycle aged.

Fig. 11 Resistance growth of drive-cycled aged sample cell over the course
of one week
a Ohmic resistance
b RC resistance
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5

Concluding remarks

A multitude of practical improvements to battery state estimation
using KF and EKF were presented and compared. These included:
(i) in the loop state/parameter constraints, (ii) asymmetry in all
resistances in the model, (iii) inclusion of nominal-parameter
models, (iv) estimation of delta parameters, and (v) current sensor
bias estimation and compensation. The above improvements were
applied to ﬁlters designed to estimate SOC, and SOH metrics such
as capacity and impedance. A joint estimation strategy was
employed that used OCV as a system state rather than SOC.
Useful simpliﬁcations were shown that enabled the use of the
traditional KF algorithm.
Comparisons of the different ﬁlters and features were performed
using experimental drive-cycle data. It was demonstrated that a KF
using an asymmetric resistances model performed the best. State/
parameter constraints were shown to improve SOC estimation,
marginally for KF and signiﬁcantly for EKF. However, signiﬁcant
improvements for capacity estimation using constraints were not
observed. The detrimental effects of current sensor measurement
bias on SOC estimation were shown, a method to substantially
reduce this bias sensitivity was demonstrated via the use of a bias
estimation ﬁlter. A new VICO model was employed for current
bias estimation. For capacity estimation, KF-based methods were
shown to be superior, the use of a symmetric resistances-based
model showed similar performance to an asymmetric
resistances-based model. The fundamental limitation of sensitivity
to the derivative of the SOC–OCV curve on capacity estimation
was shown to explain the typical estimation bias observed. The
potential for relative SOH tracking was demonstrated by the ability
to track small weekly changes in cell capacity and impedance.
Future work will concentrate on multi-cell pack level estimation
approaches and using improved models that handle resistance
current magnitude dependency.
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