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Abstract— Battery management systems (BMS) are essential
for ensuring battery performance and safety. Accurate estima-
tion of the State of Charge (SOC) and State of Health (SOH),
for example, are critical. However, utilizing the conventional
Extended Kalman Filter (EKF) for SOC and SOH co-estimation
is often challenging due to problems such as overconfident
covariance estimation, overly simplistic assumptions about pro-
cess noise and measurement noise covariance matrices, and the
shift of the open circuit voltage (OCV) curve as the cell ages.
To address these issues, this paper introduces an improved
EKF design for co-estimating the SOC and SOH. The pro-
posed approach incorporates innovative strategies to counteract
covariance pitfalls, calculates the optimal covariance matrix
configuration objectively, and incorporates OCV shifts from ag-
ing. Comparative simulations underscore the superiority of our
method against traditional EKF and Unscented Kalman Filter
(UKF) techniques. The code is available at https://github.
com/Shida-Jiang/EKF_UKF_SOCSOH_estimation.

I. INTRODUCTION
A. Background and Motivation

Battery management systems (BMS) are integral to ensur-
ing battery longevity, reliability, and safe operation across
diverse applications, ranging from electric vehicles to renew-
able energy storage systems [1]. Central to these systems is
estimating the State of Charge (SOC) and State of Health
(SOH) [2], which cannot be directly measured. The SOC
quantifies the battery’s remaining capacity (current energy
level) as a percentage of its current maximum capacity, while
the SOH provides insight into the battery’s aging condi-
tion. The SOH typically expresses the current maximum
capacity as a percentage of the battery’s initial maximum
capacity [3]. Accurate estimations of both SOC and SOH are
paramount. They ensure efficient energy utilization, extend
battery lifespan, and bolster operational safety [4]. With these
considerations in mind, the primary goal of this study is to
design an optimal and robust algorithm for the co-estimation
of SOC and SOH.

B. Literature Review
The Extended Kalman Filter (EKF) has gained prominence

in numerous state estimation applications because of its
proficiency in handling nonlinear systems [5]. Nonetheless, it
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is not free from challenges. A notable limitation of the EKF
is its susceptibility to rapid covariance drops, especially in
scenarios characterized by complex nonlinear dynamics [6].
While a swift decline in covariance can signify high confi-
dence in state estimates, it is a double-edged sword. Such
rapid drops can lead to overconfident estimations, posing
issues, particularly in contexts where exact state predictions
are crucial [7]. Overconfidence in the predictions can render
it less adaptable to new, unforeseen data, ushering in an over-
optimism dilemma. This shortcoming becomes especially
pronounced in BMS, where precise state estimation is pivotal
to operational safety and efficiency.

While the EKF is fundamentally an approximation of the
Bayesian state estimator and lacks universal convergence
guarantees, it has been effectively applied across various
practical applications. Its appeal largely stems from its lower
computational burden compared to other estimators, such
as the Unscented Kalman Filter (UKF) [8] and the Iterated
Extended Kalman filter (IEKF) [9]. Numerous studies have
leveraged the EKF for simultaneous battery SOC and SOH
estimation. For instance, Plett utilized extended Kalman
filters to estimate both the states and parameters of a battery’s
electrical circuit model (ECM) [10]. Similarly, Xu and col-
leagues introduced an adaptive dual EKF approach for SOC
and SOH co-estimation [11]. However, many of these studies
often gloss over the intricate setup of the noise covariance
matrix within the EKF framework specific to co-estimation
and simply assume that the noise covariance matrix is a
constant and diagonal matrix [12]. Neglecting this aspect
can compromise the accuracy and reliability of the resultant
estimates.

Beyond the research gaps mentioned earlier, it is essential
to delve deeper into the nuanced relationship between the
SOH and open circuit voltage (OCV) of a battery, often char-
acterized as the OCV shift. In the literature, many algorithms
tasked with battery state estimation lean heavily on the SOC-
OCV relationship, assuming that this relationship remains
static [13]. However, this assumption can sometimes lead to
a significant error in SOC and SOH estimation, as changes
in SOH can directly modify the OCV curve, thereby altering
the intrinsic dynamics of the battery [14]. The OCV curve
shift embodies a complex interplay of various chemical and
physical processes inside the battery, such as changes in the
solid electrolyte interphase (SEI) and electrode degradation
[15]. While initial shifts may seem minimal, their aggregated
impact, particularly as they intensify with time, can markedly
affect both the battery’s performance and the precision of its
state estimation [16].
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C. Contributions
This paper extends the existing research by designing

an improved EKF for SOC and SOH co-estimation that
addresses several critical weaknesses. In summary, the con-
tributions and novelties of this study are as follows:

• A new technique to address the inherently inaccurate
covariance estimation in traditional EKF. This technique
ensures a more consistent and reliable confidence inter-
val estimation.

• A methodology to more accurately model the noise
covariance matrix in the EKF framework specifically
tailored for battery SOC and SOH co-estimation. This
approach seeks to bolster the robustness and accuracy
of the EKF.

• Experimental data on the OCV shift due to SOH varia-
tions is collected. Using these empirical data, we built
the EKF algorithm in a way that enables us to integrate
this OCV shift into the SOC and SOH estimation
process.

D. Structure of the Paper
The structure of this paper is delineated as follows: Section

II delves into the methodology employed in our study.
Section III presents simulation results, utilizing two distinct
current profiles, and offers a comparative analysis between
our proposed method and the traditional EKF and UKF
approaches. Section IV provides a comprehensive summary
and conclusion of our findings.

II. METHODOLOGY
A. Conventional Extended Kalman Filter Algorithm and its
Weaknesses

The conventional EKF algorithm built for the nonlinear
model represented by (1) is summarized in Algorithm 1.
To adapt to the nonlinear state transition function and mea-
surement function, EKF linearizes the two functions at each
step and estimates the covariance based on the linearized
functions. (

xk = f(xk�1, uk)

zk = h(xk, uk)
(1)

While linearization (first-order approximation) is a com-
monly used technique when dealing with nonlinear systems,
we found that linearization performed in the EKF, especially
the linearization of the output function, can make the co-
variance estimation inaccurate. To better illustrate this, an
example is shown below.

Consider two simple two-state systems S1 (represented
by (2)) and S2 (represented by (3)). The two systems have
the same state-space function and start with the same initial
states [x1,0, x2,0]T = [1, 0.99]T and initial covariance matrix
P0 = I2⇥2. Both systems have zero process noise and a
measurement noise of 1e-8. The measurement at each step
is always zk = 2.

8
><

>:

"
x1,k

x2,k

#
=

"
x1,k�1

x2,k�1

#

zk = 2x1 + x2 � 1

(2)

Algorithm 1 The extended Kalman filter algorithm
Inputs: x0, P0, uk, zk
k  0
while k < length(u) do

k  k + 1
State prediction xk|k�1  f(xk�1, uk)
Calculate the state transition matrix Fk = @f

@x |x=xk|k�1

Calculate the process noise Qk

Covariance prediction Pk|k�1  FkPk�1|k�1F
T
k +Qk

Calculate the residual yk  zk � h(xk, uk)
Calculate the measurement Jacobian matrix Hk  

@h
@x |x=xk|k�1

Calculate the measurement noise Rk

Calculate the Kalman gain Kk  
Pk|k�1H

T

k

HkPk|k�1H
T

k
+Rk

State update xk|k  xk|k�1 +Kkyk
Covariance update Pk|k  (I �KkHk)Pk|k�1

Output xk, Pk

end while

8
><

>:

"
x1,k

x2,k

#
=

"
x1,k�1

x2,k�1

#

zk = x2
1 + x2

(3)

Neither system is observable in the linear system sense,
and the only difference between them is that the first system
has a linear output function, while the second system has a
nonlinear output function. When a KF is used to estimate the
states (which are actually two parameters since their values
never change) of the first system, the state estimates converge
at [x1, x2]T = [1.004, 0.992]T . The covariance matrix will

converge to a constant matrix, which is P =


0.2 �0.4
�0.4 0.8

�
.

This result is reasonable because the measurement function
only tells us that the actual state lies somewhere on the line
2x1 + x2 � 1 = 2 but does not tell us the exact location.
The nonzero covariance matrix P shows that the KF remains
reliable when the system is unobservable and is aware that
the estimation can be inaccurate under such a condition.

However, things are different for the second system. Since
the system has a nonlinear output function, we use an EKF
to estimate the states. After several iterations, the state esti-
mation will converge at approximately the same point, which
is [1.002, 0.996]T . However, the covariance matrix will con-

verge to a very small matrix P =


0.0003 �0.0006
�0.0006 0.0013

�
in

the second iteration and become even slightly smaller after-
ward, meaning that the EKF is significantly more confident
that its estimation is accurate, which contradicts the fact that
the system is unobservable. In other words, the EKF is not
reliable for unobservable systems and gives an inaccurate
variance estimation.

Such an inaccurate variance estimation can happen to all
nonlinear systems. According to the EKF algorithm, the
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updated covariance at step k can be calculated by (4),

Pk|k =

 
I �

Pk|k�1H
T
k Hk

HkPk|k�1HT
k +Rk

!
Pk|k�1 (4)

Therefore, the variance of Hkxk|k is:

HkPk|kH
T
k = HkPk|k�1H

T
k �

HkPk|k�1H
T
k HkPk|k�1H

T
k

HkPk|k�1HT
k +Rk

=
HkPk|k�1H

T
k Rk

HkPk|k�1HT
k +Rk

(5)

Since Rk is positive definite and HkPk|k�1H
T
k is positive

semidefinite, the trace of HkPk|kH
T
k is smaller than the trace

of the measurement covariance matrix Rk. However, Hk is
the Jacobian matrix calculated at xk|k�1, which is usually not
equal to the Jacobian matrix calculated at xk|k and therefore
cannot represent the linearized measurement function at xk|k.
Consequently, EKF underestimates the variance of Hkxk|k
and mistakenly believes that the correlation of the states
exists in the hyperplanes indicated by the rows of Hk.
Such an error will accumulate as the estimation proceeds,
making the state covariance matrix inaccurate. The specific
error brought by the mismatch between xk|k and Hk is
related to the degree of nonlinearity of the system as well
as the measurement and process noise. Specifically, when
both noises are small, the covariance matrix would collapse
to a matrix close to zero in the second iteration, which was
precisely what happened in the previous EKF example.

The solution to this problem is simple: we can simply
update the measurement Jacobian matrix H according to
xk|k before updating the covariance matrix Pk|k. Back to the
previous example, if this extra step is added to the EKF, the

covariance matrix will then converge to P =


0.2 �0.4
�0.4 0.8

�

instead of a small matrix, meaning that the EKF becomes
aware of the fact that the system is unobservable and that
its estimation can be inaccurate, just as in the case of KF.
However, we also noticed that in some rare cases, adding this
extra step can make Tr(Pk|k) > Tr(Pk|k�1) and cause the
estimation to diverge in the long run. Therefore, we proposed
to update H before updating Pk|k only when this makes Pk|k
positive semidefinite and Tr(Pk|k) < Tr(Pk|k�1).

There are also some other existing KF-based algorithms
that can solve the problem of EKF. For example, UKF [17]
avoids the calculation of the measurement Jacobian matrix at
the cost of higher computational complexity. For another ex-
ample, the IEKF recalculates the updated states xk|k, Kalman
gain K, and measurement Jacobian matrix Hk several times
until convergence in each time step. However, IEKF cannot
guarantee convergence [18], and it also requires a higher
computational complexity proportional to the number of
iterations. Note that IEKF can only solve the problem of EKF
after convergence. When the number of iterations is too small
for IEKF to converge, the mismatch between the updated
state xk|k and the measurement Jacobian matrix Hk will
still exist, causing errors in covariance estimation. Therefore,

compared with other existing algorithms, the improvement
we proposed solved the problem of EKF with minimal
computational complexity.

B. Battery Model

The ECM used in this paper is presented in Fig. 1. It
consists of a resistor and an RC pair in addition to the OCV
element.

Fig. 1. Equivalent circuit model

In this paper, OCV is considered a function of SOC and
SOH. Namely, OCV = fOCV (SOC, SOH). As shown in
(6), SOC is defined as the ratio of the cell’s remaining
capacity (denoted as Qr) to its present maximum capacity
(denoted as Qmax).

SOC =
Qr

Qmax
(6)

The differential form of (6) is shown in (7), which suggests
that the SOC can be estimated by taking the integral of the
current.

dSOC =
Idt

Qmax
(7)

SOH, on the other hand, as shown in (8), is defined as
the ratio of the cell’s present maximum capacity to its initial
maximum capacity (also often referred to as the nominal
capacity, denoted as Qno). Since the maximum capacity
changes very slowly, the SOH can be considered a constant
during a single cycle.

SOH =
Qmax

Qno
(8)

Back to the system model shown in Fig. 1, If we select the
remaining capacity (in As), capacitor voltage (Uc, in V), and
present maximum capacity (in As) as the states, current (I ,
in A) as the input, and terminal voltage (Uter, in V) as the
output, the discrete state-space representation of the system
can be written as (9).
8
>>><

>>>:

2

64
Qr,k

Uc,k

Qmax,k

3

75 = F

2

64
Qr,k�1

Uc,k�1

Qmax,k�1

3

75+BIk

Uter,k = fOCV (
Qr,k

Qmax,k

, Qmax,k

Qno

) + Uc,k +R1Ik

(9)

where B and F are two constant matrices defined by (10), in
which �t is the time interval between two steps.

F =

2

4
1 0 0

0 e
��t

R2C 0
0 0 1

3

5 , B =

2

4
�t

R2 �R2e
��t

R2C

0

3

5 (10)
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Notice that (9) follows the general nonlinear system model
represented by (1). By comparing the two equations, the
following correspondence can be found.
8
>>>>>>>><

>>>>>>>>:

xk =

2

64
Qr,k

Uc,k

Qmax,k

3

75 , uk = Ik

f(xk�1, uk) = Fxk +Buk

zk = Uter,k

h(xk, uk) = fOCV (
Qr,k

Qmax,k

,
Qmax,k

Qno
) + Uc,k +R1Ik

(11)

Therefore, an EKF can be constructed to estimate the states
of the system. According to Algorithm 1, the only missing
pieces are the process noise covariance matrix Qk and the
measurement noise covariance matrix Rk, the calculation of
which will be introduced in the next section.

Finally, it is worth mentioning that the definition of the
system states is not unique. For example, an alternative
definition is to replace the state “remaining capacity” with the
state “SOC”. The reason that we chose the present definition
was to make the state-transition matrix F constant so that
the nonlinearity only appears in the output function.

C. Rigorous Calculation of the Process Noise and the Mea-
surement Noise

In the EKF, the process noise and measurement noise
are considered zero-mean Gaussian noise with covariance
matrices Q and R, respectively. In battery state estimation,
past literature that uses KF or EKF usually considers Q and
R to be constant matrices and sometimes even fine-tune their
values to get the best estimation result [12]. However, after
a closer look at the state-space representation in (9) and a
careful examination of the error sources, we realized that
a more rigorous and objective way to calculate the process
noise and measurement noise is to make them dynamic and
related to the states and inputs.

The error sources in the state transition function in (9) in-
clude the inaccurate current measurement and the inaccurate
ECM parameters. The latter refers to the parameters R2 and
1/(R2C), which are modeled as constants but are actually
changing during charge and discharge. Additionally, since
the first-order RC model cannot fully capture the dynamics
of a battery, the “actual” value of these ECM parameters can
change even when the current is zero.

The expected error caused by each of these error sources
is derived under the following assumptions:

• [A1]: We assumed that the error caused by each error
source is independent of each other and is independent
of the states.

• [A2]: We used the first-order Taylor series to ap-
proximate the nonlinear functions of random variables.
Specifically, function f of a random variable X is
approximated at the point E(X) as f(X) = f(E(X))+
f 0(E(X))(X � E(X)), and its variance is therefore
approximated as (f 0(E(X)))2�2

X . For example, if the
random variable a has a mean of a0 and a variance of
�2
a, then the random variable ea can be approximated

by ea0(1 + a � a0), and its variance can be calculated
by e2a0�2

a

• [A3]: We assumed that all the errors have zero mean
and follow the Gaussian distribution.

Denote the standard deviation of current measurement,
R2, and 1/(R2C) as �I ,�R2 and �1/(R2C), respectively.
Based on the three assumptions and the state-space function
in (9), the process noise covariance matrix at step k can
be formulated as (12). Note that the state-space function
for Qmax is assumed to be accurate because the SOH is
considered constant during a single cycle.

Qk =

2

4
Q1,1 Q1,2 0
Q1,2 Q2,2 0
0 0 0

3

5 (12)

where8
>>>><

>>>>:

Q1,1 = �t2�2
I

Q1,2 = �t(R2 �R2e
� �t

R2C )�2
I

Q2,2 = �t2e�
2�t

R2C (Uc,k�1 �R2Ik)2�2
1/(R2C)

+(R2 �R2e
� �t

R2C )2�2
I + I2k(1� e�

�t

R2C )2�2
R2

(13)

As for the measurement function in (9), the error sources
are the inaccurate OCV function (because the fitted OCV
function may be different from the actual OCV function), the
voltage measurement noise, the inaccurate internal resistance
R1, and the inaccurate current measurement. Denote the
standard deviation of the OCV function and the voltage mea-
surement as �OCV and �V , respectively. Taking assumptions
[A1] and [A3], the variance of the measurement function can
be formulated as (14).

Rk = �2
OCV + �2

V + I2k�
2
R1

+R2
1�

2
I (14)

By using (12)-(14) to quantify the process noise and mea-
surement noise, we proposed an improved EKF algorithm
to estimate the battery SOC and SOH, which is shown in
Algorithm 2. The basic architecture of the algorithm is the
same as Algorithm 1, except that we added an extra step to
update the measurement Jacobian matrix H after the state
update for the reasons illustrated in Section II-A.

Once the states and the covariance matrix are estimated,
the final step is calculating the expected value and confidence
interval of SOC and SOH. The former can be calculated by
using (6) and (8) after the states Qr and Qmax are estimated.
As for the variance, SOH is only related to the state Qmax,
so its variance can be calculated by (15). However, as for
SOC, its variance cannot be directly calculated because it is
the quotient of two random variables. Therefore, assumptions
[A2]-[A3] are again taken to linearize (6), and the variance
of SOC is approximated by (16).

�2
SOH =

�2
3,3

Q2
no

(15)

�2
SOC =

1

Q2
max

�2
1,1 +

Q2
r

Q4
max

�2
3,3 �

2Qr

Q3
max

�2
1,3 (16)

where �i,j is the element in the ith row and jth column of
the covariance matrix P .
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Algorithm 2 The proposed SOC + SOH estimation algorithm
Inputs: x0, P0, Ik, Uter,k

k  0
while k < length(u) do

k  k + 1
State prediction xk  Fxk�1 + BIk (see (10) for

details)
Calculate the process noise Qk by using (12)
Covariance prediction Pk  FPk�1FT +Qk

Calculate the residual yk  Uter,k � h(xk, Ik) (see
(11) for details)

Calculate the measurement Jacobian matrix Hk

Calculate the measurement noise Rk by using (14)
Calculate the Kalman gain Kk  PkH

T

k

HkPkHT

k
+Rk

State update xk  xk +Kkyk
Update the measurement Jacobian matrix Hk

Covariance update Pk  (I �KkHk)Pk

SOCk  xk(1)/xk(3)
SOHk  xk(3)

Qno

Calculate �2
SOC by using (16)

Calculate �2
SOH by using (15)

Output SOCk, SOHk,�2
SOC ,�

2
SOH

end while

D. The Shift of the OCV Curve with Respect to SOH
A unique feature of our SOC & SOH estimation algorithm

is that we consider OCV as a function of both SOC and
SOH instead of just SOC. Although some literature found
that the OCV curve is affected by the SOH [19], [20], most
of the existing literature that used EKF to do battery state
estimation didn’t consider such an effect. To study whether
such consideration is necessary, we aged six lithium-ion
batteries with NCM cathode (Model: ICR18650-22F) from
100% SOH to 80% SOH and recorded their OCV throughout
the aging process. For each OCV curve, we performed a
ninth-order polynomial fitting. The OCV curves with respect
to different SOH are shown in Fig. 2. The partial derivative
of the curves with respect to SOC is shown in Fig. 3.

At first glance, according to Fig. 2, the effect of SOH on
the OCV is not very strong. However, in EKF, the estimation
of the SOH is related to the measurement Jacobian matrix H ,
which is almost proportional to @OCV

@SOC . Since the correlation
between @OCV

@SOC and the SOH is very strong, especially at
around 40% SOC and above 85% SOC, ignoring the effect
of SOH can make the estimation result inaccurate, and the
magnitude of such an effect is related to the measurement
noise and the present SOC.

III. SIMULATION AND DISCUSSION

A. Simulation Setup
Two different simulation profiles are used to validate the

effectiveness of the proposed algorithm. The first profile
is a constant-current (CC) charge & discharge profile. In
this profile, the cell starts with 100% SOC and is firstly
discharged at a constant C-rate of 1C to 0% SOC. Then,

Fig. 2. The experimentally measured open circuit voltage (OCV) curve at
various state-of-health (SOH).

Fig. 3. The partial derivative of the OCV w.r.t. SOC at various SOH.

after a 300-second rest, the cell is charged at a constant C-
rate of 1C to 100% SOC. The C-rate is defined by the cell’s
present maximum capacity, so when Qno = 2.2 Ah and the
SOH is 90%, a 1C C-rate corresponds to 2.2*0.9 A. The
second profile is an Urban Dynamometer Driving Schedule
(UDDS) profile, which aims to simulate the current of an
EV during a driving cycle. In this profile, the cell starts with
100% SOC and decreases to about 58% SOC at the end of
the profile. In both simulations, the initial states (x0) and
the initial covariance matrix (P0) are shown in (17), while
the true SOH is 90%.

x0 =

2

4
0.855Qno

0
0.95Qno

3

5 , P0 =

2

4
0.0025Q2

no 0 0
0 0 0
0 0 0.0025Q2

no

3

5 (17)

All the other parameter setups are summarized in Table I. All
the noise terms (including the noise of the measurement and
the noise of the parameters) are assumed to be independently
and normally distributed in the simulation.
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TABLE I
SIMULATION PARAMETER SETUP

Parameter Qno R1 R2 1/(R2C) �R1

Value 2.2 Ah 80 m⌦ 50 m⌦ 8e-3 Hz 8 m⌦
Parameter �R2 �1/(R2C) �I �OCV �V

Value 5 m⌦ 8e-4 Hz 0.5 mA 4 mV 1 mV

B. Constant-current Discharge & Charge
The simulation result for the CC charge & discharge

profile is shown in Fig. 4 and 5. Because the estimation error
is small compared to the absolute value, only the estimation
error (defined as the difference between the estimated state
and the true state) is plotted in the two figures. In both
figures, the estimation error upper and lower bound are
defined as the difference between the 2-sigma bound (95.4%
confidence interval bound) and the estimated value, repre-
senting the algorithm’s degree of confidence in its estimation.
The standard deviation of the SOC and SOH estimation is
calculated using (15) and (16).

Fig. 4. SOC estimation error using our algorithm (constant current)

Fig. 5. SOH estimation error using our algorithm (constant current)

From the results, we can see that the magnitude of
the error is very small (<0.1% for both SOC and SOH
after convergence) and is bounded by the 95.4% confidence
interval most of the time, indicating that the algorithm can
provide not only accurate state estimation but also accurate
variance estimation as well. In other words, the proposed
EKF is self-aware of its performance. Additionally, the error
of both SOC and SOH estimation can decrease from 5% to
1% within 15 minutes, suggesting that the convergence speed
of the algorithm is also high.

C. Urban Dynamometer Driving Schedule
The simulation result for the UDDS profile is shown in

Fig. 6 and 7. The conclusion here is similar - the magnitude
of the error is very small (<0.2% for both SOC and SOH
after convergence) and is bounded by the 95.4% confidence
interval most of the time. The convergence speed is slightly
lower than the CC profile, but the error can still decrease to
1% within 30 minutes.

Fig. 6. SOC estimation error using our algorithm (UDDS)

Fig. 7. SOH estimation error using our algorithm (UDDS)
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D. Comparison
To test whether the suggested three improvements really

make the estimation better, we did an ablation study to
quantify the contribution of each improvement. Specifically,
we remove one improvement from our algorithm at a time
until the algorithm degrades to the conventional EKF and
compare the results in terms of the computational complexity
(shown in Table II), SOC and SOH estimation accuracy
(also shown in Table II), and the accuracy of the estimated
confidence interval (shown in Fig. 8). All the data in Table II
and Fig. 8 are the average of one thousand simulations, which
guarantees the statistical significance of the results. In Table
II and Fig. 8, Improvement 1 refers to the extra step we added
to the EKF algorithm introduced in Section II-A, where
output Jacobian Hk is recalculated after the state update step
(if this guarantees Tr(Pk|k) > Tr(Pk|k�1) and Pk|k to be
positive semidefinite). When Improvement 1 is removed, we
remove the extra step. Improvement 2 refers to the rigorous
calculation of process noise and the measurement noise
introduced in Section II-C. When Improvement 2 is removed,
the process noise covariance matrix and the measurement
noise covariance matrix (which are previously calculated by
(12-14)) are replaced by two constant matrices shown in (18),

Qk =

2

4
�t2�2

I 0 0
0 (0.1IrmsR2)2 0
0 0 0

3

5 , Rk = �2
OCV + �2

V

(18)
where Irms is the RMS current in the profile. Improvement
3 refers to the consideration of the shift of the OCV curve
to SOH. When Improvement 3 is removed, the OCV is
considered only related to the SOC, and the OCV function
measured at 100% SOH is used as the measurement function.

TABLE II
PERFORMANCE COMPARISON OF DIFFERENT EKF-BASED METHODS

Algorithms SOC RMS error (%) SOH RMS error (%) Avg. run
time (ms)CC UDDS CC UDDS

EKF + Imp. 1+2+3 0.141 0.101 0.500 0.615 85.5
EKF + Imp. 2+3 0.148 0.114 0.648 0.841 53.0

EKF + Imp. 3 0.238 0.165 1.665 1.464 52.6
EKF 1.079 1.350 3.557 6.752 36.9

Fig. 8. The accuracy of the confidence interval given by different EKF-
based algorithms

In Table II, “SOC RMS error” and “SOH RMS error”

are the RMS of the estimation error taken from all the time
steps, which represent the accuracy of different algorithms.
In Fig. 8, each bar shows the probability that the actual state
is within the 2-sigma confidence interval. Under ideal con-
ditions, i.e., Gaussian zero-mean noise and linear dynamics,
this probability should be 95.4%, so the closeness of the bars
to 95.4% indicates the accuracy of the confidence interval.
Interestingly, as our new algorithm gradually degrades to the
conventional EKF algorithm, the actual error keeps increas-
ing while the confidence interval inclusion rate shrinks. It
suggests that the proposed algorithm not only has the highest
SOC and SOH estimation accuracy but also gives the most
accurate confidence interval estimation.

UKF is another KF-based state estimation algorithm that
can be applied to nonlinear systems. UKF is known to
have a higher accuracy than EKF because it addresses the
approximation issues of the EKF at the cost of a higher
computational complexity. Since this paper is about an im-
proved EKF algorithm, it would be interesting to compare the
results against UKF, which can also be called an improved
EKF algorithm. Since the UKF algorithm does not need
the calculation of the Jacobian matrix of the measurement
function, the proposed Improvement 1 cannot be applied to it.
In contrast, the other two improvements can still be applied
when using the UKF to estimate the battery SOC and SOH.
The average performance of different UKF algorithms in a
thousand simulations is shown in Table III and Fig. 9.

TABLE III
PERFORMANCE COMPARISON OF DIFFERENT UKF-BASED METHODS

Algorithms SOC RMS error (%) SOH RMS error (%) Avg. run
time (ms)CC UDDS CC UDDS

UKF + Imp. 2+3 0.140 0.099 0.586 0.530 328.8
UKF + Imp. 2 1.125 1.369 3.197 6.713 329.8
UKF + Imp. 3 4.334 0.697 5.802 2.549 328.8

UKF 3.979 1.408 5.425 5.024 326.4

Fig. 9. The accuracy of the confidence interval given by different UKF-
based algorithms

From Table III and Fig. 9, we can see that the pro-
posed two improvements can also significantly improve the
performance of the UKF algorithm when used together.
Additionally, by comparing Table III against Table II, we
can see that the UKF algorithm (with Improvements 2 and
3) is indeed better than the conventional EKF algorithm

1447

Authorized licensed use limited to: Univ of Calif Berkeley. Downloaded on September 10,2024 at 00:21:31 UTC from IEEE Xplore.  Restrictions apply. 



(with Improvements 2 and 3), and is almost as good as
than our improved EKF algorithm (with Improvement 1, 2,
and 3). Note that our proposed improvements add minimal
computational complexity to the EKF and have significantly
less computational complexity than the UKF. Namely, the run
time of our improved EKF algorithm (with all three improve-
ments) is 61% longer than the EKF with Improvement 2+3,
while the run time of the UKF algorithm (with Improvements
2+3) is 520% longer than the EKF with Improvements 2+3.
Therefore, we conclude that Improvement 1 helps EKF to
be as good as, or even better than (in terms of variance
estimation), the UKF algorithm while maintaining EKF’s
advantage of low complexity.

Interestingly, in Fig. 9, the UKF with only Improvement
2 gives the worst confidence interval estimation. This result
is seemingly contradictory to the fact that Improvement 2 is
directly related to the accurate quantification of the process
noise and measurement noise, and it should theoretically
increase the accuracy of the confidence interval estimation.
However, in the simulation, the standard deviation of the
OCV curve �OCV is assumed to be the same regardless
of whether the OCV curve is related to the SOH. When
Improvement 3 is not implemented, the error of the OCV
curve would be significantly higher than expected because
the relationship between the OCV and SOH is ignored.
Therefore, Improvement 2 can only show its value when
used together with Improvement 3. This again shows the
importance of considering battery aging while estimating the
SOC because otherwise, the error of the OCV curve can
be underestimated, and the algorithm’s performance will be
compromised after the battery ages.
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V. CONCLUSIONS

A new SOC and SOH co-estimation method based on
an improved EKF algorithm is presented in this paper.
Compared with the conventional EKF algorithm, the new
algorithm gives more accurate state estimation and variance
estimation by (1) adding an extra step to the EKF algo-
rithm to prevent over-confident covariance estimation, (2)
considering the variance of process noise and measurement
noise to be changing and estimating their values in real-time,
and (3) considering the OCV curve as a function of both
SOC and SOH. The method is validated in two different
current profiles in the simulation, giving very accurate state
estimations and confidence interval estimation in both cases.
Finally, an ablation study shows that all three suggested
improvements are beneficial for giving an accurate state
and covariance estimation. With all the improvements, the
proposed EKF algorithm can even be slightly better than
the UKF algorithm despite the latter being computationally
more complex. Future work includes experimental validation
on different cells and different current profiles.
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