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Abstract

Accurate battery state estimation is crucial for the 
performance, safety, and durability of electric 
vehicle (EV) battery management systems (BMS). 

The model-based dual extended Kalman filter (DEKF) 
has been widely used for concurrent state of charge 
(SOC) and state of health (SOH) estimation. However, 
tuning the process and measurement covariance matrices 
of the DEKF is challenging and typically done through a 
trial and error process. In this work, a sleek version of 
the standard DEKF is formulated relying on a second-
order equivalent circuit battery model (ECM) to estimate 

the SOC and SOH of EV batteries. The proposed sleek 
DEKF estimates the capacity fading of the battery. The 
main advantage of the proposed formulation is the 
significant reduction in tuning effort. On the other hand, 
to account for the non-negligible resistance increase over 
battery lifespan, the ohmic resistance is here formulated 
as a function of the state of charge and available capacity. 
Finally, the effectiveness of the proposed method is 
demonstrated over laboratory data reproducing real-
world driving scenarios. The results show that the 
proposed DEKF obtains high accuracy, comparable to 
the standard DEKF.

Introduction

State estimation is a crucial task for electric vehicle 
(EV) batteries. Two of the most important states to 
be estimated are the state of charge (SOC), linked 

with the remaining driving range, and the state of health 
(SOH), related battery degradation over its lifetime. Both 
SOC and SOH are non-measurable quantities whose value 
is crucial to inform the user, control the powertrain and 
thermal management systems, prevent damage and 
premature ageing of the battery pack. Furthermore, 
although they typically change over very different time 
scales, the two quantities are closely interrelated, as the 
state of charge is a function of the battery residual 
capacity [1].

Several joint SOC and SOH estimation algorithms 
have been developed under both data-driven and model-
based approaches. Model-based methods have the 
advantage that they provide insights into battery 

dynamics, e.g., equivalent circuit models (ECMs), and 
deliver accurate estimates across a wide range of condi-
tions without the need for a high amount of training data. 
One of the most common model-based frameworks is 
the dual extended Kalman filter (DEKF), where one filter 
is used to estimate the SOC (as well as other relatively 
fast dynamics) and a second filter is used to estimate the 
slowly changing battery parameters (such as capacity and 
internal resistance) [2]. Many formulations of the DEKF 
have been proposed in the literature. These variants typi-
cally stem from: the equivalent circuit model that was 
used to derive the system dynamics; the characterization 
of the model parameters as constant values, 
SOC-dependent, or SOC-and temperature-dependent; 
the usage of a multiple timescale framework for the 
two filters.

One of the most commonly used frameworks is 
based on a second-order equivalent circuit model where 
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the open-circuit voltage (OCV) is SOC-dependent [3, 4, 
5, 6, 7]. Still, different choices are possible in the design 
of the parameter estimator. For example, the authors of 
[3] define all the impedance parameters (three resis-
tances and two capacitances) as parameters to be esti-
mated, in addition to capacity, two hysteresis parameters, 
and two coefficients defining a linear equation for the 
OCV. In [4], all the impedance parameters are defined as 
parameters, though the time constants of the system 
are used instead of the capacitances. Oddly, the capacity 
was not defined as a parameter, but rather calculated 
using coulomb counting and the SOC estimates. A similar 
approach was followed by [6]. In [8], on the other hand, 
only the capacity and ohmic resistance are defined as 
parameters, whereas resistance-capacitance (RC) 
branches parameters are constants. The authors of [9] 
propose an advanced double extended Kalman filter 
algorithm that incorporates weighted multi-innovation 
and weighted maximum correlation entropy for the esti-
mation of the capacity as the sole parameter. Following 
[10], in the remainder of this paper, we  denote the 
standard DEKF as the variant that estimates both the 
capacity and the ohmic resistance R0.

As described in [11], the DEKF for estimation of SOC 
and battery model parameters requires significant tuning 
effort. Although some works aim to provide useful 
suggestions for the tuning process [12], no standard 
guidelines for the tuning are available and the covariance 
matrices are typically tuned by trial and error. A sleek 
formulation of the dual extended Kalman filter is proposed 
in this work to reduce the number of tuning parameters 
that burdens the standard DEKF. While the standard 
DEKF estimates both the battery ohmic resistance and 
available capacity, the sleek DEKF (SDEKF) aims to 
estimate only one parameter, i.e., the available capacity. 
To account for the non-negligible resistance increase over 
aging, the ohmic resistance is approximated as a polyno-
mial function of the SOC and available capacity. Thanks 
to the proposed formulation, a lower number of elements 
of the covariance matrices needs to be  tuned for 
the SDEKF.

To prove the effectiveness of the SDEKF in EV real-
world scenarios, the proposed estimation algorithm is 
tested on the aging dataset mimicking real-world driving 
profiles of EVs [13]. The SOC and SOH estimation results 
presented in this paper demonstrate that the sleek DEKF 
version achieves a comparable estimation accuracy to 
the standard DEKF, yet requiring lower number of param-
eters to be tuned.

Battery Model

SOC and SOH Definitions
The SOC is defined as the ratio between the remaining 
capacity stored in the battery and the actual available 
capacity Qcell at a given time t, and is computed by 

integrating the battery current through the 
following equation:

	 ( ) ( )
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where t0 is the initial time instant, η is the Coulomb 
efficiency, set equal to 1 for Li-ion batteries [REF]. On the 
other hand, the SOH quantifies the battery degradation 
over its lifetime and is defined in this work as the ratio 
between Qcell and the maximum available capacity of the 
fresh cell Qcell0:

	 ( ) ( )
=

0

cell

cell

Q t
SOH t

Q
	 (2)

Equivalent Circuit Model
To estimate SOC and SOH through a model-based 
method, a battery model must be adopted to describe 
the system dynamics. Among the different battery models 
used in the literature, we selected a second-order equiva-
lent circuit model as a good compromise between model 
accuracy and computational complexity. The selected 
ECM, represented in Fig. 1, is characterized by several 
parameters, i.e., OCV, the ohmic resistance R0, the resis-
tances R1 and R2, and capacitances C1 and C2 of the two 
RC branches.

All the ECM parameters are modeled as functions 
of the state of charge. On the other hand, not all the 
ECM parameters are equally affected by battery degra-
dation. Indeed, the RC branch parameters vary less than 
the strongly varying capacity Qcell, and ohmic resis-
tance R0.

The second-order ECM is described as a nonlinear 
discrete-time state-space system. In the discrete-time 
state-space representation, with a sampling time Ts, the 
system dynamics (3) and the output equations (4) can 
be written as follows [14]:

  FIGURE 1    Second-order equivalent circuit model of the 
battery cell.
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	 = + + +1 2 0k k kt k kV OCV V V R i 	 (4)

where V1k and V2k are the voltages across the C1 and 
C2, respectively, ik is the current, and Vtk is the terminal 
voltage. While the SOC dynamics are described by 
Coulomb counting, the dynamics of V1 and V2, as well as 
the measurement equation for Vt, are computed using 
Kirchhoff’s laws on the equivalent circuit.

Sleek DEKF for SOC and 
SOH Estimation

Fundamentals of Dual Extended 
Kalman Filter
The algorithm adopted in this work to estimate the 
SOC and SOH of the nonlinear battery system is 
based on extended Kalman filters, which approximate 
the nonlinearities of the systems’s dynamics by linear-
izing the system model around the current state 
estimate [15].

In the DEKF, two separate filters are used to estimate 
the cell states x and parameters θ. The state filter relies 
to the following equations (5) and (6) to update the state 
estimation:

	 ( )+ = +1 , , x
k k k k kx f x u qθ 	 (5)

	 ( )= +, , x
k k k k ky g x u rθ 	 (6)

where f(xk, uk) and g(xk, uk) are the nonlinear state 
transition function and nonlinear measurement function 
corresponding to ECM equations (3) and (4), respectively, 
while x

kq  and x
kr  are the process and measurement noise, 

respectively.

Under the main assumption that the parameters 
change slowly over time, the parameter filter equations 
can be written as follows:

	 + = +1k k kqθθ θ 	 (7)

	 ( )= +, ,k k k k kd g x u rθθ 	 (8)

where kqθ  and kr
θ  model a fictitious process noise to 

account for parameters’ variations over cell life, and the 
measurement noise, respectively. The noises of the two 
filters are quantified by the process noise covariance 
matrices Qx and Qθ, and measurement noise covariance 
matrix Rx and Rθ. The other tuning matrices are the 
initial state P0 and parameter S0 covariance matrices 
which quantify the uncertainty of the initial estimate of 
the states and parameters respectively. The compre-
hensive workflow of the DEKF algorithm is depicted in 
Algorithm 1.

  ALGORITHM 1    Block diagram of system and sleek dual 
extended Kalman filter.
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After the initialization of parameter and state esti-
mates to their best guesses, the two separate filters 
estimate states and parameters at each time step, inter-
changing some information. Following the formulation of 
[11], the equation to obtain the Jacobian kCθ  can be written as:
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where the derivatives 
−
kdx

dθ
 and ( )− , ,ˆk kdg x u

d

θ

θ
 are initial-

ized to zero for k equal to zero.
The exchange of information between the system 

and DEKF is shown in the block diagram of Fig. 2. This 
schematic is valid for both standard DEKF and SDEKF.

Standard DEKF for SOC and SOH 
Estimation
For both the standard DEKF and SDEKF for SOC and 
SOH estimation, the state vector xk, the measured input 
uk, and the measurement output yk are the following:

	  =  1 2, ,
k kk kx SOC V V 	 (10)

	 =k ku i 	 (11)

	 =
kk ty V 	 (12)

Between all the ECM parameters, only the strongly 
varying parameters over the cell life are typically esti-
mated to reduce the computational complexity of the 
algorithm. Since Qcell and R0 are usually identified as the 
most varying parameters over battery lifetime, we refer 
to the standard DEKF as the DEKF formulation that esti-
mates the parameters:

	  =  0,cellQ Rθ 	 (13)

For the standard DEKF, the computation of the deriv-
atives of the kCθ  matrix is obtained through the following 
equations:
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The DEKF for estimation of SOC and parameters has 
the main disadvantage of requiring a significant tuning 
effort [11]. Moreover, this tuning is highly correlated to the 
sensitivity of the model parameters with respect to the 
battery data and significantly affects the filter 
performance.

Sleek DEKF for SOC and SOH 
Estimation
A sleek formulation of the DEKF for SOC and SOH esti-
mation is proposed in this work to reduce the tuning 
effort. The key strategy for simplifying the estimation 
problem is to reduce the number of parameters that need 
to be estimated, consequently reducing the number of 
tuning elements of the covariance matrices of the DEKF. 
Hence, in the SDEKF just one parameter is estimated, i.e., 
the available capacity:

	  =  cellQθ 	 (18)

However, completely disregarding the ohmic resis-
tance increase throughout the cell lifetime could lead to 
erroneous SOC and SOH estimation due to significant 
inaccuracies in the battery model. Battery internal resis-
tance R0 is generally considered as a function of different 
quantities, such as the state of charge and the battery 
temperature. Moreover, in several previous works [16], a 
strong relationship between capacity fading and ohmic 
resistance increase has been noted. For instance, a strong 
linear correlation between the two aging quantities is 
highlighted in [17]. However, R0 cannot be formulated as 
a linear function of the capacity fading for all the aging 
datasets and battery chemistries with an acceptable level 
of accuracy. Therefore, to account for R0 variation and 
develop a formulation of the DEKF that is adaptable to 
a wider range of aging datasets, the ohmic resistance is 
modeled in the sleek DEKF as a polynomial function of 
the SOC and available capacity Qcell:
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where ai is the ith coefficient of the polynomial 
function. It is worth noting that the R0 dependence from 
temperature can be neglected in our work, due to the 
constant environment temperature of the aging dataset 
[13]. The polynomial degree is selected equal to 3 as a 
good compromise between approximation accuracy and 
polynomial complexity. In Fig. 3, the experimental R0 and 
its polynomial approximation over cell W8 data from the 
dataset [13] are depicted in greys and colors, respectively, 
as a function of SOC and SOH. The value of the ohmic 
resistance is computed for each SOH value from the 

correspondent HPPC test [18]. As expected, a smooth 
increase in internal resistance is observed as the 
battery ages.

Thanks to the polynomial approximation of R0, it is 
possible to analytically compute the partial derivatives 
∂
∂

0
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R
Q

 and ∂
∂

0R
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 and the different terms of the matrix kCθ  

of the SDEKF are computed as follows:
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Results
In this section, the estimation accuracy of the standard 
DEKF and sleek DEKF are assessed over the aging dataset 
from [13]. First, a comparison analysis is carried out to 

  FIGURE 2    Block diagram of system and sleek dual extended Kalman filter.

  FIGURE 3    Ohmic resistance R0 as a function of the SOC and 
SOH. While the grey lines are the real data points obtained 
through the HPPC tests, the colored lines represent its 
polynomial approximation as a function of SOC and capacity.
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highlight that the sleek DEKF can achieve comparable 
performance to the standard DEKF, although a lower 
number of elements of the covariance matrices needs to 
be tuned. Indeed, the parameter covariance matrix S and 
process noise matrix Qθ pass from 2-by-2 matrices to 
1-by-1 matrices, thus requiring two fewer tuning elements. 
To achieve a proper comparison between the different 
versions of the DEKF, we tuned the covariance matrices 
so that the standard DEKF could obtain accurate estima-
tions, and we used the same values for the sleek DEKF, 
as reported in Table 1.

The proposed SDEKF is tested on the experimental 
aging dataset from [13] where ten INR21700-M50T battery 
cells with graphite/silicon anode and nickel manganese 
cobalt oxides (NMC) cathode are cycled at the constant 
temperature of 23°C over 10 months to mimic real-world 
EV operation. While the dynamic discharging current 
profile is designed to discharge the battery cell through 
the regulatory urban dynamometer driving schedule 
(UDDS) from 80% to 20% SOC, the cells are charged 
through constant current and constant voltage phases. 
Moreover, to characterize the battery degradation, 
different reference performance tests (RPTs), i.e., C/20 
capacity tests, hybrid pulse power characterization 
(HPPC), and electrochemical impedance spectroscopy 
(EIS), are used. The available capacity obtained through 
the C/20 capacity tests is used to compute the real SOH.

Fig. 4 shows the steps to apply the SDEKF for online 
SOC and SOH estimation, under the assumption a single 

cell (cell W8) is cycled under laboratory conditions through 
an aging campaign. First, the ECM parameters and the 
coefficient of the R0 polynomial function are calibrated 
using the first HPPC and the different HPPCs over the 
cell W8 lifetime, respectively. It is worth noting that the 

  FIGURE 4    Workflow of the SDEKF estimation algorithm. First, the offline phase is needed to gather the aging dataset, calibrate 
the ECM parameters and R0 polynomial function; afterward, the SDEKF is used for online state estimation.

TABLE 1  Initialization of the filters.

Matrix Standard DEKF Sleek DEKF
Initial state 
covariance P0
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MATLAB function polyfitn [19] is used to obtain the poly-
nomial approximation of R0 as a function of SOC and 
capacity. Finally, the SDEKF can be used for online estima-
tion on cells different from cell W8. Hence, in this work, 
the standard DEKF and SDEKF are tested over the 324th 
and 352th dynamic UDDS cycles (both corresponding to 
around 92% SOH) of the W8 and W5 cells, respectively.

Figures 5 and 6 show the estimation results obtained 
by the DEKF and the proposed SDEKF over cell W8 and 
cell W5 data, respectively. In the upper subplots, the esti-
mated SOC, capacity, and resistance profiles are compared 
to the corresponding real values (depicted in black); the 
lower subplots illustrate the relative estimation errors 
profiles over the whole experiment. As Figures 5 and 6 
show, removing R0 from the parameters to be estimated 
by the parameter filter did not cause a significant loss of 
accuracy by using the polynomial characterization for R0 
in equation (19). Despite the fact that this formulation 
relies on the estimate of the state of charge and residual 
capacity, this formulation proved effective enough that 
the accuracy of the DEKF was not compromised. 
Considering the SOC error, both DEKFs appear to have 
a slight tendency towards overestimation. A similar 
tendency towards overestimation was observed for the 
capacity, though the difference between the SDEKF and 
the standard DEKF is negligible (lower than 0.2%). As 
expected, the difference in the evaluation of R0 itself is 
more pronounced. The error obtained by the DEKF does 
not show a clear tendency towards over or 

under-estimation; fluctuations in the value of R0 are 
somewhat smoothed out by the filter, as was typically 
obtained by similar works. The value predicted by the 
SDEKF has an even smoother trend, as a direct result of 
its functional formulation, and the prediction error can 
reach at worst values of up to 9%, compared to 5% for 
the standard DEKF. Moreover, it is worth noting that both 
filters obtain accurate estimation also using the W5 cell 
data, showing the robustness of the algorithms when 
tested on a cell different from the one used for tuning 
the ECM parameters.

Conclusion
In this work, we presented a sleek formulation of the dual 
extended Kalman filter for state of charge and state of 
health estimation which does not attempt to estimate 
the internal resistance R0 as part of the parameters filter 
but rather uses a polynomial approximation as a function 
of SOC and cell capacity.

As a consequence, the sleek EKF requires less tuning 
effort, which is a critical issue in developing Kalman filter-
based state estimators for EV batteries. Despite this, the 
proposed algorithm does not compromise on prediction 
algorithm: in particular, it retains virtually equal accuracy 
with respect to the state of charge and cell capacity, 
whereas a small but not negligible loss of accuracy was 
observed for the value of R0 itself.

  FIGURE 5    State of charge, capacity and ohmic resistance R0 estimation results and errors obtained for cell W8 by the DEKF and 
the proposed SDEKF.
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