
26 June 2026

POLITECNICO DI TORINO
Repository ISTITUZIONALE

A Comparative Study of the DEKF and DUKF for Battery SOC and SOH Estimation / Seifoddini, A., Miretti, F., Misul,
D.A.. - In: BATTERIES. - ISSN 2313-0105. - ELETTRONICO. - (2025). [10.3390/batteries11110410]

Original

A Comparative Study of the DEKF and DUKF for Battery SOC and SOH Estimation

Publisher:

Published
DOI:10.3390/batteries11110410

Terms of use:

Publisher copyright

(Article begins on next page)

This article is made available under terms and conditions as specified in the  corresponding bibliographic description in
the repository

Availability:
This version is available at: 11583/3004935 since: 2025-11-07T07:59:03Z

MDPI



Academic Editors: Truong Minh Ngoc

Bui, Truong Quang Dinh and Mona

Faraji Niri

Received: 29 September 2025

Revised: 28 October 2025

Accepted: 3 November 2025

Published: 5 November 2025

Citation: Seifoddini, A.; Miretti, F.;

Misul, D.A. A Comparative Study of

the DEKF and DUKF for Battery SOC

and SOH Estimation. Batteries 2025,

11, 410. https://doi.org/10.3390/

batteries11110410

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

A Comparative Study of the DEKF and DUKF for Battery SOC
and SOH Estimation
Arash Seifoddini , Federico Miretti * and Daniela Anna Misul *

Department of Energy (DENERG) and Center for Automotive Research and Sustainable Mobility (CARS@Polito),
Politecnico di Torino, Corso Duca degli Abruzzi 24, 10129 Torino, TO, Italy; arash.seifoddini@studenti.polito.it
* Correspondence: federico.miretti@polito.it (F.M.); daniela.misul@polito.it (D.A.M.)

Abstract

The accurate estimation of the state of charge (SOC) and state of health (SOH) is essential
for the safety and reliability of electric vehicle batteries. Conventional single-state Kalman
filters are prone to parameter drift caused by cell aging, which leads to persistent SOC
estimation errors. This study compares two dual-estimator methods, the Dual Extended
Kalman Filter (DEKF) and the Dual Unscented Kalman Filter (DUKF), for simultaneous
SOC and SOH estimation using a second-order equivalent-circuit model. The process and
measurement covariance matrices were tuned through a structured optimization procedure
to ensure consistent performance under different drive cycles and initialization errors. To
mitigate the weak voltage sensitivity to capacity, synthetic SOC–capacity coupling was
introduced to enhance SOH observability and accelerate convergence. Simulations con-
ducted under the Urban Dynamometer Driving Schedule (UDDS) and a real-world CLUST7
profile demonstrated SOC root-mean-square errors near 2% for both filters. The DUKF
achieved faster and smoother convergence than the DEKF but required roughly fivefold
higher computational cost. These findings provide quantitative evidence supporting dual
Kalman filtering as an effective framework for accurate and robust SOC/SOH estimation
in production battery management systems.

Keywords: state of charge; state of health; electric vehicle batteries; dual Kalman filter;
extended Kalman filter; unscented Kalman filter; battery management system

1. Introduction
Accurate knowledge of a battery’s state of charge (SOC) and state of health (SOH) is

essential for the safe and efficient operation of battery-electric vehicles (BEVs). Reliable SOC
estimates prevent unexpected range loss and limit over-charge or over-discharge events,
while accurate SOH tracking enables aging-aware power limits and service life predictions.
These quantities are not directly measurable and must be derived from voltage, current,
and temperature data using estimation algorithms [1–3], and various methodologies have
been developed to solve this underlying problem [4–7].

Early battery management systems (BMSs) relied on feature-based techniques such as
Coulomb counting and open-circuit voltage (OCV) reference curves. Although substantial
work has been conducted to improve these approaches [8–11], they remain impractical
as standalone solutions, as they are vulnerable to sensor bias and noise accumulation,
unknown initial SOC estimate, temperature dependence, OCV hysteresis, and aging-
induced OCV drift. Moreover, OCV curves are relatively flat over wide SOC ranges, which
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limits observability under typical drive cycles. These limitations motivate methods that fuse
models with sensor measurements to maintain accuracy in real-world operating conditions.

More recently, data-driven methods that range from classical machine learning (e.g.,
support vector regression, Gaussian processes) to deep learning architectures have been
explored to map measured signals to SOC/SOH directly [12–18]. These approaches can
capture strong nonlinearities and implicit aging effects when trained on representative
datasets, and they often deliver high accuracy in controlled test scenarios. Hybrid ap-
proaches combining equivalent-circuit models (ECMs) with data-driven algorithms have
also been investigated for SOH estimation. Chen et al. [19] integrated a first-order ECM
with a neural network, where internal resistance identified via particle swarm optimization
was used as an input feature, achieving an SOH RMSE below 1.35%. Yang et al. [20]
estimated the ECM aging parameter using a Kalman filter and applied regression analysis
to select resistance-related indicators, which were then used by a long short-term memory
network for SOH prediction. Similarly, Lyu et al. [21] combined an ECM with a linear
regression model to form a state-space representation of capacity degradation, enabling
Kalman-filter-based SOH tracking. Beyond lithium-ion chemistries, recent studies have
introduced hybrid frameworks combining physics-based models and machine learning for
SOC and SOH estimation across diverse systems such as Ni–Zn, Na-ion, and Li-ion batter-
ies [22]. These approaches emphasize data-driven reliability prediction and sensor-assisted
monitoring, complementing the model-based dual Kalman filter methods evaluated in
this study.

Nonetheless, practical deployment in production is challenging due to the need for
large, well-labeled datasets and their high computation and memory costs for embedded
automotive hardware. These constraints motivate the continued adoption of model-based
approaches, particularly Kalman-filter-based variants, that fuse estimates from a battery
model with noisy sensor measurements in production BMSs.

These techniques typically rely on a physics-inspired equivalent-circuit model (ECM),
such as the second-order resistance–capacitance (RC) ECM, as it offers a good balance
between model fidelity and computational cost [3,23]. Historically, single-estimator Kalman
filters such as the extended (EKF) and unscented filters (UKF) were deployed to track the fast-
changing SOC state in real time. The EKF linearizes the nonlinear ECM around the latest
estimate, with Plett [24] establishing an EKF-based framework for SOC estimation. Building
on this, He et al. [25] proposed an adaptive EKF (AEKF) using an improved Thevenin
model with an extra RC branch, achieving lower max and mean SOC errors under different
urban drive cycles, while He et al. [26] performed online parameter and SOC estimation
for LiFePO4 cells. In addition, Ramadan et al. [27] integrated the effect of hysteresis on
an OCV-SOC map and demonstrated EKF feasibility on microcontrollers. For UKF-type
methods, Plett [28] introduced the sigma-point Kalman filter approach for SOC estimation,
which resulted in accuracy gains at higher computational costs. Sun et al. [29] developed an
adaptive UKF with covariance matching that outperformed EKF/UKF/AEKF baselines in
accuracy, and Tian et al. [30] coupled the UKF with a modified ECM whose resistance and
capacity depended on rate, SOC, and temperature, using lookup-table corrections to reduce
computational load while improving accuracy. Together, these EKF/UKF developments
demonstrated strong real-time SOC performance but also revealed sensitivity to aging-
driven parameter drift.

To resolve the parameter drift problem, dual-estimator Kalman filter architectures split
estimation into a fast state filter (SOC and RC voltages) and a slow parameter filter (capac-
ity, resistances). Plett [28] established a foundation model for dual-estimator schemes.
Wassiliadis et al. [31] performed a life-cycle analysis with numerically optimized filter
parameters and confirmed the DEKF’s SOC advantage over a single EKF across aging while
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highlighting unreliable and divergent capacity and resistance estimates under constant
loads and advanced degradation. Ref. [32] investigated computationally efficient struc-
tures for SOC/SOH estimation, investigating the coupling between model fidelity and
estimator robustness. Ref. [33] developed a dual filter that coupled a standard KF and a
UKF that achieved sub-1% SOC error and accurate resistance tracking across aging tests.
Wang et al. [34] introduced a dual UKF (DUKF) that achieved online parameter identifi-
cation and SOC estimation with <3% maximum SOC error across operating conditions.
Kim et al. [35] deployed a pattern-aided DEKF using a Hamming neural network, which
selected representative voltage and capacity patterns to transfer model parameters without
repeated identification, improving SOC/capacity estimation. Fang et al. [36] demonstrated
that a DEKF combined with forgetting-factor RLS provided accurate online parameter iden-
tification and joint SOC/SOH estimation and noted that the OCV–SOC curve dominated
the SOC/SOH error sensitivity.

While many studies have analyzed different variants of single and dual Kalman filters,
the SOH remains difficult to observe due to the low sensitivity of the terminal voltage
to capacity changes within nominal operating windows [3,37]. Additionally, reported
conclusions are often hindered by inconsistent covariance tuning and constrained test
conditions. This study addresses these limitations by performing the following: (i) stabiliz-
ing UKF/DUKF convergence with two enhancements, which improve DUKF estimation
performance substantially; (ii) tuning covariance matrices via a structured, log-space op-
timization technique that mitigates overfitting and delivers suitable performance across
diverse driving profiles and cell age scenarios; and (iii) conducting a thorough comparison
across distinct drive cycles and controlled grids of initial SOC and capacity errors using
a common model based on shared metrics. Collectively, these elements provide a fair
head-to-head assessment of the DEKF versus DUKF methodologies and practical guidance
for BMS deployment.

Both filters share the same second-order ECM and are evaluated on high-resolution
laboratory data under the Urban Dynamometer Driving Schedule (UDDS) and a real-world
drive cycle.

The main contributions are as follows:

• A MATLAB/Simulink framework that enables the repeatable benchmarking of dual
Kalman filters under identical numerical settings.

• A comprehensive comparison of SOC and SOH accuracy, convergence speed, bias
sensitivity, and computational load.

• Practical tuning guidelines for the Kalman filter covariance matrices.

2. Methodology
This chapter outlines the modeling, estimation, and validation procedures used in this

study to compare the performance of DEKF and DUKF-based Kalman filters for the state
and parameter estimation of lithium-ion batteries. The methodology consists of three main
components: (i) a physics-inspired ECM that captures the battery’s electrical dynamics,
(ii) Kalman filter variants to estimate both fast-varying states and slowly drifting aging
parameters, and (iii) a repeatable evaluation framework built in MATLAB/Simulink to
assess estimation accuracy, robustness, and computational cost.

First, Section 2.1 describes the source of the test data and the ECM formulation,
including discretizations and parameter definitions. Then, Section 2.2 details the structure
and configuration of each estimator, including the coupling scheme used in the dual filters.
Finally, implementation aspects such as solver settings and runtime settings are discussed
to support reproducibility and ensure a side-by-side comparison.
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2.1. Battery Cell and Driving Cycle Simulation Data

This study uses the publicly available dataset described in [38], which contains ex-
perimental measurements from ten NMC cells (the INR21700-M50T cells manufactured
by LG Chem) over a 30-month aging campaign. The cycling protocol aimed to reproduce
aging conditions similar to those experienced in electric vehicles (EVs), using the Urban
Dynamometer Driving Schedule (UDDS) for the driving phases. The UDDS is repeated
until the SOC drops to 20%, after which the cell is charged with a CC-CV protocol.

To augment the dataset originally obtained with the UDDS drive cycle, synthetic data
were generated using the electrochemical cell model developed by [39] to represent an
additional driving cycle, denoted here as CLUST7. Since standardized drive cycles, while
reproducible, often fail to capture the variability in real-world conditions for electrified
vehicles [40], the CLUST7 experimental cycle was included. This cycle was recorded under
real driving conditions and is described in Section 3.1.3. Current profiles were obtained
with a vehicle simulation model starting from the drive cycle; then, the terminal voltage
data were generated using the electrochemical model using the current profiles as input.
The simulation was repeated for a number of cycles in order to achieve a discharge from
80% to 20% SOC.

Although the INR21700-M50T cell (an NMC cell) was selected for this study, the
adopted second-order ECM and dual Kalman filter structures are chemistry-agnostic.
When applied to other chemistries such as LFP, only the model parameters (e.g., OCV–SOC
curve, resistances, and capacity) require re-identification, while the estimation framework
remains unchanged.

2.2. Simulation Model

The model is utilized in a model-in-the-loop (MIL) framework with the following
key components:

• Battery model: The ECM, which can be implemented as either a Simulink model or a
MATLAB script.

• Uncertainty characterization: Process and measurement disturbances are treated
as mutually uncorrelated, zero-mean, white Gaussian sequences, consistent with
standard Kalman filter assumptions [41].

• Drive cycle emulation: Terminal current i(t) is drawn from UDDS, CLUST17, and
highway profiles to simulate the full dynamic range.

The foundation of effective battery state estimation relies on creating an accurate
yet computationally efficient model that closely mirrors battery behavior. Deriving an
exact electrochemical representation of lithium-ion batteries (LIBs) is impractical for typical
automotive BMSs due to their limited computational resources and the inherent complexity
of battery operation. To address this challenge, researchers commonly utilize ECMs, which
simplify the battery processes into manageable electrical circuit representations. In this
study, cell dynamics are represented by a second-order RC equivalent-circuit model, which
is widely used in the literature due to its acceptable trade-off between model fidelity and
computational burden [23–25,42].

The ECM topology used in this study is shown in Figure 1 and comprises the following:

• Open-Circuit Voltage (OCV) Source, UOCV(SOC): This represents the equilibrium
terminal voltage of the battery as a function of its SOC, and it reflects the cell’s internal
electrochemical potential.

• Ohmic Terminal Resistance, R0: This models instantaneous voltage drop due to
internal resistive losses in the cell, including electrode interfaces, electrolyte resistance,
and current collectors.
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• Two RC Branches, (R1, C1) and (R2, C2): These components model the dynamic
behavior of the battery. The first RC pair captures short-term transient voltage drops
(e.g., double-layer capacitance and charge transfer), while the second models longer
time-constant diffusion effects [31].

• Total Capacity, (Cp): A slowly varying capacity that tracks aging-induced fade [43].

The current i(t) enters the circuit at the positive terminal, flows through R0, then
splits into the two RC networks, and finally charges the equivalent capacitor that defines
the SOC.

Figure 1. Second-order ECM with open-circuit voltage, ohmic resistance R0, total capacity Cp, and
two RC branches representing dynamic polarization and diffusion.

2.3. Discrete State-Space Representation

The ECM is formulated as a discrete-time state-space model to enable observer design.
With the sampling interval ∆t, the ECM is expressed as follows:

xk = f
(
xk−1, uk−1

)
+ wk−1 wk−1 ∼ N

(
0, Qk−1

)
(1a)

yk = g
(
xk, uk

)
+ vk vk ∼ N

(
0, Rk

)
(1b)

where uk = ik is the measured terminal current; yk = Uk is the measured terminal voltage;
wk and vk represent process and measurement noise, respectively; and f(·) and g(·) are the
(nonlinear) state transition and measurement functions derived in the following section.

State Transition Function: The state transition function predicts how the internal
states of the battery change, given the current input at each time step. In the considered
second-order ECM, the states consist of the following:

xk =
[
SOCk URC1,k URC2,k

]T
• SOCk: the state of charge at time step k.
• URC1,k: the voltage across the first RC branch at time step k.
• URC2,k: the voltage across the second RC branch at time step k.

State of Charge (SOC): The SOC represents the ratio of remaining charge to the
maximum usable charge and is typically expressed as a percentage. The SOC is updated
based on the net charge flowing into or out of the battery. Under the assumption of constant
current ik over the sample period ∆t, and neglecting efficiency and self-discharge, the SOC
is updated via Coulomb counting and forward-Euler discretizations as follows:

SOCk+1 = SOCk −
∆t
Cp

ik
3600

(2)

where

• ik is the terminal current (positive for discharge).
• Cp is the present capacity of the battery in ampere-hours (Ah).
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• The factor 3600 converts seconds to hours.

RC Branch Voltages: The two RC branches in the ECM capture the transient behavior
of the cell voltage during load changes. The dynamics of each RC branch are modeled
using a first-order linear differential equation derived from Kirchhoff’s laws

dURCi(t)
dt

= − 1
RiCi

URCi(t) +
1
Ci

i(t), i ∈ {1, 2}

This equation models the voltage across a capacitor Ci in parallel with a resistor
Ri under current excitation. Discretizing using the exact exponential solution results in
the following:

URCi,k+1 = e−∆t/(RiCi)URCi,k +
(

1 − e−∆t/(RiCi)
)

Riik (3)

This equation reveals that each RC voltage decays exponentially with a time constant
τi = RiCi, and the steady-state value is driven by Riik.

State Transition Vector Function: By combining Equations (2) and (3) for both RC
branches, the full nonlinear transition function is written compactly as follows:

f (xk, uk) =


xk(1)−

∆t
3600 · Cp

· uk

xk(2) · e−∆t/(R1C1) +
(

1 − e−∆t/(R1C1)
)

R1uk

xk(3) · e−∆t/(R2C2) +
(

1 − e−∆t/(R2C2)
)

R2uk

 (4)

Measurement Function: The terminal voltage Uk is the observable output of the
battery system and is computed by applying Kirchhoff’s voltage law (KVL) along the circuit:

yk = UOCV(SOCk)− URC1,k − URC2,k − R0ik (5)

• UOCV(SOCk): the open-circuit voltage as a nonlinear function of the SOC.
• URC1,k and URC2,k: transient voltage drops from the RC branches.
• R0ik: instantaneous ohmic drop.

The nonlinearity in the measurement function arises solely from the UOCV(SOC) term.
All other terms are linear with respect to the states and input. The OCV–SOC curve is
typically obtained offline and approximated using high-order polynomials or spline fits.

State of Health (SOH): Battery aging leads to a gradual reduction in usable capacity,
denoted by Cp, relative to the rated or nominal capacity C0. The SOH is therefore defined
as the ratio of these two quantities:

SOH = 100 ·
Cp

C0
[%] (6)

where

• Cp is the estimated present capacity (Ah).
• C0 is the manufacturer-specified fresh-cell rated capacity (Ah).

Fast-varying quantities such as the SOC and the RC voltages are treated as states,
whereas slowly varying quantities such as Cp and R0 are considered parameters to be
adapted over the cell’s lifetime.

2.4. Estimation Methods

Estimation methods are mathematical tools that are used to predict the internal states
or parameters of a system based on noisy measurements of a few selected states under un-
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certain model dynamics. One of the most foundational estimation algorithms is the Kalman
filter, which was originally introduced by Rudolf E. Kalman [44]. It offers a recursive
method for estimating the states of linear dynamic systems affected by Gaussian noise. Due
to its computational efficiency and optimal performance under linear Gaussian conditions,
this filter has found widespread application in numerous engineering disciplines.

Discrete-time Kalman filter recursion utilizes the following system model:

xk = Ak−1 xk−1 + Bk−1 uk−1 + wk−1 (7)

yk = Ck xk + vk (8)

where wk−1 ∼ N (0, Qk−1) and vk ∼ N (0, Rk) are mutually uncorrelated white Gaussian
noises. Afterwards, the Kalman filter proceeds with the time update (prediction) and
measurement update (correction) steps. These steps propagate the state estimate x̂ and its
error covariance P

Time update (prediction): x̂k|k−1 = Ak−1 x̂k−1|k−1 + Bk−1 uk−1 (9)

Pk|k−1 = Ak−1 Pk−1|k−1 AT
k−1 + Qk−1 (10)

Measurement update (correction): ek = yk − g
(
x̂k|k−1, uk

)
(11)

Kk = Pk|k−1 CT
k
(
Ck Pk|k−1 CT

k + Rk
)−1 (12)

x̂k|k = x̂k|k−1 + Kkek (13)

Pk|k =
(
I − Kk Ck

)
Pk|k−1 (14)

To address nonlinear systems, numerous extensions to the original Kalman filter have
been developed. In this paper, four variants of these nonlinear extensions are studied.
Sections 2.4.1 and 2.4.2 review the single-observer forms that operate on the nonlinear ECM
of Equation (1). Sections 2.4.3 and 2.4.4 then extend these baselines to the dual architecture
that jointly tracks fast states and slow aging parameters.

2.4.1. Extended Kalman Filter (EKF)

The extended Kalman filter adapts the original linear Gaussian framework to the
nonlinear state–space model. Because the mappings f(·) and h(·) are nonlinear, the joint
distribution of the state and measurement is no longer Gaussian after propagation. The EKF
locally approximates the mappings with their first-order Taylor expansions about the most
recent state estimate. The Jacobian matrices of the discrete transition and measurement
functions are derived as follows:

Ak−1 =
∂f
∂x

∣∣∣∣
x̂k−1|k−1, uk−1

=


1 0 0

0 e−
dt

R1C1 0

0 0 e−
dt

R2C2

 (15)

Ck =
∂g
∂x

∣∣∣∣
x̂k|k−1

=

[
∂UOCV
∂SOC

∣∣∣
x̂k|k−1

1 1
]

(16)

It is worth noting that the performance of the EKF relies on the assumption that system
nonlinearities remain moderate, as significant deviations from linearity introduce larger
approximation errors into the estimation process.

Afterwards, the predicted mean is obtained by evaluating the nonlinear model in the
previous estimated state and the current input.

x̂k|k−1 = f
(
x̂k−1|k−1, uk−1

)
(17)
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The covariance matrix is mapped through the linearized system dynamics (14).
After a new observation yk arrives, the innovation, Kalman gain, and posterior statis-

tics are calculated based on the measurement update step of the standard Kalman filter
(11)–(14).

In cases where both the process dynamics and measurement equations are linear, this
procedure reduces directly to the standard discrete-time Kalman filter.

2.4.2. Unscented Kalman Filter (UKF)

The unscented Kalman filter utilizes the unscented transform, which represents a Gaus-
sian random vector by a deterministic set of sigma-points. Each sigma-point is propagated
through the nonlinear process and measurement models, and the posterior statistics are
reconstructed from the transformed points. This method removes the need for the Jacobian
calculation required by the EKF while capturing the mean and covariance of any smooth
nonlinear mapping with second-order accuracy.

For an n-dimensional state, the UKF employs 2n+1 sigma-points χ
(i)
k−1. These points

are chosen to capture the mean and covariance of the state distribution. Each sigma-point
has an associated weight for computing the mean (w(m)

i ) and for computing the covariance

(w(c)
i ). These weights are determined by three scaling parameters α, β, and κ, as follows:

λ = α2(n + κ)− n, w(m)
0 =

λ

n + λ
,

w(c)
0 = w(m)

0 + (1 − α2 + β), w(m)
i = w(c)

i =
1

2(n + λ)
(i ≥ 1).

(18)

The sigma-points at time k−1 are derived as follows:

χ
(0)
k−1 = x̂k−1|k−1

χ
(i)
k−1 = x̂k−1|k−1 +

√
n + λ

[√
P
]

i, i = 1, . . . , n,

χ
(i+n)
k−1 = x̂k−1|k−1 −

√
n + λ

[√
P
]

i, i = 1, . . . , n.

(19)

where
√

P is the matrix square root of the covariance.
Each sigma-point is then propagated through the nonlinear process model f(·, uk−1)

χ
(i)
k|k−1 = f

(
χ
(i)
k−1, uk−1

)
,

and the predicted mean and covariance are derived as follows:

x̂k|k−1 =
2n

∑
i=0

w(m)
i χ

(i)
k|k−1 Pk|k−1 =

2n

∑
i=0

w(c)
i

(
χ
(i)
k|k−1 − x̂k|k−1

)(
·
)T

+ Qk−1. (20)

By applying the measurement model g(·), each predicted sigma-point is propagated
through the measurement function

γ
(i)
k = g

(
χ
(i)
k|k−1

)
(21)
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This allows for deriving the predicted measurement mean ŷk|k−1, the cross-covariance
Pxy, and the innovation covariance Sk values:

ŷk|k−1 =
2n

∑
i=0

w(m)
i γ

(i)
k|k−1,

Pxy =
2n

∑
i=0

w(c)
i

(
χ
(i)
k|k−1 − x̂k|k−1

)(
γ
(i)
k|k−1 − ŷk|k−1

)T,

Sk =
2n

∑
i=0

w(c)
i

(
γ
(i)
k|k−1 − ŷk|k−1

)(
·)T.

(22)

From these, the Kalman gain and corrected state and covariance estimations are
derived as follows:

Kk = Pxy S−1
k ,

x̂k|k = x̂k|k−1 + Kk
(
yk − ŷk|k−1

)
,

Pk|k = Pk|k−1 − KkSkKT
k

(23)

2.4.3. Dual Extended Kalman Filter (DEKF)

To account for battery aging, the DEKF addresses the estimation problem by dividing
it into two parallel estimation tasks. The state estimation component follows the previously
outlined EKF steps to estimate essential internal states, such as the SOC and RC voltage
dynamics. Concurrently, the parameter estimation module operates in parallel, dedicated
to identifying battery parameters, such as the series resistance R0 and the present battery
capacity Cp. These parameters are typically modeled as constant or slowly evolving states,
with small process noise enabling gradual adaptation.

Consequently, the DEKF comprises two coupled EKFs running simultaneously: one
estimates the dynamic state while assuming known parameters, and the other refines the
parameter estimates using the latest state predictions as input.

For the ECM with the following state and parameter vectors,

xk =
[
SOCk URC1,k URC2,k

]T
θk =

[
R0,k CP,k

]T
(24)

The dual architecture prescribes two coupled nonlinear process models where the state
estimation utilizes the state transition model derived from the ECM, and the parameter
estimation treats the dynamics of the slowly evolving parameters as a random walk:

θk = θk−1 + wθ
k−1 wθ

k−1 ∼ N
(
0, Qθ

k−1
)
, (25)

where Qθ
k−1 is diagonal and orders of magnitude smaller than Qx

k−1, reflecting the slow
drift of R0 and CP.

Both filters observe the same terminal voltage measurement in their correction step:

yk = g
(
xk, uk, θk

)
+ vk vk ∼ N

(
0, Rθ

k
)
. (26)

At each sample time k, the DEKF executes the following five steps. The notation (·)x

and (·)θ distinguishes state and parameter filter quantities.



Batteries 2025, 11, 410 10 of 27

1. State filter prediction: x̂k−1|k−1 is propagated through f(·) using the most recent
parameter estimate θ̂k−1|k−1. A first-order linearization about this operating point
produces the Jacobian that updates the state covariance Px

Ax
k−1 =

∂f
∂x

∣∣∣∣(
x̂k−1|k−1,θ̂k−1|k−1,uk−1

) (27)

2. State filter correction: The innovation is computed, and x̂k|k, Px
k|k is updated with the

linearized measurement matrix

ex
k = yk − g

(
x̂k|k−1, θ̂k−1|k−1

)
(28)

Cx
k =

∂g
∂x

∣∣∣∣(
x̂k|k−1,θ̂k−1|k−1

) (29)

3. Parameter filter prediction: θ̂k−1|k−1 is carried forward as θ̂k|k−1, and its covariance is
increased by Qθ

k−1, accounting for potential drift.

θ̂k|k−1 = θ̂k−1|k−1 Pθ
k|k−1 = Pθ

k−1|k−1 + Qθ
k−1 (30)

4. Parameter filter correction: Linearizing the measurement function with respect to
θ at the current operating point estimated at step (2) gives the measurement model
required by the EKF:

eθ
k = yk − g

(
x̂k|k, θ̂k|k−1

)
(31)

Cθ
k =

∂g
∂θ

∣∣∣∣(
x̂k|k ,θ̂k|k−1

) (32)

Applying the standard EKF measurement update yields

Kθ
k = Pθ

k|k−1 Cθ⊤
k
(
Cθ

kPθ
k|k−1Cθ⊤

k + Rθ
k
)−1 (33)

θ̂k|k = θ̂k|k−1 + Kθ
k eθ

k (34)

Pθ
k|k =

(
I − Kθ

kCθ
k
)
Pθ

k|k−1 (35)

These equations close the parameter loop by fusing the innovation-derived measure-
ment with the prior θ̂k|k−1, producing the updated estimate θ̂k|k and its covariance Pθ

k|k.

Jacobian Derivation for the Linearized ECM

The dual-observer architecture employs four Jacobians:

• Ax
k−1: State transition Jacobian for the state filter.

• Cx
k : Measurement Jacobian with respect to the states.

• Aθ
k−1: Parameter transition Jacobian for the parameter filter.

• Ĉθ
k : Measurement Jacobian with respect to the aging parameters.

Ax
k−1 and Cx

k are unchanged because the state observer in the dual filter mirrors the
single-observer EKF in Section 2.4.1; therefore, its linearization matrices are identical, which
are the expressions already given in Equations (15) and (16). The dual filter just refreshes
the numerical values with the current parameter estimates at each step.

The parameter transition Jacobian Aθ
k−1 is calculated as an identity matrix, because

the aging parameters follow a random walk model, which is linear with unit gain, with
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nθ = 2 for the pair {R0, CP}. This means that in the prediction step, the mean of θ is simply
copied forward while its covariance is increased by Qθ

k−1.
Ĉθ

k , which is the the parameter-to-measurement Jacobian, must capture both the direct
effect of R0 on the ohmic drop and the indirect influence of R0 and CP through the state
trajectory. It is defined by the total derivative:

Ĉθ
k =

d g
(
x̂k|k−1, uk, θ

)
dθ

∣∣∣∣∣
θ=θ̂k|k−1

(36a)

d g
(
x̂k|k−1, uk, θ

)
dθ

=
∂g

(
x̂k|k−1, uk, θ

)
∂θ

+
∂g

(
x̂k|k−1, uk, θ

)
∂x̂k|k−1

dx̂k|k−1

dθ
(36b)

With the state sensitivity matrix dx̂/dθ propagated by

dx̂k|k−1

dθ
=

∂f
(
x̂k−1|k−1, uk−1, θ

)
∂θ

+
∂f
(
x̂k−1|k−1, uk−1, θ

)
∂x̂k|k−1

dx̂k−1|k−1

dθ
(37a)

dx̂k−1|k−1

dθ
=

dx̂k−1|k−2

dθ
− Kx

k−1
d g(x̂k−1|k−2, uk−1, θ)

dθ
(37b)

This can be calculated for each time stamp by starting from dx̂0
dθ = 0 and d g(x̂0,u0,θ)

dθ = 0.
The remaining required partial derivatives are represented as follows:

∂g
(
x̂k|k−1, uk, θ

)
∂θ

= [ 0 ik]
∂g

(
x̂k|k−1, uk, θ

)
∂x̂k|k−1

=

[
∂UOCV

∂SOC

∣∣
x̂k|k−1

1 1
]

∂f
(
x̂k−1|k−1, uk−1, θ

)
∂θ

=


− ∆t

C2
P

ik−1 0

0 0

0 0


∂f
(
x̂k−1|k−1, uk−1, θ

)
∂x̂k|k−1

= diag
(
1, e−∆t/(R1C1), e−∆t/(R2C2)

)
Both EKFs start from a common time origin with x̂0|0 = x0, θ̂0|0 = θ0, which are

the initial estimates. The covariance blocks Px
0|0 and Pθ

0|0 are set independently; no cross-
terms are maintained since the filters exchange only their posterior means. The resulting
dual-loop structure allows for the rapid correction of high-frequency state dynamics while
slowly adapting to long-term parameter drift.

2.4.4. Dual Unscented Kalman Filter (DUKF)

The DUKF follows the dual-observer layout of the DEKF but substitutes every first-
order Jacobian linearization with an unscented transform. Both observers require only
matrix–vector products and Cholesky factorizations of the predicted covariances, which
removes the need for calculating Jacobians. Because the parameter dimension nθ is small,
the added complexity of using an independent sigma set is acceptable.

Both the state and parameter observers reuse the sigma-point construction and weight-
ing rules of Equations (18) and (19). The number of sigma points for the state variables
nx = 3 and the aging parameters nθ = 2 are denoted by Lx = 2nx + 1 and Lθ = 2nθ + 1,
respectively. At each sampling instant, the DUKF executes the four stages outlined below.
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1. State prediction. Lx sigma-points are generated around
(
x̂k−1|k−1, Px

k−1|k−1

)
, and

each is propagated through the nonlinear transition model while keeping the latest
parameter estimate θ̂k−1|k−1:

χ
x(i)
k|k−1 = f

(
χ

x(i)
k−1, uk−1, θ̂k−1|k−1

)
.

The predicted mean and covariance are derived using Equation (20) with Qk−1 →
Qx

k−1.

2. State correction. The predicted sigma-points are transformed through the measure-

ment function γ
x(i)
k = g

(
χ

x(i)
k|k−1, θ̂k−1|k−1

)
, and the UKF update of Equation (23) is

applied. The resulting innovation ex
k = yk − ŷk|k−1 is also used in the fourth stage.

3. Parameter prediction. Since the aging parameters follow the random walk model,

each parameter sigma-point undergoes identity propagation: χ
θ(i)
k|k−1 = χ

θ(i)
k−1. The

predicted mean and covariance are given by Equation (20) with Qk−1 → Qθ
k−1.

4. Parameter correction. The state innovation ex
k in step two is utilized as a measurement

of θ. Each parameter sigma-point is evaluated in the voltage model at the latest
corrected state:

γ
θ(i)
k = g

(
x̂k|k, χ

θ(i)
k|k−1

)
.

Afterwards, Equations (22) and (23) are utilized with Rk →Rθ
k to obtain θ̂k|k, Pθ

k|k.

2.5. Simulation Environment

All filters were implemented in MATLAB R2024b/Simulink 23.2 and executed with
a fixed-step discrete solver (∆t = 0.1 s) on an Intel Core i7-12700H CPU (single thread).
Wall-clock runtimes were measured with tic/toc over the entire drive cycle.

3. Results and Discussion
3.1. Tuning the Filter Parameters
3.1.1. Importance of Covariance Optimization

The performance of Kalman-filter-based estimators critically depends on the proper
tuning of the process noise covariance (Q) and measurement noise covariance (R), where
Q captures the uncertainty due to imperfections in the system model, and R represents
the trustworthiness and precision of the sensor data. Poor tuning often produces drift,
bias, or divergence in SOC and SOH estimates for battery systems [3]. Although these
matrices represent physical attributes of the system dynamics and measurement devices,
accurately determining their values from theoretical models and instrument specifications
is challenging due to numerous influencing factors and system complexities. Therefore,
relying only on trial-and-error approaches lacks consistency and scalability. As a result,
automated methods for covariance optimization are essential to ensure robust performance
across various operational conditions.

In addition to influencing filter stability, the process and measurement covariance
matrices determine how uncertainty is represented and propagated within Kalman-filter-
based estimators. The evolving state and parameter covariance matrices quantify the
confidence bounds of the SOC and Cp estimates, providing a probabilistic measure of their
reliability. Under model mismatch conditions, such as a discrepancy between the assumed
battery model and the actual cell behavior, the process noise covariance Q serves as a
compensatory term that inflates the estimated uncertainty, thereby preventing the filter from
becoming overconfident in biased predictions. Similarly, the measurement noise covariance
R adjusts the reliance on sensor data relative to model predictions, ensuring an appropriate
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balance between the two sources of information. An increase in the posterior covariance
of either the state or parameter estimates reflects reduced estimator confidence due to
unmodeled dynamics or measurement inconsistencies. Through covariance optimization,
the estimators adapt this uncertainty representation to maintain robustness and consistent
estimation accuracy under varying operating and modeling conditions.

3.1.2. Optimization Problem Formulation

The covariance selection task was formulated as a constrained nonlinear minimiza-
tion problem.

min
x∈Rn

J(x), x = log10
(
vec{Qx, Rx, Qθ , Rθ}

)
. (38)

The cost function was designed in order to prioritize SOC accuracy before parameter
accuracy, preventing solutions that trade SOC errors for a large capacity gain.

J =
1
N

N

∑
k=1

(
RMSE

(
Ĉpk − Cp

)
+ 2 RMSE

(
ŜOCk − SOCk

))
. (39)

where Ĉp and ŜOC are the estimated total capacity and state of charge, respectively. Only
the diagonal elements of the covariance matrices were treated as tuning parameters, and
the off-diagonal elements were fixed to zero to reduce the parameter space.

The formulation of the optimization problem is influenced by the relatively large search
space for Q and R, which can span 12–14 orders of magnitude, from slow temperature
drift states to fast electrical states. Therefore, direct optimization in linear space results
in an ill-conditioned optimization space where a one-unit step in a large variance value
can overweight the changes in a smaller value and corrupt the gradient search. Taking the
base-10 logarithm converts multiplicative changes into additive ones, giving every order
of magnitude equal numerical weight. Log-space also smooths the objective surface by
reducing local traps and improving the conditioning of the finite-difference Jacobian used
by the interior-point solver.

3.1.3. Dataset and Disturbances

The training process was designed to capture a wide range of driving conditions
and initialization errors, ensuring the robust generalization of the estimator in real-world
scenarios. Two distinct drive cycles were utilized to reflect operational variability. The
first, the Urban Dynamometer Driving Schedule (UDDS, Figure 2a), models stop-and-go
urban traffic typical of light-duty vehicles and is characterized by frequent accelerations
and decelerations. The CLUST7 cycle (Figure 2b) was constructed from the ecoDrive
database [45], which recorded over 200,000 journeys from 1085 vehicles registered in
France, Spain, Germany, the United Kingdom, and Italy from the start of 2015 to the end of
March 2016. The cycle was obtained using a clustering algorithm [46] and is representative
of mixed urban/rural driving conditions.

To further improve the robustness of the estimator, initialization errors were intro-
duced in both the SOC and battery capacity estimates. The training dataset included
scenarios with initial SOC deviations of −40%, 0%, and 20% and initial capacity deviations
of −40%, 0%, and 40%, reflecting the real-world challenge where the true initial state is not
precisely known in online estimation tasks.

By performing optimization under dynamic variability and state uncertainty, the
training rewarded the extraction of covariance matrices that enabled consistent estimator
performance. This resulted in faster and more reliable convergence across a broader range
of initial conditions, minimizing bias accumulation and enhancing real-world applicability.
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Figure 2. The drive cycles that were employed: (a) The UDDS driving cycle. (b) The CLUST7 real
driving cycle.

3.1.4. Optimization Methodology

MATLAB’s fmincon (interior-point) solver was used, with gradients approximated by
central finite differences (StepTolerance = 10−12). Parallel evaluation via parfor reduced
wall-time sixfold on a six-core workstation. The dual filters were tuned with a two-stage
procedure, as detailed in Table 1.

Table 1. Two-stage covariance optimization strategy.

Stage Filters Decision Vector Description

1 EKF/UKF (Qx
1:3, Rx) Optimize the fast SOC estimator independently.

2 DEKF/DUKF (Qx
1:3, Rx, Qθ

1:2, Rθ)
Jointly optimize dual estimators, accounting for SOC–SOH
interaction.

Convergence was typically reached within 800 cost function evaluations. Represen-
tative optimal covariance values, obtained using both UDDS and CLUST7 driving cycles
under varying initial estimation errors, are reported in Table 2.

Table 2. Optimized covariances.

Filter Quantity Symbol Unit Value

EKF

SOC variance Qx
1 - 6.8 × 10−14

RC1 voltage variance Qx
2 V2 3.6 × 10−6

RC2 voltage variance Qx
3 V2 1.0 × 10−6

Voltage variance (state filter) Rx V2 1.1 × 10−3
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Table 2. Cont.

Filter Quantity Symbol Unit Value

UKF

SOC variance Qx
1 - 8.6 × 10−14

RC1 voltage variance Qx
2 V2 2.0 × 10−6

RC2 voltage variance Qx
3 V2 3.0 × 10−7

Voltage variance (state filter) Rx V2 4.7 × 10−4

DEKF

SOC variance Qx
1 - 1.0 × 10−8

RC1 voltage variance Qx
2 V2 6.1 × 10−6

RC2 voltage variance Qx
3 V2 6.1 × 10−6

Measurement variance Rx V2 2.3 × 10−4

Resistance variance Qθ
1 Ω2 3.9 × 10−6

Capacity variance Qθ
2 (Ah)2 7.5 × 10−11

Voltage variance (param. filter) Rθ V2 1.7 × 10−5

DUKF

SOC variance Qx
1 - 1.0 × 10−8

RC1 voltage variance Qx
2 V2 3.3 × 10−6

RC2 voltage variance Qx
3 V2 3.3 × 10−6

Measurement variance Rx V2 2.0 × 10−3

Resistance variance Qθ
1 Ω2 1.0 × 10−3

Capacity variance Qθ
2 (Ah)2 7.6 × 10−8

Voltage variance (param. filter) Rθ V2 1.0 × 10−1

The parameters are archived in a .mat file for subsequent software-in-the-loop validation.

3.2. Prediction Performance

In the following section, the optimized estimators are benchmarked based on their
estimation performance under varying initialization errors and the UDDS driving cycle.

EKF vs. UKF.

Under unbiased initialization (∆SOC0 = 0, ∆Cp,0 = 0; Figure 3), the EKF and UKF
tracked the true SOC closely. The steady–state errors fell in the 3% band over most of the
drive cycle. This confirmed that both filters were well tuned for nominal starts.

Figure 3. Comparison of EKF and UKF time series with initial SOC and capacity estimation error of 0%.
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Under biased initialization (Figure 4), the EKF and UKF did not resolve the large
capacity mismatch. The SOC estimates gradually diverged from the true value, and the
mean bias gradually increased. This can be attributed to the unmodeled capacity error
acting like an unobservable gain error. While the UKF showed slightly smoother transients,
no qualitative advantage was seen once the initial capacity estimate was wrong.

Figure 4. A comparison of EKF and UKF time series with an initial SOC estimation error of 20% and
an initial capacity estimation error of −40%.

DEKF vs. DUKF.

With ∆SOC0 = 0, ∆Cp,0 = 0 (Figures 5 and 6), both dual estimators tracked the SOC
changes smoothly and quickly converged for Cp and R0.

Figure 5. Comparison of DEKF and enhanced DUKF SOC time series with initial SOC and capacity
estimation error of 0%.
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Figure 6. Comparison of DEKF and enhanced DUKF capacity and resistance time series with initial
SOC and capacity estimation error of 0%.

With biased initialization (Figures 7 and 8), the key difference with respect to the
single-state filters was evident, as both the DEKF and DUKF actively corrected the wrong
capacity estimate. SOC transients were visible early in the cycle but quickly converged
and tracked the true value. The capacity estimate Ĉp moved toward the true value, and
R0 was tracked within a bounded range after a short settling phase. Between the two,
the DUKF exhibited a faster, smoother convergence of Ĉp and R0, at the cost of higher
computational load.

Figure 7. A comparison of DEKF and enhanced DUKF SOC time series with an initial SOC estimation
error of 20% and an initial capacity estimation error of −40%.
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Figure 8. A comparison of DEKF and enhanced DUKF capacity and resistance time series with an
initial SOC estimation error of 20% and an initial capacity estimation error of −40%.

3.3. RMSE Tables

The tables report the root-mean-square error (RMSE) for SOC capacity Cp across
three initial SOC estimation errors ∆SOC0 ∈ {−0.20, 0,+0.20} and three initial capacity
estimation errors ∆Cp,0 ∈ {−0.40, 0,+0.40}.

Single-state filters.

When the initial capacity estimate was correct (∆Cp,0 = 0), both the EKF and UKF
reached a low SOC RMSE (about 1.7–2.1%), with only minor differences between them. As
soon as the initial capacity was biased, the SOC RMSE increased significantly by roughly
31% for ∆Cp,0 = −0.40 and 20% for ∆Cp,0 = +0.40, while changing ∆SOC0 from −0.20 to
+0.20 only affected these numbers slightly.

For Cp, both the EKF and UKF did not correct the capacity bias, and the Cp RMSE was
essentially 0% when ∆Cp,0 = 0 and about 40% when |∆Cp,0| = 0.40, regardless of ∆SOC0.
In short, the EKF and UKF behaved very similarly under these conditions, and neither
reduced the estimation error of Cp. The SOC error RMSE for all tests on the single-state
filters is reported in Table 3.

Table 3. SOC RMSE (%) for EKF and UKF. Rows: initial capacity error ∆Cp,0; columns: initial SOC
error ∆SOC0.

SOC RMSE (%)

EKF UKF

∆Cp,0 −0.20 0.00 +0.20 −0.20 0.00 +0.20

−0.40 31.0840 31.1870 31.3740 31.2820 31.3550 31.5740
0.00 1.9036 1.6768 2.0528 1.8372 1.6852 2.1309
+0.40 19.7600 19.9480 20.2570 19.7270 19.8980 20.3850
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Dual-state filters.

Across all initialization scenarios, both dual estimators maintained a low SOC error.
The DEKF yielded an SOC RMSE in the range 1.8–3.8%, whereas the DUKF achieved a
narrower and lower range of 1.9–2.5% with reduced dependence on the initial offsets.

For capacity Cp, both dual estimators mitigated the impact of initial capacity estimation
error. When ∆Cp,0 = 0, the DEKF produced a Cp RMSE in the range of 6–17% (lowest at
∆SOC0 = 0), while that of the DUKF was lower at 4–10%. Under large initial capacity
errors, ∆Cp,0 = ±0.40, the DEKF reduced the capacity RMSE to approximately 14–24%,
and that of the DUKF remained lower at approximately 13–18%.

Overall, the DUKF achieved a lower RMSE in nearly all cases—both for the SOC and
Cp—and showed greater consistency across initial offsets, whereas the DEKF exhibited
higher sensitivity.

In addition to the SOC and capacity, both dual filters accurately tracked ohmic re-
sistance R0. Across all initialization scenarios, the average R0 RMSE remained below 5%
for both the DEKF and DUKF, with the latter showing smoother convergence and lower
steady-state bias. The SOC and capacity error RMSE for all tests on the dual filters is
reported in Table 4.

Table 4. The DEKF and DUKF RMSE (%). Rows are the initial capacity error; columns are the initial
SOC error. Top: SOC RMSE. Bottom: Cp RMSE.

SOC RMSE (%)

DEKF DUKF

∆Cp,0 −0.20 0.00 +0.20 −0.20 0.00 +0.20

−0.40 2.0410 1.8105 3.7857 1.9694 1.9184 2.2494
0.00 2.6388 2.1790 3.1055 2.0818 1.9689 2.2107
+0.40 3.2620 2.8447 3.0623 2.4441 2.2984 2.4511

Cp RMSE (%)

DEKF DUKF

∆Cp,0 −0.20 0.00 +0.20 −0.20 0.00 +0.20

−0.40 13.8910 19.9290 23.6310 12.8780 14.9000 17.6660
0.00 7.1080 6.3414 17.1010 4.2895 5.4480 9.5866
+0.40 24.3620 14.7730 14.7900 16.7670 12.9900 8.5820

As reported in Table 5, the UKF-based variants result in roughly 4.9 times higher
computation cost per step compared to the EKF-based variants. This is due to sigma-point
propagation, with the DUKF in particular being the most computationally demanding,
consistent with its stronger precision and robustness reported above. Given a typical
sampling period of 100 ms in production battery management systems, all filters, including
the DUKF, operate comfortably within real-time constraints.

Table 5. Average per step execution time across all cycles and initialization scenarios. Values
are computed as total runtime divided by number of time steps in each cycle and then averaged
over cycles.

EKF UKF DEKF DUKF

Average per step time (µs) 6.8954 33.4990 8.5758 42.7640

In conclusion, the EKF and UKF estimators were accurate and efficient when the total
capacity estimate was initialized close to the truth, as SOC accuracy degraded severely in



Batteries 2025, 11, 410 20 of 27

the presence of large errors. On the other hand, the DEKF and DUKF estimators maintained
a low SOC and Cp RMSE by actively correcting Cp. The DUKF provided the best overall
accuracy and convergence smoothness among the tested filters, at the cost of a higher
computational load.

3.4. Enhancements to the Prediction Methodology

Two distinct challenges had to be addressed to develop a dual unscented estimation
framework that was both numerically stable during operation and optimization and capable
of tracking gradual battery aging:

1. The risk of losing the positive definiteness of the UKF estimation covariance.
2. The inherently weak sensitivity of the measured terminal voltage to total capacity Cp.

The measures introduced to address each issue are summarized below.

3.4.1. Robust Sigma-Point Generation in the UKF

When the state estimation covariance Pk|k−1 grew large, the Cholesky factorization,
which was used to generate sigma-points, occasionally failed, producing NaN values and
halting the filter estimation. This was attributed to two main reasons. First, large a priori
covariance can push some sigma-points outside the physically admissible domain, such
as forcing SOC beyond the [0, 1] interval or making Rohm negative, thereby invalidating
later model evaluations. Second, the Cholesky factorization is numerically fragile, and
with a covariance Pk|k−1 that is only positive semi-definite, even minor round-off errors
can violate the strict definiteness required by Cholesky, causing the decomposition and the
filter to abort.

Two complementary modifications were introduced to guarantee stable sigma-point
generation. The first was a physics-based clipping strategy: whenever the raw sigma-points
were derived, any component that lay outside its physically admissible range was projected
back onto that range, for example,

SOC(i) = min
(
1, max(0, SOC(i))

)
, R(i)

ohm, C(i)
dl > 0.

By preventing the filter from propagating impossible battery states, the procedure
kept the a priori covariance Pk|k−1 well-conditioned and reduced the likelihood of failure of
the subsequent square-root factorization. The second modification replaced the Cholesky
factorization with a singular-value decomposition, P = UΣU⊤, and employed S = UΣ1/2

as the square root, as the SVD remained valid even when Pk|k−1 was merely positive
semi-definite.

3.4.2. Enhancing Capacity Observability

The terminal voltage depends on capacity Cp only indirectly through the SOC based
on the measurement equation (Equation (2)):

yk = UOCV(SOCk)− URC1,k − URC2,k − R0ik

To quantify how weak this dependency is, the dimensionless relative sensitivity is
defined as

S
Cp
yk =

Cp

yk

dyk
dCp

(40)
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Because the ohmic and RC voltage terms are independent of Cp, only the OCV
term contributes:

d UOCV(SOCk)

dCp
=

∂ UOCV(SOCk)

∂SOCk

dSOCk
dCp

, (41)

dSOCk
dCp

=
dSOCk−1

dCp
+

ηk−1 ik−1 ∆t
Cp

2 . (42)

Equation (42) reveals that the incremental contribution to dSOCk/dCp is quadratic in
the inverse of capacity. Substituting (41) and (42) into (40) therefore yields

S
Cp
yk ∝

1
Cp

∂ UOCV(SOCk)

∂SOCk︸ ︷︷ ︸
dominant term

+ O
(
Cp

−2).

Because ∂ UOCV(SOC)
∂SOC is typically small (except for very high and low SOC), voltage-

based SOH observability degrades under low-current or mild cycles, as sensitivity might
become smaller than the sensor noise. In such regimes, the dual filters prioritize SOC
accuracy, while SOH updates proceed slowly; convergence accelerates once segments with
larger SOC swings appear. This is a fundamental limitation of voltage-only estimators.
Consequently, voltage measurements only cannot reliably discriminate an error in Cp

during normal driving unless exceptionally large SOC swings are observed.
To mitigate the poor observability of capacity Cp while preserving real-time execution,

synthetic SOC–capacity coupling was implemented. This relationship is motivated by
the inherent correlation between changes in the estimated total capacity and variations
in the SOC, where an increase in capacity results in a smaller SOC drop per time step, as
indicated by Equation (2). Before each UKF measurement update, the change in capacity
in each parameter sigma-point χ

(i)
θ was mapped onto an adjusted state of charge, which

was utilized to estimate the OCV in the measurement function, thereby amplifying the
influence of Cp on the predicted terminal voltage. Since the SOC–capacity correlation is not
direct, a smoothing factor α was introduced to adjust the strength of this coupling.

SOC(i,θ) = SOCk+1
χ
(i)
θ + αĈpk

(1 + α)Ĉpk

This formulation yields

∂ OCV
(

SOC(i,θ)
)

∂χ
(i)
θ

∝
1

1 + α

SOCk+1

Ĉp,k
, (43)

indicating that the observability gain for Cp decreases with increasing α. A parametric
analysis across standard drive cycles under different initial estimation errors was performed,
and it was confirmed that α = 0 resulted in the lowest average estimation error for both
capacity and SOC without significantly compromising numerical stability. The results are
summarized in Table 6.
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Table 6. The effect of the smoothing factor α on the average RMSE of SOC and capacity estimates in
the DUKF.

α = 0 α = 10 α = 20 α = 40 α = 80

DUKF SOC RMSE (%) 2.1769 2.4443 2.4588 2.4799 2.6154
DUKF Cp RMSE (%) 11.456 12.365 12.736 13.151 14.039

The synthetic SOC–capacity coupling offered two principal advantages: it enhanced
measurement sensitivity to capacity variations and was simple and lightweight to imple-
ment in existing code. However, several drawbacks remained. Firstly, estimation was
still ineffective when the voltage measurement error became small. Secondly, because the
coupling was artificial, it did not follow a physics-based model fully and could introduce
modeling inconsistencies. Thirdly, the added gain could trigger overshoot or even instabil-
ity in the capacity estimate if not tuned correctly. Finally, the fundamental SOC–capacity
coupling problem remained, as the accurate estimation of the states could compromise the
performance of the parameter estimator.

To assess the contribution of the proposed enhancement, the two representative
scenarios utilized in the previous section were used for benchmarking the effect of disabling
the enhancement for the DUKF while keeping the rest of the setup unchanged. The zero-
bias case with ∆SOC0 = 0 and ∆Cp,0 = 0 (Figures 9 and 10) and the biased case with
∆SOC0 = +0.20 and ∆Cp,0 = −0.40 (Figures 11 and 12) were analyzed.

Figure 9. Comparison of DEKF and standard DUKF SOC time series with initial SOC and capacity
estimation error of 0%.
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Figure 10. Comparison of DEKF and standard DUKF capacity and resistance time series with initial
SOC and capacity estimation error of 0%.

Figure 11. Comparison of DEKF and standard DUKF SOC time series with initial SOC estimation
error of 20% and initial capacity estimation error of −40%.
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Figure 12. Comparison of DEKF and standard DUKF capacity and resistance time series with initial
SOC estimation error of 20% and initial capacity estimation error of −40%.

Zero-Bias Case

Without enhancement, the DUKF showed a longer SOC transient compared to the
enhanced version. The capacity estimate Cp converged slowly and retained a small steady
error. The R0 trajectory was also less stable, with larger variations before settling.

Biased Initial Conditions

With ∆SOC0 = +0.20 and ∆Cp,0 = −0.40, the DUKF without enhancement performed
poorly, as the capacity estimate Cp updated very slowly and remained far from the true
value over most of the cycle. The R0 estimate was also inaccurate and highly variable,
showing large swings. As a result, the SOC error continued to increase, primarily due
to the persistent capacity bias. Overall, the non-enhanced DUKF performed significantly
worse compared to the DEKF reference, whereas the enhanced DUKF handled the same
offsets more effectively.

In conclusion, disabling enhancement consistently degraded DUKF performance by
resulting in slower convergence and larger steady-state errors in both Cp and R0 estimates.
This confirmed that the enhancement was the main driver of the robustness observed in
the time series comparisons and the RMSE tables of the DUKF estimator.

Finally, we note that this study was conducted at the cell level, which provides a
controlled framework to evaluate estimator behavior without the confounding effects of
thermal gradients or inter-cell imbalance. The proposed dual-filter framework establishes
a solid foundation for future extensions toward pack-level implementations, where addi-
tional aspects such as temperature coupling, balancing strategies, and contact resistances
can be systematically integrated and assessed.

4. Conclusions
This study compared the performance of single-state and dual-state Kalman filters for

joint SOC and SOH estimation with covariances tuned by a structured, log-space, offline
optimization. The results demonstrate the following findings.
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Firstly, single-state filters provide accurate SOC estimation when the initial capacity
estimate is correct, but they exhibit large SOC errors when the capacity is biased, since
capacity acts as an unobservable gain (Table 3).

Dual filters effectively address this issue by adapting capacity online, which resulted in
a sustained SOC RMSE near 2% across a wide range of initializations and reducing capacity
estimation errors (Table 4). This is consistent with the findings in the prior literature on
the sensitivity of SOC observers to capacity drift and on the benefits of dual estimation for
aging compensation [3].

Among the investigated dual approaches, the DUKF achieved better SOC and capacity
estimation compared to the DEKF (Figures 5–7). This improvement can be attributable to
a better handling of model nonlinearities. Two implementation choices were essential in
realizing this advantage. The first was numerically robust sigma-point generation combined
with the physics-aware clipping of states and parameters to admissible domains with an
SVD-based square-root factorization of the covariance. This prevented the loss of positive
definiteness and avoided UKF breakdowns during aggressive adaptation and covariance
optimization. Second, lightweight synthetic SOC–capacity coupling was introduced, which
increased the effective measurement sensitivity to capacity, accelerating convergence and
stabilizing. It was observed that disabling this coupling led to slower convergence and
reduced DUKF performance under both unbiased and biased initializations (Figures 5–12).

It is important to note that optimizing the covariance parameters improved estimation
performance across various driving cycles and initialization errors (Tables 1 and 2). Notably,
the DUKF performed better with a comparatively larger Qθ and Rθ, which regularized the
stronger nonlinearity captured by sigma-points, which was observed in the smooth param-
eter trajectories. However, this came at the expense of computational cost, as sigma-point
propagation and SVD updates increased the runtime relative to the DEKF by 490%, which
could prove problematic for embedded battery management systems with tight CPU budgets.

This study considered two drive cycles and a lumped single-cell model without explicit
hysteresis or temperature dependency; pack-level phenomena (cell imbalance, contact
resistances) were omitted, only diagonal Q/R covariances were tuned, and the evaluation
was based on simulations. To build on the findings, future work could (1) increase battery–
model fidelity by introducing hysteresis and temperature effects; (2) implement adaptive Q
and R updates during the estimation process; (3) introduce measurement noise into the
estimation process; (4) integrate a machine learning model to enhance capacity–voltage
sensitivity and benchmark it against synthetic coupling; and (5) validate the results in
experimental settings.
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