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Abstract

High-precision state of charge (SOC) estimation is essential for reliable supercapacitor (SC)
energy storage systems. However, irregular noise and sensor biases can degrade estimation
accuracy. To address these issues, an estimated-value correction (EVC) strategy integrat-
ing forgetting factor recursive least squares (FFRLS) and Sage-Husa adaptive extended
Kalman filtering (SHEKF) is developed. FFRLS enables online parameter identification,
while the Sage-Husa mechanism improves noise adaptability. An ampere-hour integration
(AHI)-assisted correction mechanism with open-circuit voltage (OCV) slope-dependent
gain modulation is introduced to mitigate sensor-bias-induced estimation deviations. Exper-
iments under dynamic stress test (DST) and urban dynamometer driving schedule (UDDS)
conditions demonstrate that EVC-SHEKF achieves root mean square errors (RMSEs) of
1.096% and 1.113%, respectively, under coupled voltage and current sensor biases, outper-
forming the investigated filtering and bias-compensation methods. Parameter sensitivity
analysis supports the selected correction gain, while temperature experiments from 10
°C to 40 °C yield RMSEs between 1.09% and 1.14%. These results demonstrate the effec-
tiveness and robustness of the proposed framework under the investigated measurement
uncertainties and operating conditions.

Keywords: supercapacitor; state estimation; sensor error; estimated value correction;
Kalman filter

1. Introduction

Supercapacitors (SCs), characterized by rapid power delivery, strong temperature
adaptability, and excellent durability, have been extensively applied across various applica-
tions including electric vehicles, renewable energy systems, and rail transit [1]. To satisfy
high-power requirements, SC cells are commonly assembled in series—parallel configura-
tions to construct energy storage systems [1,2]. In these systems, the SC management system
(SCMS) is used for managing the status of SCs, ensuring system safety and reliability [2].
State of charge (SOC) is a key indicator for the SCMS, which is fundamental to indicating the
remaining usable energy and optimizing control strategies. Therefore, high-precision SOC
estimation plays an important role in maintaining reliable system operation and enhancing
the energy utilization performance of energy storage systems [3].

At present, SOC estimation methods for SCs can be classified into model-free and
model-based categories [2,3]. The former mainly consist of direct calculation and data-
driven techniques. Direct calculation methods primarily include ampere-hour integration
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(AHI) and the open-circuit voltage (OCV) method, both of which are typically open-loop
estimation approaches. AHI estimates SOC by integrating the measured current over time,
but its open-loop nature makes it susceptible to accumulated errors caused by current
measurement bias and inaccurate initial SOC. The OCV method estimates SOC based
on a predefined OCV-SOC relationship. However, under dynamic operating conditions,
terminal voltage is affected by ohmic voltage drops and polarization effects, making accurate
OCV determination difficult without sufficient relaxation [4]. Consequently, both methods
exhibit poor robustness as they lack a feedback mechanism to suppress errors. In contrast,
data-driven methods, such as support vector machines and PSO-CatBoost, estimate SOC
by learning relationships from historical operating data [5-7]. However, their estimation
accuracy may depend on the representativeness of the training data, particularly when
operating conditions differ from those encountered during training [7]. Model-based
approaches include Luenberger observers, sliding-mode observers, adaptive Luenberger
observers, and Kalman-filter-based estimators [8-11]. Among these methods, KF and its
variants have been extensively studied [11]. Conventional Kalman filtering assumes a linear
system model, and its estimation performance may deteriorate when nonlinear system
dynamics are not adequately represented. Furthermore, estimation accuracy is influenced
by model uncertainties, noise characteristics, and measurement errors. To address these
limitations, various improved Kalman-filter-based methods have been developed [11].

To improve SOC estimation accuracy under nonlinear operating conditions, various
Kalman-filter-based methods have been investigated. For example, adaptive state estimation
and improved unscented Kalman filtering (UKF) approaches have been developed to
enhance estimation performance under different operating conditions [12-14]. However,
the effectiveness of these methods depends on the accuracy of the system model and
the assumed noise characteristics. To address uncertainties in noise statistics, researchers
have developed adaptive filtering strategies, including the Sage-Husa adaptive extended
Kalman filter (EKF) [15], window-varying adaptive EKF approaches [16,17], and other
EKF- and adaptive UKF-based estimation frameworks [18,19]. These studies demonstrate
the potential of adaptive filtering to improve estimation accuracy under uncertain or time-
varying noise conditions.

In addition to noise uncertainty, measurement abnormalities and model mismatch can
also degrade SOC estimation performance. Liu et al. [20] combined a cubature Kalman
filter with least-squares estimation and gradient correction, while Li et al. [21] investigated
robust SOC estimation under randomly missing current measurements. Tong et al. [22]
further considered measurement loss and inaccurate noise covariance matrices. Moreover,
the electrical parameters of energy storage devices may vary with temperature, aging,
and operating conditions, making online parameter identification important for accurate
model-based estimation. To address this issue, Sun et al. [23] developed an adaptive
forgetting factor recursive least-squares (FFRLS) method for equivalent-circuit parameter
identification. Subsequently, FFRLS-based identification was integrated with Kalman-filter-
based SOC estimation frameworks, including improved FFRLS combined with an interacting
multiple-model UKF [24] and FFRLS combined with EKF [25]. These approaches provide
useful methods for reducing the influence of parameter uncertainties and model mismatch
on SOC estimation.

In practical applications, voltage and current measurements are inevitably affected by
sensor noise, systematic biases, and other measurement uncertainties. Unlike zero-mean
random noise, persistent sensor biases may introduce systematic deviations into the SOC
estimation process. The effects of sensor bias and measurement variance on Kalman-filter-
based SOC estimation have been theoretically investigated [26]. These findings indicate
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that adjusting filter parameters or noise covariance matrices alone may be insufficient to
eliminate persistent estimation deviations caused by biased measurements.

To address sensor-related estimation errors, various observer-based and compensation
strategies have been developed. For example, a switching observer was designed for SOC
estimation in reconfigurable supercapacitor systems [27], while a current-bias compensa-
tion method incorporating a proportional-integral observer structure was investigated for
lithium-ion battery SOC estimation [28]. Kadem and Kim [29] developed a noisy-input
Kalman filtering (NiKF) approach to mitigate SOC estimation errors associated with current
measurement uncertainty. Furthermore, Wang et al. [30] proposed an estimated-value com-
pensation method for lithium-ion batteries by incorporating an ampere-hour integration
(AHI)-based auxiliary reference and open-circuit voltage (OCV)-related correction infor-
mation. More recently, Wang et al. [31] developed a bias-free Kalman filtering framework
combined with an uncertain bias estimator (UBE) for supercapacitor SOC estimation under
uncertain measurement biases.

These studies demonstrate that sensor-induced estimation errors can be addressed
through different mechanisms, including observer design, explicit bias estimation, and
auxiliary-reference-based correction. Building on this research, the present study inves-
tigates the integration of AHI-assisted estimated-value correction with online parameter
identification and Sage-Husa adaptive noise estimation for supercapacitors under coupled
voltage and current measurement biases. Rather than explicitly augmenting the state vec-
tor with additional sensor-bias estimation states, the proposed EVC mechanism uses the
discrepancy between the filtering estimate and an AHI-based auxiliary reference to correct
persistent SOC estimation deviations, with the correction strength further modulated by
the local OCV-5S0C slope.

Despite these advancements, accurate SOC estimation remains challenging when
time-varying noise characteristics and persistent sensor biases coexist. Existing methods
address different sources of estimation uncertainty through adaptive filtering, observer
design, explicit bias estimation, or auxiliary-reference-based correction. However, improve-
ments in noise covariance estimation or model parameter identification do not necessarily
eliminate systematic SOC deviations caused by biased measurements. Furthermore, al-
though AHI-assisted compensation and explicit bias estimation have been investigated in
previous studies, their integration with adaptive noise estimation for supercapacitor SOC
tracking under coupled voltage and current measurement biases requires further evaluation.
This motivates the development and experimental investigation of a correction framework
that combines adaptive filtering with an AHI-based discrepancy signal and OCV-5OC
slope-dependent gain modulation, without explicitly introducing additional sensor-bias
estimation states.

To address these issues, this study develops an SOC estimation framework integrating
forgetting factor recursive least squares (FFRLS), Sage-Husa adaptive extended Kalman
filtering (SHEKF), and an estimated-value correction (EVC) strategy. The FFRLS algo-
rithm is employed for online parameter identification, while the Sage-Husa mechanism is
incorporated to improve filtering performance under irregular noise. Based on the analy-
sis of sensor-induced SOC estimation errors, an AHI-assisted correction mechanism with
OCV-5S0C slope-dependent gain modulation is introduced to mitigate persistent estimation
deviations. The proposed framework is further evaluated under different sensor-bias con-
ditions, correction gains, temperatures, and dynamic operating cycles, with comparisons
against existing estimation and bias-compensation methods.

The main contributions of this study are summarized as follows:

(1) The effects of voltage and current measurement biases on SOC estimation are analyzed
based on the error propagation characteristics of the Kalman filtering framework. The
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(2)

3)

(4)

relationship between the voltage-bias-induced estimation error and the local OCV-
SOC slope is further investigated, providing a theoretical basis for the slope-dependent
modulation of the correction gain.

An AHl-assisted estimated-value correction strategy is developed for SC SOC estima-
tion under coupled measurement biases. By incorporating the discrepancy between
the filtering estimate and the AHI-based auxiliary reference, the strategy mitigates
persistent estimation deviations without explicitly estimating additional sensor-bias
states. The correction gain is further modulated according to the local OCV-SOC slope.
The EVC strategy is integrated with FFRLS-based online parameter identification and
Sage-Husa adaptive noise estimation to improve SOC estimation performance under
parameter uncertainties, irregular noise, and persistent measurement biases. The
influence of the nominal correction gain is further investigated through a sensitivity
analysis to support its parameter selection.

Experimental validation is performed under the DST and UDDS conditions, multiple
sensor-bias levels, and different temperatures. The proposed method is also compared
with existing Kalman-filter-based estimators and representative bias-compensation
methods, including UBE and NiKF, demonstrating its competitive estimation accuracy
under the investigated operating conditions.

The structure of this paper is organized as follows: Section 2 describes the SC models

and analyzes the impact of sensor errors and noise on SOC estimation. Section 3 presents

the working principle of the developed method. Section 4 presents the platform setup and

testing procedures. Section 5 performs the verification and analyzes the results. Section 6

summarizes conclusions.

2. SC Modeling and Error Analysis
2.1. Equivalent Circuit Model of the SC

SCs exhibit internal phenomena such as polarization and relaxation effects. To describe

their dynamic electrical characteristics, equivalent circuit models (ECMs) are commonly

employed. Different ECM structures have been investigated to balance model fidelity
and computational complexity [32]. In this study, a second-order RC ECM is adopted to
represent the terminal voltage dynamics of the SC, as illustrated in Figure 1.

Ri R>
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Uk

Figure 1. Second-order RC equivalent circuit model of the SC.

Here, Upc denotes the OCV; U, is the terminal voltage; C,, denotes the equivalent

capacitance; R, represents the equivalent series resistance; R;, C; and R,, C, represent the
resistance and capacitance of the two RC branches; and I, denotes the discharge current.
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Based on Kirchhoff’s laws, the voltage relationship of the ECM is given by:

U =U, — iRy — Uy — Uy

U, = -ty e 1
1= 7"CRrR, " C : (1)
U, = -2 4 &
27 TGR, " G,

SOC is defined as the ratio of the remaining available capacity to the total capacity.
Based on the AHI method, SOC can be calculated by integrating the current over time, and
its expression is given by:

SOC(t) = SOC(ty) — j: Wg;)dr, )

where 7 represents the Coulombic efficiency, typically set to 1; Cy denotes the rated capacity.
By combining the voltage—current relationship of the ECM with the definition of SOC,
the state-space equations can be expressed as:

{xk+1 = f (X, wi) + Wy (3)
Yie = 8 (X, ) + Uy
1T
soc,] |1 & 0 Irsoc,_, o
Ullk =10 ef©9 OA Ul,k—l + Rl(l — em) Ik—l + Wy, (4)
—At —At

uZ,k 0 0 e R uz,kfl Ry (1 —eR%2)

Upp = Uoer — U g — Upp — iRox + 0, (5)

where SOC; represents SOC at time step k; U, , represents the OCV at time step k; w; and
vy, respectively represent process and observation noise.
OCV can be expressed as a polynomial function of SOC:

U,.(SOC) = Ay + A,;SOC + A,SOC?+...+A,50C". (6)

2.2. Analysis of SOC Estimation Errors

Under real conditions, the measurement value contains ideal value and error:

U, =U,,+AU
{ k tk (7)

Ik = Ireal,k + Al ’

where U and I; denote the measured terminal voltage and current, respectively; U, , and
L e  denote their corresponding true values; and AU and Al represent the voltage and
current sensor biases.

To facilitate subsequent analysis, the OCV-SOC relationship is locally linearized:

U,.(SOC) ~ a; - SOC + b, (8)

where a; = gég’é denotes the local slope of the OCV-SOC curve evaluated at SOC;.

The output equation that contains measurement errors can be expressed as follows:

Uk = akSOCk + bk — ROIreal,k — Ul,k — Uzlk + AU + Ok (9)

Since the proposed framework employs the EKF and its adaptive variants, the following
analysis of SOC estimation error propagation is based on the general EKF prediction and
measurement-update structure [33]. The SOC update equation is derived from the first
component of the EKF state-update equation:

SOC, = SOC; + Ksoc (U — Uy), (10)
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where Kgoc ; denotes the SOC-related element of the Kalman gain vector, i.e., the first
element corresponding to the SOC state, and SOC; indicates the a priori predicted value
of SOC.

The a priori SOC prediction is given by:

_ _ T
SOC; = SOCy_; — ilk. (11)

The corresponding a priori voltage prediction is:
U; = a,SOC; + by — Ryl — Uy . — Uy . (12)
The SOC estimation error is:
e, = SOC; — SOCy, (13)

where SOC; denotes the reference SOC and SOC,, denotes the posterior SOC estimate.

For analytical simplicity, the direct contribution of current sensor bias to the voltage
innovation through the ohmic resistance is neglected, while its accumulated effect through
SOC prediction is retained. Combining Equations (10)—(13), it can be derived that:

€ = (1 - akKSOC,k)ek—l + (1 - akKSOC,k)wk—l — Ksocxk — Ksoc AU

T, (14)
+ (1 — akKSOC,k) aAI

The expectation of the estimation error can be expressed in the following recursive form:

E[ek] = El,k + EZ,k + E3,k + E4,k + ES,k! (15)
where .
Ep= (]’L:la - al-KSOC,i))E[e(O)], (16)
K K
Eyp = Zi:l[n}':i(l - ajKSOC,j)]E[wi—l]/ (17)
k k
Eyp = _Zizl[n/’:i+l(1 - ajKSOC,j)]KSOC,iE[vi]r (18)
k k
Eyp = —Zizl[n].:m(l - a]‘KSOC,j)]KSOC,[Aur (19)
k k T
Esy = Zizl[ﬂj:ia - ajKSOC,/)]aAI. (20)

where E; ; denotes the initial estimation error; E, ; and E; ; denote the cumulative impact of
process and measurement noise, respectively; E, , and E5 ; denote the steady-state deviations
induced by the voltage and current measurement bias.

When the system satisfies the stability condition, |1 — 2;Ksoc ;| < p < 1, the contribution
of the initial estimation error asymptotically vanishes:

limEq ;= 0. (21)

Under the standard zero-mean noise assumption, E[w;_; ] = 0 and E[v;] = 0. Therefore,
within the adopted local linearized error model, the process and measurement noise do not
introduce systematic bias into the mean SOC estimation error:

E)k =0, (22)

Eyr=0. (23)

In practical applications, sensors may encounter irregular noise with a non-zero mean.
In such cases, E[w;_; | and E[v;] may no longer be zero, and the corresponding terms in
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Equations (17) and (18) can introduce persistent bias into the mean estimation error. To
suppress the effects of irregular noise, it is necessary to employ adaptive algorithms or
noise-correlation compensation methods.

While the effects of irregular noise can be mitigated by adaptive methods, steady-state
deviations caused by the sensor biases cannot be eliminated by the algorithm itself and
require the adoption of auxiliary methods to suppress their impact. For the following
steady-state analysis, a local SOC interval is considered in which the OCV-SOC slope varies
slowly and can be approximated as a constant. After filter convergence, the SOC-related
Kalman gain is also assumed to approach a constant value. Therefore, Ksoc ; = Ksoc, 4; = a.
The steady-state deviations are given by:

k k k-1 1-(1-akK )k
Zi:l[nszl(l - aKsoc)]Ksoc = KSOCZmZO(l — aKsoc)" = 1 2007, (24)
[1- (1 - aKso0) AU
Eyp=— - : (25)
1— (1 —aKso)*](1 = aKsocy) T
Egp = [ ( soc) ]( sock) SAL (26)
aKsocCn

As shown in the derived formulas, the steady-state SOC error induced by voltage bias
is inversely proportional to a. As indicated by Equations (25) and (26), the voltage-bias-
induced error is directly related to the inverse of the local OCV-SOC slope, whereas the
contribution of current bias additionally depends on the sampling interval, nominal capacity,
and Kalman gain. Therefore, the relative influence of the two sensor biases depends on
the specific operating conditions and system parameters. Under the bias amplitudes and
test duration considered in this study, the voltage-bias-induced error is more pronounced,
as will be further verified experimentally. Therefore, the subsequent discussion focuses
primarily on suppressing the steady-state deviation caused by voltage measurement bias.

Similarly, when the stability condition, |1 — aKsoc| < 1, is satisfied and the time horizon
is sufficiently long, the geometric term vanishes, the steady-state mean estimation error is
obtained as:

AU (1—aKsoc )T AU

Ele(0)] = Eyj + Es5 = [_T + (27)

aKSOCCN a

Ele(ool = o (28)

Theoretical analysis indicates that sensor-induced errors lead to inherent steady-state

bias in SOC estimation, which cannot be eliminated solely through parameter optimization,
such as tuning the Kalman gain. Furthermore, qualitative analysis reveals that voltage errors
exert a more significant impact on estimation accuracy than current errors. Specifically,
under voltage-bias-dominant conditions, the magnitude of the steady-state SOC estimation

error is inversely related to the magnitude of the local OCV-SOC slope.

3. State Estimation Algorithm

To improve the accuracy of SOC estimation, the Sage-Husa noise adaptive mechanism is
first integrated into EKF, so that irregular noise can be suppressed. Secondly, by introducing
an AHI reference correction mechanism based on voltage slope weighting, it fundamentally
compensates for the inherent deviation caused by sensor errors. The flowchart of the SOC
estimation algorithm proposed in this paper is shown in Figure 2.
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Figure 2. Flowchart of SOC estimation algorithm.

3.1. FFRLS-EKF Algorithm
3.1.1. Parameter Identification Using FFRLS

To account for variations in the electrical parameters of the SC model, an online pa-
rameter identification method based on forgetting factor recursive least squares (FFRLS) is
employed. By introducing a forgetting factor, FFRLS reduces the influence of older observa-
tions and assigns greater relative weight to recent measurements, thereby improving its
ability to track parameter variations. Related studies have investigated adaptive forgetting
factor recursive least squares for equivalent circuit parameter identification [23] and its
integration with Kalman-filter-based SOC estimation methods [24,25]. In this study, the
forgetting factor is set to 0.99, and the recursive identification procedure is implemented
as follows:

1. Gain vector calculation

PO,kflhk
Kok = TPy’ )
+ I Py g_1hy

where Kj , denotes the least-squares gain corresponding to the k-th data sample; A is the
forgetting factor, typically chosen within the range of [0.95, 1], and a final value of 0.99 is
selected in this study; P, \ is the associated error covariance matrix; and h; represents the
observation data vector.

2. Output error computation

Ok = Yor — M 6r1, (30)

where y, ;. denotes the system output, corresponding to the voltage and current of the SC
ECM,; §, represents the output error; 6,_; denotes the parameter vector.
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3. Parameter update
O = Ox_1 + Ko k0t (31)
4. Covariance matrix update
1 T
Py = X(Pe,k—l — Ko Poi_1), (32)

3.1.2. EKF-Based State Estimation

Kalman-filter-based approaches have also been investigated for SC SOC estimation [34].
In this study, the EKF is employed to account for the nonlinear relationship between OCV
and SOC, and its recursive estimation procedure is summarized below.

F)
Fk - a_j; X, u
og kv k/ (33)
Hi = 5|
Xy, Ug
Time update
1. A Priori state estimate:
X =f(Re1, wa), (34)
2. A Priori covariance:
Pe =Fe 1Py 1 Fl_ 4+ Q1. (35)
Measurement update
1. Kalman gain:
_ _ -1
K¢ = PeHY (HPcHE + R, (36)
2. Posteriori state:
% = & + Ke(ze — Hidp), (37)
3. DPosteriori covariance:
Py = (I - KeHg)Py, (38)

where %_ and P;; represent the prior state estimate and the corresponding covariance, ¥
and P; denote the posterior estimates, and Q; and R, denote the covariance of the process
noise and that of the measurement noise, respectively. z, denotes the sampled voltage.

3.2. Sage—Husa Noise Adaptive Mechanism

To enhance robustness under non-Gaussian and irregular noise conditions, SHEKF is
incorporated to adaptively improve the noise adaptability of the algorithm. The Sage-Husa
method dynamically estimates the characteristics of noise, thereby optimizing the noise
model and enhancing estimation accuracy for systems with unknown or time-varying noise
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characteristics. The Sage-Husa formulation yields the following equations for updating
noise parameters:
Qe = -1 + (L = )&
Qr = cQy1 + (1 — o) (&gy)
Te =Clp_q + (1- C)i;k
~ ~T
Ry =cR_ 1+ (1 - c)(vkvk)

, (39)

where c is the forgetting factor, which controls the weighting of new data. A larger value of
c assigns greater weight to previous estimates, resulting in smoother but slower adaptation,
whereas a smaller value increases the contribution of recent observations and enables faster
adaptation to changing noise characteristics. In this study, c is selected within the range of
0.95-0.99. ¢ denotes the innovation sequence, and g and r represent the estimated means of
process and measurement noise, respectively.

3.3. Estimated Value Correction (EVC) Based on OCV-SOC Slope

While adaptive filtering methods can mitigate the impact of irregular noise to some
extent, it remains inherently limited. Specifically, state estimation based on the EKF is highly
reliant on voltage measurements. Based on the aforementioned analysis, any constant sensor
bias or voltage measurement error will lead to persistent estimation biases that the algorithm
cannot eliminate on its own.

Therefore, an estimated value correction strategy is proposed by utilizing the AHI
method as an online reference. The core of this strategy lies in the complementarity of
the two methods: the filters are excellent at tracking dynamic system changes but highly
sensitive to voltage measurement bias; the AHI method provides a smooth SOC trend
because it is entirely independent of voltage measurements. By initializing both the filter
and AHI with the same accurate SOC, derived from OCV-based estimation or recorded data,
the AHI result can be used as an auxiliary variable to indirectly reconstruct the reference
needed by filter.

Figure 3 presents the procedure used to obtain the correction values.

0.4

—— Reference
Ah-Error

0.3 — Filter

00005000

6000 7000 8000
Time/s

Figure 3. Construction of the EVC discrepancy signal.
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Figure 3 schematically illustrates the relationship among the reference SOC, the AHI
estimate, and the filter estimate; it is used to explain the construction of the correction
discrepancy rather than represent a specific experimental trajectory.

Since the true SOC is unavailable during online estimation, the filter error cannot be
obtained directly from an exact reference. Therefore, the reference required for filter error
estimation is constructed indirectly with the aid of the AHI result. The core idea is to use
the available filter estimate and AHI result to indirectly infer the filter error. The difference
between the filter estimate and the AHI result at each time step k is:

Ay = SOCrierx — SOCap ks (40)

where SOCy),  denotes the value from AHI, and SOCg,, , denotes the estimation results of
the filters. The discrepancy A, is directly available during online estimation and does not
require knowledge of the true SOC.

This difference represents a combination of the filter’s deviation from the true SOC
and AHI’s own integration drift:

A = (SOCrierk — SOCk) — (SOCpnx — SOC) =ASOCritger, k- —ASOC pp ks (41)

where ASOC,y,  and ASOCp,,  represent the estimation deviations of the AHI and EKF
methods respectively.

Based on the reconstructed filter error, a correction factor -y is introduced to adjust the
correction amount, and the corrected SOC is obtained as:

SOCx = SOCrijterk — ViDrs (42)

where 7 is the correction gain used to regulate the contribution of the discrepancy signal.

The final corrected SOC is fed back into the filter’s state vector. This feedback mecha-
nism initializes the subsequent state prediction with a corrected value, effectively suppress-
ing the filter’s tendency to deviate due to sensor bias and ensuring a smooth, convergent
estimation.

According to the error propagation analysis in Section 2.2, when voltage bias dominates
the steady-state estimation error, the magnitude of the SOC bias is approximately inversely
related to the magnitude of the local OCV-SOC slope, as expressed in Equation (28). This
relationship provides a physics-based basis for determining the relative correction strength.
Therefore, the correction gain is modulated according to the local OCV-SOC slope as follows:

a
f
Y= %ﬁ, (43)

where a; denotes the local OCV-SOC slope at time step k, 4, denotes the average slope
over the considered SOC interval, and 7, is the nominal correction gain. The ratio a,./|a/
is dimensionless and preserves the inverse relationship between voltage-bias sensitivity
and the local OCV-SOC slope. Thus, a smaller local slope results in a relatively larger
correction gain.

For the SC module investigated in this study, the experimentally identified OCV-SOC
relationship exhibits only limited variation in its local slope over the considered SOC range.
Therefore, the normalized slope-weighting term introduces relatively small variations in
the correction gain. Nevertheless, this weighting mechanism provides a physical basis for
adjusting the correction strength according to the sensitivity of SOC estimation to voltage
measurement bias.

It should be noted that the inverse relationship between the voltage-bias-induced SOC
error and the local OCV-SOC slope provides a theoretical basis for relative gain modulation
but does not uniquely determine the magnitude of the nominal correction gain. The nominal
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gain 7, determines the overall correction strength and must therefore be evaluated separately.
In this study, 7, = 0.021 is selected based on the parameter sensitivity analysis presented
in Section 5.4. The results indicate that this setting achieves the lowest RMSE among the
tested gain values for all three EVC-based filtering algorithms. Furthermore, the estimation
error increases when the gain deviates substantially from this value, demonstrating the
importance of an appropriate correction strength.

4. Experimental Setup and Data Acquisition
4.1. SC Test Platform

An experimental platform is developed for SC characteristic testing and the verification
of SOC estimation algorithms. The platform consists of a programmable power supply
(IT6005C-80-150), a thermal chamber (Binder MK 53), an SC module to be tested, and a
host computer for data acquisition and control. The programmable power supply executes
precision charging/discharging profiles, while the thermal chamber maintains a stable
temperature environment to ensure the consistency of experimental conditions. The upper
computer serves as the control hub, synchronized with the power supply to perform real-
time data acquisition of voltage, current, and temperature. Figure 4 represents the physical
configuration of the experimental arrangement. The SC module selected for this study is
the BMODO0165 P048 COB, and its key parameters are summarized in Table 1.

Since this study focuses on the effects of measurement errors, the nominal capacity
is assumed to be accurate. Accordingly, a capacity test and OCV characterization were
performed prior to algorithm validation. The overall testing procedure is shown in Figure 5.

/Progralmnable Power Suppl)) ¥

Host computer

g

A
It
........... .

( Thermal chamber )

Figure 4. The experimental test platform.

https://doi.org/10.3390/en19215197


https://doi.org/10.3390/en19215197

Energies 2026, 19, 5197

13 of 25

Table 1. Critical parameters of the SC.

SC Parameter Specification
Rated Capacitance 165 F
Rated Voltage 48V
Test Current 100 A
Stored Energy 53 Wh
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Figure 5. Flowchart of SC test.

4.1.1. Capacity Test

During the initialization stage, the SC module was first discharged to the specified
lower cut-off voltage. After a sufficient rest period, it was charged to the fully charged state
using constant-current and constant-voltage charging, followed by a one-hour rest. The
SC module was then discharged at a low constant current to the lower cut-off voltage and
allowed to rest for one hour to reduce the influence of polarization. The discharge-rest
procedure was repeated until the SC voltage stabilized near the lower cut-off voltage. The
total discharged energy was determined by summing the energy delivered during each
discharge stage. Three tests were conducted under the same conditions, yielding measured
energy values of 53.70 Wh, 53.68 Wh, and 53.67 Wh, respectively. Their average, 53.68 Wh,
was used as the measured available energy of the SC module in this study.

4.1.2. SOC-OCV Curve Identification

After initialization, the SC module was discharged at a low current in successive steps
corresponding to approximately 5% SOC intervals. Following each discharge step, the
module was allowed to rest for one hour, after which the terminal voltage was recorded as
the corresponding OCV measurement. This discharge-rest-measurement procedure was
repeated until the lower cut-off voltage was reached. Three sets of experimental data were
obtained and averaged to construct the OCV-SOC relationship. Polynomial functions of
different orders were evaluated, and a second-order polynomial was selected to balance
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fitting accuracy and model simplicity. The resulting fitting RMSE was 0.04 V, and the
identified OCV-SOC relationship is expressed as follows:

Uy = —0.1762SOC? + 48.314550C + 0.2144. (44)

4.2. Analysis of SC Measurement Errors

In practical SC energy storage systems, voltage and current measurements may be
affected by sensor inaccuracies, signal-conditioning circuits, and calibration errors. Volt-
age acquisition typically requires measurement devices with appropriate voltage ranges
and, when necessary, additional signal-conditioning circuits. Current measurements may
similarly be affected by sensor offset, gain errors, and other measurement uncertainties.
Consequently, persistent voltage and current measurement biases can arise in practical
acquisition systems and influence SOC estimation accuracy. To investigate their effects,
controlled measurement biases are introduced in the subsequent experiments, allowing the
estimation performance of different algorithms to be evaluated under specified voltage and
current error conditions.

5. Experimental Validation and Analysis of Results
5.1. SOC Estimation Under Error-Free Conditions

To verify the fundamental state estimation capabilities of the algorithms, experiments
were conducted using a dynamic stress test (DST) and urban dynamometer driving sched-
ule (UDDS). For all test scenarios, the initial SOC was set to 1, and the temperature was
maintained at 25 °C. To ensure a fair comparison, the initial parameters for the algorithms,
including the process and measurement noise covariance matrix, were individually opti-
mized through empirical tuning to ensure that each algorithm performs at its respective best.
The comparative results of the SOC estimation under these error-free conditions are shown
in Figure 6. Rows (a)—(c) show the SOC trajectory, terminal voltage, and SOC estimation
error, respectively, while row (d) summarizes the statistical metrics, Columns (1) and (2)
correspond to the DST and UDDS driving cycles. According to the statistical results shown
in Figure 6, under the UDDS condition, the maximum absolute error (MaxAE), mean error
(ME), and root mean square error (RMSE) of EKF are 1.87%, 0.31%, and 0.48%, respectively,
while the corresponding values of UKF are 1.46%, 0.29%, and 0.41%. For the proposed
SHEKEF, the MaxAE, ME, and RMSE are 0.63%, 0.08%, and 0.14%, respectively. It can be
observed that the SHEKF achieves the smallest MaxAE, ME, and RMSE among the three
algorithms. A similar trend can also be observed under the DST condition. These results
indicate that the proposed method provides higher SOC estimation accuracy than the EKF
and UKF under dynamic operating conditions. In addition, all three algorithms are able
to accomplish SOC estimation, which also demonstrates that the SC model is capable of
supporting state estimation.
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Figure 6. SOC estimation results under error-free conditions. Rows (a-1,a-2,b-1,b-2,¢-1,¢-2) present
the SOC trajectory, voltage, and SOC estimation error, respectively, while row (d-1,d-2) presents the
statistical error metrics (MaxAE, ME, and RMSE). Columns (1) and (2) correspond to the DST and
UDDS driving cycles.

5.2. Sensor Bias Gradient Experiments

To further investigate the influence of coupled sensor biases on estimation stability, cou-
pled bias gradient experiments are conducted across the DST and UDDS. The experiments
are designed by fixing the voltage bias at three levels, 0.2V, 0.5V, and 1 V, while varying the
current biases between 0.05 A and 0.1 A. This setup aims to verify the theoretical analysis
regarding the algorithms’ sensitivity to different errors and to evaluate the effectiveness
of the EVC mechanism. The results under these coupled bias conditions are shown in
Figures 7 and 8. For each figure, the subplots are organized as follows: (a-1), (a-2), and
(a-3) show the SOC estimating performance under the three voltage-bias conditions, re-
spectively; (b-1), (b-2), and (b-3) show the SOC error fluctuations for the corresponding
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voltage bias levels. The quantitative performance of the four algorithms is summarized in
Tables 2 and 3.
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Figure 7. SOC estimation results under DST condition with bias gradient. Row (a-1-a-3) shows the
SOC estimation curves, and row (b-1-b-3) presents the corresponding SOC errors. Columns (1)—(3)
correspond to voltage biases of 0.2V, 0.5V, and 1V, respectively.
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Figure 8. SOC estimation results under UDDS condition with bias gradient. Row (a-1-a-3) shows the
SOC estimation curves, and row (b-1-b-3) presents the corresponding SOC errors. Columns (1)—(3)
correspond to voltage biases of 0.2 V, 0.5V, and 1V, respectively.

For the DST condition, the SOC estimation results and corresponding SOC error curves
are shown in Figure 7, and the quantitative results are listed in Table 2. As shown in Table 2,
under the bias condition of 0.05 A and 0.2 V, the RMSEs of SOC based on EKF, UKF, SHEKEF,
and EVC-SHEKEF are 0.90%, 0.83%, 0.58%, and 0.39%, respectively, while the corresponding
MEs are 0.75%, 0.71%, 0.52%, and 0.15%. When the current bias increases from 0.05 A to
0.1 A at the same voltage bias of 0.2 V, the corresponding RMSEs become 0.89%, 0.82%,
0.58%, and 0.39%, respectively, indicating only slight changes. By contrast, when the voltage
bias increases from 0.2 V to 0.5 V at a fixed current bias of 0.05 A, the RMSE of EKF increases
from 0.90% to 1.46%, while UKF increases from 0.83% to 1.37%. The RMSE of SHEKF
also rises from 0.58% to 1.13%, whereas the corresponding RMSE of EVC-SHEKEF rises
from 0.39% to 0.84%. Similar variation can also be observed in the ME results shown in
Table 2. These results indicate that, under the tested bias amplitudes and test duration, the
SOC estimation error is more sensitive to voltage bias than to the variation in current bias.
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Meanwhile, among the four algorithms, EVC-SHEKEF consistently achieves the smallest error
indices, which demonstrates that the EVC mechanism can effectively suppress estimation
deviation under coupled sensor bias conditions.

Table 2. Statistical analysis of SOC estimation under DST with different sensor biases.

ME (%) RMSE (%)
Condition
EKF UKF SHEKF EVC-SHEKF EKF UKF SHEKF EVC-SHEKF
DST,0.05A,02V  0.749 0.708 0.516 0.146 0.903 0.833 0.577 0.394
DST, 0.1 A,02V  0.735 0.695 0.515 0.142 0.891 0.823 0.576 0.392
DST,0.05A,05V  1.367 1.302 1.111 0.812 1.458 1.373 1.134 0.838
DST, 0.1 A,05V 1.353 1.290 1.109 0.811 1.445 1.362 1.132 0.838
DST,0.05A,1V 2.384 2.301 2.112 1.077 2.444 2.357 2.139 1.096
DST,01A,1V 2.370 2.288 2.111 1.076 2.431 2.345 2.137 1.096

Table 3. Statistical analysis of SOC estimation under UDDS with different sensor biases.

ME (%) RMSE (%)
Condition
EKF UKF SHEKF EVC-SHEKF EKF UKF SHEKF EVC-SHEKF
UDDS, 0.05A,02V  0.757 0.732 0.514 0.149 0.850 0.844 0.612 0.441
UDDS, 0.1A,0.2V 0.743 0.720 0.512 0.144 0.837 0.835 0.611 0.441
UDDS, 0.05 A, 0.5V 1.376 1.319 1.100 0.812 1.431 1.384 1.142 0.867
UDDS, 0.1 A,05V 1.362 1.307 1.099 0.811 1.417 1.373 1.141 0.866
UDDS, 0.05A,1V 2.380 2.316 2.095 1.072 2.424 2.379 2.138 1.113
UDDS,0.1A,1V 2.366 2.304 2.093 1.071 2.410 2.367 2.137 1.112

For the UDDS condition, the SOC estimation results and SOC error curves are shown
in Figure 8, and the quantitative results are listed in Table 3. As shown in Table 3, under the
bias condition of 0.05 A and 0.2 V, the RMSEs of EKF, UKF, SHEKF, and EVC-SHEKF are
0.85%, 0.84%, 0.61%, and 0.44%, respectively, while the corresponding MEs are 0.76%, 0.73%,
0.51%, and 0.15%. When the current bias increases to 0.1 A while the voltage bias remains
0.2 'V, the RMSEs change to 0.84%, 0.84%, 0.61%, and 0.44%, respectively, which shows
that under the considered bias amplitudes and test duration, the variation in current bias
produces only limited changes, whereas increasing voltage bias causes a more pronounced
estimation deterioration. However, when the voltage bias increases from 0.2 V to 1 V at
a fixed current bias of 0.05 A, the RMSEs of EKF, UKF, SHEKF, and EVC-SHEKEF increase
from 0.85%, 0.84%, 0.61%, and 0.44% to 2.42%, 2.38%, 2.14%, and 1.11%, respectively. It can
be seen that the UDDS condition presents the same trend as the DST condition, namely
that voltage bias causes more severe estimation deterioration than current bias, and the
EVC-SHEKEF always provides the best estimation performance among the four algorithms.
Therefore, the experimental results further verify the previous theoretical analysis and
confirm that the proposed EVC mechanism can significantly improve estimation robustness
and dynamic response capability under complex operating conditions.

5.3. Applicability of the EVC Strategy to Kalman-Filter-Based Estimators

To evaluate the compatibility of the EVC strategy with different Kalman-filter-based
estimators, the correction mechanism is further incorporated into EKF, UKF, and SHEKF.
Experiments are conducted using the DST and UDDS, with sensor biases introduced to
simulate real disturbances. The comprehensive results are shown in Figure 9 (DST) and
Figure 10 (UDDS). In each figure, (a-1), (a-2), and (a-3) show the SOC curves for the EKF,
UKEF, and SHEKEF algorithms, respectively. Each plot compares five curves: the reference
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SOC, the filter output without error, the uncorrected filter output under error, the results of
the AHI, and the SOC estimated by the EVC method; (b-1), (b-2), and (b-3) present the
quantitative error analysis in terms of MaxAE, ME, and RMSE, respectively.
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Figure 9. SOC estimation results of the EVC strategy under DST conditions. Row (a-1-a-3) shows the
SOC trajectories from EKF, UKF, and SHEKEF, respectively. Row (b-1-b-3) presents the corresponding
statistical error metrics, including MaxAE, ME, and RMSE.
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Figure 10. SOC estimation results of the EVC strategy under UDDS conditions. Row (a-1-a-3)
shows the SOC trajectories from EKF, UKF, and SHEKEF, respectively. Row (b-1-b-3) presents the
corresponding statistical error metrics, including MaxAE, ME, and RMSE.

For the DST condition, the experimental results are shown in Figure 9. After the
introduction of the EVC mechanism, the SOC estimation curves of EKF, UKF, and SHEKF
all move closer to the reference SOC, and the deviation caused by sensor bias is significantly
reduced. After applying the EVC strategy, the RMSE of SHEKF decreases from 2.36% to
0.71%. For the EKF and UKF frameworks, the error indices also decrease from 2.26% to 0.61%
and from 2.07% to 0.41%, respectively. It can be observed that the EVC strategy improves the
estimation performance in all three filtering frameworks under the DST condition. These
results demonstrate that the EVC strategy can be effectively incorporated into the three
Kalman-filter-based estimators investigated in this study.

For the UDDS condition, the corresponding results are shown in Figure 10. The
corresponding statistical results show a similar trend to those under the DST condition,
indicating that the EVC strategy can also effectively reduce the estimation errors of different
algorithms under more complex operating conditions. Overall, the above results confirm
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that the proposed EVC strategy exhibits good compatibility with the tested Kalman-filter-
based estimation frameworks.

5.4. Sensitivity Analysis of the Correction Gain

To investigate the influence of the nominal correction gain on SOC estimation accuracy,
a parameter sensitivity analysis was conducted for the EVC-EKF, EVC-UKEF, and EVC-
SHEKEF algorithms. According to Equation (43), the nominal correction gain -y, determines
the overall correction strength of the EVC strategy. Therefore, five gain values, namely 0.010,
0.020, 0.021, 0.030, and 0.040, were selected for evaluation, while the remaining algorithm
parameters were kept unchanged. The estimation performance was evaluated using the
mean error (ME) and root mean square error (RMSE).

Figure 11 illustrates the variation in estimation error with different nominal correction
gains, while Table 4 summarizes the corresponding quantitative results.
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Figure 11. Influence of the nominal correction gain on the SOC estimation accuracy of different
EVC-based algorithms: (a) v, = 0.010; (b) 7y, = 0.020; (c) 7y, = 0.021; (d) v, = 0.030; (e) 7y, = 0.040.

Table 4. SOC estimation errors under different nominal correction gains.

ME (%) RMSE (%)
4’
° EVC-EKF EVC-UKF  EVC-SHEKF  EVC-EKF EVC-UKF  EVC-SHEKF
0.01 3.11 2.54 2.27 3.15 3.08 2.31
0.02 2.08 1.95 1.08 2.12 2.01 1.11
0.021 2.06 1.92 1.08 2.11 1.97 1.09
0.03 2.87 2.65 1.63 2.95 2.72 1.64
0.04 3.35 3.19 2.29 342 3.28 2.38

As shown in Figure 11 and Table 4, the three algorithms exhibit a similar trend as
the nominal correction gain increases. When v, increases from 0.010 to 0.021, the RMSE
decreases for all three algorithms, indicating that an appropriate increase in correction
strength can effectively reduce SOC estimation errors. At y, = 0.021, the RMSE values
of EVC-EKF, EVC-UKF, and EVC-SHEKEF reach 2.11%, 1.97%, and 1.09%, respectively,
representing the lowest values among the tested gains.

When 1, is further increased to 0.030 and 0.040, the estimation accuracy deteriorates.
In particular, the RMSE of EVC-SHEKEF increases from 1.09% at 7y, = 0.021 to 2.38% at
7o = 0.040. This indicates that an excessively large correction gain may introduce overcor-
rection and amplify the influence of errors in the auxiliary AHI reference.
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It is also observed that the RMSE values at 7, = 0.020 and 7, = 0.021 are relatively
close, suggesting that favorable estimation accuracy can be achieved within a narrow gain
range around 0.020. Based on these results, 7y = 0.021 is selected as the nominal correction
gain for the subsequent experiments. The sensitivity analysis demonstrates the importance
of selecting an appropriate correction strength and supports the parameter setting adopted
in the proposed EVC strategy.

5.5. SOC Estimation Performance at Different Temperatures

To further evaluate the applicability of the proposed EVC strategy under different
temperature conditions, additional SOC estimation experiments were conducted at 10 °C,
25 °C, and 40 °C. Since temperature variations may affect the electrical characteristics of
5Cs, including the OCV-SOC relationship, the temperature-dependent voltage character-
istics were first investigated. Following the OCV characterization procedure described
in Section 4.1.2, the OCV-SOC relationships at the three temperatures were fitted using
second-order polynomial functions. The corresponding fitting equations are expressed

as follows:
Uge 10 = —0.174550C? + 47.8361S0OC + 0.2367

Uy p5 = —0.176250C? + 48.314550C + 0.2144. (45)
Uy 49 = —0.1771SOC? + 48.557350C + 0.2053

The OCV generally increases with temperature at a given SOC, while the overall
characteristics remain similar across the investigated temperature range. The relatively
small quadratic coefficients indicate that the local OCV-SOC slopes exhibit limited variation
within each temperature condition. Nevertheless, the differences in the fitted coefficients
suggest that temperature affects the voltage characteristics of the SC module.

The corresponding temperature-dependent OCV-SOC relationships were incorpo-
rated into the state estimation algorithms. This allows the estimation performance to be
evaluated under different temperature conditions while accounting for the variations in the
OCV characteristics.

Based on the identified OCV-SOC relationships, SOC estimation experiments were
conducted at 10 °C, 25 °C, and 40 °C to evaluate the performance of the EVC strategy under
different temperature conditions. Figure 12 presents the SOC estimation results of EVC-EKF,
EVC-UKF, and EVC-SHEKEF, while Table 5 summarizes the corresponding estimation errors
in terms of ME and RMSE.

1.0 (a) 0.80] 1.0 (b) 0.80 1.0 (C) 0.80
08 /OHX\R ! /075¥ ot /075\;§
0.70] 0.70] 0.70
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Figure 12. SOC estimation results under different temperature conditions: (a) 10 °C; (b) 25 °C;
(c) 40 °C.
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Table 5. SOC estimation errors of different EVC-based algorithms at various temperatures.
T ME (%) RMSE (%)
EVC-EKF EVC-UKF EVC-SHEKF EVC-EKF EVC-UKF EVC-SHEKF
10 2.16 2.03 1.09 221 2.09 1.12
25 2.06 1.92 1.08 211 1.97 1.09
40 2.15 1.86 1.11 220 1.91 1.14

As shown in Figure 12, all three algorithms are capable of tracking the SOC variation
under the tested temperature conditions. However, differences in estimation accuracy can
be observed, particularly in the enlarged regions. The EVC-SHEKEF algorithm exhibits
relatively small deviations from the reference SOC throughout the estimation process.

According to Table 5, the RMSE values of EVC-SHEKEF are 1.12%, 1.09%, and 1.14%
at 10 °C, 25 °C, and 40 °C, respectively, consistently lower than those of EVC-EKF and
EVC-UKEF. Moreover, the maximum difference in RMSE across the three temperatures is
only 0.05 percentage points, indicating relatively stable estimation performance within the
investigated temperature range. In contrast, the RMSE values of EVC-EKF range from 2.11%
to 2.21%, while those of EVC-UKEF range from 1.91% to 2.09%.

These results demonstrate that the proposed EVC-SHEKF framework maintains favor-
able SOC estimation accuracy under different temperature conditions. The combination
of the EVC strategy and Sage-Husa adaptive filtering contributes to the overall estima-
tion performance, supporting the applicability of the proposed method within the tested
temperature range.

5.6. Comparison with Existing SOC Estimation Algorithms

To further evaluate the estimation performance of the proposed EVC-SHEKF algo-
rithm, comparative experiments were conducted against several SOC estimation methods,
including UKF, SHEKF, EVC-UKE, the bias-free Kalman filter combined with an uncer-
tain bias estimator (UBE) [31], and the noisy-input Kalman filter (NiKF) [29]. The UBE
method explicitly estimates uncertain measurement biases, while NiKF addresses SOC esti-
mation errors associated with current measurement uncertainty. In contrast, the proposed
EVC-SHEKEF algorithm employs an AHl-assisted correction mechanism that adjusts the
estimated SOC according to the discrepancy between the filtering result and an auxiliary
AHI reference, with correction strength modulated by the local OCV-SOC slope.

The comparative experiments were performed under the DST and UDDS conditions,
with a current measurement bias of 0.05 A and a voltage measurement bias of 1 V. Figure 13
presents the SOC estimation results of the different algorithms, while Table 6 summarizes
their estimation errors in terms of ME and RMSE.

Table 6. Comparison of SOC estimation errors for different algorithms under DST and UDDS condi-
tions.

DST,0.05A,1V UDDS, 0.05A,1V
Condition
ME (%) RMSE (%) ME (%) RMSE (%)

UKF 2.30 2.36 2.32 2.38
SHEKF 2.11 2.14 2.01 2.14
EVC-UKF 1.53 1.67 1.59 1.65
EVC-SHEKF 1.08 1.09 1.07 1.11
UBE 1.39 1.45 1.40 1.43
NiKF 1.05 1.13 1.25 1.31
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Figure 13. Comparison of SOC estimation results obtained using different algorithms under coupled
voltage and current measurement biases: (a) DST; (b) UDDS.

As shown in Figure 13, all the algorithms generally follow the variation in the reference
SOC, although differences in their estimation deviations can be observed in the enlarged
regions. According to Table 6, the EVC-SHEKF algorithm achieves the lowest RMSE values
under both driving cycles, reaching 1.09% and 1.11% under the DST and UDDS conditions,
respectively. Compared with the conventional SHEKF, the RMSE is reduced by approxi-
mately 49.1% and 48.1% under the two conditions, demonstrating the effectiveness of the
EVC mechanism in reducing SOC estimation errors.

Compared with the UBE method, the proposed EVC-SHEKF achieves RMSE reductions
of approximately 24.8% and 22.4% under the DST and UDDS conditions, respectively.
Furthermore, the estimation accuracy of EVC-SHEKEF is comparable to that of NiKF under
the DST condition, with RMSE values of 1.09% and 1.13%, respectively. Under the UDDS
condition, EVC-SHEKEF achieves a lower RMSE of 1.11%, compared with 1.31% for NiKF.

The compared methods employ different strategies to mitigate measurement-induced
estimation errors. While UBE explicitly estimates uncertain biases and NiKF accounts for
current measurement uncertainty, the proposed EVC strategy corrects the estimated SOC
using an auxiliary AHI-based discrepancy signal without explicitly introducing additional
sensor-bias estimation states. The comparative results indicate that EVC-SHEKF provides
competitive SOC estimation accuracy under the investigated coupled voltage and current
measurement biases.

6. Conclusions

This study developed an EVC-SHEKF framework for supercapacitor SOC estimation
under measurement noise and sensor biases. Based on a second-order RC model, FFRLS was
employed for online parameter identification, while the Sage-Husa adaptive mechanism
was incorporated to improve noise adaptability. Furthermore, an AHI-assisted estimated-
value correction strategy with OCV-SOC slope-dependent gain modulation was introduced
to mitigate persistent SOC estimation deviations caused by sensor biases.

The experimental results demonstrate the effectiveness of the proposed framework.
Under coupled current and voltage measurement biases of 0.05 A and 1V, respectively, EVC-
SHEKEF achieved RMSE values of 1.096% and 1.113% under the DST and UDDS conditions,
representing reductions of approximately 48.8% and 47.9% compared with SHEKF. The
correction gain sensitivity analysis indicated that vy = 0.021 provided the lowest RMSE
among the tested gain values. In addition, temperature experiments conducted at 10 °C,
25 °C, and 40 °C yielded RMSE values of 1.12%, 1.09%, and 1.14%, respectively, indicating
stable estimation performance within the investigated temperature range. Comparisons
with UBE and NiKF further demonstrated the competitive accuracy of EVC-SHEKF under
the tested coupled sensor-bias conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

S0C state of charge

SC supercapacitor

EVC estimated value correction

FFRLS  forgetting factor recursive least squares
EKF extended Kalman filter

AHI ampere-hour integration

SCMS SC management system
OCV open circuit voltage

KF Kalman filter
UKF unscented Kalman filter
UBE uncertain bias estimator

NiKF noisy-input Kalman filter

SHEKF Sage-Husa adaptive extended Kalman filter
ECM equivalent circuit model

DST dynamic stress test

UDDS  urban dynamometer driving schedule
MaxAE maximum absolute error

ME mean error

RMSE root mean square error
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