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Abstract

While Forgetting Factor Recursive Least Square (FFRLS) algorithms with evaluation mech-
anisms have been developed to address SOC-dependent parameter mapping shifts and
their efficacy has been proven in Li-ion batteries, their applicability to lithium–sulfur (Li-S)
batteries remains uncertain due to different electrochemical characteristics. This study
critically evaluates the applicability of a Fisher information matrix-constrained FFRLS
framework for online parameter identification in Li-S battery equivalent circuit network
(ECN) models. Experimental validation using distinct drive cycles showed that the identifi-
cation results of polarization-related parameters are significantly biased between different
current excitations, and root mean square error (RMSE) variations diverge by 100%, with
terminal voltage estimation errors more than 0.05 V. The parametric uncertainty under
variable excitation profiles and voltage plateau estimation deficiencies confirms the inad-
equacy of such approaches, constraining model-based online identification viability for
Li-S automotive applications. Future research should therefore prioritize hybrid estimation
architectures integrating electrochemical knowledge with data-driven observers, along-
side excitation capturing specifically optimized for Li-S online parameter observability
requirements and cell nonuniformity and aging condition consideration.

Keywords: lithium–sulfur batteries; online parameter estimation; equivalent circuit
network model

1. Introduction
Lithium–sulfur (Li-S) batteries represent a highly promising chemistry for high-

gravimetric energy density applications, offering a theoretical energy density of
2500 Wh/kg [1,2]. Although the practically achievable energy density is typically re-
ported to be approximately 600 Wh/kg—significantly lower than the theoretical maximum
yet still 2–3 times greater than that of commercial lithium-ion (Li-ion) batteries, this po-
tential drives significant research focused on fundamental material understanding, cell
construction, and electrochemical behavior to reveal underlying mechanisms and enhance
performance [3–8]. While electrochemistry is central to these efforts, advancing Li-S technol-
ogy towards practical deployment necessitates the concurrent development of engineering
science and techniques, alongside evaluating the feasibility of adapting existing Li-ion
battery engineering technologies for Li-S applications [9–14].

Currently, model-based battery management systems (BMSs) deployed utilize equiv-
alent circuit network (ECN) models for online estimation of critical states such as state
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of charge (SOC) and state of health (SOH), ensuring pack safety and reliability [15–17].
ECNs represent a computationally efficient framework that balances model fidelity with
processing complexity [18]. These lumped electrical models employ discrete compo-
nents—including voltage sources, resistors, and capacitors—to simulate battery current–
voltage dynamics. The SOC-dependent parameters characterize open-circuit voltage (OCV),
ohmic resistance, and polarization/hysteresis effects [19,20]. These parameters are conven-
tionally identified offline by experimental datasets, then embedded as static lookup tables
or empirical functions within onboard microprocessors [21].

However, battery degradation significantly alters their mapping relationship [22,23].
While Kalman filter-based techniques can mitigate state estimation errors through data
fusion, inaccurate model parameters introduce non-negligible estimation errors, partic-
ularly for end-of-life batteries [24]. Meanwhile, power allocation in battery-integrated
hybrid energy systems depends on precise parameter estimation and prediction capability.
Inaccurate state and parameter estimation under extreme conditions may escalate into
critical safety hazards [25–27]. Consequently, developing online parameter identification
methods for ECN-based Li-S battery management represents a crucial research direction to
ensure long-term operational safety [1,28].

The ECN constitutes a single-input–single-output (SISO) system, where dynamic
current–voltage behavior is mathematically represented through state-space formulations
corresponding to the circuit topology [29,30]. While theoretically, increased ECN complex-
ity can capture broader dynamic characteristics for wider application scope, this does not
guarantee the online identifiability of all parameters. Previous studies have evaluated
identifiability in mainstream ECNs, including the Rint, Thevenin, dual-polarization (DP),
and Randles models, revealing that the Rint and Thevenin models exhibit global parameter
identifiability (yielding unique solutions), whereas theDP and Randles models demon-
strate only local identifiability due to structural nonuniqueness, hindering reliable online
identification [31]. The Thevenin model’s additional resistor–capacitor (RC) pair improves
polarization dynamics representation compared to the Rint model, although it remains
substantially less accurate than the DP and Randles models in characterizing dynamic
responses [32].

Forgetting Factor Recursive Least Squares (FFRLS) algorithms are frequently em-
ployed in the literature for online parameter identification in Thevenin models due to
their computational efficiency [33–35]. However, accurate identification of specific pa-
rameters necessitates excitation by current profiles featuring particular frequencies and
amplitudes. Real-world deployments expose FFRLS to estimation instability under random
load profiles [35], often inducing insufficient excitation in critical frequency–amplitude
bands, leading to high sensitivity to sensor noise. To mitigate insufficient excitation effects
in online identification, derivative-based methods leveraging metrics such as Hessian
matrix eigenvalues, Fisher information matrix eigenvalues, and sensitivity matrix rank
have been proposed. Among these, Fisher matrix-based approaches demonstrate enhanced
robustness for parameter identification in Li-ion battery applications [36–38]. Neverthe-
less, these methods fundamentally rely on the quasi-linear characteristic exhibited by the
OCV-SoC curves of Li-ion batteries: despite being inherently nonlinear, the OCV univer-
sally demonstrates a monotonically increasing relationship with SoC, exhibiting relatively
mild nonlinearity.

The substantially more complex reaction mechanisms of Li-S batteries compared to
Li-ion systems—notably the “shuttle effect” arising from dissolution and migration of
intermediate polysufiede and the distinct low/high-voltage plateau regions—introduce sig-
nificant nonlinearities into the OCV and impedance characteristics [1,10]. While the Fisher
information matrix has proven effective for quantitatively assessing excitation sufficiency
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and guiding parameter updates in Li-ion batteries [39], its application to Li-S batteries raises
concerns regarding parameter identifiability under such complex OCV and impedance char-
acteristics [40]. Consequently, it remains prudent to critically revisit Fisher matrix-based
FFRLS algorithms despite their validated efficacy in Li-ion battery applications.

Therefore, this study employs experimental Li-S battery data to assess the applicability
and accuracy of Fisher information matrix-based FFRLS algorithms for online parame-
ter identification. This article is organized as follows. Section 2 introduces the method
combining the FFRLS and the Fisher matrix evaluation from battery cell modeling to the
FFRLS algorithm and Fisher information matrix. Section 3 gathers Li-S battery data from
experiments to perform an analysis of the performance of this method across various
operating scenarios, thereby discussing its applicability and accuracy in Li-S applications.
Finally, Section 4 concludes and explores the future directions.

2. Methodology
This section demonstrates the FFRLS method, incorporating Fisher information ma-

trix analysis and Cramér–Rao lower-bound (CRB) constraints. According to the ECN
modeling method reported in [1,40], this study selects the Thevenin model containing a
first-order resistance–capacitance (1RC) network. Figure 1 presents a diagram illustrating
this approach.

Figure 1. Diagram of the FFRLS-Fisher matrix approach for online model parameter identification.

2.1. Battery Cell Modeling

In experimental conditions, the terminal voltage response of the Li-S cell to a current
impulse, depicted in Figure 2a, exhibits distinct dynamic behavior. During the discharge
pulse, the cell voltage displays an initial sudden drop, followed by a nonlinear decline
that transitions into stability. Following pulse termination, an immediate voltage jump
occurs, succeeded by a gradual recovery phase until the open-circuit voltage (OCV) is
restored; these dynamic behaviors arise from the SOC-dependent variations in OCV and
cell impedance.

The Thevenin model containing a first-order resistance–capacitance (1RC) circuit net-
work is generally applied to describe this dynamic response in online applications [3], as
depicted in Figure 2b. The voltage source Uoc represents the open-circuit voltage (V); the
resistor Ro indicates the internal ohmic resistance to describe the voltage’s abrupt drop and
jump exhibited in the voltage response curve. The RC pair combining polarization resis-
tance and capacitance (Rp and Cp) describes the polarization behaviors, i.e., the nonlinear
decline and gradual recovery phases. These model parameters strongly depend on the cell
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SOC level. Assuming the discharge current is defined as the positive direction, the model
state-space function can be expressed as

dχ

dt
= − χ

3600Qcap

dUp

dt
= −− 1

RpCp
Up +

1
Cp

It

Ut = Uoc − Up − ItRo,

(1)

where χ is the cell SOC (0∼1), Qcap is the cell capacity (Ah), Up is the polarization voltages
(V), and Ut is the terminal voltage (V). The state-space function corresponding to the
terminal voltage response segments is illustrated in Figure 2a.

Uoc, Ro, Rp, and Cp are not only the SOC-dependent variables but also influenced by
cell degradation; they are generally identified and optimized offline based on laboratory
testing datasets to date, remaining unchanged throughout the entire service life of battery
packs. To mitigate the impact of parameter drift cause by cell aging on state estimation
accuracy, studies proposed the FFRLS algorithm that can identify these parameters online
during operation processes.

Figure 2. (a) Current impulse and cell response voltage, and (b) the 1RC Thevenin model.

2.2. FFRLS Algorithm

Although the Li-S cell model is a time-variant system, the parameters identified online
(Uoc, Ro, Rp, and Cp) exhibit quasi-static characteristics within estimation windows on the
order of seconds due to the slow temporal evolution of the SOC and SOH. Consequently,
this algorithm assumes the time derivatives of these parameters are negligible (approxi-
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mately zero), and parameter updates are governed by a forgetting factor (FF). Based on
Equation (1), the transfer function of the cell impedance can be written as

R(s) = −
(

Ro +
Rp

1 + sτ

)
, (2)

where R(s) is the cell impedance and τ = RpCp. In online implementation, the embedded
code generally employs a discrete format with the sample time T for compatibility with
computation in microprocessors. The bilinear transformation is a common method for
converting continuous transfer functions to discrete ones, and the conversion function is

s =
2
T

1 − z
1 + z

. (3)

The discrete transfer function can be expressed as Equation (4), combining Equations (2)
and (3):

R(z−1) =
θ2 + θ3z−1

1 − θ1z−1 , (4)

where
θ1 =

2τ − T
T + 2τ

θ2 = −
TRo + TRp + 2Roτ

T + 2τ

θ3 = −
TRo + TRp − 2Roτ

T + 2τ
.

The observed discrete state-space function can be arranged as follows:

Ût(k) = Φ(k)Θ(k) (5)

where
Φ(k) = [Ut(k − 1) It(k) It(k − 1) 1] (Measured values)

ΘT(k) = [θ1 θ2 θ3 Uoc(1 − θ1)] (Estimated parameters)

RLS methods for Θ(k) identification can be expressed:

Θ(k) = arg min
Θ

1
n + 1

k+n

∑
i=k

(
Ût − Ut

)2, (6)

where
Ût =

[
Ût(k) Ût(k + 1) . . . Ût(k + n)

]T

Ut = [Ut(k) Ut(k + 1) . . . Ut(k + n)]T

Measured time-series voltage and current values can be presented in compact vector and
matrix format:

XT(k) =
[
Φ(1) Φ(2) . . . Φ(k)

]
−→
U T

t (k) =
[
Ut(1) Ut(2) . . . Ut(k)

]
Therefore, the identified results Θ(k) can be expressed as

Θ(k) = P(k)X(k)
−→
U T

t (k) (7)

where
P(k) =

[
XT(k)X(k)

]−1
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Details about battery-based FFRLS applications have been widely discussed in [1,2],
and the operational processes are demonstrated in Algorithm 1. In this algorithm, e is
the difference between estimated and measured terminal voltages; K(k) is the gain vector,
where λ is the forgetting factor (it is set to 0.95 in this study).

Algorithm 1 FFRLS

Input: Ut(k), Θ(k-1), Φ(k), P(k-1)
1: Prediction errors: e = Ut(k)− Φ(k)Θ(k-1)
2: Gain: K(k) = P(k-1)ΦT(k)

(
Φ(k)P(k-1)ΦT(k) + λ

)
3: Covariance matrix update: P(k) = 1

λ [1 − K(k)Φ(k)]P(k-1)
4: Parameter vector update: Θ(k) = Θ(k-1) + K(k)e

Output: Θ(k)

Once Θ(k) is optimized by the algorithm, the online model parameter Uoc is directly
identified, as depicted in Equation (5), and Ro, Rp, and Cp can be derived as

Ro =
θ3 − θ2

1 + θ1

Rp = −2
θ1θ2 + θ3

1 + θ1
2

Cp = − T(1 + θ1
2)

4(θ1θ2 + θ3)

(8)

Consequently, this recursive method eliminates the need for historical data storage
by dynamically updating the covariance matrix P at each sampling time to optimize
parameters as new measurements arrive. The voltage–current–parameter relationship is
governed by the ECN model, where a forgetting factor λ enhances time-varying parameter
tracking; subsequent set-wise updates of the gain K, covariance matrix P, and parameter
vector Θ estimates enable online adaptation through recursive computation.

2.3. Fisher Information Matrix

The accuracy of the parameter identification is strongly correlated with the excitation
and response information richness (i.e., measured currents and voltages) in the frequency
domain. The Fisher information matrix provides a mathematical approach to quantify
information sufficiency by evaluating the derivative of online-identified model parameters.
It can be expressed as

F(k+1) =
1
σ2

y

(
∂Y

∂(x|Θ(k+1))

)T( ∂Y
∂(x|Θ(k+1))

)
(9)

where σ2
y indicates the variance of the Gaussian distribution error of measured voltages, x

is the model parameter vector
[
Uoc Ro Rp Cp

]
, and Y is the system output. The deviation at

time k + 1 can be depicted as an equation using the Jacobian matrix format:

∂Y
∂(x|Θ(k))

=

[
∂Ut

∂Ro

∂Ut

∂Rp

∂Ut

∂Cp

∂Ut

∂Uoc

]
(10)
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where
∂Ut

∂Ro
= −It(k+1)

∂Ut

∂Rp
= I(k)

(
e−

T
τ − 1

)
+

I(k)Te−
T
τ

Ĉ2
pR̂2

p
−

Up(k)Te−
T
τ

Ĉ2
pR̂2

p

∂Ut

∂Cp
= −

Te−
T
τ
(
Up(k)− I(k)Rp

)
Ĉ2

pR̂2
p

∂Ut

∂Uoc
= 1

In Equation (10), R̂p and Ĉp are the RLS-estimated parameters. The diagonal elements
of the inverse Fisher information matrix constitute the theoretical lower bounds (CRBs)
for the variances of unbiased parameter estimates. These CRBs establish a criterion: es-
timated parameter variances may approach but cannot fall below their respective CRB,
where smaller CRB values indicate higher theoretical identification precision. This can be
demonstrated by using an inequality equation as follows:

Var(θ̂i) ≥ σ̄2(xi) = diag(F−1)i i = 1, 2, 3, 4. (11)

Here, σ̄2(xi) denotes the CRB for the i-th identified parameters, corresponding to the i-th
diagonal element of diag(F−1). The current-series excitation constitutes a sufficient input
at numerically small CRB values. Given the significant magnitude differences among
parameters, this study adopts CRB normalization to enable direct comparison across
parameters, expressed as

C(xi) =
θ̂i
x̂i

=
diag

√
F−1

i
x̂i

(12)

Upon receiving data corresponding to a 1% SOC change, initial conditions are es-
tablished using model parameters xi from the reserved lookup table and their associated
data-sufficiency index CSOC(xi). The FFRLS algorithm is executed at each data point, and
then CRBs are computed as the data-sufficiency metric, which requires a data series for
Fisher information matrix calculation and voltage variance estimation. Within this, indi-
vidual parameters exhibit distinct sensitivity profiles, necessitating independent selection
of optimal data points rather than simultaneous multi-parameter optimization. The corre-
sponding model parameter represents the averaged value within the SOC range, though
acquired data may not contain the theoretical optimum. Hence, the algorithm continu-
ously compares current CRB values against historical minima, updating the lookup table
and CSOC index only when lower bounds are approached, thereby enabling progressive
refinement toward globally optimal parameter estimation through adaptive data selection.

Although validated for Li-ion batteries under specific scenarios—notably with
information-rich excitation [41], such as an HPPC test profile—this method faces two
questions that necessitate further accuracy assessment for Li-S applications: significant dis-
crepancies in the OCV and impedance characteristics between Li-S and Li-ion chemistries,
and insufficient verification under actual operating conditions. Hence, the following sec-
tion experimentally evaluates the method’s performance in Li-S batteries to address these
considerations.

3. Results
The Li-S cell employed in this study (supplied by OXIS Energy Ltd., Abingdon, UK)

features specifications detailed in Table 1. Experimental data and test implementation
were provided by Advanced Vehicle Engineering Center (AVEC), Cranfield University,
UK. The experimental configuration incorporated a programmable power source/sink,
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applying specified current profiles while measuring terminal voltage, coupled with a
thermal chamber maintaining 25 ◦C operational temperature (equipment detailed in [9,42]).
Two drive-cycle profiles were implemented, from fully charged to fully discharged states,
with time-domain data sampled at 1 Hz. Figure 3 presents the corresponding current
patterns and voltage responses. Furthermore, the running environment of the algorithm
was MATLAB/Simulink.

Figure 3. Experimental data: (a,c) are current profile 1 and corresponding voltage response; (b,d) are
current profile 2 and corresponding voltage response.

Table 1. Basic parameters of the Li-S battery cell.

Parameter Value

Package format Pouch
Capacity 19 Ah

Maximum voltage 2.6 V
Minimum voltage 1.9 V
Nominal voltage 2.15 V

Maximum discharge rate 3 C-rate (57 A)
Maximum charge rate 0.25 C-rate (4.75 A)

Cell mass 141 g

Figure 4 presents the identification results for the parameters Uoc, Ro, Rp, and Cp

under two current profiles. The parameters obtained from profile 1 exhibit significantly
greater fluctuation than those from profile 2, particularly in the Rp and Cp estimations. This
demonstrates how varying current sequences in real-world applications yield divergent
identification outcomes, especially for polarization-related parameters. Such variations
arise because polarization dynamics are difficult to capture within narrow 1% SOC intervals
for fast-discharge operations.

To validate the online identification accuracy, a Li-S ECN model was implemented
in MATLAB/Simulink with the estimated parameters configured. Figure 5 compares
simulated terminal voltages against experimental measurements for both current profiles.
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Voltage discrepancies fluctuate within 0.13 V (profile 1) and 0.08 V (profile 2); with root
mean square error (RMSE) quantified as

RMSE =

√
∑n

n=1(Ut,meas − Ut,est)
2

n
, (13)

where Ut,meas and Ut,est denote measured and estimated voltages, respectively. The com-
puted RMSE values of 0.0254 (profile 1) and 0.0122 (profile 2) demonstrate better parameter
identification accuracy under the conditions of profile 2.

Figure 4. Parameter identification results under two current profiles: (a) Uoc, (b) Ro, (c) Rp, and
(d) Cp.

Figure 5. Terminal voltage comparison between the ECN model and measured values under two cur-
rent profiles: (a) terminal voltages from profile 1, (b) terminal voltages from profile 2, (c) two voltage
discrepancies of profile 1, and (d) two voltage discrepancies of profile 2.
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The better parameter identification accuracy observed under the conditions of profile
2 stems from richer frequency-domain excitation characteristics. Fast Fourier transform
(FFT) analysis of both current profiles (Figure 6) reveals that profile 2 exhibits significantly
enhanced spectral energy distribution across frequency bands essential for cell parameter
identification. Specifically, profile 2 maintains more than two times greater magnitudes in
the range 0.05∼0.3, corresponding to dominant polarization dynamics, compared to profile
1. Such excitation enables more complete estimation capability of the system dynamics
through greater-magnitude excitation conditions. The frequency-domain performance
directly translates to improved parameter estimation fidelity, as confirmed by the 52%
reduction in RMSE values between profiles.

Figure 6. Fast Fourier transform for current excitation in (a) profile 1 and (b) profile 2.

4. Discussion
The results in Figure 5 confirm this approach can identify Li-S cells’ OCV and

impedance parameters online, and the achieved RMSE values for profiles 1 and 2 (0.0254 V
and 0.0122 V) demonstrate voltage prediction accuracy comparable to relevant prior Li-ion
studies documented in [40]. Despite that, the identified parameters exhibit significant
sensitivity to excitation variations. The parametric values identified under different current
profiles demonstrate substantial divergence, particularly for polarization-related param-
eters (approximately 20% Rp and 50% Cp in some SOC intervals). This instability exists
despite CRB constraints theoretically guaranteeing identifiable minimum bounds. In auto-
motive applications, where load currents perform stochastic frequency characteristics, this
uncertainty introduces estimation error propagation risks for battery-state estimation.

As seen in Figure 5, parameter estimation accuracy degrades at OCV “inflection”
points (approximately SOC 70%) and voltage “plateaus” (SOC: 0∼70%), with terminal
voltage errors reaching 0.05 V, representing 70% of the SOC range. Within the SOC range
of 10∼70%, the OCV of Li-S batteries varies by merely 0.1 V (2.0∼2.1 V). This probably
creates an ill-conditioned estimation problem. While Kalman filtering techniques partially
compensate, their linear approximation assumptions would break down in these regions,
leading to difficultly in mitigating such errors.

The convergence of these challenges, including parametric excitation dependence and
estimation inaccuracy, reveals limitations in transferring such online parameter identifi-
cation frameworks to Li-S batteries. The observed 0.05 V estimation fluctuation in critical
“plateau” regions constrains the state-estimation fidelity. Furthermore, although the com-
bination of Fisher matrix evaluation and CRB is applied, the results in Figure 5 confirm a
loss of identifying accuracy in the “plateau” regions. Given the demonstrated parameter
identification uncertainties and estimation deficiencies, the evaluated methodology proves
unsuitable for reliable Li-S battery parameter estimation online. Until these limitations are
addressed, ECM model-based online parameter identification for Li-S batteries remains a
substantial challenge in automotive applications.
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5. Conclusions
This study critically evaluates the applicability of the FFRLS algorithm, enhanced with

a Fisher information matrix analysis and CRB constraints, for online parameter identifica-
tion with ECN models of Li-S batteries. Experimental validation using distinct drive cycles
revealed that identification accuracy is governed by the richness of current excitation. Sig-
nificant discrepancies (20∼50%) were observed in polarization-related parameters across
specific state-of-charge (SOC) intervals, and RMSE variations exceeded 100% between
profiles, with voltage fluctuations confined within approximately 0.05 V. These parametric
uncertainties and estimation deficiencies within voltage plateau regions exceed accept-
able thresholds for automotive Li-S applications. Therefore, overcoming these limitations
necessitates prioritized future research directions: (1) developing hybrid estimation archi-
tectures that integrate electrochemical knowledge with data-driven observers, specifically
targeting plateau regions; (2) designing excitation capture specifically optimized for Li-S
online parameter observability requirements; and (3) evaluating state estimation perfor-
mance of the developed algorithm under conditions of cell nonuniformity and aging. Until
these advancements are realized, model-based battery management for Li-S systems will
remain challenging.
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The following abbreviations are used in this manuscript:

Li-S Lithium–sulfur
ECN Equivalent circuit network
RMSE Root mean square error
BMS Battery management system
Li-ion Lithium-ion
SOC State of charge
SOH State of health
OCV Open-circuit voltage
SISO Single input–single output
DP Dual polarization
RC Resistor–capacitor
FF Forgetting factor
FFRLS Forgetting factor recursive least square
CRB Cramér–Rao lower bound
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