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Abstract: This paper investigates the effect of ambient temperature on the accuracy of state-of-charge (SoC) estimation
in lithium-ion batteries using the Extended Kalman Filter (EKF). Experimental evaluations were conducted at three
distinct temperatures—5°C, 25°C, and 45°C—representing low, nominal, and high thermal conditions. Results reveal
that battery performance and SoC estimation accuracy significantly depend on temperature, with 25°C providing the
most stable electrochemical behavior and lowest estimation error. A dual-cell equivalent circuit model is employed to
simulate the battery dynamics, and EKF is utilized as a real-time estimator due to its robustness in handling non-linear
systems. Additionally, a thermally stable SoC operating range between 70% and 30% is identified, where the battery
exhibits a reliable and predictable response across all tested conditions. These findings underline the importance of
incorporating temperature effects into battery modeling for improved performance and safety in practical applications.
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making [1]. However, the true potential of lithium-ion

1. INTRODUCTI 2 n .
NTRODUCTION batteries is only unlocked when their internal state can be

In the face of escalating climate change concerns and the reliably monitored and controlled. Among the various
global transition toward sustainable energy, lithium-ion internal variables, the state of-charge which represents the
batteries (LIBs) have become a foundational technology remaining usable energy in a battery stands out as the most
powering this transformation. From electric vehicles that essential yet the most elusive. Unlike current or voltage, SoC
redefine urban mobility to renewable energy systems that cannot be directly measured. It must be estimated using
stabilize modern power grids and even the smartphones in our indirect methods, and this estimation lies at the heart of
pockets—LIBs are silently but fundamentally shaping the battery management systems. A misestimated SoC not only
future of energy use. Their success stems from a unique reduces system performance but may also lead to premature
combination of high energy density, low self-discharge, and aging, thermal runaway [2], or even safety hazards.
long operational lifespan. Beyond vehicle-level applications, Therefore, achieving accurate, robust, and real-time SoC
lithium-ion batteries are increasingly deployed in integrated estimation is not just a technical challenge—it is a critical
energy systems—such as electric vehicle charging enabler of trust in battery-powered technologies that now
infrastructures coupled with renewable generation and support everything from daily life to large-scale energy
stationary storage—where reliable battery state estimation is infrastructure.

essential for economic operation and system-level decision
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Over the past two decades, a wide range of modeling
approaches have been proposed to estimate the state-of-
charge (SoC) of lithium-ion batteries. These approaches can
be Dbroadly categorized into three main groups:
electrochemical models [3], black-box models [4], and
equivalent circuit models [5] (ECMs), each with distinct
advantages and inherent limitations.

Electrochemical models aim to simulate the internal
physical and chemical processes of the battery with high
fidelity. These models capture phenomena such as lithium-
ion diffusion, charge transfer kinetics, and solid electrolyte
interphase (SEI) growth. Although they offer detailed
physical insight and are valuable for understanding
degradation mechanisms, their application in real-time SoC
estimation is limited due to high computational demands,
nonlinear partial differential equations, and the need for
precise internal parameters, which are often difficult to obtain
experimentally [6]. Black-box models, such as those based on
artificial neural networks [7], support vector machines [8], or
deep learning architectures, have gained popularity for their
ability to learn complex nonlinear behaviors directly from
data. These models require no explicit knowledge of the
battery's internal structure and are generally fast to deploy
once trained. However, they suffer from low interpretability,
poor generalization to unseen conditions, and a heavy
dependence on high-quality, labeled training datasets.
Moreover, their performance can deteriorate significantly
under dynamic or non-standard operating environments, such
as varying temperature or load profiles.

Recent comprehensive review studies, most notably the
work by Miao et al. [9], have systematically analyzed state-
of-charge estimation methods across wide temperature
ranges. That study provides a thorough comparison of model-
based and data-driven approaches, highlighting how
temperature variations affect estimation accuracy, stability,
and computational requirements. While such reviews offer
valuable insights into the relative strengths and weaknesses
of existing SoC estimation techniques, they primarily focus
on method-level comparisons rather than addressing practical
modeling decisions faced in real-world BMS implementation.
In particular, the question of how model identification
temperature influences the robustness of a single SoC
estimator across varying thermal conditions remains largely
unexplored.

In contrast, equivalent circuit models (ECMs) provide a
practical balance between physical interpretability and
computational efficiency [10]. By representing the battery
with lumped electrical elements—such as resistors and
capacitors, ECMs can approximate key electrochemical
dynamics while remaining simple enough for implementation
in real-time systems. Among ECMs, the single-cell RC model
has been widely adopted due to its minimal parameter
requirements and straightforward structure [11]. However,
single-cell models tend to oversimplify the internal behavior
of lithium-ion batteries, often neglecting slower processes
such as diffusion delays and interfacial polarization. To
address these limitations, more advanced models, such as
dual-cell or multi-time constant ECMs, have been introduced.
These models separate fast and slow dynamic components,
providing a more accurate and flexible representation of the
battery's transient behavior without the complexity of full
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electrochemical formulations [12]. For example, in our
previous work [13], a dual-cell ECM combined with a
Kalman-filter-based observer was used to investigate the
effect of excitation signal design on parameter identification
and SoC estimation accuracy at a nominal temperature of
25°C. That study demonstrated that long-pulse excitation
signals significantly improve parameter identifiability and
estimation accuracy under isothermal conditions. While that
study established an effective identification strategy under
nominal thermal conditions, it did not address how the choice
of identification temperature influences model fidelity and
SoC estimation performance.

In addition, recent review studies have systematically
compared various state estimation and optimization
techniques used in battery management systems, emphasizing
the trade-off between estimation accuracy, computational
complexity, and suitability for real-time implementation, and
highlighting model-based observers such as Kalman-filter-
based methods as practical solutions for online SoC
estimation [9] and [14].

However, many studies using ECMs still assume
isothermal conditions and rarely account for the influence of
ambient temperature on the estimation performance. This
omission can significantly compromise accuracy in real-
world applications, particularly when models identified at a
nominal temperature are applied under varying thermal
conditions. Despite advancements in model estimation
techniques for lithium-ion batteries, temperature remains an
often overlooked yet critical factor affecting both the internal
dynamics of the battery and the reliability of state-of-charge
(SoC) estimation [15]. Although temperature-dependent
modeling can improve accuracy, it often comes at the cost of
increased model complexity and computational burden,
which limits its practicality for real-time and embedded
battery management systems. Consequently, most existing
models and observers still rely on a single battery model
identified at a fixed temperature while in practical scenarios,
batteries experience a wide range of thermal conditions that
significantly influence their electrical and electrochemical
behavior. From this perspective, an important yet
insufficiently addressed question arises: if only one battery
model can be identified, at which ambient temperature should
the identification be performed to achieve the most accurate
and robust state-of-charge (SoC) estimation across operating
conditions?

To address this question, the present study systematically
investigates the effect of identification temperature on SoC
estimation performance using a dual-cell (2RC) equivalent
circuit model and an Extended Kalman Filter (EKF)
framework [13]. Controlled experiments are conducted at
three representative ambient temperatures—S5 °C, 25 °C, and
45 °C—to quantify estimation accuracy, robustness, and
generalization. Unlike prior comparative reviews, this work
focuses on identifying an optimal single identification
temperature that maximizes SoC estimation robustness across
thermal conditions without resorting to temperature-
dependent modeling.

The novelty of this study lies in identifying an optimal
single-temperature ECM for robust SoC estimation across
varying thermal conditions, extending our previous long-
pulse identification strategy [ 13]. Also, rather than comparing
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estimation methods, as in [9], this work addresses a
complementary and practically motivated problem:
optimizing model identification strategy under single-model
constraints. So, the main contributions of this paper can be
summarized as follows:

e A systematic experimental evaluation of SoC estimation
performance when a dual-cell ECM is identified at different
ambient temperatures (5 °C, 25 °C, and 45 °C), from a
practical, online BMS perspective.

o Identification of an optimal identification temperature that
provides the best trade-off between estimation accuracy and
model simplicity, avoiding the need for temperature-
dependent parameterization.

e Quantitative analysis of the robustness of a single-
temperature-identified model when applied across a wide
thermal operating range.

e An experimentally validated framework suitable for real-
time and resource-constrained battery management
systems.

2. EQUIVALENT CIRCUIT MODELING OF LITHIUM-ION
BATTERIES

Accurate estimation of the state-of-charge (SoC) in
lithium-ion batteries requires a battery model that can
adequately capture the dominant internal dynamics while
remaining computationally  tractable for real-time
implementation. Among the available modeling approaches,
equivalent circuit models (ECMs) have been widely adopted
due to their balance between physical interpretability,
numerical efficiency, and suitability for embedded battery
management systems (BMSs) [13].

In this study, a dual-cell equivalent circuit model
(commonly referred to as a 2RC model) is employed. This
model structure has been shown to effectively represent both
fast and slow electrochemical dynamics associated with
charge transfer and diffusion phenomena, without
introducing the complexity of high-order electrochemical
models. The same model topology was previously validated
by the authors in [13] for state-of-charge estimation under
nominal thermal conditions. Therefore, the present work
adopts this established model structure and focuses on
investigating how the temperature at which the model

parameters are identified influences SoC estimation
performance.
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Fig. 1. Dual-cell (2RC) equivalent circuit model of a lithium-
ion battery, consisting of an ohmic resistance R, two
polarization resistances R;and R,, and their associated
capacitances C; and C,.

As illustrated in Fig. 1, the dual-cell ECM consists of an
ohmic resistance R, representing instantaneous voltage
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losses, two parallel RC branches (R4, C;) and (R,, C,) that
capture polarization effects occurring at different time scales,
and a controlled voltage source representing the open-circuit
voltage Vyc. The internal states of the model include the
currents flowing through each RC branch and the state of
charge of the battery. The open-circuit voltage V,. is a
nonlinear function of SOC and reflects the equilibrium
voltage of the battery when no current is flowing [16].

The continuous-time state equations of the dual-cell
ECM describe the dynamics of the RC branch currents and
the SoC evolution based on charge balance principles. The
detailed derivation of these equations, as well as their
discretization procedure, have been thoroughly presented in
the authors’ previous work [13] and are therefore not repeated
here for brevity.

For implementation within the Extended Kalman Filter
(EKF) framework, the model is expressed in discrete-time
state-space form. The resulting discrete-time state equation is
given by

x(k + 1) = Ax(k) + BI,(k), (1)

where the state vector is defined as x(k) =
[i;(k),i,(k),SOC(Kk)]T. Here, iy (k) and i,(k) denote the
currents through the two RC branches, and SOC(k)
represents the state of charge at discrete time step k. The input
I (k) is the measured terminal current, defined as positive
during discharge. Also, The system and input matrices are
given by

At
__At 1—e RiCi
e Ril1 0 0 _ At
A= __At ,B= 1—€R2C2; (2)
0 e RaCa l At
0 0 1 -
Cy

where At is the sampling interval and C,, denotes the nominal
capacity of the cell.

The discrete-time output equation relating the terminal
voltage to the model states is expressed as,

Ve(k) = Voc(SOC(k)) — Role (k) — Ryiy (k) 3)
— Ryiy (k).

This discrete-time model is directly employed within the
EKF for SoC estimation. Since the model structure remains
unchanged across all experiments, variations in estimation
performance can be attributed solely to the temperature-
dependent identification of model parameters.

3. EXPERIMENTAL SETUP AND TEMPERATURE-
ORIENTED MODEL IDENTIFICATION

Accurate state-of-charge estimation relies on precise
identification of the model parameters under conditions that
reflect real-world battery operation. Unlike our previous
study [13], where the main objective was to compare short-
and long-pulse excitation signals at a fixed nominal
temperature, the present work adopts a long-pulse excitation
strategy and focuses on investigating the influence of
identification temperature on model fidelity and SoC
estimation accuracy. Specifically, the goal is to determine an
optimal identification temperature that provides the most
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robust SoC estimation across a wide range of thermal
operating conditions.

All experimental data used in this study were generated
by the authors through controlled laboratory experiments
specifically designed for model identification and state-of-
charge estimation purposes. The dataset consists of
synchronized measurements of terminal voltage, applied
current, and ambient temperature, collected under repeatable
and well-defined operating conditions. The same
experimental platform and data acquisition procedure were
used for all temperature settings to ensure consistency and
comparability across tests.

3.1 Battery Specification and Thermal Conditioning

Experiments were conducted on commercially available
Maxell ER3 14250 lithium-ion cells with the following
characteristics: nominal capacity 500 mAh, nominal voltage
3.7 V, maximum voltage 4.2 V, and cut-off voltage 3.0 V.
Each experiment was performed on a fresh cell of the same
model to avoid performance degradation effects caused by
aging or cycling history. Prior to testing, each cell was
stabilized at the target ambient temperature to ensure thermal
equilibrium. Temperature conditioning was achieved using a
climate-controlled chamber, and cells were held at the desired
temperature for a sufficient duration before data acquisition
to guarantee uniform internal temperature distribution.

Three representative identification temperatures were
selected to cover practical operating conditions: Low
temperature (5°C), Nominal temperature (25°C), and High
temperature (45°C). These temperatures were chosen to
capture the influence of thermal variations on internal battery
dynamics, such as ohmic and polarization resistances and
capacitive effects, which are known to affect SoC estimation
accuracy.

3.2 Excitation Signal and Measurement Protocol

Following the findings in [13], a long-pulse current
profile was applied to all experiments to ensure reliable
parameter identification. This approach captures both fast and
slow electrochemical dynamics while maintaining a low
computational burden suitable for real-time implementation.
The applied current profile and measurement protocol were
identical for all temperature cases, ensuring that observed
differences in model parameters arise solely from
temperature effects rather than excitation variability.

Terminal voltage and current were recorded throughout
the discharge cycle. All signals were sampled at a fixed
sampling interval and recorded using a calibrated data
acquisition system to ensure measurement accuracy and
repeatability. Rest periods were incorporated between pulses
to allow the terminal voltage to relax toward the open-circuit
voltage, which serves as a reference for model parameter
identification. Fig. 2 presents a comparison of terminal
voltage curves across these three temperature settings during
a standard long-pulse discharge cycle.

As shown, both the initial response and relaxation
behavior of the battery are noticeably influenced by
temperature, revealing slower dynamics and voltage sag at
lower temperatures, and increased instability at higher ones.

3.3 Discrete-Time Parameter Identification
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The dual-cell ECM structure described in Section 2 was
employed for all tests. Parameter identification followed a
three-step procedure, consistent with the methodology in
[13]:

I 45°C |
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Fig. 2. Terminal voltage at 5°C, 25°C, and 45°C

1. Open-circuit voltage identification: The terminal voltage
during rest intervals was used to construct the nonlinear
Voc —SOC relationship, providing a reference for
subsequent parameter estimation.

2. Ohmic resistance estimation (R;): Voltage drops during
current steps and rest periods were used to calculate R,
according to:

Va=Ve) + (Vo — Vo)

21,

Ro = )
where Vy, Vg, Vi, and V, denote measured voltages at
selected points in the discharge-rest cycles [17-18]. For
the current experiments, the identified value of R, was
0.0749 Q. This indicates that the type of experiment has
a negligible impact on the estimation of the battery’s
ohmic resistance.

3. ARX-based identification of polarization parameters (R,
R,, C;, C,): The remaining dynamic parameters were
estimated by fitting a discrete-time Auto-Regressive with
eXogenous input (ARX) model to the measured voltage
and current data. The resulting coefficients were then
mapped onto the dual-cell ECM parameters following the
procedure described in [13].

The complete identification process was carried out
independently using datasets obtained at 5°C, 25°C, and
45°C, resulting in three temperature-specific parameter sets
derived from experimentally measured data rather than
simulated or synthetic inputs. Table 1 summarizes the
extracted ECM parameters at the three identification
temperatures. The results demonstrate clear temperature
dependence:

These observations highlight that the same ECM
structure exhibits significant variation in parameters
depending on the identification temperature, which directly
affects SoC estimation performance.

Table 1. Dual-cell ECM parameters identified at three
different temperatures.

5°C 25°C 45°C
R, (Q) 0.0777 0.0532 0.0901
R, () 0.2595 0.1373 0.36716
C; (F) 30.5007 72.7049 48.51382
C, (F) 701.2893 778.1462 3068.72
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4. STATE ESTIMATION WITH EXTENDED KALMAN
FILTER

SoC estimation in lithium-ion batteries constitutes a
nonlinear state estimation problem, as the internal battery
states are not directly measurable and the terminal voltage
depends nonlinearly on SoC through the open-circuit voltage
characteristic. In this work, an Extended Kalman Filter (EKF)
is adopted to recursively estimate the internal states of the
dual-cell equivalent circuit model, including the SoC and
polarization dynamics, using measured terminal current and
voltage [19].

The EKF framework combines a physics-based battery
model with stochastic estimation theory. In the prediction
step, the discrete-time state equations propagate the internal
states forward using the measured current input, while
accounting for model uncertainty through process noise. In
the correction step, the predicted terminal voltage—
computed from the estimated states and the nonlinear
Voc(SOC) relationship—is compared with the measured
voltage, and the resulting innovation is used to update the
state estimates [20]. This recursive prediction—correction
structure enables the EKF to compensate for modeling
inaccuracies and measurement noise in real time.

4.1 Estimation Mechanism and Observability Analysis

Based on the discrete-time model introduced in Section
2, the state and measurement equations used in the EKF are
expressed as:

Xk+1 = AXk + BIk + Wy

5

Vek = h(Xp, Iy) + v )
where

h(Xy, I) = Voc(SOCy) — Roly — Ryly i — Ryl (6)

and w; and v, represent zero-mean Gaussian process and
measurement noise, respectively.

At each sampling instant, the EKF performs linearization
of the nonlinear output equation around the current state
estimate. The corresponding output Jacobian is given by:

dVoc (SOCk)] @)

B =|-R —R: —ococ

This expression explicitly shows that the SoC state enters
the measurement equation through the slope of the open-
circuit voltage curve. Consequently, local observability of
SoC is ensured when:

AV (SOC)
dsoc

Under dynamic current excitation, the polarization states
i; and i, further enhance observability by introducing
transient voltage responses that couple the internal dynamics
to the measured terminal voltage. In contrast, during near-rest
conditions or in flat regions of the Vyr — SOC curve, the
contribution of SoC to the measurement equation diminishes,
leading to reduced observability[21-22]. In such cases, the
EKF correction relies primarily on the state prediction
governed by coulomb counting.

®)
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This behavior reflects a fundamental limitation of
voltage-based SoC estimation rather than a shortcoming of
the EKF itself.

4.2 Stability and Practical Convergence Properties

Due to the nonlinear nature of the battery model, the EKF
does not provide global stability guarantees [21]. However,
local stability and bounded estimation errors can be ensured
under standard assumptions on noise statistics, model fidelity,
and filter tuning.

The EKF covariance propagation and correction steps are
governed by:

Peje—1 = FiPeqie—1Ff + Q
Kk = Peg—1Hf (HiPepe—1 HE +R) 71
Pe = a- Kka)Pklk—l

where F,, = A for the linear state equation and Hj is the
Jacobian defined in (7).

)

In this study, practical stability of the EKF is achieved by
selecting physically meaningful covariance matrices. For
example, the following diagonal structures were found to

yield stable and well-convergent behavior across all
experiments:

Q= diag(qi1’ qi,» CIsoc)xR =N (10)
with representative values on the order of:

soc = 0(107°),

i, qi, = 0(107°), (11)

1, = 0(107%)

With appropriate initialization and tuning, the EKF

consistently exhibits bounded estimation errors and
convergent behavior. Since the EKF structure, noise

covariances, and initialization strategy are identical for all
temperature cases considered in this work, any observed
differences in convergence speed or estimation accuracy can
be attributed to temperature-dependent model parameter
variations rather than estimator instability.

4.3 Advantages and Limitations

The EKF offers an effective balance between estimation
accuracy and computational efficiency, making it suitable for
real-time implementation in battery management systems. Its
ability to accommodate nonlinear battery characteristics and
fuse model-based prediction with voltage measurements
provides robustness against sensor noise and modeling
uncertainties.

Nevertheless, EKF performance remains strongly
dependent on model accuracy. Parameter mismatches—
particularly those induced by temperature-dependent
behavior—can degrade estimation accuracy and slow
convergence. This limitation directly motivates the central
objective of this paper, which is to assess how the temperature
at which model parameters are identified influences SoC
estimation performance when the same estimation framework
is applied.

A detailed derivation of the EKF recursion equations and
implementation details is provided in [13], and is therefore
not repeated here.
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5. RESULTS AND DISCUSSION

To further evaluate the robustness and thermal sensitivity
of the Extended Kalman Filter (EKF), a series of simulations
were conducted to estimate the state of charge (SoC) of the
lithium-ion battery at three key temperature levels: 5°C,
25°C, and 45°C. These temperature points were selected to
represent typical low, nominal, and high operating conditions
and to highlight the battery’s electrochemical behavior across
the thermal spectrum. As illustrated in Fig. 3, 4, and 5, the
EKF-based SoC estimation demonstrates noticeably different
performance characteristics under each thermal condition.

1 T T r T
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Fig. 3. Comparison of estimated and actual SoC in a
lithium-ion battery at 5°C
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Fig. 4. Comparison of estimated and actual SoC in a
lithium-ion battery at 25°C
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Actual
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Time(Sec)

0 2000 10000

Fig. S. Comparison of estimated and actual SoC in a
lithium-ion battery at 45°C

At 5°C, the battery exhibits sluggish ion kinetics and
increased internal resistance, which introduce delay and
deviation in the voltage response. Consequently, the EKF
struggles to accurately track the real-time SoC, resulting in
visible over- or under-estimations throughout the cycle. In
contrast, at 45°C, although the battery shows more dynamic
voltage changes due to accelerated charge transfer, the system
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is also subject to increased instability stemming from side
reactions, voltage noise, and self-discharge phenomena. This
results in estimation drift and reduced prediction confidence
in high-temperature environments. At 25°C, which
corresponds to the manufacturer’s nominal operating
temperature, the battery maintains a balanced electrochemical
environment. lon diffusion, charge transport, and electrode
kinetics are optimized, allowing the EKF to model the system
dynamics with high precision. The estimated and actual SoC
curves align closely, and minimal deviation is observed
across the entire operating range.

Fig. 6 presents a direct comparison of the SoC estimation
error at 5°C, 25°C, and 45°C. The lowest error consistently
occurs at 25°C, where the EKF accurately tracks the actual
SoC with minimal deviation. At 5°C, higher internal
resistance slows down voltage dynamics, producing a
noticeable transient error at the beginning of the cycle. In
contrast, the 45°C curve exhibits larger fluctuations and drift
due to thermal instability and increased measurement noise.
Overall, this figure quantitatively demonstrates that the
estimation accuracy and stability of the EKF are strongly
affected by ambient temperature, confirming the necessity of
selecting an optimal identification temperature for robust SoC
estimation.

To further validate this behavior, Table. 2 presents the
mean absolute error (MAE) and root mean square error
(RMSE) of SoC estimation across the three temperature
scenarios. The numerical results strongly support the visual
trends observed in the figures. While SoC estimation at 5°C
and 45°C suffers from higher variance and transient
deviations, the performance at 25°C consistently yields the
lowest errors, reinforcing the importance of thermal
adaptation in battery modeling and observer design. These
results collectively demonstrate that temperature is a
dominant factor in the reliability of SoC estimation.
Incorporating thermal characteristics into both the battery
model and observer logic is thus crucial for ensuring accuracy
and safety in real-world battery management systems.
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Fig. 6. Error comparison in state-of-charge estimation at
5°C, 25°C, and 45°C, highlighting distortion effects at
higher temperatures.

Table 2. Error Analysis of SoC Estimation Using
EKF Across Thermal Scenarios.

Temperature RMSE MAE
5°C 0.0165 0.0101
25°C 0.0073 0.0048
45°C 0.0185 0.0134
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6. CONCLUSION

In this study, we investigated the impact of ambient
temperature on the accuracy of state-of-charge (SoC)
estimation in lithium-ion batteries using a dual-cell
equivalent circuit model and the Extended Kalman Filter
(EKF). Experiments were conducted at three critical thermal
conditions 5°C, 25°C, and 45°C to reflect a wide operational
range and reveal temperature-dependent estimation behavior.

The results of this study clearly demonstrate that ambient
temperature has a decisive influence on both the
electrochemical behavior of lithium-ion batteries and the
accuracy of state-of-charge (SoC) estimation. Experimental
evaluations conducted at 5°C, 25°C, and 45°C show that the
battery model identified at the nominal temperature of 25°C
consistently provides the highest estimation accuracy and
stability compared to models extracted at low and high
temperatures. At low temperature (5°C), reduced lithium-ion
mobility and increased internal resistance lead to sluggish
voltage dynamics and pronounced polarization effects, which
degrade model fidelity and reduce estimation accuracy.
Conversely, at high temperature (45°C), accelerated side
reactions, increased self-discharge, and thermal-induced
parameter drift introduce voltage noise and estimation drift,
despite faster ion transport.

Beyond temperature effects, this work also emphasizes
the importance of evaluating battery behavior within a
realistic and practically relevant operating SoC range. To this
end, the operational window between 70% and 30% SoC was
systematically investigated, as this region represents normal
usage conditions in many battery-powered applications and
avoids extreme nonlinearities associated with fully charged or
deeply discharged states. Within this interval, the battery
exhibits reduced voltage hysteresis, more stable equivalent-
circuit parameters, and smoother voltage dynamics. The
experimental results confirm that the EKF-based estimation
error remains significantly lower and more stable in this range
compared to high- or low-SoC extremes, where internal
resistance increases and electrochemical nonlinearities
become more pronounced. By jointly considering
temperature dependency and the practical operating SoC
window, this study provides an explicit criterion for selecting
the most reliable battery model.

The superior performance observed within the 70%-30%
SoC range, combined with the lowest estimation error at
25°C, indicates that the model identified under nominal
thermal conditions offers the most accurate and physically
consistent representation of battery behavior. Overall, the
proposed framework—based on a simple dual-RC model and
the Extended Kalman Filter—achieves a favorable balance
among modeling simplicity, computational efficiency, and
estimation accuracy, making it well-suited for real-time
implementation in battery management systems.

Future work should focus on integrating temperature-
adaptive mechanisms into observer design and evaluating the
performance of this framework under real-world load
profiles, including those encountered in electric vehicle
applications. Additionally, expanding this method to other
battery chemistries could further validate its generalizability
across modern battery management systems.
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