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Voltage-Controlled SoC Estimation in
Lithium-Ion Batteries: A Comparative
Analysis of Equivalent Circuit Models

Hoda Sorouri, Student Member, IEEE, Ashkan Safari, Member, IEEE, Arman Oshnoei, Senior Member, IEEE
and Remus Teodorescu, Fellow, IEEE

Abstract—This paper applies voltage-controlled meth-
ods introduced in [1] to regulate battery voltage and
extract state of charge (SoC) in lithium-ion batteries,
comparing three equivalent circuit models (ECMs): a
simple resistance model, an RC model, and an RC-
Diffusion model. Their simulated responses are evaluated
against the experimental dataset reported in [2] in order
to assess their relative accuracy.

Index Terms—State of Charge, Equivalent Circuit
Models, Voltage-Controlled Method, Lithium-ion Battery,
Model-Based, Battery Management Systems (BMS).

I. INTRODUCTION

Accurate State of Charge (SoC) estimation in
lithium-ion batteries is essential for managing battery
systems in applications like electric vehicles, portable
electronics, and renewable energy storage. It serves as
a key metric for understanding remaining battery en-
ergy, guiding decision-making that affects performance,
safety, and lifespan [3]. Reliable SoC diagnosis provides
precise information for advanced energy management,
optimizing capacity, extending battery life, and improv-
ing efficiency [4]. In large-scale applications like electric
vehicles and grid storage, precise SoC estimation sup-
ports predictive maintenance and warranty assessments
and enhances BMS performance [5].

Various methods have been developed for SoC es-
timation, including empirical, model-based, and data-
driven (Al-based) approaches. While Al-based methods,
such as neural networks and support vector machines,
model complex and nonlinear battery behavior using
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large datasets [6], they often require extensive train-
ing data and may struggle with generalization across
different battery types and operating conditions [7].
Additionally, these methods can suffer from a lack of
interpretability and high computational demands [8].

Model-based methods, especially those using equiv-
alent circuit models (ECMs), have gained popularity due
to their balance between simplicity and accuracy [9],
[10]. ECMs represent the battery’s electrical behavior
with resistive, capacitive, and sometimes inductive ele-
ments [11]-[13]. The RC model improves on the basic
R model by adding a capacitor, better capturing the
battery’s voltage response to changes in current [15],
[16].

However, traditional model-based methods often rely
on current-controlled estimation, which can be prone
to errors due to inaccuracies in current measurement
and SoC drift. To overcome these limitations, voltage-
controlled methods have emerged as a novel approach for
SoC estimation [1]. Unlike current-controlled models,
voltage-controlled methods use battery voltage as the
primary input for determining SoC. This approach offers
robustness against current sensing errors, provides a
direct relationship between voltage changes and SoC,
and is advantageous where accurate current measurement
is difficult or when the battery operates under variable
loads [1].

This paper evaluates three different ECMs for SoC
estimation: a simple resistance (R) model, an RC model,
and an extended RC model that incorporates diffusion
effects within battery electrodes [17], [18]. The study
explores the application of voltage-controlled methods
across these models to assess their effectiveness in ac-
curately estimating SoC under various operational condi-
tions, including full cycling at a 1C rate, shallow cycling
between 25% and 75% SoC, and dynamic operation
based on the WLTP.



II. METHODOLOGY

This study investigates the SoC estimation in lithium-
ion batteries using three different ECMs: an R-only
model, an RC model, and an RC-Diffusion model. Each
model is evaluated under various conditions, using a
voltage-controlled estimation method to ensure precise
SoC determination. The methodology includes the pa-
rameterization of the models, the experimental setup, and
the comparison of the models using Coulomb counting
as a benchmark.
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Fig. 1. Lithium-ion battery SoC diagnosis, (a) Coulomb counter,
and (b) voltage-controlled algorithm.
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A. Measurement and Diagnosis of SoC

SoC estimation in this study is performed using two
primary methods: the Coulomb counter and the voltage-
controlled model, as illustrated in Fig. 1. The Coulomb
counter method estimates SoC by integrating the current
over time, according to the equation:

t
SoC(t) = SoCp — 1/ Ieyp(T)dT (1

Cn Ji,

where I, (t) is the experimentally measured current,
C is the nominal capacity of the battery, SoCj is is the
initial SoC. This method is straightforward, providing
a direct relationship between the current flow and the
SoC. However, it is susceptible to errors due to inaccura-
cies in current measurement, particularly during shallow
cycling, where calibration points are not reached. Such
errors can accumulate over time, leading to significant
deviations in SoC estimation, especially under conditions
where the battery does not undergo full charge and
discharge cycles.

On the other hand, the voltage-controlled model
estimates SoC using the battery’s voltage as the primary
input. In this approach, the relationship between SoC
and the measured voltage V., (t) is expressed through
the ECMs. For the R-only model, the SoC estimation is
governed by the equation:

ClSOCsim _ 1
dt n R.Cy

where V9(SoCy;,, is the open-circuit voltage as a
function of SoC, and R is the internal resistance of the
battery. This model utilizes the voltage drop across the
resistor, adjusting SoC based on changes in the observed
voltage. The current output from this model is derived
using:

(VO(SOCSim) - V’e;tp(t)) (2)

Veap(t)) 3)

This method offers a significant advantage as it does
not rely on direct current measurement, thereby making
it more robust against errors associated with current
sensing. The voltage-controlled approach is particularly
beneficial in scenarios where accurate current measure-
ment is challenging or where the battery operates under
varying loads, as it directly correlates voltage changes
with SoC, providing a more stable and reliable estimation
in real-time applications.
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Fig. 2. Detailed process of SoC diagnosis using the proposed

methods, based on ECMs.

B. Parameterization Experiments

The ECMs are parameterized using exclusively the
experimental dataset reported in [1], which comprehen-
sively captures the battery’s performance under con-
trolled conditions. In [1], the lab setup utilizes commer-
cial lithium-ion battery cells tested at a stable ambient
temperature of 25 °C within a climate-controlled cham-
ber to ensure consistency and accuracy in the results.
The experimental setup consists of commercial high-
power 20 Ah lithium-ion pouch cells placed inside
the climate chamber and connected to a battery cy-
cler. During the parameterization experiments, constant-
current/constant-voltage (CCCV) charge and discharge



curves are measured at different C-rates, together with
additional pulse-current tests, as described in. EIS is
employed at 50% state of charge to characterize the
battery’s impedance across a wide frequency range (ap-
proximately 1 mHz—-100 kHz). These EIS measurements
provide detailed insights into the internal resistance and
capacitive behavior of the battery, which are critical
parameters for the ECMs. The model parameters and
experimental dataset employed in this study are therefore
directly taken from [1], [2].

C. Equivalent Circuit Models

This study utilizes three ECMs, as shown in Fig.2,
each with increasing levels of complexity:

1) R-Only Mode: Consisting of a single resistor
R, this model represents the internal resistance of the
battery, providing a basic approximation of SoC based
on the voltage drop across the resistor.

2) RC Model: This model adds a capacitor C] in
parallel with the resistor R; to capture the transient re-
sponse of the battery. The RC model provides improved
accuracy during dynamic operations where the current
fluctuates.

3) RC-Diffusion Model: The RC-Diffusion model is
the most complex among the models used in this study.
It extends the RC model by incorporating an additional
resistor-capacitor (R;C1) circuit to account for solid-
state diffusion effects within the battery. This enhance-
ment allows the model to capture the slower dynamic
responses associated with the diffusion of lithium ions
between different regions within the battery, specifically
the shell and core regions of the electrode particles.

In this model, the SoC is divided into two compo-
nents: SoCspey and SoCeyre. The SoCgpe refers to the
state of charge in the outer (shell) region of the electrode
particles, where the lithium-ion concentration changes
more rapidly due to its proximity to the electrolyte. Con-
versely, SoC.. refers to the state of charge in the inner
(core) region of the electrode particles, where lithium
ions diffuse more slowly. The diffusion current Ip is
a critical element of this model, representing the rate
at which lithium ions move between the shell and core
regions, driven by the concentration gradient between
these regions. The diffusion coefficient D determines the
rate of this inter-region transfer.

The equations for the RC-Diffusion model are as
follows:
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Fig. 3. Measured voltage as a function of time.
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Fig. 4. Measured current as a function of time.

In these equations, V' represents the terminal voltage
of the battery while V°(S0Csey;) denotes the open-
circuit voltage as a function of the SoC in the shell



region. The parameter R; corresponds to the series
resistance that accounts for the ohmic drop in the bat-
tery. The term Vg, ¢, represents the voltage across the
R, C diffusion network, which captures the diffusion-
related potential drop. Additionally, R; (/) is the current-
dependent resistance associated with the diffusion pro-
cess, and (] is the capacitance of the R;C].

III. RESULTS AND ANALYTICS

The models are evaluated under three specific con-
ditions:
o Full Cycling at 1C Rate
o Shallow Cycling at 1C Rate (25% to 75% SoC)
¢ Dynamic Operation Based on WLTP

As illustrated in Fig. 3, the measured voltage and
current profiles during these three operational modes
provide a comprehensive basis for evaluating the per-
formance of different SoC estimation models.
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Fig. 5. Comparison of estimated SoC across three operational

modes using the R-only model and the current-controlled Coulomb
counter (Experiment).

A. Simulation Results for the R-Only Model

The R-Only model employs a basic approach to
SoC estimation by considering the voltage drop across
a single resistor. This model effectively captures the
general SoC trend over time, as illustrated in Figs. 5
and 6. However, as shown in Fig. 5, which depicts the
SoC estimation during different operational modes (full
cycling, shallow cycling, and dynamic conditions), the
R-Only model exhibits substantial deviations from the
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Fig. 6. Comparison of current across three operational modes
using the R-only model and the current-controlled Coulomb counter
(standard algorithm).

actual SoC, particularly during dynamic and shallow
cycling conditions. These discrepancies arise due to the
model’s inability to account for transient and diffusion
effects, which are critical in accurately representing
rapid current and voltage fluctuations during dynamic
operations. Similarly, Fig. 6 demonstrates the current
comparison across the three modes, highlighting the
model’s limitations in accurately reflecting the battery’s
current response under these conditions. Consequently,
while the R-Only model offers computational simplicity,
it lacks the precision required for applications involving
frequent load variations or transient states.

B. Simulation Results for the RC Model

The RC model introduces a capacitor in parallel
with the resistor, significantly enhancing SoC estimation
accuracy over the R-Only model, as shown in Figs.
8 and 9. Fig. 8 illustrates the estimated SoC across
different operational modes, where the RC model shows
a marked improvement in accuracy, particularly during
dynamic cycling conditions. The addition of the capaci-
tor enables the RC model to effectively manage sudden
voltage changes, thereby reducing the impact of transient
conditions. This improvement results in a closer align-
ment with experimental data, especially under dynamic
cycling conditions, where the model better captures the
battery’s real-time dynamics. Fig. 9 presents the current
comparison, demonstrating that the RC model more
accurately follows the experimentally measured current,



proving its effectiveness in both steady and dynamic state
operations.
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Fig. 7. Comparison of estimated SoC across three operational
modes using the RC model and the current-controlled Coulomb
counter (Experiment).
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Fig. 8. Comparison of current across three operational modes using
the RC model and the current-controlled Coulomb counter (standard
algorithm).

C. Simulation Results for the RC-Diffusion Model

The RC-Diffusion model, presented in Figs. 10 and
11, further enhances SoC estimation by incorporating

diffusion effects, which are particularly significant during
prolonged charge and discharge cycles. Fig. 10 shows
the estimated SoC across various modes, emphasizing
the model’s ability to account for both rapid and slow
battery responses, closely aligning with Coulomb count-
ing data to provide a highly accurate SoC estimation.
As illustrated in Fig. 11, the RC-Diffusion model closely
matches the experimentally measured current, effectively
capturing the complex behavior of the battery under
diverse cycling conditions. This high level of fidelity
makes the RC-Diffusion model particularly suitable for
applications demanding precise SoC estimation, such as
electric vehicles operating under varying environmental
and load conditions.
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Fig. 9. Comparison of estimated SoC across three operational
modes using the RC-Diffusion model, and the current-controlled
Coulomb counter (Experiment).

IV. CONCLUSION AND FUTURE WORK

The novelty of this study lies in the application of the
voltage-controlled method for SoC estimation across dif-
ferent equivalent circuit models. By using voltage rather
than current as the primary input, this method enhances
robustness against errors associated with current sensing,
which is particularly advantageous in scenarios with
variable loads or where accurate current measurement is
challenging. This innovative approach is integrated into
a comprehensive evaluation of three equivalent circuit
models—the R-Only model, the RC model, and the RC-
Diffusion model—for State of Charge (SoC) estimation
in lithium-ion batteries. The study evaluates the perfor-
mance of these models under various cycling conditions,



Current / A

LT UUUL

1 2 3 4 s 76 77 78 800 802 804 806 808

Fig. 10. Comparison of current across three operational modes
using the RC-Diffusion model and the current-controlled Coulomb
counter (standard algorithm).

including full cycling at a 1C rate, shallow cycling
between 25% and 75% SoC, and dynamic operation
based on the Worldwide Harmonized Light Vehicles
Test Procedure (WLTP). The results show that while
the R-Only model offers computational simplicity, its
accuracy is insufficient for dynamic applications. The RC
model, with its ability to account for transient responses,
improves SoC estimation and is suitable for applications
involving varying loads. The RC-Diffusion model pro-
vides the highest accuracy by incorporating diffusion
effects, making it well-suited for scenarios requiring
precise SoC estimation. In conclusion, the choice of
the SoC estimation model should be based on the spe-
cific requirements of the application, balancing between
computational efficiency and estimation accuracy. For
applications with high dynamic loads or where precision
is critical, the RC-Diffusion model and RC model are
recommended.

Future work will focus on optimizing these models
for real-time applications and integrating them with Al-
based methods to combine the strengths of both model-
based and data-driven approaches, thereby further en-
hancing SoC estimation accuracy.
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