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Accurate state of charge (SOC) estimation is critical for the reliable operation
of battery management systems (BMS) in electric vehicles (EVs) and energy
storage applications. This paper presents a method for online identification of
Thevenin model (TM) parameters and SOC estimation using the extended
Kalman filter (EKF). The objective is to improve estimation accuracy by
precisely characterizing the SOC-dependent variations of model parameters,
including open-circuit voltage (Vpcy), internal resistance R, polarization
resistance R,, and capacitance C,. These parameters are identified using least
squares regression based on experimental discharge data from a 1.83 Ah
lithium-ion (Li-ion) battery. The resulting model is validated under pulsed
discharge conditions, achieving a mean absolute error (MAE) of 0.0059 V and
root mean square error (RMSE) of 0.0074 V, indicating high modeling
accuracy. Subsequently, an EKF algorithm is implemented using the
identified model to estimate SOC in real time. Experimental results show
excellent performance with an SOC estimation MAE of 0.059% and RMSE
of 0.0798%, demonstrating high precision, fast convergence, and stability.
The method effectively combines empirical parameter identification with a
recursive filtering technique, offering a practical and embeddable solution for
BMS applications. The study concludes that accurate parameter modeling
significantly enhances EKF-based SOC estimation, providing a robust
foundation for real-time battery monitoring and control.
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1. INTRODUCTION

Accurate estimation of the state of charge (SOC) is a critical requirement for the reliable and efficient
operation of battery management systems (BMS) in electric vehicles (EVs) and other energy-intensive
applications. The SOC, which represents the available capacity of a lithium-ion battery as a percentage of its
full charge, serves as a key indicator for energy management, safety monitoring, and longevity optimization.
Inaccurate SOC estimation can lead to overcharging, deep discharging, reduced battery life, and even
catastrophic failures. Therefore, developing robust, real-time, and high-precision SOC estimation methods
remains a central challenge in modern battery technology.

Over the past few years, increasing energy demands and growing environmental concerns have
accelerated the adoption of EVs, where lithium-ion batteries are the preferred energy storage solution due to
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their high energy density, lightweight, and long cycle life [1], [2]. Among the various parameters monitored

by a BMS, the SOC is one of the most crucial, directly influencing vehicle range prediction, charging strategies,

and overall system safety [3], [4]. Hence, precise SOC estimation not only enhances battery performance and
lifespan but also ensures the safe and efficient operation of the entire system.

Several methodologies have been proposed in the literature to estimate the SOC of Li-ion batteries,
each with distinct advantages and limitations. The coulomb counting method (CCM) is widely used due to its
simplicity and ease of implementation. However, it is an open-loop algorithm that relies on accurate initial
SOC and precise integration of current over time [5], [6]. In practice, sensor inaccuracies, current drift, and
integration errors accumulate, leading to significant deviations in SOC estimation unless periodically corrected
with other methods.

The open-circuit voltage (OCV) method exploits the direct correlation between the battery’s OCV
and its SOC. While highly accurate under resting conditions, this method requires prolonged idle periods to
reach electrochemical equilibrium—making it unsuitable for real-time applications where continuous operation
is demanded [7], [8].

To overcome the limitations of model-independent approaches, data-driven techniques such as neural
networks (NN) and fuzzy logic (FL) have been explored. These intelligent algorithms can model complex
nonlinear behaviors without requiring detailed knowledge of the internal battery dynamics [9]-[12]. However,
they depend heavily on large, high-quality training datasets and substantial computational resources. Moreover,
their generalization capability is limited when operating conditions differ from those in the training data, raising
concerns about robustness and reliability.

Another promising approach is the particle filter (PF), which handles nonlinear and non-Gaussian
systems effectively by representing the state distribution through stochastic particles [13], [14]. While flexible
and powerful, the PF suffers from high computational complexity, particle degeneracy, and sample
impoverishment—issues that make it less suitable for embedded systems with limited processing power.

In contrast, the Kalman filter (KF) and its variants offer a balanced solution by combining physical
battery models with statistical estimation theory. The standard KF is optimal for linear systems but cannot be
directly applied to the inherently nonlinear dynamics of Li-ion batteries. To address this, the extended Kalman
filter (EKF) linearizes the system around the current operating point using first-order Taylor series expansions,
enabling real-time state estimation with relatively low computational cost [15]-[18].

The EKF has gained widespread attention in SOC estimation, particularly when coupled with
equivalent circuit models (ECMs) such as the Thevenin model (TM) [19]-[26]. This model effectively captures
the dynamic voltage response of the battery using a combination of resistors and capacitors, along with an
SOC-dependent OCV source. However, the accuracy of EKF-based estimation critically depends on the fidelity
of the underlying model parameters—such as internal resistance, polarization resistance, and capacitance—all
of which vary with SOC, temperature, and aging. Poor parameter identification leads to model mismatch,
resulting in estimation bias and instability.

Despite extensive research, there remains a need for a systematic and accurate methodology to
identify the SOC-dependent parameters of the TM and integrate them into an adaptive EKF framework for
high-precision SOC estimation under dynamic operating conditions. This paper aims to address these
challenges by proposing an online-capable method for simultaneous TM parameter identification and SOC
estimation. The main contributions of this work are threefold:

— Precise parameter identification: using experimental discharge test data and least squares regression, we
establish accurate functional relationships between the TM parameters (Vycy, Ri, R2, C2) and SOC.

— Model validation: the identified model is rigorously validated against experimental pulsed discharge data,
demonstrating high voltage prediction accuracy with a mean absolute error (MAE) of 0.0059 V and root
mean square error (RMSE) of 0.0074 V.

— Robust SOC estimation: an EKF algorithm is designed based on the identified TM to estimate SOC in real
time. Experimental results under constant-current pulsed discharge conditions show excellent performance,
with an SOC estimation MAE of 0.059% and RMSE of 0.0798%, confirming the method's accuracy, fast
convergence, and stability.

By integrating accurate parameter identification with an EKF-based estimation framework, this study provides

a practical and effective solution for high-fidelity SOC estimation in Li-ion batteries, suitable for

implementation in real-world BMS applications.

2.  LI-ION BATTERY MODEL
2.1. The Thevenin model of a Li-ion battery

A precise battery modeling forms the basis for estimating the SOC of the battery. Battery models can
be categorized into three types: electrochemical models (EM) [27], [28], mathematical models (MM) [29], and
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ECM [30], [31]. The EM boasts high accuracy but has a complex structure that is challenging to implement,
making it less suitable for battery modeling. While MM offer a simplified structure, they often fail to accurately
represent the battery's external behavior. To maintain an optimal trade-off between model complexity and
precision, this study employs a TM. The corresponding battery model schematic is presented in Figure 1.

R —

Ibatt

CD Vocv=f(SOC) V2 VT

Figure 1. Circuit representation of the Thevenin-equivalent battery model

Figure 1 illustrates the TM where:
— Vocv denotes the OCV as a function of SOC
— Ibatt indicates the current flow through the battery
— Vi corresponds to the terminal voltage
— R symbolizes the internal ohmic resistance
— The parallel combination of R, and C, characterizes the battery's polarization effects.
— V5 reflects the potential difference across the polarization capacitance
The governing equations for this ECM can be derived as (1) and (2):

a2 _ _ V2 Ipart
dt RyCy Cy
dsoc _  Ipaet 1)
dt 3600 x AH
Vr = Vocv(SOC) — V2 — Risdpare (2)

Where AH: the battery capacity in A.h.

2.2. Parameter identification of the thevenin model

The TM parameters are identified through an approach that integrates theoretical modeling with
experimental discharge measurements. This process entails optimizing the model's parameter values using
empirical data to enhance the alignment between simulated outputs and experimental measurements. By
refining this correlation, the model gains predictive capability for uncharacterized operational conditions.

This section presents the identification of the TM parameters through the analysis of in (1) and (2)
and the battery discharge characteristics. The derived parameters include resistance R, the (Rz and Cy) block,
and the Vocv (SOC) function.

The experimental study utilized a Li-ion battery cell with a rated capacity of 1.8 Ah. Testing involved
a complete discharge cycle at 1C rate, after which the cell was allowed to rest for a minimum of two hours.
The resulting voltage profile is illustrated in Figure 2(a), while the corresponding current discharge curve
appears in Figure 2(b).
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Figure 2. Presents the battery's discharge characteristics; (a) voltage profile during discharge and (b) applied
current waveform

2.2.1. ldentification of V,,,-SOC relationship parameters
The correlation between SOC and V,., was established by analyzing voltage and SOC profiles
generated through the CCM. The corresponding SOC-V,.,, data pairs are tabulated in Table 1.

Table 1. OCV-SOC correlation data
SOC  Voov  SOC  Voev
1 42 0439 375
0965 415 0381 3.72
0.923 41 0.34 37
0.836 402 0298 3.68
0736 395 0243 365
0.655 3.87  0.198 361
0571 382 0152 3.49
0532 379 0109 3.38
0491 378  0.53 3.5

The MATLAB software was employed to establish the Vq-SOC correlation through least squares
regression analysis of the dataset in Table 1. The resulting mathematical relationship V.., =f(SOC) is expressed
in (3), while Figure 3 displays the fitted characteristic curve between these parameters.

Voew (SOC) = ky + ky X SOC + k3 X SOC? + ky X SOC? + kg X SOC* + kg X SOCS (3)

With k; = 2.61,k, = 10.33,k; = —38.71,k, = 70.74,ks = —60.6 and ks = 19.84
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Figure 3. Fitting curve of the Vocv-SOC relationship
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2.2.2. ldentification of parameters Ry, R,, and C, of the Thevenin model

To determine the variation of resistance R depending on SOC, in this article, we used the voltage
response curve of the battery's pulsed discharge. The discharge voltage diagram at a specific SOC value is
depicted in Figure 4.

The part from V, to Vy: the battery transitions from a resting state or SOC = 0.736 to a discharge state
with a 1 C current, causing the battery terminal voltage to abruptly drop from the voltage potential V, to
potential Vp. According to the equivalent TM diagram, it's evident that V; cannot change abruptly. The sudden
voltage drop from V, to V, is caused by the resistance R;.

The voltage segment between V. and Vg exhibits a sudden rise in battery terminal voltage following
current interruption. This behavior mirrors the V.-V, transition and is attributable to the ohmic drop across
internal resistance R:. According to the parts from V, to V,, and from V. to Vg in Figure 4, the Ry is obtained
through the relationship:

-ty 00 1900 ©

The relationship between SOC and R; was obtained by performing the same calculation as in (4) for
each SOC value based on the discharge voltage curve, the equation R, (SOC) is presented in (4). Figure 5
depicts the curve of the fitted relationship between R; and SOC using the nonlinear least squares method
employing MATLAB:

R,(SOC) = a; + ay X SOC + as X SOC? + a, x SOC? + a5 x SOC* + ag x SOC® (5)
With a; = 0.4139,a, = —1.689,a; = 6.352,a, = —11.92,a; = 10.56 and a, = —3.528

The potential range from Vg to Ve allows determining the values of R, and C,. The diffusion resistance
R1 is determined from (6):

_ Ve—Vgq _ 3.873-3.767
T Ipate | 1799

R, =0.059 0 (6)

The relationship between resistance R2 and SOC was obtained by performing the same calculation as
in (6) for each SOC value. The equation R,=f(SOC) is presented in (7). Figure 6 depicts the curve of the fitted
relationship between R, and SOC using the nonlinear least squares method with MATLAB.

R,(SOC) = by + by, X SOC + by X SOC? + by X SOC? + bg X SOC* + by x SOC® (7
With b, = 0.5238,b, = —3.814, b; = 12.08,b, = —18.09, b; = 12.94 and by = —3.594

To determine the time constant t, for the part from Vg to V. presented in the battery voltage discharge
curve, we calculated the potential Vs, which represents the potential at time 2, using the following relationship:

Ve =V +0.63 x (V, —V;) = 3.833 + 0.63 x (3.873 — 3.833) = 3.858 V (8)
Based on the potential Vs, we deduce t2:

T, = 25430 — 25380 = 50s 9)
Therefore, the diffusion capacity C; is calculated as (10):

C,=2=2 —84746F (10)
R,  0.059
By using the same calculation procedure for each SOC value, the relationship between the capacity

C, and SOC was established. The equation C,=f(SOC) is presented in (11). Figure 7 shows the curve of the
fitted relationship between C, and SOC using the nonlinear least squares method with MATLAB.

C,(SOC) = ¢; + ¢, X SOC + ¢35 X SOC? + ¢4 X SOC? + c5 X SOC* + ¢4 X SOC® + ¢,
X SOC® + +cg X SOC” (11)
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Figure 4. An enlarged section of the discharge voltage curve corresponding to a SOC of 0.655
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Figure 7. Fitting curve of the C,-SOC relationship
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3. SOC ESTIMATION FOR BATTERIES USING EKF

As a nonlinear system, the battery's behavior is described by state and observation equations that
account for both process noise and measurement noise. These governing equations are mathematically
expressed in (12) and (13):

X1 = [ ug) +w (12)
Yk = h(xp, uy) +v (13)

In these expressions, the discrete time index k indicates the present timestep. The nonlinear state
transition function f(x,,u,) describes the system dynamics, while h(x;,u,) models the measurement
relationships. Here, x;, corresponds to the system state vector, u,, to the control input, and y,, to the measurable
output. The terms w and v respectively characterize the process disturbance and measurement uncertainty
inherent in the system.

As depicted in (12) and (13), we are assuming that both functions are differentiable at every operating
point.

~ a ’ ~
O ur) = f(Re—q,ug) + M| (X — Xg—1) (14)

R

Oh(xp,ug)

h(xp, ug) = h(X, uy) + ox
k

(X = %) (15)

xp=Rp

By substituting in (14) and (15) into in (12) and (13), the linearized process and measurement models
transform into:

X1 = Ay + f(Rmy, up) — ARy +w (16)
h(.xk, uk) =~ ﬁkxk + h(jf\]:,uk) - I:I\kjf\]: + v (17)

We define 4, and H,in the following manner:

2 Of (X uk)

A, = Lkl 18
k o N (18)

o Oh(xg,ui)

H, = ="ktkl 19
o= (19)
_[Socy

Uy = Ipatt (21)

Yie = Voate (22)

Where x, is the system state vector at the sampling time Kk, 1,4 is the battery current, and V, ., is the battery
voltage.

The state transition equations are established through discretization and linearization of both the TM's
mathematical relationships and the current integration method formulation, as presented:

f oo w) = [2] (23)
fo = S0C(k = 1) = s X Iyque (K) (24)
fi=x— o Xu (25)
fy = Vy(k — 1) x ™ RaODEEIT — R,(SOC) (1 — ¢ RSOGO x Iy (K) (26)
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At At
fo = x, X ¢ REDGED — R, (x;)(1 — ¢ Rtz x u(k) 27)
h(Xje, wie) = Vocy (SOC) = Vi = Ry (SOC) X Iyqee (k) (28)
h(xi, uge) = Voeu (X1) — X2 — Ry (1) X u(k) (29)

We need to compute the two Jacobians, A and H, in order to use this model in the EKF
algorithm. Consequently, the derivative of the function f and function h with respect to the state variables is
as (30) and (31):

A 0f (xeug) _ <F11 F12)
A, = Lkt = 30
i oxk lyog, \Fa1 Fp (30)
A, = e =(H, H,) 31)
6xk

Xp=Xj
After calculating the various partial derivatives of function f, we obtain the following results:

F11 = 1, Flz =0 (32)

At
F21 = [(bz + 2b3x1 + 3b4_x12 + 4b5x13 + 5b6xf) X u(k) X (e R2C2 — 1)] - [(xZ +
R, X u(k)) X At X (bo+2b3x1+3byx3+4bsx3 +5bgx})XCa+Ry X (Co+2¢3%1 +3C4x5 +acsx3 +5c6xT+6¢, x5 +7cgx?
2 N (R2C2)?
t

e Rz ] (33)

)

At

and F, = e RC2 (34)
After calculating the various partial derivatives of function h, we get the results:
Hy =k, + 2k3 X SOC + 3k, X SOC? + 4ks X SOC? + 5kg X SOC* (35)
H, = -1 (36)

Figure 8 illustrates the sequential stages of the EKF computational process.

'4 N\
1) Initialize the original parameters.
X1 = E(x0)
Pi_y = E[(xo — %) (xg — %0)"]
A S
| ™
A 2

2) Estimate the predicted state.
T = f(Fpoe)

v

3) Update estimate covariance.
P = AP AL+ Q

v

4) Determine Near-Optimal Kalman gain.
K, =P HT(H P AT +R)™*

3) Update state estimate.
Ty = X + K (i — h(T )

v

6) Predict estimate covariance.
P = (1 - K H )P,
1

Figure 8. Sequential operations in the EKF recursive estimation process
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4. EXPERIMENTAL RESULTS AND DISCUSSION

This section presents and discusses the key findings of the proposed method for TM parameter
identification and SOC estimation using the EKF. The experimental validation focuses on two primary aspects:
i) the accuracy of the identified battery model in predicting terminal voltage, and ii) the performance of the
EKF in estimating the SOC under dynamic discharge conditions.

4.1. Model validation results

The TM parameters—open-circuit voltage (Vyy, internal resistance R;, polarization resistance R,,
and capacitance C, —were identified as functions of SOC using least squares regression on experimental
discharge data. These SOC-dependent functions were then integrated into the model to simulate the battery’s
terminal voltage response under pulsed discharge conditions.

Figure 9 shows a close match between the simulated and experimentally measured terminal voltages,
indicating that the identified model accurately captures the dynamic behavior of the battery. The modeling
error, depicted in Figure 10, remains within £0.038 V across the entire discharge cycle, with no significant
systematic deviation.

4.4

4.2 -

Voltages (V)
w
(o2
|

32 ! ! | |
0 1 2 3 4 5 6 7

Time (s) «10%

Figure 9. Comparison between simulated terminal voltage and experimentally measured battery voltage
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Figure 10. The modeling error of the voltage at the battery terminals

The quantitative assessment of model accuracy is summarized in Table 2, which reports a MAE of
0.0057 V and a RMSE of 0.0074 V. These low error values confirm the high fidelity of the parameter
identification process and the effectiveness of the TM in representing the battery’s electrical dynamics.

Table 2. Voltage modeling error metrics
Type of error MAE RMSE
Value 0.0057 _ 0.0074

This level of accuracy is comparable to or better than results reported in similar studies. For instance,
Plett [22] achieved a voltage RMSE of approximately 0.01 V using a comparable ECM-based approach, while
He et al. [25] reported an RMSE of 0.0085 V with an improved TM. The superior performance of our model
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can be attributed to the precise, experimentally derived SOC-dependent parameter functions, particularly the
high-resolution OCV-SOC relationship established via polynomial fitting.

4.2. State of charge estimation performance

The EKF algorithm was implemented using the identified TM to estimate the SOC in real time. The
initial SOC was set to 1 (fully charged), and the filter was validated under constant-current pulsed discharge
conditions. The reference SOC was computed using the CCM, which, although prone to drift over time,
provides a reliable benchmark over short to medium durations when properly initialized.

X = [0?1],130 = [1%_8 1(?_8],(2 = [1%_6 15’_6] and R = 10000

Figure 11 shows the device used to conduct the battery discharge and charge test. The cell utilized in
this test is a Li-ion type cell with an actual capacity of 1.8 AH. The battery discharge test is employed to verify
the accuracy of the TM and the EKF.

Charging Discharging

[ '’

Data Data
control and control and
acquisition

acquisition

Figure 11. The schematic of the battery discharge and charging device

Figure 12(a) (see subsection 4.3) shows that the EKF-estimated SOC closely follows the reference
trajectory, demonstrating fast convergence and minimal steady-state deviation. The maximum estimation error
does not exceed 0.15%, as shown in Figure 12(b) (see subsection 4.3), and the error quickly settles after
transient events such as current pulses.

The overall estimation accuracy is quantified in Table 3, which reports an MAE of 0.059% and an
RMSE of 0.0798%—indicating exceptional precision. These results surpass the performance reported in
several recent studies. For example, Mawonou et al. [16] achieved an SOC RMSE of 0.3% using a fractional-
order EKF, while Tian et al. [18] reported an RMSE of 0.15% using a hybrid LSTM-Kalman approach. The
superior accuracy of our method is primarily due to the high-fidelity parameter identification process, which
minimizes model-plant mismatch—a known source of estimation bias in EKF-based methods. To evaluate the
robustness of our approach, Figure 13 (see subsection 4.3) shows that the SOC estimation converges across
varying initial SOC values (SOCo = 0.1, 0.3, 0.5, 0.7, and 0.9).

4.3. Interpretation and comparison with existing work

The strong agreement between estimated and reference SOC values confirms that the proposed
method successfully achieves its primary objective: accurate, real-time SOC estimation through precise
modeling and effective filtering. By rigorously identifying the SOC-dependency of all key model parameters,
the method reduces reliance on heuristic assumptions and enhances the EKF’s ability to track true SOC under
dynamic conditions.

Compared to data-driven approaches such as NNs [9]-[12], the proposed method requires less
computational power and avoids the need for large training datasets. Unlike the PF [13], [14] it maintains low
computational complexity, making it suitable for embedded BMS applications. Furthermore, the use of a
physically interpretable ECM enhances transparency and facilitates integration with other BMS functions such
as health monitoring and fault detection.
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Figure 12. SOC estimation; (a) estimated values and (b) estimation error

Table 3. The SOC estimation error metrics
Type of error MAE % RMSE%

Value 0.059 0.0798

Reference SOC

Estimation SOC with SOC0=0.5
Estimation SOC with SOC0=0.7
Estimation SOC with SOC0=0.9
Estimation SOC with SOC0=0.1
Estimation SOC with SOC0=0.3

0L \ \ \ ! \ \ ! \ \ I
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Time (s)

Figure 13. SOC estimation results when the initial SOC is unknown

4.4. Limitations and future work

Despite its high accuracy, this study has several limitations. First, the parameter identification was
performed at room temperature and under a single discharge rate (1C), which may limit the model’s
generalization to varying temperatures and load profiles. Battery parameters are known to be temperature- and
aging-dependent, and future work will extend the identification process to include these effects.
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Second, while the EKF handles mild nonlinearities effectively, higher-order filters such as the
unscented Kalman filter (UKF) or adaptive EKF variants could potentially improve robustness under more
extreme operating conditions.

Finally, the current validation is based on laboratory-scale experiments. Real-world validation on
vehicle drive cycles and integration into a hardware-in-the-loop (HIL) BMS platform will be pursued in future
work. Nonetheless, the results demonstrate that the proposed online parameter identification and EKF-based
SOC estimation framework is highly accurate, stable, and suitable for practical implementation in lithium-ion
BMSs.

5. CONCLUSION

This study employed least squares regression to determine SOC-dependent parameter variations in
the battery model using experimental discharge data. The methodology successfully established the
fundamental V,.,-SOC correlation critical for accurate modeling. Model verification through MATLAB
simulations demonstrated exceptional voltage prediction capability, with validation tests yielding a MAE of
0.0059 V and RMSE of 0.0074 V, confirming the model's high precision.

The implemented Thevenin-based EKF algorithm achieved robust SOC estimation performance
during constant-current pulsed discharge experiments. Comparative analysis with reference measurements
revealed outstanding estimation accuracy (MAE: 0.059% and RMSE: 0.0798%), along with rapid convergence
and stable performance characteristics. These results validate the effectiveness of combining precise,
experimentally derived parameter identification with the EKF framework for high-fidelity SOC estimation.

In summary, this research presents a practical, accurate, and computationally efficient solution for
SOC estimation in lithium-ion batteries. By integrating rigorous experimental parameter identification with a
robust EKF framework, the study advances the state of the art in BMS design and paves the way for smarter,
safer, and more sustainable energy storage technologies.
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