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Abstract: The primary indicator of battery level in a battery management system (BMS) is the state
of charge, which plays a crucial role in enhancing safety in terms of energy transfer. Accurate
measurement of SoC is essential to guaranteeing battery safety, avoiding hazardous scenarios, and
enhancing the performance of the battery. To improve SoC accuracy, first-order and second-order
adaptive extended Kalman filtering (AEKF) are the best choices, as they have less computational
cost and are more robust in uncertain circumstances. The impact on SoC estimation accuracy of
increasing the cycle and its interaction with the size of the tuning window was evaluated using both
models. The research results show that tuning the window size (M) greatly affects the accuracy of
SoC estimation in both methods. M provides a quick response detection measurement and adjusts the
estimation’s character with the actual value. The results indicate that the precision of SoC improves
as the value of M decreases. In addition, the application of first-order AEKF has practical advantages
because it does not require pre-processing steps to determine polarization resistance and polarization
capacity, while second-order AEKF has better capabilities in terms of SoC estimation. The robustness
of the two techniques was also evaluated by administering various initial SoCs. The examination
findings demonstrate that the estimated trajectory can approximate the actual trajectory of the SoC.

Keywords: SoC estimation; first order; second order; AEKF; window size; cycle number

1. Introduction

Rechargeable batteries are an electrical power source extensively used in portable
electrical tools, electric vehicles, and satellites [1]. The charging–discharging process of
a battery may cause damage to the battery or electric devices due to an undercurrent or
overvoltage state. To avoid potentially dangerous circumstances, a safe energy transfer
process is required [2]. Mission activities at a given moment necessitate the availability of
battery data from many completed missions as well as the effective execution of operational
missions, which is one of the critical factors gained from accessible battery health. A
system is required to monitor battery levels to optimize subsidized system performance,
efficiency, and reliability [3]. In order to monitor and enhance battery safety and behavior,
the electrification system needs a BMS [4].

Theoretical Review

A BMS has indicators that can determine the condition of a battery, namely, the
state of charge (SoC), the state of health (SoH), the state of function (SoF), and the state
of temperature (SoT) [5]. The SoC is one of the essential parameters offered by a BMS,
and reflects a battery’s remaining capacity [6]. SoC is determined according to the bat-
tery model. Battery models are classified into three types: (a) electrochemical models,
(b) machine learning (ML) models, and (c) equivalent-circuit models [7]. Implementing an
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electrochemical model is a complicated process [8] because it is based on electrochemical
impedance spectroscopy (EIS) with observation of the frequency width of the spectrum,
and it takes a long time to achieve balance in data collection experiments [9]. Furthermore,
electrochemical models are typically built on partial differential algebraic equation systems
(PDAEs), which result in sophisticated high-level computations due to the presentation of
the concentration and distribution of ion particles in lithium-ion batteries. Furthermore,
because the estimation process is performed offline, researchers are looking for approaches
that are simpler and can be used for estimation in real time [10].

In recent years, an estimation of SoC in real time has been researched and explored.
One method adopts a single particle model (SPM) to reduce the intrinsic mathematical
complexities, which often presents a challenge in the field of electrochemistry, particularly
for batteries [11]. The SPM and the extended single particle model (ESPM) have found
application in real-time SoC estimation [12]. Nonetheless, it is important to acknowledge
that the SPM does possess a limitation in that it relies on the assumption that electrodes
consist of uniform-sized spherical particles. Furthermore, it is necessary to solve radial-
domain PDEs within the single-particle model to attain the solid-phase Li-ion concentration.
Meanwhile, the ESPM provides a description of the kinetic behavior of the electrolyte, which
is used to describe battery dynamics; this can increase the complexity of the model [13].

In estimating the SoC, the machine learning model could offer better accuracy, and it is
mathematically simpler compared to the electrochemical model. To attain high estimation
accuracy, the model relies on a huge quantity of data, which is trained, verified, and tested
throughout the process [14], meaning that the model must be trained, validated, and tested.
Furthermore, the learning process is performed on data that fit the model’s parameters,
and the final stage of the model is evaluated frequently [15]. This strategy does not
need sophisticated mathematical models but may regulate unpredictable states in systems
labeled as black boxes [16], eliminating the use of costly mathematical methods, such as
electrochemical methods. However, the procedure necessitates a significant quantity of
memory as well as technology with high-level specs for processing massive volumes of
data [10].

Electrical equivalent-circuit methods (ECMs) are model-based methods that are com-
monly used in the development of BMS software [17]. ECMs use electrical circuit compo-
nents, such as voltage, resistors, and capacitors, to represent the behavior of a battery in a
relatively simple and computationally effective manner [18]. The battery characteristics
of the model are determined by the current, voltage, capacity, number of cycles, and tem-
perature [19]. The general ECM consists of Rint, the Partnership for a New Generation of
Vehicles (PNGV), and an nRC (n parallel resistor–capacitor) [20]. First- and second-order
models are the most commonly used SoC estimation models since they can comply with
dynamic battery behavior [16]. Furthermore, to improve the accuracy of SoC estimation,
the Kalman filter family is required. Kalman filters have lower computational costs [21]
than the data-driven techniques, which require a large amount of high-quality data and
therefore results in large computational calculations [22].

The Kalman filter (KF) algorithm is usually used for linear systems resulting in hyster-
ical effects and cannot be applied to lithium-ion batteries that have non-linear properties.
For non-linear systems, the extended Kalman filter (EKF) algorithm is utilized. The EKF
employs Taylor’s first-order equation and can operate in real time, but its error rate is larger
due to its low SoC precision compared to the adaptive extended Kalman filter (AEKF),
which employs the same first-order ECM battery model [23]. In [24], the fractional-order
unscented Kalman filter (FO-UKF) is used to estimate SoC. Fractional-order models in-
volve electrochemical impedance spectroscopy (EIS) theory, in which capacity variation
is indicated by the constant phase element’s (CPE’s) impedance. However, to make the
model simpler, FO models occasionally overlook the effect of EIS frequency data, which
lower the accuracy of the SoC calculation [25]. FO models are typically used in conjunction
with H-infinity observers [26], resulting in complicated computations [27].
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The unscented Kalman filter (UKF) is a method that employs pre-specified sample
points to execute test runs of systems with very high estimation accuracy [28]. However,
the UKF needs longer computing times and more sophisticated algorithms in comparison
to the adaptive extended Kalman filter (AEKF) [29]. In addition, the AEKF is more robust
under uncertainty conditions [30]. In the study conducted in [31], AEKF demonstrated
capabilities to adapt to the error values that arose, allowing it to update the covariance
matrix, which adjusts the predicted value to improve accuracy. SoC estimation using
AEKF yields higher-accuracy results by adjusting the residual window size parameter.
The experiment was carried out using a 2.1 Ah battery from NASA’s RW9 data set. The
second-order AEKF technique used the second-order Taylor series equation derived from
the first-order ECM equation. This results in complicated algorithms that require time to
calculate, for which we could shorten the estimating procedure. According to the study
in [32], window size, or sliding-window length (SWL), is the sum of the squares of the
error values at the specified width divided by the length to obtain an error covariance
measurement matrix in the system. Using AEKF based on the residual or error value
and tweaking the window size value resulted in better estimate performance. However,
the impact of the cycle was not investigated. The accuracy of the Kalman filter approach
declines with increased battery cycle processes, affecting the performance of the BMS
indicator [33]. Furthermore, the tuning window size is considered an issue that cannot be
determined with certainty, making it difficult to give a minimum error value in the online
estimation process [34]. Even though the method is considered an art form, statistical data
should be used to properly assess estimated values [35]. In this study, the window size,
also known as the SWL, was determined through a tuning procedure. Furthermore, the
sampling of data acquired within a certain time frame and the determination of parameters
for the first- and second-order AEKF made this study unique in terms of accuracy and
speed in the SoC estimation process.

In this research, SoC estimation is carried out for battery packs specifically built to
supply power to an aircraft payload system. The method used is based on the first- and
second-order AEKF methods with a specified variation in the width of the tuning window
size. This improves the accuracy and speed of computational calculations; in fact, with an
increase in cycles, this method can provide better accuracy by making the window size
width smaller.

2. Lithium-Ion Battery Modelling

The first- and second-order RC circuit models, shortened to 1st- and 2nd-order ECMs,
are commonly used to properly reflect battery dynamics. They are not computationally
demanding as they are simple to construct and only a few parameters are involved. As
illustrated in Figure 1, which is a simplified model, the Uocv reflects the potential at equilib-
rium during the charging and discharging process in terms of average values. Furthermore,
at the same ambient temperature, it is open-circuit voltage (OCV) that has a relationship
with the SoC. R0 stands for ohmic battery resistance. The resistor–capacitor (RC) linkages
explain the internal electrochemical polarization and concentration polarization mechanism
of the battery during charging and discharging [36].
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The model contains a voltage source section that covers the battery’s open-circuit
voltage and parallel RC networks that show different battery diffusion and activation
polarization processes [37]. The first-order RC consists of one polarization voltage com-
posed of polarization resistance and capacity, represented as R1 and Cp1, respectively.
Figure 1 describes the first-order ECM. In Figure 2, polarization voltage characteristics are
represented by R1Cp1 and R2Cp2, respectively, in the second-order polarization model,
and their relationship evolves progressively [38]. In [39], the accuracy of the second-order
circuit model is greater than that of the n-order RC. As a result, we utilize first-order and
second-order models in our research.
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.
Up1 = IL

Cp1
− UP1

R1Cp1

.
Up2 = IL

Cp2
− UP2

R2Cp2

(1)

UT = Uocv − Up1 − Up2 − Ro IL (2)

Equations (1) and (2) become time step k domains in discrete form, resulting in the
state–space equations shown in Equations (3) and (4) [40].

Up1,k = e−
Ts
τ1 Up1,k−1 + R1

(
1 − e−

Ts
τ1

)
Up2,k = e−

Ts
τ2 Up2,k−1 + R2

(
1 − e−

Ts
τ2

) (3)

UT,k = Uocv − Up1,k − Up2,k − Ro IL,k−1 (4)

where Ts is the sampling time and τ is the constant time, and τ1 = R1Cp1 and τ2 = R2Cp2.
The lumped dynamic electrical model of the battery pack is expressed in discrete form

as Equation (5).


Up1,k

Up2,k

SoCk

 =


e
−Ts/cp1R1 0 0

0 e
−Ts/cp2R2 0

0 0 1




Up1,k−1

Up2,k−1

SoCk−1

+



(
1 − e

−Ts/cp1R1

)
R1(

1 − e
−Ts/cp2R2

)
R2

−Ts
/

Qpresent


Ik−1 (5)

3. Lithium-Ion Battery State Indicator

The battery’s non-linear characteristics will be modeled using second-order ECM
methods and filtered using the AEKF algorithm to improve the SoC estimation [41].
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3.1. SoC Estimation Algorithm

Equation (6) below presents the SoC estimation using the Coulomb counting method.
In Equation (6), efficiency is represented by η, which is assumed to be 0.9 during battery
charging and 1 during discharging.

SoC = SoCt0 −
1

Qpresent

∫ t

0
η I(t)dt (6)

The discrete form of Equation (6) is shown in Equation (7), where the charge and dis-
charge currents are represented by Ik−1, and the total available battery charge is represented
by Qpresent [42].

SOCk = SOCK−1 − η
Ts
/

Qpresent
Ik−1 (7)

3.2. Adaptive Moving-Window Size Delineation

The following equation presents the measurement system equation and the state
equation for non-linear discrete time.{

Xk = f (Xk−1, uk) = AXk−1 + Buk−1 + wk−1

Yk = g(Xk, uk) = CXk + Duk+vk−1
(8)

The term k, in the state variable and computation inputs, is represented as Xk and Yk,
respectively. For comprehensible non-linear equations, AEKF refers to Equation (9).

A =

 e
−Ts/cp1R1 0 0

0 e
−Ts/cp2R2 0

0 0 1



B =



(
1 − e

−Ts/cp1R1

)
R1(

1 − e
−Ts/cp2R2

)
R2

−Ts
/

Qpresent


C =

(
−1 −1 dUOCV

/
dSoC

)
, D = (Ro)

(9)

The dynamic state Xk consists of A, which is the dynamic coefficient matrix; B, which
is the dynamic sensitivity matrix; and C, which refers to the dynamic measurement system
for inputs. Additionally, D is identified by −R0, uk, vk, and wk, which represent the system
signal input, system measurement noise, and process noise, respectively.

The AEKF algorithm can be explained through the following procedures:

• Initialize the mean (Xo) and the covariance (P0) of the initial system state X0{
X0 = E(X0)

P0 = E
[(

X0 − X0
)(

X0 − X0
)T
] (10)

where E is the mean value.
• Time generation for state and covariance prediction.

The state prediction refers to Equation (8):{
X̂+

k = AXk−1 + Buk−1 + wk−1

P−
k = AkPk−1 AT

k + Qk
(11)
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Adaptively adjust Q and R.
Qk = Kk HkKT

k (16)

Hk =
1
M∑k

i=k−M+1 ekeT
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Rk = Hk − CPkCT (18)

The correlation between the state of the dynamic system and the measurements pro-
vided by the measurement sensitivity matrix is defined by H. M is the sliding window,
where the error sequence is characterized through statistical variants that occur in the
dynamic system, and allows estimation correction to be obtained in real time [43]. Addi-
tionally, the covariance matrices of Q and R for measurement noise and process noise have
significant meaning for the estimated SoC. Consequently, selecting the appropriate rate for
the M variable is essential in terms of accuracy [34].

4. Methodology, Experiments, and Parameter Identification

The SoC was estimated using first- and second-order battery models. Furthermore,
two Kalman filter techniques were utilized to optimize the findings. Figure 3 depicts the
flowchart utilized for the SoC estimation.
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4.1. Experiments

Experiments were carried out over six months using the following components:
(a) 84 lithium-ion battery packs; (b) a battery analyzer BTS8; and (c) an electrical line
to the battery hub. The studies were carried out through charge–discharge cycles at 0.2 C at
a temperature of 25 ◦C with a rest time of 30 min to allow the concentration of relaxation to
occur and the distribution of solid lithium particles to return to the equilibrium point [44].

4.2. Parameters Identification for Second-Order ECM

The exponential fitting method determines resistance and capacitance under different
SoCs. Figure 4 shows the outline of the current and voltage characterization charge–
discharge test conducted. Pulse charging is 1 × 104 mA, while −1 × 104 mA is denoted
as the discharging line. The discharge does not end the internal electrochemical process
immediately, and the terminal voltage increases rapidly. Furthermore, it gradually ap-
proaches a constant value, which is referred to as the lithium-ion battery’s jump-rebound
characteristic.
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At line point a−b, the discharge area is at a point where the current is 0. So, the value
of the internal resistance can be found using Equation (19).

Ro =
U(b)− U(a)

I
(19)

At line point b−c, the delay in the voltage response can be said to be zero, so the value
of the second-order RC can be found. The following is the expression for the voltage at the
battery terminals shown in Equation (20).

UT,0 = Uoc − Up1 − Up2 (20)

In Equation (20), Up1 and Up2 are polarization voltages. The voltages across the
capacitor are considered equal at the same time; hence, the polarization voltages can be
expressed as Equation (21). Up1 = I(t)Rp1.e

Ts/Rp1Cp1

Up2 = I(t)Rp2.e
Ts/Rp2Cp2

(21)
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The pulse discharge element in the fitting curve is represented in Equation (22).

y = z0 − z1e−(Rp1Cp1) − z3e−(Rp2Cp1) (22)

The parameter RC polarization can be found using Equation (23). Rp1 = z1
I , Rp2 = z2

I

Cp1 = z1
Rp1

, Cp2 = z2
Rp2

(23)

4.3. Methodology

Lithium battery pack measurement data are collected for up to 500 cycles consisting of
terminal voltage (UT), current (I), and time (t). Data on current and voltage are recorded
once every 20 s. The estimated value of the SoC itself is unaffected by the overall time,
which in this case is multiplied by 20 from the projected output calculation time. Figure 5
shows an example of the SoC estimate flow chart.
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The recursive least square approach and OCV−SoC curve fitting are then employed
to obtain the values of R0, R1, and Cp1 in the AEKF first-order model. The description
of first-order AEKF methods is provided by the authors in [23]. Simultaneously, an expo-
nential fitting curve, known as the “lithium−ion jump-rebound feature”, as stated above,
is performed during the reaction time to identify the parameters R0, R1, R2, Cp1, and
Cp2 in the second-order AEKF. The distinction between the two parameter identification
techniques is in the data storage. The data for the second-order AEKF model are saved in
each cycle throughout the training stage. Meanwhile, there is no parameter data storage
for R1 and Cp1 in the first-order AEKF model.

During the training phase of the second-order AEKF model, parameter data are
collected from the lookup table (LUT) recorded in the previously mentioned pre-processing
procedure. This procedure, on the other hand, does not occur in the 1st-order AEKF
model since the data may be immediately executed in real time. The SoC estimate may be
determined after this stage. Entering the training model step, the M value is given at the
trained stage in the AEKF model to generate the estimated SoC. Furthermore, a low RSME
value is considered a sign of high SoC estimation accuracy.

The root mean square error (RSME) value is commonly used to determine the accuracy
of the SoC estimate. The accumulated value of the divergence of the true value from the
estimate is compared in this step. This RSME will compare the two models given above to
determine which has the lower deviation value, indicating a greater level of accuracy in
calculating SoC [23]. Equation (24) depicts the definition of RSME.

RSME =

√√√√∑N
i=1

(
SoCi − ŜoCi

)2

N
(24)

where N represents the amount of data, while SoC is the real value and ŜoC is the estimated
value of SoC.

M are real positive values and we chose 1.5, 2, and 5 for M in the training models
of the first-order AEKF. Among the given M values, M = 1.5 has a smaller RSME value
compared to M = 2. The smaller the M value, the smaller the RSME value, as depicted in
Figure 6 and Table 1. Therefore, we chose five numbers to be modeled with M ≤ 1.
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Table 1. Correlation between M and RSME.

Cycle 1 M RSME

1.5 0.25
2 0.33
5 0.88

We obtained five values from the trained model performed, providing the SoC estimate
with a high accuracy value. We began by setting M to 1, then gradually decreasing its
value to determine the optimal value. To determine the relationship between M and the
SoC estimation accuracy, each n-cycle was processed with a distinct M value input. We
determined the M value from highest to lowest, namely with M1 = 1, M2 = 0.8, M3 = 0.5,
M4 = 0.1, and M5 = 0.01. This is applicable in both suggested models. The SoC estimations
reported in this study are for 1, 100, 200, 300, 400, and 500 cycles.

5. Result and Discussion
5.1. SoC Estimation

An evaluation of the SoC estimation accuracy of the objective model used in the BMS
payload system and its impact on the number of cycles was performed. The differentiation
of the first-order AEKF model is the pre-processing stage where non-linear state–space
parameter values in the second-order AEKF in each cycle are determined, as described
in Section 4.2. The parameters are the internal resistance, polarization capacitance, and
polarization resistance, which are shown in Tables 2 and 3.

Table 2. Parameter values for the 1st-order ECM.

Cycle R0 (mΩ) R1 (mΩ) Cp1 (F)

1 13.57 0.0018 281.59
100 14.53 0.0078 283.98
200 14.84 0.0177 285.34
300 17.85 0.0179 285.47
400 18.86 0.0182 284.87
500 19.87 0.0192 285.51

Table 3. Parameter values for the 2nd-order ECM.

Cycle R0 (mΩ) R1 (mΩ) R2 (mΩ) Cp1 (F) Cp2 (F)

1 40 0.00043 0.00095 4651.16 105.263
100 41 0.00031 0.00079 6451.08 125.313
200 44 0.00032 0.00012 6250.03 82.508
300 45 0.00021 0.00042 9523.81 532.940
400 100 0.00017 0.00034 9764,78 294.118
500 101 0.00071 0.00022 7582.14 447.328

The performance of the first- and second-order ECMs in terms of the examination
load and deficiency conditions is determined. Figure 7 depicts a graph of SoC estimates,
where the black line represents the true value of the SoC, the dots represent the results
of first-order AEKF modeling, and the line represents the results of second-order AEKF
modeling. The color difference indicates a distinct M value: M1 = 1 for green, M2 = 0.8 for
blue, M3 = 0.5 for magenta, M4 = 0.1 for turquoise (cyan), and M5 = 0.01 for red.
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The green dots have the highest deviation lines, but the red dots are closer to the
true line. Furthermore, as shown in Figure 7b, the lines of the second-order AEKF chart
converge on the black lines in all cycles. The graph also shows that the lines diverge much
more as the number of cycles increases.

The RSME values in both models are displayed in Table 4, and as the cycle grows, so
does the RSME value. Similarly, when the value of M grows, so does the deviation value. The
first-order AEKF method has the lowest proportion of RSME at M5 = 0.01 (4.1461 × 10−3),
while the highest is at M1 = 1 (4 × 10−1) in cycle 1. The second-order AEKF method has the
lowest RSME on M5 at 1.5994 × 10−4 and the highest RSME on M1 at 1.6269 × 10−2. As
the cycle increases, the RSME values tend to rise. As shown in cycle 500 for the first-order
AEKF, the smallest RSME value is 9.7178 × 10−3, and the largest RSME value is 9 × 10−1.
Meanwhile, the lowest RSME percentage for the second-order AEKF is 5.2878 × 10−3 in
M5, while the highest RSME percentage is 9.1223 × 10−2 in M1.

The accuracy of SoC estimation for n-cycles and M is shown in Figures 8 and 9. Cycles
1, 100, 200, 300, 400, and 500 are represented by six charts. Figure 7, for the first-order
AEKF, indicates that the number of charge–discharge cycles increases and the SoC accuracy
decreases. The bar graph shows that at the 500th cycle, the RSME value is higher than
at cycles fewer than 500. The same occurs in the second-order AEKF. The RSME value
increases significantly by the 500th cycle (refer to Figure 8).
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M5 provides better SoC estimation accuracy than M1–M4. This information is pre-
sented graphically in Figures 7 and 8, which depict the first- and second-order AEKF. The
RSME value in M5 has the lowest value compared to M1 to M4. Likewise, if both models
are trained at the highest cycle, SoC estimation is more accurate than M1–M4 at the same
number of cycles.
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Table 4. Outline of the SoC assessment of first-order AEKF and second-order ECM for different
window sizes and levels of battery debasement.

Cycle
M AEKF

Symbol Number 1st Order 2nd Order

1

M5 0.01 4.1461 × 10−3 1.5594 × 10−4

M4 0.1 4.4144 × 10−2 2.6201 × 10−3

M3 0.5 2.1000 × 10−1 1.4653 × 10−2

M2 0.8 3.3000 × 10−1 1.5782 × 10−2

M1 1 4.1000 × 10−1 1.6269 × 10−2

100

M5 0.01 4.8718 × 10−3 3.5576 × 10−4

M4 0.1 4.8714 × 10−2 2.4692 × 10−3

M3 0.5 2.4000 × 10−1 7.3633 × 10−3

M2 0.8 3.9000 × 10−1 2.1370 × 10−2

M1 1 4.9000 × 10−1 2.6655 × 10−2

200

M5 0.01 6.1204 × 10−3 4.4408 × 10−4

M4 0.1 6.1199 × 10−2 2.8086 × 10−3

M3 0.5 3.1000 × 10−1 9.0148 × 10−3

M2 0.8 4.9000 × 10−1 2.6287 × 10−2

M1 1 6.0000 × 10−1 3.1965 × 10−2

300

M5 0.01 7.3740 × 10−3 5.2360 × 10−4

M4 0.1 7.3733 × 10−2 1.4435 × 10−2

M3 0.5 3.7000 × 10−1 3.2531 × 10−2

M2 0.8 5.9000 × 10−1 3.4133 × 10−2

M1 1 7.4000 × 10−1 3.5105 × 10−2

400

M5 0.01 8.9075 × 10−3 2.3943 × 10−3

M4 0.1 8.9065 × 10−2 1.5727 × 10−2

M3 0.5 4.5000 × 10−1 2.4705 × 10−2

M2 0.8 7.1000 × 10−1 5.9720 × 10−2

M1 1 8.9000 × 10−1 5.9467 × 10−2

500

M5 0.01 9.7178 × 10−3 5.2878 × 10−3

M4 0.1 9.7166 × 10−2 1.5698 × 10−2

M3 0.5 4.9000 × 10−1 4.2440 × 10−2

M2 0.8 7.2000 × 10−1 9.0396 × 10−2

M1 1 9.0000 × 10−1 9.1223 × 10−2

The accuracy of the second-order AEKF is higher than that of the first-order AEKF.
Although the second-order AEKF is more accurate, it requires parameter data on the LUT in
each cycle, as shown in Table 4. This shows that variations in the error value at a specified
width (M) will provide a quick response detection measurement and adjust the character
of the actual and estimated values.
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The comprehensive analysis in Table 4 shows that the percentages of RSME values
for the first- and second-order AEKF increase with the number of cycles. SoC assessment
precision is reduced as the level of M tuning increases.

The preceding result shows that AEKF has difficulty with actual scenarios, particularly
when the battery begins to experience significant aging. Furthermore, the accuracy and
reliability of the second-order AEKF are higher than those of the first-order AEKF.

5.2. Robustness Analysis with Different Initial SoCs

The estimation of SoC by the first- and second-order AEKF is heavily influenced by
the initial parameters. In this case, the initial SoC values are 0.7, 0.8, and 0.9 in the first
charge–discharge cycle. The outcome of the simulation is illustrated in Figure 10. The lines
generated by the first-order AEKF exhibit a higher level of volatility in the estimation of SoC
compared to the lines produced by the second-order AEKF. The estimated line produced
in the second-order AEKF closely aligns with the actual line. It can be inferred that the
employed estimation technique is capable of accommodating errors in the initial SoC values
while accurately tracking the desired SoC trajectory. Consequently, the proposed estimation
approach exhibits enhanced robustness against inaccuracies in the initial SoC values.
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6. Conclusions

This study aimed to assess the effectiveness of the first- and second-order AEKFs in
estimating SoC while accounting for the effect of the number of cycles. The following are
some concerns and observations:

1. The first-order AEKF is more straightforward, as it does not need pre-processing for
polarization resistance and capacity determination.

2. The second-order AEKF improves SoC estimation compared to the first-order AEKF
because it involves more data from the lookup table (LUT) for determining parameter
values such as polarization resistance (R1 and R2) and polarization capacitor (Cp1
and Cp2) in each cycle.

3. As the number of cycles increases, so does the number of model errors; this may
be controlled by adjusting the window size (M) variable. This applies to both sets
of models.

4. M will provide a quick response detection measurement and adjust the character of
the estimation to the actual value.

5. A variety of initial SoC values were also considered in the simulation to investigate
the robustness of the first- and second-order AEKF models. The results show that the
SoC estimation line accurately followed the SoC reference trajectory.

Through this scenario, we were able make the calculation process easier and more accu-
rate; however, the pre-processing step for AEKF’s second-order technique requires time to
acquire cycle parameter data before proceeding to the SoC estimation phase. Furthermore,
more extensive research on data stream applications in the calculation and programming
processes of SoC estimation compared to real applications is required so that an accuracy
closer to the actual value can be calculated.
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