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Two key indicators of a battery management system (BMS) are the state of
charge (SoC) and the state of health (SoH). Accurately estimating SoC is
important to prevent potential issues. Additionally, space, computing time,
and cost are important factors in hardware development. To address these
considerations, the first-order extended Kalman filter (EKF) and adaptive
extended Kalman filter (AEKF) models were selected due to their simpler data
pre-processing and better accuracy. The study recommends using the first-
order equivalent circuit model (ECM) method in conjunction with the EKF
and AEKF algorithms due to their straightforward setup and efficient
computational process. Analysis of the charge-discharge cycles shows that the
AEKF method consistently outperformed the EKF method regarding SoC
accuracy. Moreover, when given different initial SoC values, the AEKF
method displayed superior SoC estimation accuracy compared to the EKF
method. Moreover, while the accuracy of the EKF is diminished, the error
value remains below 2.5% for up to 500 cycles. Additionally, the shorter
computing time of the EKF method is a consideration for practical real-world
implementation. Furthermore, experiments conducted over 500 cycles
revealed that SoH estimation declined from 99.97% to 76.1947%, suggesting
that the battery has reached the end of life (EOL) stage.
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1. INTRODUCTION

Lithium-ion batteries are extensively utilized for energy storage across a range of applications [1]. It
has been favored in recent times due to its elevated energy levels, increased power density, and commendable
longevity [2], [3], and utilized in electric vehicles, intelligent power grids, electronic apparatus, and powering
synthetic aperture radar systems [4], aviation, and satellites [5]. In order to guarantee the well-being of the user,
devices and the vehicle, it is imperative to operate within the confines of safety. As a result, the BMS,
responsible for monitoring the rechargeable batteries, plays a critical role in safeguarding the electric vehicle

and its instruments [6].

The two main functions in BMS are state of charge (SoC) and state of health (SoH). SoC is a crucial
parameter that delineates the magnitude of electric charge accumulated within a battery in comparison to its
complete capacity [7]. There is a great need for a dependable and precise method for estimating the SoC in
battery management systems [8]. The SOC of a battery cannot be directly inferred; thus, it is often indirectly
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approximated using data such as battery voltage, current, and temperature [9]. Several methods have been
employed to assess the SoC in lithium-ion batteries [10]. To achieve a harmonious equilibrium between
computational expenditure and the accuracy of estimations, the majority of the current approaches have
implemented an equivalent-circuit model (ECM) to replicate the behaviors of batteries under both current and
future load circumstances to estimate SoC [11]. The ECM possesses the potential to be construed as a model
of limited complexity, which serves to closely approximate the dynamic characteristics of the battery voltage.
This approximation is achieved through the utilization of linear state dynamics and a static nonlinearity that
manifests itself in the model's output. Batteries have non-linear characteristics, and the estimation of SoC
typically necessitates the employment of nonlinear extensions of the Kalman filter, such as the EKF, which is
both highly recognized and widely employed [12]. However, the algorithm based on the EKF relies heavily on
the accuracy of the battery model as well as the predetermined variables about the system noise, including
mean value, pertinence, and covariance matrix. If the predetermined variables of the system noise are not
properly configured, significant errors and divergence may occur. In the case of the SoC estimation, if
inappropriate values for the noise covariance are utilized, the error would be substantial or even lead to
divergence. Consequently, the utilization of AEKF has been employed to carry out real-time SoC estimation
[13]. Moreover, even when precise model parameters are acquired, the connection between the open circuit
voltage (OCV) and SoC will persistently alter due to battery aging. This occurrence impairs the durability of
SoC estimation. Consequently, attaining high-precision SOC estimation in batteries subjected to prolonged
usage proves challenging [14].

SoH is the condition where the battery can provide energy. This is used to determine the health
condition of the battery after several charging-discharging cycles. This can also be said to be the lifespan of a
battery pack [15]. The estimation of the SoH of the battery can be known either in real-time or not [16].
Estimation is divided into experimental and model-based techniques. Experimental estimation can accurately
estimate SoH, and estimation can be achieved using several measurement activities on the battery to get the
true value [17]. In this case, we estimate the SoH value when 1 cycle has been completed.

The relationship between SoC estimation accuracy and the model is very close, where a more
complicated model will provide higher accuracy [18]. However, implementation on hardware is a concern in
the study we conducted. In the study [19], the AEKF model has high accuracy. However, first-order AEKF is
easier because it does not require data pre-processing, making it easier to implement in the microcontroller.

In addition to being easy to implement, it is necessary to take into account certain limitations
concerning the available space and the system expenses when designing and implementing the hardware [20].
Space, computing time, and cost are important concerns in implementing BMS [20], [21]. Space is necessary
for dense systems, particularly those related to aerospace systems [20]. Selecting a model that can be
implemented on a single piece of hardware while ensuring reliable measurements and maintaining errors within
a 2.5% margin [22]. is a key consideration for BMS development. This balance of efficiency and accuracy is
an essential focus of our research, as it ensures the feasibility and reliability of the system's development.

The implementation performed in [23] based on electrochemistry, was conducted, where the data and
calculations are controlled using FPGA hardware to make estimates. Moreover, stimulation devices were added
to regenerate electrochemical impedance spectroscopy (EIS). This will result in additional device space.
Furthermore, the calculating time will still be developed in their study. Similar to the study conducted in [24],
A DC-servo loop regenerates frequency was added to the system estimation, resulting in additional devices
which increase costs and extra space for integrated devices in estimating the SoC. An implementation based
on data science, such as the study conducted in [25], uses an STM32 microprocessor, which has an affordable
price. Nevertheless, there is an additional device in the form of Tensor Flow Lite Microcontrollers (TFLM) to
execute model calculations based on data science. Moreover, the integrated hardware in the implementation
based on the Kalman filter only requires one embedded device. The study in [26], uses a DEKF model
embedded in an FPGA, and the implementation is carried out in [27], also uses an FPGA to calculate SoC
estimation with the 2RC EKF model. Furthermore, in terms of both lower cost and how quickly calculations
are performed in [28], The Raspberry Pi is used to calculate the EKF and UKF models. They specifically stated
that the EKF model uses less power and shorter calculation times, even though the errors that appear are greater
than the UKF. From the explanation above, it can be seen that the author's reasons for conducting a comparative
study with the first-order EKF and AEKF were space efficiency, ease of integration in one device, less
computing time, and lower prices.

To address the aforementioned problems, this study conducts the following investigations:

- Training two Kalman Filter models, namely the first-order EKF and AEKF, for SoC estimation.

- Examining the correlation between the M value, initial error, number of cycles, and computation time, and
their impact on SoC estimation accuracy while maintaining standard accuracy.

- Analysing the changes in SoC estimation accuracy as the number of cycles increases.

- Assessing the health of a battery pack after completing 500 cycles.
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2. THE PROPOSED METHOD

In this study, the author's battery pack modeling method follows the study in [22], where a first-order
ECM was used with parameters based on the author's previous research in the study [4]. The determination of
the lithium-ion battery's state-of-charge is typically achieved through the utilization of the current integral, as
depicted in (1). This assessment typically commences from an initial state-of-charge denoted as SoC, [29].

t

SoC, = SoCy — —

1
Qpresent 0 ( )
where SoC, represents the real-time value of the state-of-charge at time t, SoC,, denotes the initial value of the
state-of-charge. Furthermore, 7 refers to the charge-discharge efficiency of a lithium-ion battery; here, we
assume equal to one. Q,resene represents the effective capacity of the lithium-ion battery, and I denotes the
measured current of the lithium-ion battery.

2.1. SoC algorithm-based EKF

Due to its inability to handle the nonlinear attributes of the battery model, the EKF has gained
significant popularity in nonlinear applications. The fundamental concept behind the EKF involves employing
a first-order Taylor expansion of the state and measurement functions to achieve local linearization. In the case
of a nonlinear system, the following state-space equations in (2) can be employed to depict it [30]:

{Xk = f(Xp-1, W) = AXy—1 + Bug_g + wy4 @
Y = g(Xi, wie) = CXy + Dugtvy_4

where, X, represents the state variable of the system. Y, denotes the observation variable of the system. u;
signifies the input variable of the system. f denotes the state nonlinear function. g represents the measurement
nonlinear function. wy_; and v, are Gaussian white noise with a mean of zero and covariance Q and R
respectively.

The EKF algorithm proceeds through a series of iterations in accordance with the subsequent steps,
first, initialize the mean (X,) and the covariance (Po) of the initial system state Xo. Where E(.) is the expectation
of the mean value.

Xo = E(Xo)

{Po = E[(Xo — Xo) (Xo — Xo)"] @)

The next step is Time update for the state and covariance prediction. The state and covariance prediction refers
to (4).

{Xl:r = [ X1, uge—1) + wy @)
P = CProo G + Qi
The measurement process is updated with the Kalman Filter and update the covariance for (5) and (6).
Ky = P CT(CP; + Ry)™? ®)
Pe = (1= KxC)Pe(I = Ky Ci) ™ + Ky Ry K (6)

2.2. SoC algorithm-based AEKF

Meanwhile, for the AEKF algorithm from (4) to (6) has the same equation as the EKF algorithm,
whereas in the AEKF algorithm, the difference lies in the update status in (11), the next step is by adaptation
of variable Q in (13), H in (14) and R in (15).

Ki = Xic + Kiex (11)
ex = Yic — 8(Xio ux) (12)
Qi = K HiKj (13)
Hic = = 2H o pa Cxeh (14)
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Rk = Hk - CPkCT (15)

The matrix C represents the Jacobian of the function g that is used to measure the data. The symbol
e, represents the disparity between the voltage measured at the terminal and the voltage that was previously
estimated at the terminal. The definition of M has been explained in our study in [19]. Here, experiments are
conducted to investigate the correlation between the variable M and the computational duration required for
the estimation of SoC. Further examination will be explained in section 3.2.

2.3. SoH estimation
SoH is typically defined as the ratio of the nominal rated capacity at the time of manufacturing to the
remaining maximum capacity at a given time. Therefore, the SoH could be formulated using (16) [31].

SoH (%) = Zresent 5 100% (16)
initial
where Cpresent is the current battery's maximum capacity (Ampere hours) and Cinial is the battery's initial
maximum capacity. Cpresent COUld be calculated with the total discharge current (lgcng) capacity is obtained from
the current capacity divided by the running time during the discharge process. Which is defined as (17).

Cpresent ® = fot Idchg (t)dt (17)

3. METHOD

This section explains the research methods used in this study, including SOC estimation and its
relationship to initial SOC disturbance. Additionally, it discusses the impact of SOC estimation on variable M,
and also computation time for training the data, and lastly give an explanation for SoH estimation.

3.1. SoC estimation

The experiments were conducted over a span of six consecutive months, employing the subsequent
elements: (a) 42 Ah of Lithium-ion battery pack; (b) a battery analyzer known as BST8-10A30 V; and (c) an
electrical connection to the hub of the battery. The investigations were performed using charge- discharge
cycles at a rate of 0.2 C at a temperature of 25 °C, interspersed with a relaxation interval of 30 minutes, thereby
facilitating the attainment of relaxation concentration and the reestablishment of solid lithium particles to the
point of equilibrium. Physical representation for the experiment platform on the Figure 1.

Figure 1. Physical representation of the experimental platform for testing Lithium-ion batteries

Data on the measurement of lithium battery packs is collected for a total of 500 cycles. These

measurements include the terminal voltage Uy, Current I, capacity @ and time £. The current and voltage data
are recorded at intervals of 20 seconds. The estimation of the SoC itself remains unaffected by the overall
duration, as it is adjusted by a factor of 20 in the projected output calculation time. An illustration of the flow
chart for estimating the SoC to train the two algorithms can be seen in Figure 2.

The test result data from BST8 will be organized to suit the requirements of the simulation. The
necessary data includes cycle, current, voltage, and time data. For the simulation process, data from the 1%,
100t, 200™, 300, 400™", and 500" cycles will be used to train two different models: first-order EKF and first-
order AEKF. The parameter data will be directly obtained in the calculation process model. This will result in
obtaining two sets of SoC estimation output data.
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The real implementation of BMS cannot be separated from the ease of carrying out training data
through models with light computing but is accurate. Therefore, the calculation time is a concern for this study.
In this study, the Tic Toc function which is established in MATLAB software is used for the results of
computing time calculations.

Battery Lithium-ion pack datasheets

(U, It t, n-cycles)

A 4

‘[ Pre-processing ‘}7

A4 v
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Figure 2. Flow diagram of the SoC estimation

3.2. The correlation between variable M and the duration of computational processes

Experiments were performed to examine the relationship between variable M in AEKF model and the
computational time needed for estimating SoC (see Table 1). It can be observed that as the value of M decreases,
there is an increase in the time required for calculations. We calculated the RSME value at M=1.2, because it has
the smallest computation time, which shows a 5 x 10 value. Where the error value is still well controlled.

During the first cycle, we computed the processing time for both models. Based on the training data
for SOC estimation, the calculation results are presented in Table 2. From these results indicate that the EKF
model has a shorter computation time.

Table 1. M and the duration of computational processes Table 2. Computational time
M Time(s) M  Time(s) Model  Time (s)
0.1 32403 1 14249 EKF 7117
05 16185 12 13931 AEKF  13.931

3.3. SoH estimation

To estimate the SoH, we calculate the stored capacity data based on the measurement results using
equation (16). This calculation is performed at specific cycle intervals, namely at cycles 1, 100, 200, 300, 400,
and 500, to observe the degradation trend over time. The estimation process focuses on the charge capacity
Qcycie that has completed a full cycle of charging and discharging, ensuring that the data reflects the actual
usable capacity of the battery. By analyzing the capacity at these intervals, we are able to monitor changes in
SoH and evaluate the battery’s long-term performance.

Numerical and experimental state of identification battery pack lithium-ion (Dewi Anggraeni)
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4. RESULT AND DISCUSSION

This section explains the results of this study. including SOC estimation and its relationship to initial
SOC disturbance. Additionally, it examines the impact of SOC estimation on variable M and computation time-
training data, as well as the SoH estimation results.

4.1. SoC estimation result

The outcomes of SoC estimation for lithium-ion battery packs are presented, which were obtained using
trained first-order models, EKF and AEKF. Furthermore, the impact of the accuracy of these estimation models
on the integration of charging-discharging cycles is demonstrated in Figure 3. The black dash-dot line is the real
SoC, while the blue cross line is the estimation result with EKF training, and the red triangle line is the estimated
SoC from AEKEF training. The simulation results across all cycles indicate that the EKF are more inconsistent
(moves irregularly), which occurs in all cycles, namely in Figures 3(a)-3(f). Even though the EKF tends to move
irregularly, the estimated line is close to the real SOC line. Meanwhile, AEKF shows a more consistent line. The
estimated stability is 30% to 80%. This can be seen very much in the estimation with AEKF, as in Figure Figures
3(c) and 3 (e). Where the estimated starting point N=1 is very far from the real value, but slowly follows the real
SoC line. Likewise, at the end, the estimate for the AEKF method moves below 30%. Although the SoC estimation
with the AEKF method deviates at N=1 and at 30% of the SoC line, the RSME value shows that AEKF provides
better accuracy than EKF, as shown in Tables 3 and 4 in the first cycle. The RSME in the EKF method in the first
cycle shows 0.66%, which is much greater than the AEKF method with 0.35%. As the cycle progresses using the
EKF technique, there is a corresponding increase in the magnitude of the error. This phenomenon becomes evident
in cycle 1, as indicated by the RSME of 0.66%, which further escalates to 0.77% in cycle 500 (see Figure 3(f)).
Similarly, the AEKF approach also exhibits a comparable pattern, with the RSME recorded at 0.35% in cycle 1
(see Figure 3(a)) and gradually averaging at 0.67%. Nevertheless, it is important to note that the EKF method
demonstrates a more substantial upward trend in error, whereas the AEKF method experiences a relatively
negligible increment in error.

4.2. Analysis of robustness using various initial SoC values

To determine the reliability of the method used, one way is to provide a different initial SoC value
to determine the accuracy of the SoC estimate. Reliability will also be tested with increasing cycles. In this
reliability test, we set the initial SoC value at 0.9, 0.8, and 0.7 for cycles 1, 100, 200, 300, 400, and 500. The
training data of the EKF and AEKF methods can be seen in Table 3 and Table 4.

Table 3. RSME data of SoC estimation based on Table 4. RSME data of SoC estimation based on

EKF methods AEKF methods

Cycle/Initial SoC 1 09 08 07 Cycle/Initial SoC 1 09 08 0.7
1 0.66 0.72 084 1.04 1 035 029 044 067

100 07 081 106 138 100 041 039 068 1.05

200 0.76 088 112 145 200 041 039 069 1.06

300 076 088 112 144 300 041 039 069 1.06

400 079 089 114 146 400 041 039 0.7 1.08

500 077 089 114 147 500 041 041 071 11

The estimation of SoC is conducted using the EKF method. At the initial SoC of 0.9, the RSME indicates
a value of 0.72%, which exhibits a gradual increase over successive cycles. The highest RSME is observed at 500
cycles, amounting to 0.89%. Similarly, for an initial SoC of 0.8, the highest RSME is recorded at cycles 400 and
500, reaching 1.14%. However, in the first cycle, it stands at 0.84%. Conversely, when the initial SoC is 0.7, the
RSME is 1.04% in cycle 1, gradually escalating to 1.47% at cycle 500. Robustness tests conducted with varied
initial SoCs illustrate that error values are higher for smaller initial SoCs, particularly at 0.7.

In the AEKF method, employing an initial SoC of 0.9, the RSME starts at 0.29% and slowly increases
to 0.41% after 500 cycles. For an initial SoC of 0.8, the RSME is 0.44% in the first cycle, which further rises
t0 0.71% at cycle 500. Similarly, when the initial SoC is set at 0.7, the RSME begins at 0.67% and progressively
climbs to 1.1% after 500 cycles. The reliability examination of the EKF and AEKF methods, conducted with
different initial SoCs and increasing cycles, is summarized in the graphical representation provided in Figure
4 and Figure 5. It is evident from Figure 4 and Figure 5 that the AEKF method yields higher accuracy in SoC
estimation compared to the EKF method.

In Figure 6, the progress of SoC estimation is presented, with disturbances occurring at k=1 with values
of 0.7, 0.8, and 0.9 in the first cycle. The reliability of the EKF and AEKF models will be evaluated based on
these disturbances. The cyan line represents the result of a disturbance process with an initial value of 0.7, labelled
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as EKF7. Similarly, EKF8 indicates the SoC estimation line calculated using the EKF model with an initial
disturbance value of 0.8, and so on, until the line marked AEKF9, which represents the initial disturbance at 0.9.

We can observe from Figure 6 that the estimation line tries to approach the real line, so this shows
that after being disturbed in the form of the first initial value, the estimation line approaches the real line to get
a good estimated value. Moreover, the AEKF estimate line shows an estimate line that is closer to the real line

than the estimate line shown by estimates using the EKF model.

Cycle 1
T T T T T T T Cycle100
e ]
08 1
06 q
6]
b) &
a
(@) ( oal |
02r q
[ )7 ] S — 1
485 490 495 500
0, . . . . . . ] X - ' ' ' X
100 200 300 400 500 600
0 200 400 600 800 1000 1200 1400 N
X Time (s)
Time (s)
‘ ‘ ‘ Cycle 200‘ ‘ ‘ Cycle 300
12 T T T T T
093
1 092
4 ]
091
] 09
0.8 0.89 1
4
55 60 65 70
Q
S 0.6
%]
(© (d)
1 04t g
] 0.2
1 0 , . . . .
0 100 200 300 400 500 600 700
Time (s) Time (s)
' Cycle 400 Cycle 500
1
0.8
0.6
Q i
@
© o
0.2
O [ 4

300
Time (s)

500

100

200

300
Time (s)

400

500

600

Figure 3. The EKF and AEKF performance results for (a) 1 cycle, (b) 100 cycles, (c) 200 cycles,
(d) 300 cycles, (e) 400 cycles, and (f) 500 cycles
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4.3. SoH estimation result

As explained in chapter 3.3. SoH estimation, the estimated SoH in each cycle can be seen in Table 5.
Where the SoH percentage in the first cycle is still at 99.97% and is decreasing to 76.1947%. According to [32],
[33], if the SoH percentage has already reached a range of 70-80%, the battery is on the EOL stage. This battery
pack is a sensitive system; therefore, its EOL is aligned with that of electric vehicles to ensure safety and reliability.

Table 5. SoH estimation results
Cycle  SOH (%) Cycle SOH (%)
1 99.97 300 79.3571
100  83.3333 400 785714
200 79.762 500  76.1947

5. CONCLUSION
In this paper, we discuss the estimation of SoC using two different Kalman Filter techniques: the EKF
and the AEKF. Both techniques use a first-order ECM for Lithium-ion battery packs. After analyzing the
training data, we have made several significant conclusions. Firstly, we observed that the accuracy of the EKF
method tends to decrease as the number of charge-discharge cycles increases. Secondly, a similar trend is
noticed in the AEKF method, displaying behavior comparable to the EKF method. However, it's important to
note that the AEKF method yields a smaller RMSE value compared to the EKF method. Moreover, while the
accuracy of the EKF is diminished, the error value remains controlled below 2.5% for up to 500 cycles.
Thirdly, SoC estimation obtained using the AEKF method demonstrates superior accuracy when
compared to the EKF method, particularly in robustness tests with different initial SoC. It is also observed that
the EKF method requires less computational time than the AEKF method, which should be taken into
consideration during the actual implementation stage. Lastly, we observed that the lithium-ion battery pack
reaches EOL at 500 cycles.
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