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Abstract: This paper explores the impact of two types of experiments, known as "long pulse' and ''short pulse
experiments, on identifying models for Lithium-ion batteries. The focus is on improving the estimation of the state of
charge (SoC) using an extended Kalman filter. The results consistently demonstrate that applying the extended Kalman
filter to models identified through long pulse experiments outperforms those identified through short pulse experiments
in estimating battery SoC and terminal voltage. The article delves into the reasons for this improvement from both circuit
and electrochemical perspectives, providing insights into the obtained results. Thus, the study advocates for the
preference of long pulse strategies to enhance the performance of Lithium-ion batteries, offering insights that contribute
to the development of innovative and sustainable energy storage solutions.
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the model-based observers, the extended Kalman filter (EKF)
has gained substantial attention from researchers due to its
Lithium-ion batteries (L1Bs) have become indispensable adeptness in assimilating system dynamics and uncertainties.

1. INTRODUCTION

components not only in portable electronics and electric However, the performance of traditional EKF-based
vehicles but also in advanced energy systems like microgrids, approaches can degrade under dynamic operating conditions,
where they contribute to frequency control and energy leading to the development of more robust methods, such as

management through fast-response capabilities [1]. The the modified adaptive extended Kalman filter (MAEKF),
integration of LIBs in such systems underscores their which incorporates adaptive mechanisms to address transient
versatility and critical role in ensuring stability and disturbances and bias issues [5]. This adaptability empowers
efficiency, especially in scenarios where precise energy the EKF to deliver more precise and robust SoC predictions.
balance is paramount. The precise estimation of the state of
charge (SoC) in LIBs plays a pivotal role in battery
management systems, directly influencing their overall
performance and lifespan. As Lithium-ion batteries find
extensive applications in electric vehicles and portable
electronics, ensuring reliable and accurate SoC estimation
becomes imperative for optimizing their usage and achieving
efficient energy management. A plethora of techniques have
been devised to tackle the SoC estimation challenge,
encompassing methods such as coulomb counting [2], neural
networks [3], and model-based observers [4]. Notably, among

Model-based observers demand a dynamic model that
aptly represents the intricate behavior of the battery. This
dynamic model can take various forms, such as an
electrochemical model [6], a neural network model [7], or an
equivalent circuit model [8]. Electrochemical models,
renowned for their detailed representation of battery physics,
often require substantial computational resources, limiting
their real-time applicability. Neural network models, while
exhibiting promise in certain applications, face challenges in
providing transparent insights into the underlying battery
behavior. The "black-box" nature of neural networks makes
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it challenging to interpret the model's decisions, hindering
their utility in safety-critical applications where
understanding the reasoning behind predictions is paramount.
Moreover, neural networks may struggle with generalization
across a wide range of operating conditions, limiting their
effectiveness in dynamic and diverse battery environments.

In contrast, equivalent circuit models [9] have gained
widespread acceptance due to their ability to strike a
harmonious balance between accuracy and computational
efficiency. Their simplified yet effective representation of
electrochemical processes makes them suitable for real-time
applications, providing precise SoC estimates without
compromising speed. This popularity underscores the
pragmatic advantages of equivalent circuit models in
delivering reliable and efficient solutions for Lithium-ion
battery management systems.

Despite these advantages, one potential drawback of
equivalent circuit models is their reliance on accurate
parameter identification, which can be sensitive to variations
in operating conditions. Additionally, while integer-order
models are simpler and computationally efficient, they may
lack the flexibility to capture more complex battery
dynamics, which could be addressed in future work by
exploring fractional-order models or incorporating advanced
machine learning techniques.

Equivalent circuit models play a pivotal role in
estimating SoC in LIBs, offering flexibility to represent
various configurations, from single-cell [10] to multi-cell [11]
setups. The selection of model complexity, whether single-
cell or multi-cell, involves a trade-off between computational
efficiency and accuracy. Single-cell models, while
computationally efficient, may oversimplify the intricate
behavior of LIBs, leading to inaccuracies in predicting
responses during dynamic conditions. The simplicity of these
models comes at the cost of potentially overlooking crucial
nuances in the battery's behavior. On the other hand, multi-
cell models capture system-level dynamics but encounter
challenges when applied to individual cells, especially in the
presence of pulse-related phenomena. The complexities
introduced by inter-cell interactions and the difficulty in
accurately extrapolating system-level behaviors to individual
cells can compromise the accuracy of predictions. To address
these challenges, advanced techniques such as the three-time-
scale dual extended Kalman filtering method have been
developed, which enables more accurate parameter and state
estimation by adjusting the sampling time based on the
impact of each parameter on terminal voltage [12]. This
method enhances the model's ability to accurately represent
the dynamic behavior of LIBs, particularly under varying
operational conditions.

However, the dynamics of these equivalent circuit
models can be expressed in terms of integer-order or
fractional-order derivatives. While fractional-order models
offer increased complexity, their adoption faces challenges in
parameter identification and computational efficiency. The
fractionalization introduces intricacies, making the
identification of model parameters more complex. In light of
these considerations, the prevailing preference leans towards
integer-order dual-cell models. These models involve
parameters that require identification based on battery voltage
and current under various experimental conditions. Common

methods for parameter identification include short pulse and
long pulse experiments, each offering insights into the dual-
cell model's behavior under specific dynamic conditions.

This research aims to refine the state of charge (SoC)
estimation in Lithium-ion batteries by employing an integer-
order dynamic model. By conducting separate pulse
experiments—Ilong pulses and short pulses—we identify
parameters for the dynamic model. This approach yields two
distinct models, one from each experiment, offering
flexibility in Kalman filter application for SoC estimation.
The results reveal that models derived from long pulse
experiments generally exhibit higher accuracy, providing
crucial guidance for model selection under various battery
operating conditions. This nuanced approach enhances the
precision of SoC estimation, contributing valuable insights to
Lithium-ion battery management systems.

The paper unfolds in a structured manner, commencing
with the extraction of an integer-order dynamic model for a
dual-cell equivalent circuit in Section 2. Section 3 delves into
the intricacies of parameter identification, encompassing the
identification of open-circuit voltage, internal resistance, and
other battery parameters. Following this, the results obtained
from data acquired in both long pulse and short pulse
experiments for parameter estimation are presented. The
estimation outcomes, achieved by deploying an extended
Kalman filter on each model, are thoroughly compared. The
concluding section encapsulates the key findings and insights
derived from the study.

2. DYNAMIC MODELING OF LITHIUM-ION BATTERIES

We highlighted the significance of equivalent electrical
circuit models for lithium-ion batteries and addressed the
limitations of both single-cell and multi-cell models.
Recognizing these challenges, the focus shifted towards a
prevalent solution—the dual-cell electrical equivalent circuit,
renowned for its effectiveness in capturing the battery's
dynamic behavior (refer to Fig. 1). This model incorporates
crucial elements, such as internal resistance (R,), polarization
resistances due to electrochemical polarization (R, and R,),
and polarization capacitances (C; and C,).

The dual-cell model is expressed through a set of
dynamic equations that govern the system's continuous-time
behavior. Let's consider the following components and
variables:
iy, ;0 Currents through R, and R,, respectively.

SOC:  State of charge, the battery's charge level.
|7 Terminal voltage.

I;: Terminal current.

Voc: Open-circuit voltage, depends on the SOC.

, R R i

.
A
Fig. 1: Two-cell equivalent circuit model for LIBs.
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1 t
S0C(t) = S0C(0) — C—f L (t)dt, (1)
nJo

where
Kirchh

C, is the nominal capacity of battery. Using
off's laws, Ohm's law, and the definition of state of

charge (1), the continuous-time dynamic equations for the
dual-cell model are given by:
di; 1 . 1
- RGO tTRG 2)
di, 1 . 1
@ RG2TRG @)
asoc I (t
. tC()’ “)
n

and the output equation is,
Vi(t) = —Ryi; — Ryiy — Rolp + Vpc(SOC) (%)

The dynamic equations (2)-(4) governing the derivatives
of the state variables in the battery system are linear. However,
the output equation becomes non-linear due to the
dependence of the open-circuit voltage (V) on the state of
charge (SOC), and as a result, the entire battery system can be
considered non-linear when viewed from the input current (I,)
to the output voltage (V;). Consequently, in the subsequent
sections, an extended Kalman filter technique is employed to
estimate the state of charge. To facilitate the application of
the extended Kalman filter, these continuous-time equations
(2)-(5) are discretized using the Euler method with a sampling
rate At, resulting in the following discrete-time system

equations:
—At
1—exp
Gk + 1) "0 ('?AC;)
Lk+1) |=4] Lt [+]1-exp (W) LG, (6)
S0C(k +1) 50C (k) Al
[ C,
i1 (k)
Vi(k +1) = C| ip(k) | — Rolo(k) + Vo (SOC(K)), )
s0C (k)
where,
—At
exp <R1C1) 0 0}
A= —At , ©)
l 0 exp <R2C2) OJ
0 0 1
C=[-Ry —R, 0] )

3. PARAMETER ESTIMATION

In the previous section, we developed the dynamic
equations of a lithium-ion battery based on a dual-cell
equivalent circuit model, which includes parameters that
require identification for accurate representation. Two
methods, the long pulse and short pulse experiments, are
employed for parameter identification. Here, we provide
further insights into these experiments and present the
terminal current and voltage profiles for both scenarios in Fig.
2 and Fig. 3 (both refer to short and long terminal current,
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respectively), although Fig. 4 and Fig. 5 (both refer to long
and short terminal voltage, respectively), for a commercially
available Maxell ER3 14250 lithium-ion battery (Japan) with
a nominal capacity of 500mAh and nominal voltage of 3.7
volts. The battery under examination has a maximum voltage
of 4.2 volts and a cut-off voltage of 3 volts. The testing
procedure involve cycling the battery at a temperature of
25°C.

Utilizing these precise current measurements, the state of
charge (S0c) at each time step, especially at the end of the
resting period, is determined using (1).

For instance, considering the magnitude of the current

drawn from the battery and its duration in the long pulse
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Fig. 2: Terminal current during short pulse experiments.

0.8 ;
0.6 .
<)
S04t ]
15
=
“02- -
0 1 Il
0 0.5 1 15 2 25
Time(s) <104

Fig. 3: Terminal current during long pulse experiments.
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Fig. 4: Terminal voltage during long pulse experiments.
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Fig. 5: Terminal voltage during short pulse experiments.
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experiment, it can be observed that during each discharge and
rest cycle, 10% of the battery charge is depleted.

Consequently, since the battery starts with a full charge,
the battery charge level decreases to 0.9 at the end of the rest
cycle after the first discharge and continues to decrease to 0.8
at the end of the subsequent cycle, and so forth. So,
considering that no current flows during resting intervals, and
the battery is in a quiescent state, according to applying the
voltage Kirchhoff’s law, it is expected that the voltages across
the RC branches become zero, resulting in the terminal
voltage being equal to the open-circuit voltage (V).

When V. as a function of SOC identified, the next step
is to estimate the internal resistance (R,) (according to the
figure 6) using the following method during discharge-rest
intervals [13]:

(VA - VB) + (VD - VC)
21,

Ry, = (10)
in which V,, Vg, V., and V,, represent the battery voltages
during each time interval corresponding to discharge and rest,
as illustrated in Fig. 6. For further details, refer to [14]. In this
way, the identified value for R, in this study are 0.0749 ohms
and 0.0748 ohms for long pulse and short pulse experiments,
respectively. This indicates that the type of experiment does
not have a significant impact on estimating the internal
resistance of the battery.

Now, armed with V. and R, the relationship between
the terminal currents and the output voltage (y, voltage of the
total cells) for the dual-cell model can be established. By
leveraging the ARX [15] or ARMAX [16] techniques, the
transfer function from the output y to the input I; is obtained.

Y biqt+bq?

_ = 11
I, 1+a,q7'+a,q7? (1)

Comparing this identified system with the ARX model,
considering the system's governing equations akin to
Equations (2)-(5), and considering the output as the voltage
across the cell terminals (y):

i1k
y=I[=Ri =Ry 0] iy [+ (R0l (12)
S0Cy,
the parameterized system transfer function becomes:
Y A(@™Y)
_=t 2 13
L =BG (13)

Voltage(v)
w >
E- E S o
T T
|
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)
T
L

37F b
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Fig. 6: Voltage profile during a discharge-rest cycle in

both long and short pulse experiments.
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A(@™") = (Ry + Ry — R0, — Ry01) ¢ 2

+ (R10,01 — R0y — Ry0, (14)
+ Ry0,01) 71
B(@ ) =q2+(=0,—01) g + 0,0, (15)
—At
o =ew(7e) (16)
—At
0, = exp (Rz Cz) a7

Comparison between the identified system and the ARX
system yields,

2

Rj=—————
R o
2
-4

Ry =TS (19)
1

0, = eGR: (20)
1

o, = eCiRt (21)
1

“= ok (22)
C. = 1

27 0,.R, (23)

This comprehensive approach ensures the accurate
identification of key parameters and validates the dual-cell
model's efficacy. The obtained parameters based on this
method are summarized in Table 1.

4. STATE OF CHARGE ESTIMATION

The extended Kalman filter (EKF) [17], [18] is known as
a widely used technique to estimate the state of charge (SoC)
and state of health (SoH) in Li-ion). battery systems. EKF,
which acts as a recursive algorithm, uses a mathematical
model to predict battery behavior and compares it with
measured data, facilitating the estimation of internal
parameters in the battery model. As an extension of the
Kalman filter, the EKF is a special value system with
nonlinear dynamics. The EKF algorithm consists of two main
steps: the prediction step and the update step. During the
prediction phase, the battery model predicts the behavior of
the system in a short period based on the current state of the
battery, with known inputs such as current and voltage as
outputs for this estimation phase. This output includes the
battery status and its covariance. Afterwards, in the update
step, the measured data from the battery system is used to
adjust the predicted state estimate. The Kalman gain, which
acts as a weighting factor, determines the influence of the
accuracy. Figs. 7-12 provide a quantitative representation of
predicted state estimate and the measured data in determining
the updated state estimate.

Table 1: Summary of identified battery parameters
using different experimental methods.

Experiment Long Pulse Short Pulse
R; (ohm) 0.0496 0.0455
R, (ohm) 0.0473 0.0509
C, (Farad) 664.64 707.73
C, (Farad) 4.83x10° 4.30x10°
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Fig. 7: Open circuit voltage error in short pulse mode.
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Fig. 10: Actual (solid line) and estimated (dashed line)
values of open circuit voltage in short pulse mode.
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Fig. 11: Actual (solid line) and estimated (dashed line)
values of SOC in long pulse mode.
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Fig. 12: Actual (solid line) and estimated (dashed line)
values of SOC in short pulse mode.

This updated state estimate then serves as the initial state
for the next prediction step. EKF has proven to be useful in
estimating SoC and SoH [19] in Li-ion battery systems,
primarily due to its ability to accommodate nonlinearities in
the battery model. This includes factors such as changes in
battery capacity as a function of temperature [20] and state of
charge. The choice of the battery model, which can be
physics-based or empirical, depends on the desired level of
the EKF program under different pulsing conditions and
optimization. It helps with battery performance and battery
life. The robustness of EKF makes it a potential tool for real-
time battery management applications in electric vehicles and
renewable energy systems.

Asseenin Fig. 7 and Fig. 8, the open circuit voltage error
is evident in both short pulse and long pulse conditions. At
the beginning of the current cycle, the extracted error value is
lower in the short pulse condition. It can be concluded that
the stability of the Li-ion battery is compromised by short
cycles, starting at 100% charge, but as the current cycle
continues and the central core of the Li-ion battery heats up,
as shown in Fig. 10 and Fig. 12, the modeling errors appear
during the short pulse cycle of the open circuit voltage and
state of charge of the Li-ion battery.

Conversely, long pulses exhibit stable performance
within the performance range of Li-ion batteries due to their
longer rest intervals that allow the core to cool down in each
current cycle and prepare the battery memory for the next
cycle. This range extends from 70% to 30% under voltage 3.8
to 3.3, as clearly seen in Fig. 9 and Fig. 11. The observer
estimated battery performance much more accurately in open
circuit voltage and battery state of charge compared to short
pulse conditions.

5. CONCLUSION

In conclusion, the exploration of open-circuit voltage
errors under short and long-pulse conditions, as detailed in
this conference paper, reveals a captivating narrative. Initially,
there is an observation of lower error magnitudes in short-
pulse scenarios. However, a nuanced trend emerges,
highlighting that the system's accuracy diminishes with an
increasing number of current flow and discharge cycles,
especially in short-pulse conditions. Introducing the
consideration of the charging state adds complexity to the
analysis. In long-pulse scenarios, due to the longer rest time,
there is a nearly 5RC duration where a higher confidence in
the equality of terminal voltage and open-circuit voltage is
observed at the end of each rest cycle. Despite these
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advancements, one limitation of the current study is the
potential for parameter drift over extended operation cycles,
which could impact the long-term accuracy of the SoC
estimation. Future work should explore adaptive estimation
techniques or machine learning approaches that can
dynamically adjust model parameters to account for such
variations. Furthermore, the discussion extends to the topic of
open-circuit voltage errors and the level of precision in
estimating the state of charge in both short-pulse and long-
pulse scenarios. It is noteworthy that in short-pulse conditions,
the next significant aspect to be addressed is the accuracy of
voltage circuit errors and the precision of the estimator in
assessing the battery's charge state. These detailed insights
contribute to a more comprehensive understanding of system
dynamics, offering valuable considerations for the
optimization of open circuit voltage configurations and
charging state estimation in battery systems. As we advance,
this research sets the stage for further studies and
advancements in the field, enriching the knowledge base for
future developments.
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