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Abstract: The validity of the equivalent circuit model (ECM), which is crucial for the development
of lithium-ion batteries (LIBs) and state evaluation, is primarily dependent on the precision of the
findings of parameter identification. In this study, the commonly used first-order RC (1-RC) circuit
and second-order RC (2-RC) circuit models were selected for parameter identification. A time series
of voltage with different sample intervals were used for function fitting based on the least square
method, which were extracted from the hybrid pulse power characteristic (HPPC) test data of a
commercial square punch LIB, and the sample intervals were set to be 0.1 s,0.2s,0.5s, and 1.0 s
to evaluate the effect of sample interval on the parameter identification results. When the sample
interval is more than 0.5 s, the results reveal that the 2-RC circuit model’s goodness of fit marginally
declines, and for some data scenarios, the bias between the fitted terminal voltage curve and test curve
increases obviously. With all of the sample intervals under consideration, the 1-RC circuit model’s
imitative effect is satisfactory. This work demonstrates that the sample interval of data samples, in
addition to the method itself, affects the accuracy and robustness of parameter identification, with the
1-RC circuit model showing larger advantages under low sample frequency compared to the 2-RC

circuit model.

Keywords: Lithium-ion battery; equivalent circuit model; parameter identification; sample interval;
hybrid pulse power characteristic test; least square method

1. Introduction

Due to their high energy and power density, environmental friendliness, and extended
cycling life, lithium-ion batteries (LIBs) are frequently used in a variety of energy storage
scenarios [1-3]. As an illustration, LIBs are currently the main energy source for electric
vehicles [4]. As chemical energy storage devices, LIBs’ internal complicated chemical and
electrochemical interactions have a significant role in how well they operate at work. Nu-
merous types of theoretical models of different kinds have been established and extensively
researched in order to characterize the reaction processes and further demonstrate their
association with external charge and discharge behaviors. For LIBs, there are primarily
three different types of models: the equivalent circuit model (ECM), the electrochemical
model, and the empirical model. Based on transitive and conservation interactions of
electric charges and Li-ions, the pseudo-two-dimensions (P2D) model proposed by New-
man et al. [5,6] is an example of an electrochemical model. The Butler-Volmer equation
is also used to describe the extremely nonlinear kinetics of the electrode process. The
electrochemical model consists of a set of nonlinear differential equations with numerous
parameters, and its use in LIBs products is constrained by the high cost of solving these
equations and the difficulty of identifying their parameters. Contrarily, the empirical model
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requires no formal mechanism description and is obtained using methods for mining vast
datasets, such as support vector machines and artificial neural networks [7-10]. The predic-
tion accuracy of an empirical model is heavily dependent on the training algorithm and
training data and it lacks interpretability and needs a lot of data training based on existing
datasets before deployment. ECM, on the other hand, combines the shared benefits of the
aforementioned two categories of models and strikes a balance between the volume of data
and the complexity of development. In ECM, the LIB is represented by a particular type
of equivalent circuit made up of a number of electronic components, including a power
supply, resistors, and capacitors. Changes in the electrical parameters of these electronic
components can, to a certain extent, reflect changes in the LIB internally [11-13]. As an
illustration, the resistor value corresponds to the internal resistor of the battery, and the
resistor and capacitor (RC) branch of the circuit closely relates to polarization behaviors.
Therefore, the ECM has the advantages of explicability, low development difficulty, and
convenient deployment when compared to the electrochemical model and empirical model
and has grown to be a potent instrument for the design and operation of LIBs. The most
common use for ECM is in the battery management of electric vehicles (EVs), where it
can be quickly and readily implemented as an online control algorithm into the battery
management system (BMS) [14-17]. Online predictions of the battery’s functioning status,
including its state-of-charge (SOC), state-of-health (SOH), and state-of-power (SOP), can be
made using the data provided by the ECM.

In recent years, significant research efforts have been undertaken to improve the
reliability and accuracy of the parameter identification of ECM since the precision of its
parameters largely determines the prediction accuracy of ECM. The data analysis tech-
nique is the key to the accuracy of the parameter identification of ECM, which is typically
implemented based on the terminal voltage curve during pulse charge and discharge
process. The least squares approach [18], which has historically been the popular method
of parameter identification, was used to fit the parameters in the early stages. In an effort
to increase the precision and adaptability of parameter identification, many techniques
based on supervised machine learning models have been developed, such as the separate
parametric particle swarm (PPS) optimization method [19] and simulated annealing algo-
rithm [20]. Whereas, those machine learning methods have some disadvantages, such as
high computational cost, poor applicability, and insufficient explainability, and the classi-
cal least squares parameter fitting method still has an absolute preponderance in off-line
identification fields.

The choice of sample interval, which has largely been overlooked in recent studies, is
equally important to the parameter identification process as the parameter identification
technique. It is common knowledge that parameter identification is done by data analysis
of the dynamic and nonlinear time series of LIB’s terminal voltage. If the sample interval is
too long, some crucial data points in the time series” abrupt change phase may be missed,
which would surely lower the identification accuracy and maybe produce false findings.
The sample interval cannot be infinitely small due to limitations on sampling devices, data
storage capacity, communication bandwidth, and computing power; therefore, it requires
urgent investigation to confirm the appropriate sample interval while taking model cost,
reliability, and accuracy into account.

The charge—discharge test and its data analysis are the main methods utilized in this
work to examine the effects of sample interval on the parameter identification findings.
The most popular RC equivalent circuit models were chosen as the ECM for the research
object. The hybrid pulse power characteristic (HPPC) test data was examined to determine
the characteristics of ECM after the experiment setup and test procedure were initially
introduced in this work. The sample intervals used in the test data analysis stage were 0.1,
0.2, 0.5, and 1.0 s. The parameters of the first-order RC (1-RC) circuit and second-order
RC (2-RC) circuit models were both determined using the least squares parameter fitting
method at the same time. The identification accuracy and reliability of various sample
intervals for each circuit mode were then compared using contrastive analysis, and further
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discussion from the perspective of an engineering application was made. Finally, the
summary was concluded in the last section of this paper.

2. Experiment Setup and Test Procedure

The major design and performance parameters of the test object in this study, a square
punch LIB with the NCM/C material system, are provided in Table 1. Square punch LIBs
are popular in electric vehicles and electric energy storage facilities due to their benefits
of thin thickness, high energy density, low internal resistance, and good safety. A host
computer, a high- and low-temperature test chamber (temperature range: -60 °C to 150 °C),
and a charge and discharge tester (current range for charge/discharge: 1.5-100 A, voltage
range for charge/discharge: 0-5 V) make up the majority of the experimental apparatus, as
depicted in Figure 1. The charge and discharge cabinet is responsible for the charge and
discharge test of the LIB according to the specified current and can start or stop the test
steps according to the monitored voltage and duration. The high and low temperature test
chamber provides the required temperature environment for the test object. Through the
TCP/IP protocol, the host computer can communicate with the charge and discharge tester.
The host computer manages the entire charge and discharge test process in accordance
with input order and gathers the voltage signals from the LIB online.

Table 1. Primary design and performance parameters of the test object.

Items Parameters
Three-dimensional size 240 x 170 x 22 mm
Nominal capacity 70 Ah
Nominal voltage 3.64V
Charge cut-off voltage 42V
Discharge cut-off voltage 32V
Nominal charge current 1C
Nominal discharge current 1C
Operation temperature range for charge 0~40 °C
Operation temperature range for discharge —10~50 °C

Charge & discharge
control

Host computer

Temperature chamber

Temperature control

Figure 1. Schematic presentation of the test bench.

Since the focus of this study is on the impact of sample interval on the identification
outcomes of 1-RC and 2-RC circuit models, the experiment only looked at one ambient
temperature value and current magnitude. The experiment’s workflow is shown in Figure 2
as a flow chart. The LIB was kept in the temperature chamber for two hours prior to the
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charge and discharge test, with the environment temperature set at 20 °C. There are two
parts to the charge and discharge test. The LIB was fully charged in the first stage using
the 1 C constant current-constant voltage (CCCV) mode, which involved first charging
the LIB at a constant 1 C rate until it reached the charge cut-off voltage, at which point the
charging voltage remained the same until the current was reduced to 0.05 C. The second
stage was made to accommodate the LIB’s HPPC testing for various state-of-charge (SOC)
values. The second stage had 10 test cycles because the SOC range was between 0.1 and 1.0
and its test interval was 0.1. For each cycle, there was a 40 min shelving period before the
HPPC test and a 3 min shelving period following the HPPC test. The LIB was discharged
for 6 min at a steady current of 1 C at the end of each cycle, which caused the SOC value to
decrease by 0.1 in preparation for the following test cycle. The HPPC test was conducted
in accordance with the FreedomCAR battery test manual for power-assist hybrid electric
vehicles [21], which calls for a pulse discharge lasting 10 s, a pulse charge lasting 10 s, and
a 40 s shelving period. Both the pulse discharge and charge currents were 1 C in the test of

this work.
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Figure 2. Experimental flow chart.

The temperature of the test environment for the LIB was maintained at 20 °C =1 °C
during the whole testing procedure, and the sample frequency of signals, including battery
voltage and current, was set at 10 Hz, which is the maximum handling capacity of the
apparatus. When the voltage of the LIB exceeds the cut-off voltage range, the charge and
discharge tester can immediately end the experiment operation for reasons of security.

3. Test Data Analysis Method
3.1. Electric Circuit Model

For the parameter identification of the 1-RC circuit model and the 2-RC circuit model,
experimental data from each HPPC test was selected. Figure 3 is an illustration of their
circuit structures. The 1-RC circuit comprises of a voltage source Vjoc, an RC branch and
a resistor Ry in series, and the RC branch includes parallel resistor R; and capacitor C;.
Compared with 1-RC, there is one more RC branch in the series loop for the 2-RC circuit
model, where the first RC branch includes parallel resistor Rj;; and capacitor Cyjz, and the
second RC branch includes parallel resistor Rj;; and capacitor Cjp;. The 1-RC and 2-RC
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circuit models are represented by the subscripts ‘I’ and ‘II” in the parameters. It can be
assumed that the above parameter values solely relate to the SOC of the battery in practice
because the effects of temperature, cycle number, and charge/discharge rate on circuit
parameters are not taken into account in this study.

R, R R
R|0 iBaI
e :o

i Ci +

|_
4 + Vv, - + + - + -
Vioc—— Vioc——
o ‘o)

(a) (b)
Figure 3. Circuit constitutions: (a) 1-RC circuit model; (b) 2-RC circuit model.

3.2. Parameter Identification

Establishing a correlation between the parameters using the circuit theory is essential
to the parameter identification approach. The least squares method is then used to fit the
parameters to the HPPC test results. For instance, the 1-RC circuit model’s electric behavior
can be described in Equations (1) and (2) during the parameter identification process:

) -1 1

= — —1 1
Ur R+ C; v+ CIIBat 1)
vBat = Voc — V1 — Roipat ()

where V,,c and vp,; are the open-circuit voltage and terminal voltage of the LIB, respectively;
vy is the voltage of the RC branch; ip,; is the battery working current; Ry is the resistance
of the series resistor; and R; and C; are the resistance and capacitance of the RC branch,
respectively.

Equations (1) and (2) must be translated into a discrete temporal description for data
analysis purposes, as demonstrated in Equations (3) and (4):

-n B
Vike1 = vVige T + R (1 —em )lBat,k 3)
Vatk = Voc(SOCk) — vix — Roigg 4)

where k denotes the sample order; Ts represents the sample period; and 77 is the time
constant of the RC branch, which equals the products of the resistor R; and capacitor Cr:

T = RIC[ (5)

Later, the characteristics of the HPPC test curves must be combined with the identifi-
cation of each parameter. Figure 4 displays the voltage and current variation curves that
are acquired during an HPPC test cycle, which also includes a shelving period before and
after the HPPC test. The current value in Figure 4b is negative when the LIB is discharging,
and positive when it is charging.
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Figure 4. HPPC test curves: (a) voltage variation curve; (b) current variation curve.

Only the test curves corresponding to the discharge pulse and its neighboring shelving
period are used in this work. Before the HPPC test, there is a shelving period during which
the voltage is steady, and the mean voltage readings during this time can be taken as the
open-circuit voltage Vioc. The discharge pulse begins at time t = ¢; and finishes at time
t = t5, and at these two points, only the influence of the resistor Ry can account for the
abrupt decrease and jump in terminal voltage:

AVy + AV
Ro=""r ©

Where AV and AV, represents the abrupt changes in voltage at t = ¢; and t = t,, respectively,
and I denotes the discharge current.

Following the discharge pulse, there is a 40 s relaxation phase that begins at time ¢ = £,
and ends at time t = t3. The terminal voltage over time in this time period can be described
as follows:

—t
Vga(r) = Voc(t1) —vi(t1)e™ @)

In Equation (7), there are three unknown quantities needed for identification, namely
Voc(t1), vi(t1) and 17, within which the time term #; means the value of these two parame-
ters at the moment of ¢ = £;.

Equation (7) can be turned into an exponential function for analysis’ sake as follows:

f(t)=A+Be ™ 8)
where:
A = Voc(t)
B=Vi(t) 9
p=_21

=
At this point, two parameters of the 1-RC circuit model have been identified, specifi-
cally the source Vjoc and the resistor Ryy. As the product of the remaining two parameters
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R; and Cj is obtained from the fitted value of &, the resistor R; of the RC branch can be
calculated according to its relaxation characteristics.

In these conditions, it is simple to use the nonlinear least squares technique to find the
optimal values of A, B, and « for fitting between the test curve and the nonlinear function
curve.

At this stage, the source Vjoc and the resistor Rjy have been identified as the two
parameters of the 1-RC circuit model. As the product of the remaining two parameters
R; and Cj is obtained from the fitted value of &, the resistor R; of the RC branch can be
calculated according to its relaxation characteristics:

R; = VI(tl) (10)

_Tdischarge
1—e ki Idischarge

where Tyischarge is the lasting time of the pulse discharging period, and it equals 10 s in this
study.
Finally, the following formula can be used to determine the value of the capacitor Cj:

L

Cr= = 11

=R (11)

The 2-RC circuit model’s parameter identification technique is identical to that of

the 1-RC circuit model, with the exception that because it includes two RC branches,

an additional parameter needs to be fitted for the additional RC branch. Due to space
limitations, details for the parameter identification process can be seen in reference [18].

3.3. Handling of Data Sample

The sample interval varies depending on the actual conditions of the application
scenario because the sample frequency of the current and voltage signals of the LIB greatly
depends on the work frequency of the sensors, the sampling capacity of the signal acquisi-
tion card, the communication rate, and the memory capacity of the hardware equipment.
The explored interval time At includes 0.1 s, 0.2's, 0.5 s, and 1.0 s in order to assess the
impact of sample interval on the results of parameter identification for the 1-RC and 2-RC
circuit models. A suitable sample frequency was chosen to gather information for param-
eter identification from the original test data source for each interval time. For example,
Figure 5 displays sampling points for various intervals, which roughly corresponds to the
voltage discharge curve in Figure 4a.
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Figure 5. Sample points for different time intervals.

4. Results
4.1. Validity Assessment
4.1.1. Goodness of Fit

The function fitness for the relaxation duration of each HPPC test, which is closely
related to the identification of parameters of the RC branches, is the most crucial phase
of the entire parameter identification procedure. As listed in Table 2, the perspective of
goodness of fit R? [22], which shows the degree of fitting the regression curve to the original
data points, can be used to observe the general validity of data fitting for various sample

intervals and circuit models.

Table 2. Goodness of fit.

Time Interval

1-RC Circuit Model

2-RC Circuit Model

SOC 0.1s 02s 0.5s 1.0s 0.1s 0.2s 0.5s 1.0s
0.1 0.9975 0.9976 0.9992 0.9995 0.9998 0.9998 0.9996 0.9992
0.2 0.9993 0.9993 0.9998 0.9997 0.9999 0.9999 0.9999 0.9995
0.3 0.9995 0.9995 0.9998 0.9997 0.9999 0.9999 0.9999 0.9995
0.4 0.9997 0.9997 0.9999 0.9997 0.9999 0.9999 0.9657 0.9516
0.5 0.9996 0.9996 0.9999 0.9997 0.9999 0.9999 0.9998 0.9996
0.6 0.9989 0.9989 0.9997 0.9995 0.9998 0.9998 0.9995 0.9607
0.7 0.9991 0.9991 0.9997 0.9995 0.9999 0.9999 0.9994 0.9705
0.8 0.9993 0.9993 0.9997 0.9996 0.9999 0.9999 0.9994 0.9992
0.9 0.9990 0.9990 0.9998 0.9995 0.9999 0.9999 0.9992 0.9986

1 0.9995 0.9995 0.9998 0.9996 0.9999 0.9999 0.9998 0.9993

The goodness of fit R? for the majority of data cases exceeds 0.99, and its minimum
value is still above 0.95, which appears in the function fitting for the 2-RC circuit model for
the interval time At = 1.0 s, SOC = 0.4. This information allows us to conclude that all fitting
results of the function in Equation (8) are quite acceptable. The 1-RC circuit model’s fitting
effects are flawless for all data cases, and the goodness of fit R? for each case is greater than
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RMSE / mV

3.0

0.99. When the interval time At is 0.5 s or 1.0 s, the goodness of fit R? of a number of data
examples for the 2-RC circuit model slightly decreases in comparison to 1-RC circuit model.
The aforementioned phenomenon is caused by two factors. For starters, because the 2-RC
circuit model requires fitting one extra parameter during the nonlinear fitting step, the
difficulty of the fitting procedure itself arises. Another factor is that when the time interval
grows, there are less data points available for the fitting process, which ultimately results
in a decline in goodness of fit. Consequently, for some data cases of the 2-RC circuit model,
the goodness of fit R? decreases when the two aforementioned components are combined.

4.1.2. Root Mean Square Error

The root mean square error (RMSE) between the tested terminal voltage and fitted
terminal voltage of the LIB of each HPPC test data case is presented in Figure 6 and can be
written as follows to more accurately assess the overall data fitting effect:

RMSE = \/ % Y (Vi— W) (12)

where k is the sample order; N is the total number of sample points; and Vy and Vj represent
the tested terminal voltage and fitted terminal voltage of the LIB, respectively.

9
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0.5 |-

0.0

sl —a—A t=0.1s

—o—At=0.2s

—a—At=0.1s 7k —a—A t=0.5s
—o—At=0.2s —v—At=1.0s

—aA—A t=0.5s
—v—At=1.0s

RMSE / mV
»
T

0.0

0.1

0.2

0.3

0.4 0.5 0.6 0.7 08 0.9 10 00 0.1 0.2 03 04 05 06 07 08 0.9 1.0

306 soc
(a) (b)

Figure 6. RMSE between the tested terminal voltage and fitted terminal voltage: (a) 1-RC circuit
model; (b) 2-RC circuit model.

Figure 6a illustrates that the 1-RC circuit model’s RMSE values may all be regulated to
be below 2.0 mV, further demonstrating the model’s high identification accuracy. Although
most of the RMSE values in Figure 6b are less than 2.0 mV, several values for examples with
At =0.5s and At = 1.0 s are notably high. For instance, at SOC = 0.4, the RMSE values for
At=0.1s and At = 0.2 s are only about 0.35 mV, but they increase to 6.78 mV and 8.09 mV,
respectively, for At =0.5sand At=1.0s.

The voltage curves for various time intervals at SOC = 0.4 throughout the discharge
and relaxation phases are shown in Figure 7 for the 1-RC circuit model and Figure 8 for
the 2-RC circuit model to access the fitting effect in greater depth. As observed in Figure 7,
curves of the test voltages and the fitted voltages closely match up for each time interval,
and their errors can be kept controlled below 2.0 mV the entire time. Figure 8a,b, where the
time interval is At = 0.1 s and At = 0.2 s, respectively, show the similar tendency. However,
as shown in Figure 8c,d, the error value between the test voltage and that of the fitted
voltage grows considerably as the time interval increases to At = 0.5 s and At =1.0s. Its
maximum value reaches as high as 16.55 mV for At = 0.5 s and 19.61 mV for At=1.0s. In
contrast to curves in other cases, the difference between the test curve and fitted curve for
the above two time intervals of the 2-RC circuit model is extremely clear.
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Figure 7. Voltage curves of the discharge and relaxation periods of 1-RC circuit model at SOC = 0.4:
(@) At=0.1s;(b) At=0.25s;(c) At=0.5s;(d) At=1.0s.

When the time interval At exceeds 0.5 s, Table 2 in Section 4.1.1 roughly indicates that
the goodness of fit R? of the 2-RC circuit model declines slightly for some values. The
comparison of RMSE in this section further demonstrates that the fitting deviation rises
sharply in the aforementioned circumstances. Therefore, the 1-RC circuit model clearly
outperforms the 2-RC circuit model in terms of accuracy and resilience when the sampling
interval is rather wide.

4.2. Parameters Identification Results
4.2.1. Open-Circuit Voltage Values

The value of open-circuit voltage V,. comes from terminal voltage before the discharge
initial time point of the HPPC test. As there is a very long period of time for shelving
before discharge, the open-circuit voltage keeps exceeding steady. For instance, the curve
of voltage over time of the rest period before the first pulse discharge is shown in Figure 9,
and the scope range of the fluctuation of voltage is kept within 1 mV before the pulse
discharge. At each SOC value, the open-circuit voltage remains unchanged no matter what
the equivalent circuit model is or how much of the sample interval it chooses. Figure 10
shows its change curve with SOC, and it can be observed there is a near linear tendency
between the SOC and the V., which accords with the typical characteristics of the voltage
platform of LIB with the NCM/C material system.
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The terminal voltage before the discharge beginning time point of the HPPC test is
where the open-circuit voltage, or V,, gets its value. The open-circuit voltage remains
exceedingly constant because there is a very long time for shelving before the discharge.
No matter how large the sampling interval is or what the equivalent circuit model is, the
open-circuit voltage at each SOC value remains constant. Its change curve with SOC is
shown in Figure 10, and it can be seen that there is a nearly linear tendency between SOC
and V. This is consistent with the usual properties of the voltage platform of LIB with the
NCM/C material system.

4.2.2. Resistance and capacitance values of 1-RC circuit model

Figure 11a—c, respectively, show the identified parameter curves with SOC for various
time intervals of the 1-RC circuit model, including curves of Ry, R; and C;. Figure 11d
shows the curves of product of R; and Cj, specifically the time constant 7; of the RC branch.
With the exception of the time constant 77, curves with varied time intervals exhibit only
minor differences in their tendency to vary with SOC. This is because both Ry and C; work
together to determine 77, their respective curve deviations will add up and cause a minor
trend among 7;~SOC curves for various time intervals. Additionally, for each parameter,
the curves at At =0.1 s and At = 0.2 s coincide almost entirely.

4.2.3. Resistance and Capacitance Values of 2-RC Circuit Model

Figure 12 shows the 2-RC circuit model’s identified parameter curves with SOC
for various time intervals. The time constant 7y is the product of the resistor Ry; and
capacitor Cjjy in the first RC branch, and the time constant 7y, is the product of the
resistor Rjjp and capacitor Cppp in the second RC branch. Time constant 7y represents the
electrochemical polarization at the interfaces of electrode material and battery separator,
while the time constant Rjp; typically refers to the degree of concentration polarization
within the LIB [23-25]. In order to offer more detailed and accurate information on mass
transfer and electrochemical behaviors with the LIB, the 2-RC circuit model uses two
independent resistors (RC).
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The pattern of the degree of variation tendency differs from the 1-RC circuit model.
Resistance curves Ry, Ry7, and Ry, show a variation pattern that implies rather high simi-
larity. However, the apparent discrepancy in the variation trend of the capacitance curves
Cr1 and Cppp leads to a significantly different variation tendency for the time constants 7y
and TI-

4.3. Non-Dimensional Parameters

The changes of non-dimensional parameters with SOC are represented in Figure 13
for the 1-RC circuit model and Figure 14 for the 2-RC circuit model, to more clearly and
directly describe the impact of the time interval on the values of each parameter. The ratio
of the parameter Py to parameter Py is the non-dimensional parameter P’:

P’ =Py/Py (13)

where Pj stands for parameter values with a time interval of 0.1 s, which serves as the
analysis’ reference point, and Py stands for parameter values with different time intervals,
such as 0.2, 0.5, and 1.0 s. Since Py and Py both relate to the same type of parameter,
their ratio P’ can represent the relative change in that parameter caused by changing the
sampling period.
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Figure 13 shows that all non-dimenssional values fall within the range of 1.0 £ 0.2,
demonstrating that the relative change ratio brought on by changing the sample interval
can be kept under 20%. When the sample time At surpasses 0.5 s, non-dimensional values
for parameters other than R'jj indicate a significant difference in Figure 14, particularly for
non-dimensional parameters R'jj;, C' ;7 and /3.

5. Discussion

The influence law of the sample interval on many parameters is rather complex, as
shown in the data discussed above. But overall, whether it is regarded from the fitting
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accuracy or variation trend perspectives, the influence of the sample interval on parameters
of the 1-RC circuit model is quite modest. Contrary to the 1-RC circuit model, the 2-RC
circuit model’s fitting accuracy and parameter values are significantly affected by changes
to the sample interval. Although it is not the primary focus of this work, the mechanism
of influence of the sample interval is fairly complex and might be strongly related to the
step of resistance calculation for Rjp and Ry. Equation (6) states that only the sudden
voltage changes at the start and end time points, when the slope of the voltage curve is
relatively significant, determine the values of Ry and Rjjg. The voltage values at the instants
of the start and end time points cannot be accurately caught if the sampling period is too
long, leading to significant calculation errors in the resistances Ry and Ryjp. According
to Figure 5, the initial voltage value following the start moment of discharge is 3.9639 V,
which is employed in the calculation of Rjy and Ry if the sampling interval is At =0.1 s or
At =0.2 s. That voltage value drops to 3.9614 V when the sample interval is increased to At
=0.5s, and its divergence from the value obtained with At =0.1 s is 2.5 mV. The voltage
value ultimately drops to 3.9595 V when the sampling interval is increased to At =1.0's,
and the divergence further rises to 4.4 mV, which ultimately results in a clear calculation
error for the resistances Rjy and Rpp.

BMS is utilized for the online evaluation and control of the LIBs since they can be
used in a variety of working situations and its performance status can change at any
moment. Gaining a comprehensive understanding of the internal performance conditions—
which is typically based on the equivalent circuit model—is the BMS’s primary goal. The
relationship between parameter identification results and their influencing factors, such
as ambient temperature, charge—discharge rate, SOC, and SOH, has been the subject of
extensive investigation under the proposed idea [26-30]. The results of the investigation
in this work, however, show that the choice of the sample interval also has a significant
impact on the results of parameter identification, which has been disregarded in recent
research. In order to identify an acceptable sampling interval with high fitting accuracy
and computational stability, a preceding time independent test is advised. Research on the
influencing factors of parameters of similar circuit models must, therefore, consider the
effect of sampling interval.

The choice of equivalent circuit model type is a significant implication of this work.
In general, a model can provide more information the more sophisticated it is. The 2-RC
circuit model, for instance, has an additional RC branch compared to the 1-RC circuit model,
allowing it to offer time constants 77;; and 7j; simultaneously and provide greater context
for the functioning of LIBs. On the other hand, the high order circuit model’s parameter
identification process is more difficult and unreliable. Additionally, the high order circuit
model needs significantly shorter sample intervals to keep its parameter identification
stability. Therefore, while selecting the kind of identical circuit models for many real-world
LIBs applications [31,32], such as electric vehicles and energy storage power plants, it
is important to strike a balance between identification precision, robustness, and facility
conditions.

6. Conclusions and Future Work

This paper, to the best of the authors” knowledge, is the first to describe the effect of
sample interval on the identification results of equivalent circuit models of LIB through
experimental testing and data analysis. To create the dataset for analysis, a series of HPPC
tests were first run on a square punch LIB with the NCM/C material system. The validity
and particular parameter findings for both the 1-RC circuit model and 2-RC circuit model
were compared after the parameter identification results with various sample intervals
were computed using the least square method. The effect and cause of sample interval
on the outcomes of parameter identification were described based on the comparison
between the 1-RC and 2-RC circuit models, and the choice of equivalent circuit model type
was also discussed in accordance with application needs and user requirements. The key
conclusions are:
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e  Both the 1-RC circuit model and the 2-RC circuit model have fitting accuracy that is
adequate for sample intervals of small duration, such as At =0.1 s or At=0.2 s. The
1-RC circuit model still exhibits a pleasing imitative effect when the sample interval
At is greater than 0.5 s, while the fitted validity of the 2-RC circuit model suffers
noticeably.

e  The 2-RC circuit model’s resilience decreases as a result of the fitted flaw, which mostly
focuses on the parameters of resistances and capacitances of the RC branches.

e A preliminary investigation shows that the calculation of resistance outside the RC
branch, which depends on the capture of abrupt voltage changes at the start and end
time points of the discharge pulse, is closely related to the effect of sample interval on
parameter identification findings.

e High-order models can offer more reference data about the LIB’s internal performance,
but when choosing an equivalent circuit model type for real-world applications, it is
important to take into account a variety of factors, such as the facility’s conditions and
the precision and robustness of parameter identification.

This study, which focuses on the impact of sample interval on parameter identification
outcomes for RC equivalent circuit models, is only based on HPPC test data at room
temperature, and its underlying mechanism has not been thoroughly examined. Therefore,
additional research will be required in the following areas:

e Include the impact of ambient temperature, SOH, and LIB discharge time in the
expanded range of data samples [33];

e  Examine the impact rule in the context of various data fitting algorithms, particularly
those new, improved algorithms that have been put forth recently [34];

e  Characterize the impedance characteristics of the LIB [35] to provide a more thorough
explanation of the influence mechanism of the sample interval.
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