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Abstract 

An equivalent circuit model (ECM) is a highly practical tool for simulating Li-ion battery behavior. 
There are many relevant studies which compare different ECM variants or suggest algorithms to 
extract model parameters from the experimental data. However little attention has been given to the 
battery tests used for identification of the ECM parameters. Therefore, we systematically studied the 
influence of experimental test pulse characteristics on the parameterized ECM accuracy. Test pulse 
duration and amplitude were varied along with the portion of the relaxation phase data used by the 
parameters fitting algorithm. That resulted in 168 parameter sets, each validated using 9 diverse 
current profiles including one based on a realistic drive cycle. The validation results prove that the 
impact of the test pulse choice on the parameterized ECM accuracy is great to the point it can 
overshadow the use of a higher order Thevenin model. By choosing the optimal parameter set the 
simulated voltage root mean square error was reduced to as low as 1.2 mV. 

Keywords: equivalent circuit model; Li-ion battery; battery management system; parameters 
estimation 
 

1. Introduction 

Accurate estimation of state of charge (SoC) and state of health (SoH) is crucial for the efficient 
and safe operation of lithium-ion (Li-ion) batteries in applications such as electric vehicles, portable 
electronics, aviation, and stationary energy storage systems [1]. Battery Management Systems (BMS) 
rely on mathematical models to estimate the battery state. An accurate digital Li-ion cell model is also 
a useful tool for battery pack design and engineering as it can significantly accelerate the design 
process by enabling virtual experiments and testing. The choice of the most suitable model faces a 
fundamental trade-off between the model accuracy and its complexity and computational burden, as 
many applications imply real-time simulations relying on limited on-board computational resources. 
From a practical perspective, there is another factor – how difficult it is to identify all the required 
model parameters. 

There are three main types of Li-ion battery models: electrochemical models, equivalent circuit 
models, and data-driven models. The electrochemical models implement an ab initio approach by 
explicitly taking into account physicochemical processes taking place within an electrochemical cell 
operation (ions diffusion, charge transfer, reaction kinetics) [2,3]. Such models enable deep analysis 
of the design-performance relationships and therefore are useful for research and development at the 
cell level. However, the computational complexity of such models makes them hardly applicable for 
BMS use and battery pack engineering (since it involves simulations of dozens and hundreds of cells) 
[4]. 

Equivalent circuit models (ECM) and data-driven models both use an empirical approach, 
aiming to predict battery behavior without explicitly modeling the internal processes. The relatively 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 December 2025 doi:10.20944/preprints202512.1303.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.1303.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 13 

 

new and promising data-driven models are based on machine learning methods and, potentially, are 
able to capture complex non-linear dependencies between the input and output signals of the system 
[5,6]. However, the data-driven models are quite complex to tune and run, usually require an 
extensive training data set, and may fail badly outside the conditions phase space covered by the 
training set. Therefore, relatively simple ECMs are the most widely used in BMS and battery design 
applications. 

An ECM describes the Li-ion cell as an electric circuit consisting of few components. A Thevenin 
model is one of the most commonly used ECMs. It consists of a voltage source (open-circuit voltage, 
OCV), a series ohmic resistance (R0), and a number of resistance-capacitor (RC) pairs that model 
dynamic polarization [1,7] (see Figure 1). The order of the ECM defines the number of the included 
RC-circuits. A relatively simple model design provides several advantages: ease of implementation, 
low computational load and physical intuitiveness. The latter means that the parameters of the circuit 
components can be correlated to the physical parameters of a real electrochemical cell (e.g., electrode 
surface resistance and ion diffusion coefficients). 

 

Figure 1. (a) A schematic illustration of the workflow; (b) the considered equivalent circuit models; (c) two 
shapes of the meander-like validation profiles. 

Cell voltage relaxation in response to a sudden current change results from multiple dynamic 
processes with different time scales, such as electric double layer charging, electrolyte diffusion, and 
solid-phase diffusion [8]. A 1st-order ECM effectively captures the main dynamic characteristics of 
the battery response requiring minimal computational efforts, while only one time-constant 
identification is required. This model is widely used in industrial applications due to its reliability 
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and ease of parameterization [9]. However, it is inherently unable to provide high accuracy. A 
second-order Thevenin model enables a more accurate approximation of the cell voltage dynamics 
by separating fast (high-frequency) and slow (low-frequency) transient processes. The first RC circuit 
is often associated with the electric double layer charging process, and the second one — with the 
solid-phase diffusion [8,10,11]. Therefore, the second-order models are assumed to be significantly 
more accurate than the first-order models while maintaining acceptable computational complexity. 

Higher-order ECMs (3rd and above) can hypothetically provide even higher accuracy. However, 
a comparison study has shown that the 2nd-order ECM yields the lowest error [7]. The possible 
reason is that the identification of the additional parameters describing the extra RC pairs makes the 
results unstable because of the risk of overfitting and difficulties in separating processes with similar 
time constants. A critical problem highlighted in [12] is the ambiguity in parameter identification: the 
same voltage transient response can be approximated with equal accuracy by several different sets 
of ECM parameters. That makes the results of high-order ECM parameterization highly dependent 
on the chosen algorithm and initial approximations, and consequently, unpredictable and poorly 
interpretable. Thus, the high-order ECMs are impractical for most applications. 

The accuracy of any ECM model critically depends on the correct identification of its parameters 
(R0, R1, C1, R2, C2), which, in turn, non-linearly depend on the cell state of charge, operation 
temperature, and state of health [10,13]. The most common and practical approach to ECM 
parameterization is based on the analysis of the voltage response to rectangular current pulses, for 
example, tests using the Hybrid Pulse Power Characterization (HPPC) technique [14]. There are 
different ways to extract the model parameters from the cell voltage response to the test pulse. Some 
authors employ simple analytical equations [10], while most researchers employ fitting procedures 
based on least squares algorithms that iteratively adjust the parameters to minimize the difference 
between the measured voltage and the model prediction. A lot of efforts were made in order to 
develop advance parameters identification algorithms. Specifically, researchers had suggested 
several methods to separate the fast and slow dynamics contributions [12,15,16]. 

Although first and second order ECMs are widely used and there are many studies focused on 
parameter identification algorithms, the literature still lacks a systematic investigation of how the 
characteristics of the test pulse (i.e., amplitude and duration) affect the reliability of the 
parameterization process and, consequently, the accuracy of the model. Numerous studies 
employing pulse excitation techniques (such as HPPC, GITT, DST) for the model parameterization 
groundlessly select the durations of the test pulse and the following relaxation phase. There is a wide 
scatter of the test pulse duration values: 10 s [17–19], 18 s [20], 20 s [21], 30 s [22], 45 s [12], 60 s [22], 
90 s [12,23], 180 s [12,23,24], 360 s [12,23,25], 720 s [26] and 900 s [27]. The length of the post-pulse 
relaxation segment processed by the parameter identification algorithm is also scattered widely or is 
not even stated clearly in many sources. Few studies have taken effort to compare different test 
pulses. However, they are limited to a very small number of combinations of test conditions (e.g., 
four [28] and five [23]). 

The goal of the current study is to systematically investigate the impact of the test pulse 
characteristics and the length of the processed relaxation data segment on the accuracy of the 
Thevenin model conditioned by the identified set of parameters. The general workflow is illustrated 
in Figure. 1a. The ECM parametrization was performed using 12 experimental data sets based on test 
pulses characterized by different combinations of pulse duration τpls and pulse current Ipls. Two 
models were parametrized for each data set: 1RC and 2RC (see Figure 1b). For a specific test pulse 
and a selected model, 7 parameter sets were obtained by varying the length of the relaxation data 
segment (τrlx) processed by the parameter fitting algorithm. That yielded 12×2×7 = 168 parameter sets. 
In contrast to the available literature data the extended number of parametrization condition 
combinations enabled us to perform a systematic search for the optimal one. The accuracy of the 
models was estimated for each parameter set using 9 different validation profiles, so that the final 
analysis is based on a total of 1512 individual results. It was found that the optimal test pulse 
characteristics depend on the cell operation regime. Nevertheless, some general trends were deduced 
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which favor a longer test pulse duration. By simultaneously tuning the test pulse and relaxation data 
segment length we were able to reach an excellent accuracy of both the 1st and 2nd order ECMs when 
validated against a realistic current profile typical for the electric vehicle application. 

2. Methods 

2.1. Measurements Setup and Procedure 

The experimental measurements were performed using a Neware CT-4008Tn-5V12A-S1 test 
station on a 3500 mAh LG INR18650 MJ1 Li-ion cell. The procedure started with an initial capacity 
verification cycle to precisely determine the reference capacity. Subsequently, the open circuit voltage 
(OCV) versus state of charge (SoC) relationship was characterized using two methods: a low-rate 
(C/20) full cycle and an incremental step discharge test (5% SoC steps) with prolonged relaxation 
periods to record the equilibrium voltage at each point. According to the low-rate discharge 
measurements, the cell capacity is 3.36 ± 0.01 Ah, therefore, later on the current value of 1C is equal 
to 3.36 A. 

Following the OCV-SoC calibration, dynamic pulse tests were performed within a mid-range 
SoC window (55-45%) to generate data for parameterization of battery models. Finally, to validate 
the models under realistic conditions, variational tests were performed according to 9 different 
current profiles. All experiments were carried out in a controlled temperature environment of 27 ± 3 
°C. 

2.2. Parametrization Procedure 

Based on the literature data, two equivalent circuit models were selected for the study, which 
are first-order (‘1RC’) and second-order (‘2RC’) Thevenin models, as depicted in Figure 1b. Beside 
OCV-SoC dependence, these models require the identification of 3 and 5 SoC-dependent parameters, 
respectively. Namely: serial resistance R0, polarization resistances R1 and R2, RC-circuit time constants 
τ1, τ2. In all cases, these parameters were identified by processing the cell voltage response to the test 
pulses. The identification was performed for three SoC values: 55%, 50% and 45%. It is well known 
that the Li-ion battery OCV demonstrates most rapid changes near the fully charged and discharged 
states. Therefore, model parametrization within high and low SoC ranges requires more SoC points. 
However, in real-life scenario batteries operates in the middle SoC range most of the time. Thus, we 
focused on the middle SoC range in order to reduce the number of experiments and avoid sharp 
parameter changes typical for high and low SoC while investigating the fundamental trends. A table-
based Thevenin Li-ion cell model implemented in the MATLAB Simscape software package was used 
to simulate cell operation. A set of MATLAB scripts were developed by the authors to perform model 
parameters fitting and model validation. The parameter identification was carried out by minimizing 
the cell voltage root mean square error (RMSE) using a non-linear least squares algorithm. 

The experimental data segment used for parameter identification consisted of a current test 
pulse (duration τpls) and the initial segment (duration τrlx) of the following relaxation period, so the 
total duration of the processed experimental data segment was τpls + τrlx. It should be noted, that the 
overall relaxation period length was 3 hours in order to ensure that the cell had reached the 
equilibrium state before exerting the next test pulse. However, the relaxation data were cut to τrlx 
before the parameter identification. This limitation was imposed as even small voltage error at an 
hour-timescale can overshadow the contribution of the transient processes of interest to the total 
RMSE value, which is the target value of the minimization algorithm. The impact of the relaxation 
data cutoff on the parameterization results was studied by varying τrlx in the range 9, 18, 36, 72, 144, 
288 and 576 s. 

2.3. Test Pulse Set 

In the current study, two parameters of a test pulse were varied: test pulse duration τpls and test 
pulse current amplitude Ipls. The complete set of the total of 12 combinations considered is presented 
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in Table 1. The current amplitudes are expressed in C-rates, where 1C corresponds to 3.36 A 
according to the measured cell capacity. The widely used approach to the battery ECM 
parameterization implies that the parameters are identified locally with respect to the SoC. Therefore, 
the test pulse duration and current are limited by the requirement for a small SoC change. The 
combinations [144 s / 0.5C] and [72 s / 1C] yield a change in SoC 2% that was considered a reasonable 
upper limit. 

Table 1. The set of test pulses adopted in this study characterized by the pulse duration and amplitude. 

Test pulse duration, τpls 0.5C 1C 2C 3C 

9 s + + + + 

18 s + + +  

36 s + +   

72 s + +   

144 s +    

2.4. Validation Profiles 

For validation of the obtained ECM parameter sets, we used a total of 9 validation current 
profiles including 8 meander-like profiles and one profile based on the Urban Dynamometer Driving 
Schedule (UDDS) driving cycle [29]. The shapes of the meander-like validation profiles are presented 
in Figure 1c. The meander period (TM) was set to 3, 10, 30 and 180 seconds in order to represent battery 
operation modes characterized by different power consumption time scale. These profiles are labeled 
below as ‘M03’, ‘M10’, ‘M30’ and ‘M180’ respectively. The mean current value was equal to 0.5C, so 
that the average discharge rates are the same for all meander-like validation profiles. However, 4 
profiles are unipolar, i.e., include only negative (discharge) current pulses and rest periods, while the 
other 4 profiles are bipolar, i.e., consist of alternating negative and positive (charge) current pulses. 
The bipolar profiles represent energy recuperation typical for electric vehicle applications and energy 
buffering operation mode typical for the grid applications. The ninth UDDS-based validation profile 
models the electric vehicle battery current demand profile. In contrast to the meander-like profiles, it 
has irregular shape close to the real-world scenario. It should be noted that the average discharge rate 
of the UDDS profile is 0.1C. Therefore, the model error values yielded by the UDDS profile validation 
should not be compared directly to the error values yielded by the meander profiles validation. 

2.5. Udds Profile Adaptation 

To convert the Urban Dynamometer Driving Schedule (UDDS) speed profile into a battery 
current profile, a model of an electric vehicle powertrain described in works [30,31] was implemented 
using AMEsim software. This approach takes into account the vehicle’s dynamic characteristics, 
including various resistive forces: aerodynamic drag, rolling resistance, inertia force, and 
gravitational component on slopes. The UDDS speed profile (Figure 2a) [29] served as an input signal 
for the electric vehicle model. The power required to maintain the specified speed at the wheels was 
calculated by the mechanical part of the model and passed to the power conversion part of the model 
(electric motor, inverter, etc.), which yielded battery power consumption 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏. The battery current 
was calculated as 𝐼𝐼𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 = 𝑃𝑃𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏/𝑈𝑈𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 , where 𝑈𝑈𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏  is the battery voltage. The 𝑈𝑈𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏  was set as a 
constant to simplify the calculations at this stage (nominal cell voltage 3.63 V). For the main ECM 
simulations, the current profile was used instead of the power profile because the cycler controller 
software worked directly with the current values. The current values were scaled to a single cell. 
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Figure 2. (a) UDDS driving cycle velocity profile; (b) the calculated battery current profile used for ECM 
validation. 

The obtained current profile (Figure 2b) preserves all characteristic features of the original UDDS 
driving cycle: acceleration phases, steady driving, braking, and recuperation (charging current). This 
ensures an adequate assessment of the ECM performance under conditions close to real electric 
vehicle operation. 

3. Results and Discussion 

We begin by assessing the impact of the order of the Thevenin model. As was discussed in the 
Introduction section, most of the literature sources agree that the second-order ECM is an optimal 
choice, which provides reasonable accuracy while avoiding high computational costs and problems 
associated with simultaneous identification of a large number of model parameters. However, direct 
comparison of models is tricky, because the ECM accuracy heavily depends on the quality of the 
parameter set used, while different order models require different parameter sets. Therefore, Figure 
3-ino shows the RMSE values for the 1RC and 2RC models averaged over all parameter sets obtained 
for different τpls, Ipls, τrlx. The 2RC model does yield a smaller average error for every validation case. 
However, the difference is not crucial. The average relative reduction in the RMSE values ranges from 
10% (UDDS) to 26% (M03 bipolar validation profile). 
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Figure 3. The RMSE values calculated for different validation profiles and averaged over all the obtained 
parameter sets. 

Moreover, the 1RC model based on the optimal parameter set can be more accurate than the 2RC 
model based on an arbitrary chosen parametrization protocol. For example, Figure 4 shows the 
spread of the RMSE values for some validation cases. The semitransparent areas depict the error 
range across the considered relaxation data cutoff values τrlx, the lower edge reflects the best accuracy, 
the points reflect the average value (calculated across different τrlx under fixed τpls value). Although 
the minimum possible RMSE value is obtained using the second-order model, the areas associated 
with the 1RC and 2RC models overlap significantly. The same is true for all the other validation cases. 
Thus, the higher ECM order per se does not guarantee the accuracy superior to the lower order 
models if the parameterization procedure was not chosen carefully. 

 

Figure 4. The dependences of the RMSE on the test pulse duration τpls compared for the 1RC and 2 RC models. 
The RMSE value spread across the relaxation segment lengths τrlx is depicted by the semitransparent areas, the 
marked lines represent the values averaged over τrlx. The test pulse amplitude values and the validation profile 
names are noted above the graphs. 

It should be noted, that regardless of the number of RC-circuits ECM remains a linear system 
with respect to current-voltage response, while a real battery is only close to linearity to some extent. 
Therefore, the amplitude of the exciting current pulse may affect the values of the identified model 
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parameters. Figure 5 illustrates the dependence of the model error on the amplitude of the test pulse 
used for the model parameterization. Two types of error values are shown: the minimum RMSE value 
across the parameter sets with different τrlx and the mean value across the same sets. In most of the 
cases, the 0.5C test pulses yield noticeably more accurate parameter sets than the higher amplitude 
test pulses (M180 bipolar being the only exception). This result is quite interesting, as the amplitudes 
of the meander-like current profiles used for the validation were 1C and 2C for the unipolar and 
bipolar profiles, respectively. The Thevenin model is inherently unable to reproduce the non-linear 
effects, but in order to correctly capture the linear portion of the battery response one should set 
moderate amplitude of the test pulses. (However, the voltage response must be much greater than 
the instrumental noise, therefore, we discourage the use of test pulses extremely low-amplitude test 
pulses.) In the following, our analysis will be limited to parameter sets based only on 0.5C test pulses 
(Ipls ≈ 0.5C). 

 

Figure 5. The dependences of the RMSE on the test pulse amplitude Ipls for the 2 RC model. The solid lines 
represent the RMSE value averaged over the relaxation segment lengths τrlx, while the dashed lines represent 
the best result. The validation profile names are noted above the graphs. 

Although the Thevenin models usually contain more than one RC-circuit to describe several 
transient processes with different characteristic times, it is implied that the excitation and relaxation 
phases of those processes are symmetric with respect to time as the capacitors charging and 
discharging rates are governed by the same time constant. Battery voltage polarization is the result 
of several complex physical processes, including lithium intercalation and diffusion within the 
electrode material. Taking into account that the reaction rate constants and solid-phase diffusion 
coefficients depend on local lithium concentration [32], there is no guarantee that the characteristic 
times of the excitation and relaxation phases are exactly the same. 

Some researchers suggest to identify the ECM parameters solely on the basis of either the cell 
voltage dynamics during the excitation phase [10] or the voltage relaxation following the current 
pulse [23], while others utilize both the pulse and the relaxation data segments [12]. In the current 
study, we vary the impact of the excitation and relaxation phases on the values of the identified 
parameters by choosing different combinations of τpls, and τrlx. The calculated RMSE values for the 
parameter sets obtained using 0.5C current pulses are presented in Figure 6 as a set of heatmaps. Each 
heatmap covers all combinations of test pulse durations τpls and relaxation data cutoff values τrlx 
validated using one of the nine current profiles. 
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Figure 6. A set of heatmaps visualizing the RMSE of the models based on different parameter sets. The test pulse 
amplitude is Ipls = 0.5 C. Note that the UDDS validation heatmaps have a separate color scale. 

The shortest pulse duration (τpls = 9 s) supplemented by the shortest relaxation segment (τrlx = 9 
s) results in a large error value in all validation cases. However, it is hard to deduce a universal 
recommendation for choosing the optimal parameter set. The heatmaps in Figure 6 show that the 
trends with respect to varying τpls, and τrlx depend on the validation profile used to estimate the error. 
Therefore, the optimal model parameterization protocol would depend on the presumptive battery 
operation regime. 

Generally, increasing the duration of the test pulse helps to improve the accuracy. For many 
validation profiles, the best parameter sets are obtained using the longest τpls = 144 s. This value is 
very different from the test pulse duration of about 10 – 30 s commonly used for ECM 
parameterization according to the literature. The long test pulse duration is especially beneficial for 
the M30 and M180 validation profiles. Thus, if the battery operation regime implies a constant, slowly 
changing, or infrequently changing current profile, the test pulse duration should be set to about 2 
minutes or longer. With respect to the relaxation data cut-off, the optimal τrlx is within the range of 
36 to 144 s for most of the meander-like profiles. Higher τrlx values decrease the accuracy of the model. 

In case of UDDS validation profiles, the optimal conditions are shifted to a shorter τpls (18 - 36 s) 
and longer relaxation segment length τrlx = 576. In order to verify that the τrlx = 576 yields the best 
possible results, additional parameter sets were generated using even larger relaxation cut-off times: 
1152 and 2304 seconds. These parameter sets indeed turned out to be slightly less accurate. Thus, 
both in the case of meander-like and UDDS validation profiles, there is a certain limit to which 
increasing the relaxation data segment can improve the model accuracy. 

Finally, Figure 7 demonstrates the accuracy of the first- and second-order models that rely on 
the best set of parameters (τpls = 36 s, τrlx = 576 s, Ipls = 0.5C) obtained for the UDDS validation profile. 
1RC: RMSE – 3.0 mV, maximum absolute error – 7.3 mV; 2RC: RMSE – 1.2 mV, maximum absolute 
error – 5.6 mV. Note that the RMSE values averaged over all the parameter sets obtained are 6.8 mV 
(1RC) and 6.5~mV (2RC), so that the errors were reduced by 56% and 82%, respectively. Taking into 
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account that a typical OCV slope of an NMC battery within the mid-SoC region is about 8-10 mV per 
1% SoC, the parameterized model can be used to trace the battery SoC with excellent precision. 

 

Figure 7. A set of heatmaps visualizing the RMSE of the models based on different parameter sets. The test pulse 
amplitude is Ipls = 0.5 C. Note that the UDDS validation heatmaps have a separate color scale. 

5. Conclusions 

This systematic study demonstrates that the test pulse duration, amplitude, and relaxation data 
cutoff significantly influence the accuracy of parameterized equivalent circuit models. In certain 
cases, the optimal parameter set yields up to 82% lower RMSE than the error value averaged across 
all the parameter sets obtained. Consequently, the simplest first-order Thevenin model based on 
optimal parameterization protocol can be more accurate than the second-order ECM parameterized 
using an arbitrarily chosen test pulse. It was concluded that the moderate test pulse amplitude (0.5 
C) is preferable, as the higher current values intensify the non-linear portion of the cell voltage 
response, which can not be described by the considered ECM. The optimal combination of the test 
pulse duration and the relaxation data cut-off depends on the particular validation profile, i.e., battery 
operation regime. However, if a thorough optimization of the parameter identification protocol is out 
of the question due to practical limitations, we suggest that setting both the pulse duration and the 
relaxation data cutoff to about 2 minutes should be a good ‘blind guise’ according to most of our 
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validation tests. Finally, by selecting the optimal parameter set, we were able to reach remarkably 
low model error (RMSE = 1.2 mV) for a current profile close to a real-life electric vehicle battery 
operation regime. 
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