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Abstract

Electrochemical energy storage systems are increasingly utilized across a wide range of
applications, from small-scale consumer electronics to large-scale utility systems providing
grid services. Among these, lithium-ion batteries have emerged as a preferred solution
because of their high efficiency and power density. However, accurately modeling the
behavior of Li-ion cells remains a critical and complex task. It is particularly important to
determine the open-circuit voltage (OCV), which is an essential component of most battery
models. This paper presents the results of an experimental comparison of three common
methods for measuring and estimating the OCV of lithium-ion cells with nickel–manganese–
cobalt cathodes. Each method is described in detail, with particular attention given to
the testing procedures and influence of the experimental parameters on the accuracy of
the resulting OCV curves. The outcomes are then analyzed and compared to highlight
the strengths, limitations, and practical considerations associated with each approach.
The findings of this work will assist researchers and practitioners in selecting the most
appropriate OCV measurement techniques for various applications, especially where time
constraints or experimental limitations must be considered.

Keywords: energy storage systems; open-circuit voltage; li-ion cell testing; li-ion cell
modeling; NMC; state of charge; li-ion cell aging models

1. Introduction
Electrochemical storage systems are becoming increasingly vital, particularly for pow-

ering advanced, smaller devices like computers and mobile phones. They are also crucial
for power tools, electric vehicles, and large-scale renewable-energy storage devices [1].
Lithium-ion batteries are becoming more popular in the electric vehicle (EV) industry
because their energy density surpasses that of other types of electrochemical storage de-
vices [2]. In electrochemical storage systems, although the cost of lithium-ion storage
technology is higher than that of the alternatives, it remains a more attractive option be-
cause of its superior power density and high efficiency. These advantages often outweigh
its shorter lifespan relative to technologies such as the vanadium redox flow battery [3].

When designing battery systems, creating an accurate model is crucial. A well-
developed battery model helps in predicting its performance under various conditions.
Some models focus on estimating the state of charge (SOC) using approaches such as
physical electrochemical models [4], electrical equivalent circuit models [5], or data-driven
models [6]. These models are essential for understanding battery performance and ensuring
efficient operation in various applications. Other models concentrate on cell aging, aiming
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to determine the usable capacity and characterize cell behavior across different life stages
using characterization tests [7,8]. In some cases, acoustic emission signals are used for
state of health (SOH) estimation [9]. Other models focus more on mechanical-chemical
degradation [10], which is vital for predicting the battery lifespan and optimizing main-
tenance strategies. Moreover, some models focus on safety to prevent thermal runaway
in batteries because they are becoming increasingly popular in commercial devices [11].
Lastly, there are models designed to optimize battery usage in grid-connected storage by
considering different scenarios, such as optimizing the usage of cells to achieve lower aging,
by considering different market services such as arbitrage [12].

However, not all lithium batteries are identical. Lithium batteries come in a variety of
chemistries, each with unique characteristics that influence their behavior. Among lithium-
ion batteries, various chemistries—such as lithium cobalt oxide (LCO), lithium manganese
oxide (LMO), nickel–manganese–cobalt (NMC), lithium nickel–cobalt–aluminum oxides
(NCA), and lithium iron phosphate (LFP)—have emerged and are expected to remain
significant in the future. These chemistries differ in terms of their specific energy, specific
power, lifespan, cost, efficiency, and safety characteristics. A comparison of their different
characteristics has been provided in Figure 1 using the data provided in [13].

Among the commercially dominant lithium-ion chemistries, NMC batteries are widely
used because of their balanced energy density, power capability, and lifetime, particularly
in electric vehicle and stationary storage applications. However, the accurate experimental
determination of the OCV in NMC cells presents challenges that differ from those encoun-
tered with other chemistries such as LFP and LCO. Unlike LFP, which exhibits pronounced
voltage plateaus, NMC cells show a steeper and more continuous OCV–SOC relation-
ship, making the measured OCV more sensitive to the relaxation time and experimental
conditions [14]. Recent studies have shown that the experimentally measured OCV in
NMC cells often represents a pseudo-equilibrium voltage that depends strongly on the
rest duration, SOC step size, and charge or discharge direction, with limited accuracy
gains beyond certain relaxation times [15]. Furthermore, voltage hysteresis in graphite–
NMC systems leads to non-unique OCV values at identical SOC levels, requiring a careful
experimental definition of the OCV used for modeling [16]. In addition, material-level
modifications of NMC-based cathodes, such as AlF3 surface coatings, have been shown
to improve the voltage stability by reducing interfacial side reactions and polarization,
indicating that electrode–electrolyte interactions can further influence the measured voltage
behavior [17]. These factors highlight the need for a chemistry-specific evaluation of the
OCV measurement procedures for NMC batteries.

One of the key elements in modeling batteries with different chemistries is the OCV,
which is particularly useful for SOC estimation. Determining the OCV is regarded as a
simple yet precise method for determining the SOC, making it indispensable in various
modelling approaches [18]. In models focused on aging, OCV measurement is one of the key
parameters [7]. Furthermore, in safety-oriented models aimed at preventing hazards like
thermal runaway, the OCV is essential for estimating the overpotential heat by comparing
it with the cell voltage [11]. Thus, the OCV serves as a foundational parameter in both
performance and safety assessments of batteries.

The experimental measurement of the OCV is influenced by several factors, including
the temperature, SOC range, and cell aging. The sensitivities of individual experiments to
these factors may vary, with certain experimental conditions being more appropriate for
specific battery chemistries than others. Consequently, it is crucial to thoroughly consider
these sensitivities when designing and conducting experiments to ensure that the results
are as reliable and accurate as possible [19].
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Figure 1. Characteristics of different chemistries [13].

Numerous studies have attempted to compare different methods for experimentally
measuring the OCV. However, a comprehensive comparison that specifically focuses on
the experimental procedures themselves is still needed. For instance, studies such as [19]
have examined the impact of various OCV tests on SOC estimation.

The novelty of this work lies in its systematic comparison of different OCV mea-
surement methods and their associated accuracies, with the explicit aim of providing
practical guidelines for the design of OCV tests for NMC cells. Rather than focusing solely
on methodological performances, this paper offers actionable insights to assist future re-
searchers and practitioners in selecting appropriate test parameters based on the application
requirements, test complexity, duration, energy consumption, and suitability for online or
offline implementation. Furthermore, the robustness of the proposed guidelines was veri-
fied by conducting experiments on three different cells, thereby reducing the dependence
of the conclusions on cell-specific characteristics and enhancing the general applicability of
the results.

2. OCV Measurement
The OCV is equal to the battery terminal voltage when there is no polarization effect

or voltage drop due to internal impedance [20]. The OCV is related to the battery SOC and
temperature, and this relationship varies from one chemistry to another. Moreover, it has
been proven that the OCV will change as the battery degrades [21]. The OCV should be
measured after a long relaxation time during which the voltage reaches its equilibrium
point as a result of the polarization effect. The required relaxation time can vary with the
chemistry and has a huge impact on the accuracy of the OCV. A longer relaxation time
produces a more accurate OCV measurement. Nevertheless, an excessively long window
can lead to changes in the OCV as a result of temperature changes and/or self-discharge
phenomena. For this reason, selecting the optimum relaxation time is a key aspect of this
measurement. Shan et al. experimentally showed that the self-discharge can be up to
2 mV/day after the first 24 h [22]. Typically, a 2–4 h rest is considered sufficient [23].

Most researchers have proposed OCV measurement methods that use either a low
discharge/charge current or partial discharges and relaxation times. For example, in [24],
the OCV was measured using partial discharges corresponding to 5% SOC increments, each
followed by a 30 min rest period. To improve the accuracy, other studies have recommended
smaller SOC increments—such as 3% steps—as shown in [25]. Furthermore, a variable-
step approach has been proposed in some works, wherein finer SOC steps (e.g., 2%) are
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applied in the 0–10% and 90–100% SOC regions—where the OCV curve exhibits higher
dependency on the SOC—while coarser steps (e.g., 5%) are employed in the mid-range
SOC interval [22,26]. Each of these methods can be performed in different ways using
different test parameters. In this study, the different methods were compared, taking into
account the effects of the tuning parameters of each method. In the following, the main
techniques will be described before comparing them. These include the “relaxation”, “low
current”, and “rated current” tests [14].

3. OCV Measurement Techniques
3.1. Relaxation

The relaxation method is widely recognized as the most reliable OCV measurement
approach. This method involves charging or discharging the battery to predetermined SOC
levels, followed by rest periods during which the OCV is directly recorded. The overall
procedure is illustrated in Figure 2.

To enable accurate SOC estimation through current integration, the test begins by fully
charging the cell to 100% using a constant current–constant voltage (CCCV) protocol. Sub-
sequently, the cell is discharged at a constant current in discrete steps. The accuracy of the
OCV–SOC relationship is highly dependent on the number of measurement points, which
must be balanced against the total test duration. According to the literature, SOC intervals
of 2–5% offer a satisfactory trade-off between resolution and experimental time [24,26]. In
this study, 5% SOC steps were selected. After the initial full charge, the cell was discharged
in 5% SOC increments using a constant current, with the discharge time as the primary
control variable. A voltage cut-off was also applied to prevent a deep discharge. Once the
minimum voltage was reached, a final rest period marked the end of the discharge phase.
The cell was then recharged using the same 5% SOC step protocol and current magnitude
to obtain OCV values during charging.

An essential factor in this experiment was the magnitude of the current used for
charging and discharging. To avoid excessive heat generation and ensure thermal stability,
a relatively low current of 0.1 C was employed. While lower currents could potentially
yield more precise results, they would significantly extend the duration of the experiment.

Each rest period was set to 2 h, in line with findings in the literature suggesting that
relaxation durations of 2–4 h are generally sufficient for voltage stabilization [23]. The 2 h
interval was chosen to strike a balance between the accuracy and the overall test duration.
To evaluate whether the cell reached a relaxed state after 2 h, the voltage difference over
the final 5 min of the rest period was calculated. To reduce the impact of measurement
noise in this calculation, the voltage difference was not computed directly between two
individual points. Instead, each point was represented by the average voltage over a 30 s
interval prior to calculating the voltage difference. Therefore, the voltage difference could
be calculated as follows:

∆v(SOC) =
∣∣∣∣ 1

N1
∑n∈[tend−T, tend ]

v(n, SOC)− 1
N2

∑n∈[tend−ts−T, tend−ts ]
v(n, SOC)

∣∣∣∣, (1)

where N1 and N2 are the numbers of samples in the indicated time intervals; T is the period
used to perform the averaging of the signals, which was 30 s; tend is the end of the rest
period, which was 2 h; and ts is the period used to evaluate the cell voltage relaxation,
which was 5 min. To be able to directly compare the charge and discharge curves, the
absolute value of the voltage difference was considered.

Based on the chosen parameters, the total duration of the test was estimated by
summing the active and passive phases. At 0.1 C, the full charge and discharge cycle
required approximately 20 h. Given that there were 21 rest periods during discharge and
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20 during charge—each lasting 2 h—the total rest time amounted to 82 h. Therefore, the
total estimated duration of the experiment was approximately 102 h.

Because the relaxation method is considered the most direct and reliable approach
for determining the OCV, the value obtained using the 5% SOC step size and 2 h rest
periods will serve as a reference OCV in this paper, and the errors of the other methods
will be calculated using this reference. The rationale for choosing either the charging or
discharging OCV curve as a reference will be discussed in detail in the following section.

Two key parameters significantly influence both the accuracy and total duration of the
OCV measurement experiment: the SOC step size and rest-period duration. In the baseline
test configuration, 5% SOC steps and 2 h rest periods were selected.

The baseline test design parameters were selected to ensure the practical feasibility of
completing the experiments on three different cells. The 5% SOC step size was adopted
to provide sufficient resolution for capturing the key characteristics of the OCV curve.
While this choice may limit the ability to resolve fine details at extreme SOC levels, many
practical applications predominantly operate cells within the mid-SOC range. Therefore,
the selected SOC increment represents a balanced compromise between the measurement
resolution and total test duration. A similar rationale was applied in selecting the 2 h rest
period. According to the literature, a rest duration of 1–2 h is sufficient to observe the OCV
with voltage deviations that are effectively negligible and below the measurement accuracy
of the instrumentation. Therefore, a 2 h rest period was chosen to minimize the overall
test duration while still ensuring a reliable estimation of the true OCV [27]. However,
because of practical constraints related to the time and energy consumption, this study also
investigated the effects of using larger SOC steps and shorter rest durations on the accuracy
and reliability of the resulting OCV measurements.

To evaluate the sensitivity of the OCV to the density of SOC points, the measurements
were taken at different SOC intervals larger than 5% (i.e., 10%, 15%, and 20%). To find
the error of each OCV curve relative to the reference, the obtained OCV of each case was
compared with the original OCV measured using the 5% SOC interval. Because data
were not directly available for all the points, interpolation was needed. Therefore, a linear
interpolation was used to calculate the OCV of each case at the missing SOC points. It is
important to note that the error was calculated only at the measurement points.

There are various OCV models (curve expressions) available in the literature to fit
an OCV vs. SOC curve. Some are more complex than others, which can make it harder
to fit when the number of points is limited. As indicated in [20], each of these models
has different sensitivities to the number of obtained points. A 5th-order polynomial
function was selected to interpolate the OCV vs. SOC curve. The accuracies of the OCV
estimations using different SOC point densities were also evaluated using a 5th-order
polynomial function. The errors in each case were calculated separately for the charge and
discharge cycles.

Finally, to evaluate the required relaxation time, Equation (1) was used by varying the
ts from 5 to 120 min for all the SOC points available. The error could then be expressed as a
percentage as follows:

Errortime(SOC) =
∆V(SOC)

Rated Voltage
× 100. (2)

Thus, it was possible to assess how the relaxation time affected the accuracy of the
OCV for different SOC points.

Additionally, it should be noted that all of the error and root mean square error
(RMSE) values reported in this paper were normalized with respect to the rated voltage.
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This normalization enabled the results to be readily extended to higher-capacity and higher-
voltage energy-storage systems, thereby enhancing their general applicability.

Figure 2. Relaxation test procedure diagram.

3.2. Low Current Charge/Discharge Curve

This method relies on the principle that, with a low current, the overpotential on the
electrodes is minimized, allowing it to be disregarded. Consequently, the voltage recorded
during charging or discharging can be considered to be the OCV. To conduct the test, the
cell should first be charged in the CCCV mode until it reaches its full charge. Following
this, a rest period is required to allow the charges to diffuse in the electrolyte and the cell
temperature to reach ambient conditions. In this study, a 0.5 C current was employed,
followed by a 2 h rest interval. The procedure for this test is straightforward. After charging
the cell, a CCCV discharge is conducted, followed immediately by a CCCV charge without
an additional rest period. To perform the test at different C-rates, the fully charged cell was
rested for 2 h, and the procedure was restarted with a new current.

It should be noted that using lower current values results in data that more accurately
reflect the true OCV because the overpotential at the electrodes is low, although this also
exponentially increases the total duration of the test, as shown in Figure 3. It should also be
noted that the estimated time reported does not take into account the time necessary for
the CV part of the test, which can differ with the chemistry because of differences in the
OCV shape. In this study, three different C-rates (0.025 C, 0.1 C, and 0.2 C) were employed
to obtain the OCV curves, enabling a comparative analysis of the trade-off between the
measurement accuracy and total test duration. The overall procedure had to be repeated
for each current and is illustrated in Figure 4.

Additionally, it should be noted that the error in the OCV obtained from the low-
current test was mainly attributable to neglecting the presence of the ohmic voltage drop,
which, although reduced by using a low current, could not be completely eliminated. In ad-
dition, residual concentration polarization may also have contributed to the observed error.

https://doi.org/10.3390/batteries12010032
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Figure 3. Test time vs. C-rate.

Figure 4. Low-current test procedure.

3.3. Average at Rated Current

Conducting experiments at the rated current is not a widely recognized method
for determining the OCV. Although it is not the most accurate approach due to various
inherent limitations and potential inaccuracies, it can provide a rough estimation of the
OCV while offering some notable advantages. For instance, this method is considerably
faster than alternative testing procedures, and the required profile can be easily obtained in
operational systems. In other words, the standard operating conditions of many systems
can yield a full charge–discharge cycle at a rated current, making it possible to estimate an
OCV profile without extensive modifications. Therefore, it is valuable to briefly examine
this method as a potential approach. On the other hand, the use of higher currents can
introduce inaccuracies in the measured OCV as a result of the increased influence of internal
resistance variations across different SOC levels. Additionally, higher currents can lead
to greater temperature fluctuations within the cell, further affecting the accuracy of the
OCV measurements.

This testing procedure is also simpler than other methods. The overall procedure is
illustrated in Figure 5. Following a full charge achieved through a CCCV approach, both
discharge and charge phases are conducted at the rated current, without any resting interval
between them. A diagram of this test procedure is provided in Figure 5. It is important to
note that the resulting charging or discharging curve does not accurately represent the true
OCV because significant overpotentials occur at the electrodes. Thus, only the average of
the charge and discharge curves is considered. To compute the average of the charge and
discharge curves, both curves are first linearly interpolated onto a common SOC vector
with a resolution of 0.1%. This step is necessary because the SOC points of the two curves
are not necessarily aligned. Owing to the high sampling rate during the test, the error
introduced by this interpolation is negligible. Finally, considering that the two curves (i.e.,
charge and discharge) are obtained at the same current rate, the OCV is obtained as the
arithmetic mean of the two interpolated curves.
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Figure 5. Rated-current test procedure.

4. Test Setup
The test bench used in this study consisted of a BCS-128 Biologic cycler (Biologic,

Seyssinet-Pariset, France) with an acquisition time of 0.1 s, which was connected to the PC
via a LAN connection. The voltage measurement had an accuracy of 0.3 mV ± 0.01% of
the setting. To avoid voltage drops caused by wire resistance, separate wires were directly
welded to the battery for measurement. Moreover, the current measurement accuracy for a
range of 1 A (i.e., the range used for low-current tests at 0.025 C and 0.1 C) was 0.05% of
the value ±0.015% of the full-scale range (FSR). For the 10 A range (used for all the other
tests). It was 0.3% of the value ±0.04% of the FSR. Finally, the temperature was measured
using a type-k thermocouple that was fastened to the cylindrical cells using electrical tape,
and the accuracy was ±2 ◦C. Figure 6 shows the test setup used for all the experiments.
The primary data for the three Li-ion NMC cells used in the test are reported in Table 1. It
is worth mentioning that all three tested cells (CL1, CL2, and CL3) were new.

Figure 6. Test setup.

Table 1. Characteristics of the tested cells.

Parameter Value

Commercial part number INR21700-50E
Manufacturer Samsung

Chemistry NMC
Nominal Capacity 4900 mAh

Max charging C-rate 1 C
Max continues discharge C-rate 2 C

Discharge cut-off voltage 2.5 V
Nominal voltage 3.6 V
Charging voltage 4.2 V

https://doi.org/10.3390/batteries12010032
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5. Test Results and Comparison of the Methods
5.1. Relaxation

The OCV curves obtained using the relaxation method for both the charging and
discharging phases are presented in Figure 7, which reveals that for SOC levels above
40%, the charge and discharge OCV curves nearly coincide. While the difference remains
minimal above 40% SOC, it increases substantially below this threshold—rising from
approximately 0.02 V to 0.18 V near 5% SOC. In addition to the hysteresis phenomenon,
a potentially insufficient relaxation time, during either the charge or discharge process,
could explain this discrepancy. However, as shown in Figure 8, the voltage difference
within the last 5 min of the rest phase remains below 0.2 mV for both charge and discharge
curves at SOC levels above 20%. This corresponds to an error of only 0.004% at low
voltages (approximately 3 V), indicating that the cell was adequately relaxed in this range.
Therefore, the observed divergence between the charge and discharge curves above 20%
SOC cannot be attributed to inadequate relaxation. In contrast, for SOC levels below 20%,
the discharge curve exhibits higher voltage variation during the final minutes of the rest
phase—reaching differences of up to 1.7 mV. This suggests that the cell may not have fully
relaxed in these cases, which likely contributed to the discrepancy between the charge and
discharge OCV values in this range. Morover, as showin in Figure 9, the temperature of the
three cells were close during the tests and the variation observed are mainly due to room
temperature variation.

Finally, it should be noted that the variation in cell behavior across the three cells was
minor. Therefore, the discussion of the hysteresis voltage and voltage difference observed
during the final 5 min is not specifically about any single cell, and the conclusions may be
regarded as generally applicable. In order to take into account the hysteresis effects, the
charge and discharge OCV curves are both used as references for the comparison of the
different methods in the following.

Figure 7. Measured OCV in relaxation test.
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Figure 8. Voltage difference in the last 5 min of the rest during the (a) discharge and (b) charge.

Figure 9. OCV temperature during relaxation.

Figure 10 shows the sensitivity of the OCV to the number of SOC points. As discussed
in Section 3.1, in reference to the charge and discharge curves, the only variability intro-
duced was the number of SOC points. The results indicated that fitting the experimental
data with a 5th-degree polynomial curve effectively reduced the sensitivity of the OCV
model to the number of data points. This behavior was consistently observed in both
the charge and discharge curves. However, the application of such a polynomial fitting
introduces a form of systematic error into the OCV representation. In other words, if the
fitted model lacks sufficient accuracy, errors may persist regardless of the number of data
points. Nevertheless, when the number of available data points is limited, employing a
fitted model can substantially mitigate the impact of data sparsity and improve the overall
reliability of the OCV curve. Another important observation is that using polynomial fitting
can also cover the lack of measurement density.

Looking more closely, it is also evident that the OCV curve during charging was less
dependent on the number of points. In this scope, the accuracy of the model prediction
when using fitting was evaluated as a function of the amount of available data. Starting
from all the measurements (i.e., data obtained when changing the SOC by 5% at a time),
both the linear and polynomial fitting were repeated considering a reduced number of
points (i.e., data obtained when changing the SOC by 10%, 15%, or 20 at a time). The
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resulting RMSE values are reported in Figure 10. In the worst case (i.e., data obtained when
changing the SOC by 20% at a time), the RMSE of the linear interpolation during charging
was almost half of that obtained during discharging. This can be explained by the fact that
the obtained OCV from the discharge varied rapidly as the SOC dropped below 20%. This
led to inaccurate results when the number of measurements was reduced. The solution
was to use a representative model (in this study, the 5th-order polynomial) to compensate
for the lack of information.

Additionally, as shown in Figure 11, it should be noted that the results were consis-
tent across all three cells, with maximum and average standard deviations of 0.044% and
0.009%, respectively. Furthermore, although the differences among the standard deviations
were relatively small, the values obtained under charging conditions were consistently
lower than those observed during discharge (especially in cases of using linear interpo-
lation). This further supports the conclusion that the charging curve can be considered
more stable, because its sensitivity to the number of SOC points is less dependent on
cell-to-cell variations.

Figure 10. Accuracy of the fitting versus number of available measurements.

Figure 11. Standard deviation of the RMSE of the predicted OCV across the tested cells.

As reported in Figure 12, during discharge, for SOC below 20%, the measured error
rises substantially as the rest time decreases, with the maximum error reaching almost 5%
when measured at a 5 min rest interval. Conversely, for SOCs above 20%, the maximum
error remains under 0.4%, a level deemed acceptable when considering that reducing the
rest time could significantly decrease the overall test duration. In contrast, during charging,
the overall error consistently remains below 0.8% for all the SOC intervals, and it is always
below 0.3% at 20–80% of the SOC. It is important to consider that for both the charge and
discharge curves, the error in estimating the OCV becomes more significant as we approach
extreme SOCs (higher than 80% and less than 20%). Benefiting from these results, it is
evident that using a relaxation time that varies with respect to the SOC can provide an
accurate OCV while reducing the total duration of the test. Figure 13 shows the relaxation
times needed for different accuracy thresholds for each SOC point. As evident from the
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results reported in Table 2, when setting the threshold at 0.1%, the required time can drop
significantly to below 20 min for all the SOC points between 20% and 90% during both
charge and discharge. Even when setting lower thresholds such as 0.01%, using a non-fixed
relaxation time can lead to significant time saving in the test, reducing the total test time
from 42 h to 32 and 28 h for the charge and discharge tests, respectively. Overall, employing
a non-fixed relaxation time can significantly reduce the total duration of the experiment. As
shown in Figure 14, for both the charge and discharge tests, the total testing time decreased
exponentially from 42 h to approximately 5 h, while the accepted error was increased
to 0.2%.

Finally, it is important to note that these results were not cell-dependent. As shown
in Figures 13 and 14, the variation in the required rest times and total test duration was
negligible. More specifically, the maximum difference in the total test times between the
tested cells was approximately 10 min for both the charge and discharge procedures, which
can be considered negligible when compared to the overall test duration.

Figure 12. OCV error values for different relaxation times.

Table 2. Total test times considering different relaxation times for each SOC.

Threshold
Total Test Time [h]

Charge Discharge

Base experiment time 42 42
0.01% 32.4 28.5
0.05% 14.4 13.5
0.1% 7.3 9
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Figure 13. Relaxation time needed for each SOC with different accuracy thresholds for (a) charge
(b) discharge.

Figure 14. Total test times using non-fixed relaxation times.

5.2. Low Current

The OCV curves obtained in low-current tests using three different currents are re-
ported in Figure 15a. As discussed earlier, the main principle of this method is to directly
use the obtained voltage curve as the OCV. In particular, neglecting the ohmic voltage drop,
this method makes it possible to obtain both charge and discharge curves, along with an
estimation of the voltage hysteresis.

The OCVs and their percentage errors in Figure 15b reveal that for the charge curves,
the errors remained below 2% for all the SOC ranges. In contrast, when using the discharge
curve, the errors started to increase as the SOC decreased. Until 20%, the errors increased
slowly, while for SOC values lower than 20%, the errors increased dramatically. The
nonlinear behavior of the error can be considered a drawback because it makes it more
challenging to compensate for it, whereas it is easier to compensate for the more constant
errors of charging curves. Moreover, looking at the RMSE values of the three tests and three
cells at different C-rates reported in Figure 16, it is evident that the RMSE values always
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remain lower for the charge curve. It is important to note that the large RMSE values for
the discharge curves are the result of the gap for the OCVs below 20% SOC. Therefore, the
results are always better when using the charge curves. An analysis of Figure 15 shows that
the errors decrease with the current. This is because the main difference between the OCV
values obtained with relaxation and low-current methods is a result of the ohmic voltage
drop. The residual concentration polarization is much more visible when the ionic diffusion
is slower, i.e., at a low SOC (<20%). Moreover, it is clear that the residual concentration
polarization is more pronounced during discharging than during charging because of
the stronger concentration gradients that develop at the electrode–electrolyte interface.
From another perspective, it can be concluded that hysteresis effects can be effectively and
straightforwardly captured using the low-current method, whereas the relaxation method
may require extended rest periods at low SOC levels, which lead to long test times.

It should be noted that these results were not cell-dependent. First, the error pro-
files for the cells were very similar, with only minor differences observed, as reported in
Figure 15c. Second, although internal-resistance variations caused the errors for different
cells to diverge as the current increased, at low current levels, the influence of the internal
resistance was significantly reduced, resulting in much closer RMSE values among the cells.
This behavior was further supported by the standard deviation of the RMSEs shown in
Figure 16b. With the exception of the 0.025 C charge case, under all of the other conditions,
the OCV estimation accuracy across the cells began to diverge as the current increased,
which can be attributed to the effect of internal resistance.

Figure 17 illustrates the temporal evolution of the cell temperature for the three C-rate
low-current tests using all of the cells, while Table 3 summarizes the mean temperature
and associated standard deviation values for the charge and discharge segments of each
test using CL1. Although the 0.025 C experiment was conducted at the lowest current, its
extended duration in an unregulated environment allowed ambient conditions to dominate
the thermal behavior of the cell, resulting in a markedly larger temperature variation
(standard deviation > 1 ◦C). By contrast, the 0.1 C and 0.2 C tests, which were completed
in substantially shorter times, exhibited standard deviations consistently below 1 ◦C,
indicating that the environmental temperature variation was less significant and self-
heating could prevent the cell from cooling or heating up to the environmental temperature.
Furthermore, the temperature variations during the charge phases of the 0.1 C and 0.2 C
experiments were smaller than those during their respective discharges. This may have
been due to the endothermic effect of the charge reaction in NMC cells. These findings
suggest that low-current, long-duration tests (e.g., 0.025 C) should be performed in a
temperature-controlled chamber to minimize environmental interference, whereas higher-
current tests can be executed in an uncontrolled laboratory setting without significantly
compromising the thermal consistency. Finally, it should be noted that the temperatures of
the three cells followed the same pattern, and the observed temperature variations were
not associated with individual cell characteristics (e.g., internal resistance), owing to the
low current levels applied during the tests.

Table 3. Results of the low-current tests.

Parameter Mode 0.025 C 0.1 C 0.2 C

Mean Temperature [◦C] Discharge 28 27 27
Charge 29 29 28

Temperature STD [◦C] Discharge 1.14 0.87 0.62
Charge 1.36 0.31 0.31

Total Time (charge or discharge) 41 10 5
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Figure 15. (a) OCV obtained in low current test with CL1, (b) OCV error for CL1, and (c) OCV error
values for all three cells.

Figure 16. (a) OCV error values during low-current testing and (b) standard deviation of the errors.
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Figure 17. Temperature profile of each OCV during low-current test for (a) charge and (b) discharge.

5.3. Rated Current

The OCV values obtained in the rated-current tests are presented in Figure 18, along-
side the corresponding charge and discharge voltage profiles. A key limitation of this
method is evident: because of the significant overpotentials at higher currents, the cell
reaches its upper voltage limit at approximately 80% SOC. Because the OCV in this method
is estimated by averaging the charge and discharge voltage curves, it is not possible to
compute reliable OCV values beyond this SOC threshold. When using this test, it is not
possible to distinguish between the charge and discharge OCV values. Therefore, the
rated-current method cannot be used to estimate the voltage hysteresis. Because only a
single OCV value is obtained in this test, the error was computed by considering both
the charge and discharge curves as references. As can be observed in Figure 18, when the
charge curve was taken as the reference, the OCV error gradually increased as the SOC
decreased from 80%. Nevertheless, the error remained below 2% for SOC levels above 15%,
while it approached 5% for SOC values around 5%.

In contrast, when the obtained OCV is compared with the discharge curve, the OCV
error remains nearly constant and strongly reduced. Therefore, the rated-current method
can be considered particularly reliable to find the discharge OCV.

Overall, the RMSE values of the estimated OCV values were approximately 1.5% and
0.25% with respect to the charge and discharge references, respectively. This represents
a reasonable trade-off, given that the total test duration was reduced to less than 2 h—a
substantial time reduction compared to more time-intensive methods.

An important consideration in the rated-current test is the associated temperature
profile. As shown in Figure 19, a high C-rate caused the cell temperature to rise to nearly
45 ◦C. Moreover, because of variations in the internal resistance values of the cells, the
magnitude of this temperature increase differed from cell to cell. As observed, the temper-
ature difference between the charge and discharge phases varied significantly, reaching
approximately 5 ◦C, 9 ◦C, and 12 ◦C for CL1, CL2, and CL3, respectively. Moreover, the
temperature was affected by the previous operation of the cells. Indeed, at the begin-
ning, the cell was discharged, and its temperature increased from ambient temperature
(25–30 ◦C) to 45 ◦C. During charging, the temperature change was smaller (within 5 ◦C)
because the endothermic charging process partially compensated for the joule losses due to
the internal resistance of the cell. Despite these substantial temperature differences during
the tests, the final OCV values obtained remained very accurate for all three cells. As
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shown in Figure 18b, the OCV estimation error remained within 1% for state-of-charge
values above 20% across all cells. A closer inspection reveals that CL1, which had the
smallest temperature difference between charge and discharge, achieved slightly lower
OCV errors. However, given the small magnitude of this improvement, it can be concluded
that although the OCV obtained from the rated-current test was influenced by temperature,
this effect was sufficiently small to be considered acceptable considering the lower time
spent for this procedure.

Figure 18. (a) OCV values obtained in rated-current tests and (b) OCV error values with respect to
charge and discharge references.

Figure 19. (a) Temperature profile of the rated-current test. (b) Temperature difference between
charge and discharge profile.
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5.4. Comparison of Techniques

The main characteristics of the analyzed test methods are compared in Table 4. Each
test was investigated in detail, as discussed in the previous section. Based on the analysis,
because the obtained OCV from the charge curve was better than that from the discharge
curve in the low-current test, only the charge curve results are compared with those of
other methods in this section.

Table 4. Method comparison.

Test Method Complexity Parameters to Be Decided Time [hours] Energy (Wh) Data Continuity

Relaxation High 2 52 18.69 No

Low current of 0.025 C
Medium 1

41 18.76
YesLow current of 0.1 C 10 18.51

Low current of 0.2 C 5 18.16

Rated current Low 0 1.8 32.25 Yes

5.4.1. Complexity and Test Parameters

The complexity of each test is an important factor in determining its suitability for
a given application. The “relaxation test” is considered the most complex among the
three methods, because it involves multiple steps and requires significant effort to analyze
the results. Additionally, two key parameters must be defined during the test setup:
the number of points at which the OCV is to be measured, and the required rest time
at each point. As discussed in the previous section, both parameters can be adjusted
depending on the specific SOC range. The “low-current test” is regarded as moderately
complex. While the test procedure itself is not particularly complicated, the low current
levels necessitate the use of precise equipment to measure and apply the required current
accurately. Furthermore, the test duration exceeds 40 h and must be conducted without
interruption, adding to its complexity. Conducting the low-current test with higher C-rates
can decrease the test time significantly, but as discussed in the last section, this comes at
the cost of reduced accuracy. In contrast, testing at the rated current is the simplest of the
three. It is relatively quick to perform, and the required measures can be obtained using
less sophisticated equipment.

5.4.2. Time, Energy, and Data Continuity

The test duration becomes a crucial consideration when numerous tests need to be
conducted, such as in aging studies where multiple cells must be characterized every n
cycles. Although the “relaxation test” is more time-intensive than the other two methods, it
is possible to design this test to reduce its total duration (e.g., by decreasing the number
of SOC points or the resting time at each point). In contrast, the durations of the “low-
current” and “rated-current” tests cannot be significantly shortened. In the case of the
“low-current test,” reducing the test duration would require increasing the testing current,
which compromises the OCV accuracy.

Considering the energy consumption of the tests, because only a charge or discharge
process is needed for “relaxation” or “low-current” test, the required energy for either of
these two tests is approximately 55% of that required for the “rated-current test”, which
could be a significant factor in tests consisting of a large number of cells.

Additionally, unlike the other tests, data from the “relaxation test” is not continuous.
Therefore, constructing a continuous OCV curve requires a fitting procedure (either linear
or non-linear), which introduces some degree of inaccuracy in the resulting curve.
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5.4.3. Accuracy

The final OCV curves obtained from each method, along with their corresponding
fitted curves, are presented in Figures 20 and 21 for the charge and discharge tests, respec-
tively. The associated RMSE values relative to the charge and discharge references are
reported in Tables 5 and 6, respectively. The same results are also presented, for clarity, in
Figure 22. The results indicate that the low-current test had a nearly constant error across
the entire SOC range, which was always negative for the discharge and always positive for
the charge (as a result of the internal resistance effect). Moreover, as explained earlier, the
RMSE values for the low-current test results in the discharge cases were greater because of
the greater error at a low SOC (i.e., lower than 20%).

The rated-current method can only predict a single OCV value for each SOC. If
it is used to predict the discharge curve, it shows a limited and oscillating error. In
contrast, when used to predict the charge curve, the error decreases as the SOC increases.
Considering the charge curve, while the rated-current test yields an RMSE of approximately
1.5% (approximately five times that of the low current test result at 0.025 C), the results are
comparable to those of the low-current test at 0.2 C, which has an RMSE of approximately
1.2%. Considering the fact that the rated-current test only requires approximately 25% of
the time needed for the 0.2 C test, the increase in error may be acceptable for many practical
applications. Additionally, when the discharge reference is considered, the RMSE drops
significantly to approximately 0.25%, which is almost comparable to that of the low-current
test at 0.025 C.

The following should be considered in relation to the fitting procedure. The fitting
procedure provides good results when applied to the results of the relaxation test, with a
very low RMSE of approximately 0.2% (for both charging and discharging), which indicates
that the selected fitting equation provides an accurate representation of the true OCV of
the cell. The application of the fitting procedure to the low-current test results for both
charge and discharge cycles did not improve the accuracy; in fact, the RMSE slightly
increased across all of the C-rates, although the increase remained marginal. Moreover, the
errors of the fitted curves were no longer constant along the SOC axis, making it harder to
compensate for them. However, by limiting the SOC range to 20–80%, the huge gap between
the discharge and charge curves was no longer visible. These results are promising because,
based on the application, a charge or discharge curve at low current may be available to be
used for the OCV. In particular, for stationary applications, a constant current discharge
over 4–8 h (i.e., 0.125–0.25 C) [28] could represent a required service scenario in the future
development of power systems. In the case of the rated-current test, the limitation of usable
data to SOC values below 80% causes the fitted curve to diverge substantially from the
reference beyond that point, leading to an error that peaks at approximately 30% near
full charge. Consequently, the overall RMSE increases significantly to near 10% and 8%
for charge and discharge cycles, respectively. However, by restricting the fitting to an
SOC range of 20–80%, the RMSE is reduced dramatically and becomes lower than that of
the low-current test at 0.2 C during charging and almost equal to that of the low-current
test at 0.025 C during discharging within the same SOC interval. These findings suggest
that, despite its higher baseline error, the rated-current test can benefit significantly from
post-processing techniques such as curve fitting—especially when limited to mid-range
SOC values—making it a viable option for applications where the testing time is critical.

Finally, it should be noted that, across all of the methods, the accuracy values observed
for the three cells were comparable. This indicates that, despite inherent differences in cell
characteristics, the methods were able to maintain their accuracies, and the obtained results
were not dependent on any specific cell. Consequently, the reported results can be regarded
as generalizable rather than cell-specific.

https://doi.org/10.3390/batteries12010032

https://doi.org/10.3390/batteries12010032


Batteries 2026, 12, 32 20 of 26

Table 5. OCV RMSE values of different methods for charge curve (i.e., charge curves from the
relaxation and low-current test results).

Test Method

RMSE [%]

Measured (Estimated)
Fitted

0–100% 20–80%

CL1 CL2 CL3 CL1 CL2 CL3 CL1 CL2 CL3

Relaxation Ref. Ref. Ref. 0.23 0.22 0.22 0.18 0.18 0.18
Low current of 0.025 C 0.31 0.33 0.27 0.49 0.5 0.48 0.37 0.38 0.35
Low current of 0.1 C 0.71 0.74 0.72 0.82 0.84 0.82 0.73 0.75 0.73
Low current of 0.2 C 1.21 1.25 1.21 1.36 1.4 1.36 1.22 1.26 1.21

Rated current 1.49 1.58 1.55 9.43 9.79 9.93 0.67 0.78 0.77

Table 6. OCV RMSE values of different methods for discharge curve (i.e., discharge curves from the
relaxation and low-current test results).

Test Method

RMSE [%]

Measured (Estimated)
Fitted

0–100% 20–80%

CL1 CL2 CL3 CL1 CL2 CL3 CL1 CL2 CL3

Relaxation Ref. Ref. Ref. 0.31 0.32 0.32 0.24 0.24 0.25
Low current of 0.025 C 1.61 1.65 1.77 1.17 1.17 1.21 0.3 0.3 0.31
Low current of 0.1 C 1.4 1.62 1.51 1.77 1.78 1.73 0.71 0.72 0.7
Low current of 0.2 C 2.13 2.45 2.29 2.45 2.48 2.41 1.3 1.32 1.29

Rated current 0.26 0.25 0.25 8.22 8.16 8.39 0.3 0.33 0.33

Figure 20. Charge OCVs: (a) measured OCVs, (b) fitted OCVs, (c) errors of the measured OCVs, and
(d) errors of the fitted OCVs.
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Figure 21. Discharge OCVs: (a) measured OCVs, (b) fitted OCVs, (c) errors of the measured OCVs,
and (d) errors of the fitted OCVs.

Figure 22. RMSE of OCV values obtained with different methods for different cells.

Another important aspect of comparison is the dynamic behavior of the OCV curve.
This is expressed as the derivative of the voltage versus the SOC (i.e., dV

dSOC ), which is
relevant for various applications such as battery state estimation and control. The derivative
of the OCV during charging versus the voltage is reported in Figure 23. As seen in the
figure, the low-current test at 0.025 C captured more detailed features than the reference
curve itself, including distinct peaks and valleys. Notably, a prominent peak appears at
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approximately 60% of the SOC in the 0.025 C data, which is absent in the relaxation as a
result of a lack of data points in that specific SOC region. This level of detail is not observed
in the results for the other two low-current tests (0.1 C and 0.2 C), although their overall
shapes align closely with the reference.

In contrast, the rated-current test produces a smoothed or filtered representation of the
OCV dynamics, which limits its ability to capture finer variations. This effect is particularly
evident below 20% of the SOC, where the rated-current test fails to reproduce valleys that
are clearly visible in both the relaxation and low-current test results. These observations
suggest that while the rated-current test is efficient in terms of the test duration, it compro-
mises the fidelity of the OCV derivative, potentially limiting its utility in applications that
rely on high-resolution dynamic voltage behavior.

Figure 23. OCV dynamics of different test methods.

5.4.4. Temperature Analysis

In the previous section, the temperature evolution of the cells during each test was
presented in detail. This section discusses the results of a comparative analysis that was
conducted to examine the effect of the temperature and provide further insights for the
design of experimental procedures.

For the relaxation test, it has been well established in the literature [27] that temper-
ature significantly influences the required relaxation time. As the temperature increases,
the relaxation time decreases because electrochemical side reactions proceed more rapidly.
Conversely, at lower temperatures, slower reaction kinetics result in longer relaxation times.

In the case of the low-current test, because the effect of the internal resistance is
assumed to be negligible, the impact of temperature on the final OCV becomes more
pronounced. Owing to the nonlinear relationship between the temperature and internal
resistance, a decrease in temperature leads to reduced OCV accuracy, particularly at higher
current levels. The experimental results corroborated this behavior: as the applied current
increased, temperature variations resulted in greater divergence in the estimated OCV
among the three cells, indicating a stronger temperature sensitivity at higher currents.

Finally, for the rated-current test, the results indicated that the effect of temperature
was largely mitigated as a result of the averaging method used in the test procedure. In
the conducted experiments, despite temperature differences exceeding 10 ◦C between
the charge and discharge phases, the OCV estimation error remained below 1% and was
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comparable to those in cases with smaller temperature variations. It should be noted,
however, that these conclusions may not hold at very low temperatures (approximately
below 10 ◦C), where cell behavior can change significantly, and temperature effects may
become dominant.

6. Conclusions
In this study, three commonly used OCV testing methods were experimentally evalu-

ated on a Li-ion cell with an NMC cathode. Each method was analyzed independently to
assess its accuracy and identify strategies for improving the testing efficiency. The results
indicated that while the relaxation test yielded the most accurate OCV measurements, its
primary limitation is the extended duration required. To address this, a variable relaxation
time dependent on the SOC was proposed, enabling the estimation of the OCV within a
predefined error threshold. For the low-current test, it was found that the OCV measured
during the charging phase exhibited a more consistent error pattern, facilitating easier error
compensation. Additionally, increasing the test current to 0.2 A resulted in a four-fold
increase in the RMSE, while reducing the overall test duration by a factor of eight. This
trade-off between accuracy and testing time provides flexibility in selecting an optimal cur-
rent level based on specific application needs. Finally, the rated-current test demonstrated
that, with appropriate post-processing, it is possible to obtain reasonably accurate OCV
values in the mid-voltage range, while significantly reducing both the testing time and
energy consumption. The rated-current test yielded the most reliable results when the SOC
was restricted to the 20–80% range. The upper bound was primarily determined by the
high current, which caused the cell to reach its maximum voltage at approximately 80% of
the SOC, thereby reducing the accuracy of OCV curve fitting. Consequently, the highest
fitting accuracy was achieved within the 20–80% SOC window.

The applicability of the investigated current profiles is therefore limited to operating
conditions that are commonly encountered in practical battery applications, rather than
being universally representative of all chemistries or use cases. Low-current profiles are
frequently observed in electric vehicle charging scenarios, where constant-current charging
is employed at relatively low C-rates, particularly in residential charging infrastructures
where fast-charging capability is unavailable. In addition, rated-current charge and dis-
charge profiles are representative of stationary energy-storage applications, especially in
arbitrage-oriented services, where batteries are often operated at moderately high but
constant C-rates for extended periods. Under such conditions, averaged voltage-based
approaches, as adopted in the rated-current test, can provide a reasonable approximation
of the OCV. Furthermore, OCV measurements based on relaxation profiles are relevant
for applications that involve partial charge or discharge cycles followed by extended rest
periods, such as stationary storage systems providing primary or secondary frequency con-
trol services. In these cases, a sufficient relaxation time allows the cell voltage to approach
a quasi-equilibrium state, enabling more reliable OCV estimation. Moreover, because of
the fundamental differences in cell characteristics across battery chemistries (e.g., NMC,
LFP, and NCA), the results of this study cannot be directly generalized to all lithium-ion
chemistries without loss of accuracy. Future work should therefore investigate one or more
of the proposed methods across different chemistries to assess the extent to which the
observed conclusions remain valid. A summary of the advantages and disadvantages of
each method is reported in Table 7. For future research, these analyses can be extended to
other cell chemistries to assess the generalizability of the findings. Moreover, the feasibility
of applying these OCV estimation methods outside laboratory conditions, as explained
earlier, can be investigated.
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Table 7. Advantages and disadvantages of test methods.

Method Advantages Disadvantages

Relaxation test

• The data are reliable, and it is a direct
measurement rather than an estimation.

• By tuning the SOC density and relaxation time
(for each SOC point), the test can be quicker.

• The effect of internal resistance is minimal
• Because of the high relaxation time, the

temperature is more constant at the
measurement point (neglecting ambient
temperature variation).

• The OCV will be discrete.
• The outcome is affected by the density of SOC

points and rest time, which need to be tuned.
• Time consuming
• Hard to perform outside of the lab

Low current

• The profile needed can be found in the
working condition of a cell, although it is rare
as a result of low current.

• No heavy post-processing is needed, making
it suitable for online estimation of the OCV.

• Because of the low current, the temperature
can be kept constant during the test
(neglecting ambient temperature variation).

• The result is affected by the internal resistance
of the cell.

• For precise results, a low current is needed,
which increases the time of the test.

• Because of the low current, it is sensitive to
noise.

• Time consuming

Rated current

• The same profile can be found in the working
operation of many applications.

• Very fast and time-effective
• No parameters to be tuned
• Simple and straightforward

• Because of the high current, the effect of
temperature is not negligible.

• The effect of the internal resistance is
not negligible.

• Requires post-processing to increase
the accuracy
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The following abbreviations are used in this manuscript:

CCCV constant current–constant voltage
LCO Lithium Cobalt Oxide
LFP Lithium Iron Phosphate
LMO Lithium Manganese Oxide
NCA Lithium Nickel–Cobalt–Aluminum Oxides
NCM Nickel–Manganese–Cobalt
OCV Open-circuit voltage
RMSE Root mean square error
SOC State of charge
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