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Abstract: Lithium-ion batteries are widely used in a variety of applications. For effective battery
management, accurate estimation of the state of charge (SOC) is essential. One of the most commonly
employed methods for SOC estimation relies on the open circuit voltage (OCV) curve with respect to
SOC. However, inverting the OCV-SOC function is not always straightforward. This paper proposes
a novel analytical function that directly models the inverse OCV-SOC function, providing a more
efficient and reliable method for SOC estimation. Moreover, the dependency of the proposed function
on battery temperature is also being investigated, allowing for a wider application of the method
under different OCV measuring conditions.
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1. Introduction

Lithium-ion batteries (LiBs) are a highly popular research topic that attracts interest
from scientists across various fields. This widespread interest is driven by the fact that
LiBs are integral to numerous applications, and virtually everyone owns at least one device
powered by them. LiBs are found in small electronic devices such as smartphones and
notebooks, as well as in larger applications like electric vehicles (EVs) [1,2]. Additionally,
LiBs are used as energy storage solutions supporting renewable energy sources like solar
and wind, thus facilitating the transition to a more sustainable energy grid [3]. Governments
are also offering incentives to promote the study of LiBs due to their potential to address
environmental pollution and the energy crisis. Specifically, EVs, which rely on LiBs, are
becoming increasingly popular as a means to reduce carbon emissions and dependence on
fossil fuels.

The reason why LiBs are among the most widely used energy storage systems is their
ability to offer high energy and power density while being efficient and having very low
self-discharge with no memory effect. Additionally, LiBs generally have a long lifespan,
which varies depending on the type of battery and its usage [4,5]. Accurate estimation of
the state of charge (SOC) is crucial for effective LiB management. Without precise SOC
estimation, it is challenging to ensure that the battery operates within its optimal and safe
limits. Furthermore, SOC estimation provides users with valuable information on how
long the battery can be used before requiring recharging [6].

The SOC estimation can be performed either online or offline [7]. Among the various
methods, the well-known coulomb counting method is considered the gold standard due to
its simplicity. This method requires merely integrating the battery current during its usage.
Unfortunately, this simplicity is offset by a major drawback: it necessitates a highly accurate
current sensor to prevent noise, which, over the integration period, can result in significant
errors [8]. Additionally, SOC estimation can be affected by changes in temperature or aging,
which alters the battery capacity. SOC is calculated by integrating the current to obtain the
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actual ampere-hours extracted from a fully charged battery, divided by the total amount of
ampere-hours that can be extracted, i.e., the battery capacity. Since the latter can change
reversibly or irreversibly due to temperature or aging, correct SOC estimation requires
knowledge of the actual battery capacity.

Another SOC estimation method relies on the open circuit voltage (OCV) curve, which
relates the OCV to the SOC or the absolute state of discharge (SOD) of a battery [9,10].
Unlike coulomb counting, this method is highly precise, but its main drawback is that
acquiring an OCV point requires the battery to be at rest for a sufficient period [11].
Consequently, this method cannot be used online. However, it can be employed to support
and correct the coulomb counting or used in model-based estimation methods where the
OCV can be estimated online by the battery model embedded in the battery management
system (BMS), allowing the SOC to be determined. In the latter case, the accuracy of the
online SOC estimation depends on the precision of the model, specifically on the parameter
estimation [12,13].

In the literature, both table-based methods and numerous analytical functions have
been proposed to model the OCV-SOC relationship. The former methods are simple and
demand very low computational resources, but they require significant memory to store
a large number of experimental data points, which are not always readily available [14].
Analytical functions, on the other hand, can require significant computational resources
depending on the type of function and the number of parameters involved. However, they
can be derived from a small number of experimental points. A good review of analytical
functions can be found in [10]. Specifically, they can be implemented using polynomial
expressions of different degrees or other transcendental functions such as exponential and
logarithmic forms [15–18]. The combination of different expressions can provide a good
trade-off between accuracy and simplicity [8,10,19].

As with coulomb counting, the OCV-SOC relationship can change with aging and
temperature. Therefore, it is crucial not only to model the OCV-SOC curve for specific
aging and temperature conditions but also to consider how this relationship varies with
changes in these factors. In the literature, several studies have examined and modeled
the variation of the OCV-SOC curve with aging or temperature. For instance, the authors
in [20] adjusted the SOC using the actual value of the battery capacity, resulting in nearly
coincident OCV-SOC curves across various aging levels. Similarly, in [21], the authors
obtained the OCV-SOC curves at different aging conditions by adding an appropriate value
to the OCV-SOC relationship of the fresh battery. Meanwhile, in [22], another study utilized
both coulomb-counting-based SOC estimation and the relationship between aging level
and SOC, as determined from the OCV curve. The researchers in [23] investigated the
impact of temperature using a lookup table to address the OCV-SOC curve changes with
temperature. An alternative strategy was employed in [24], where a temperature correction
factor was implemented to improve the model’s adaptability to temperature variations.
Additionally in [25], a function was proposed to compensate for capacity variations and,
consequently, the OCV curve changes caused by temperature shifts. In [26], the authors
proposed an analytical function based on a double exponential term to model the OCV as a
function of the absolute SOD. They considered the temperature effect by analyzing how
the parameters of that model varied with battery temperature.

However, all the aforementioned analytical functions model the OCV as a function
of SOC, or absolute SOD. Nevertheless, we are often more interested in determining the
SOC from a given OCV measurement. A significant challenge arises when attempting
to invert the OCV-SOC functions. When the direct OCV-SOC relationship is simple, it
may be possible to analytically invert the function. The simplest invertible OCV-SOC
model is the Unnewehr model [27] and the piece-wise Unnewerh model [28]. The primary
benefit of such inversion is that it results in an inverted SOC-OCV model that utilizes
the same set of parameters as the direct OCV-SOC model. However, the accuracy of the
inverted SOC-OCV model depends on the precision of the direct OCV-SOC model and the
specific conditions under which it was developed. On the other hand, for more complex
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OCV-SOC analytical functions, this inversion requires numerical methods, which can be
computationally intensive and time-consuming, particularly for real-time BMSs [29]. To
overcome these issues, it could be preferable to directly construct inverted SOC-OCV
analytical functions, which provide several advantages, including easier SOC prediction
and streamlined error analysis during estimation. An example is provided in [30], where
the authors proposed an improved coulomb counting method based on a piecewise-linear
inverted SOC-OCV function for SOC estimation. However, to the best of the authors’
knowledge, no other studies have explored the possibility of using these inverted functions
or their variations with temperature.

In light of the above, in this work, we proposed a novel analytical function that directly
models the inverse relationship, allowing for the estimation of SOC from OCV without
the need for numerical inversion. This approach not only simplifies the computational
process but also enhances the efficiency and reliability of SOC estimation. Our proposed
model aims to provide a more practical solution for real-time applications, where quick
and accurate SOC determination is essential. In this study, the focus was on modeling
the discharge OCV curve, and instead of using SOC, we opted to use absolute SOC, q. To
achieve this, an analytical expression with only two Gaussian terms was proposed and
analyzed. The dependency of its parameters on battery temperature was also studied to
develop a temperature-dependent model. Moreover, the proposed procedure is designed
to be valid for a fixed state of health of the battery. This means that the battery could either
be a fresh cell or an aged one, as in the case of second-life batteries. Specifically, an aged
battery may exhibit changes in both actual capacity and internal resistance, which are the
two primary indicators used to assess the state of health. Finally, the proposed model was
validated through an extensive experimental campaign.

2. Battery Model

To obtain the discharge OCV curve, the output battery voltage must match the equilib-
rium voltage, i.e., the OCV. This is only observable when the battery current is zero and all
relaxation transients have extinguished. To achieve this, as suggested in the literature, one
can use the well-known galvanostatic intermittent titration technique (GITT), in which the
battery undergoes partial discharges followed by an appropriate relaxation period [31], or
the pseudo-OCV test, where the battery is continuously discharged at a very low current
rate (<0.1C) to minimize overpotentials [32]. However, both methods are time-consuming.

For the analysis carried out in the present paper, it was necessary to obtain OCV curves
at different temperatures, and there was a risk of accelerating some aging mechanisms
during the characterization process, particularly at high and low temperatures. To address
this, it was chosen to perform the OCV curve by discharging the battery at 1C, which
expedited the procedure at different temperatures. Of course, using this method means
that it is not possible to neglect the overpotentials within the battery, resulting in the OCV
differing from the measured output battery voltage due to these overpotentials. The latter
arise from various phenomena within the battery, such as voltage drops across the ohmic
resistance, the solid electrolyte interface (SEI) film, and diffusion-related overpotentials.
Therefore, the discharge voltage curves must be corrected by calculating and eliminating
these contributions.

To accomplish this, we can refer to the electric battery model illustrated in Figure 1.
This model consists of several lumped elements: a q-controlled voltage source, veq(q), which
represents the OCV as a function of the absolute SOC, q, and is connected in series with
various RC elements that model different battery phenomena. The first element is the series
resistor, RΩ, which models the ohmic resistance of the electrodes, current collectors, and
electrolyte. The second element is a parallel RC branch composed of the resistor, Rfilm,
and a capacitor, Cfilm, representing the resistance and capacitance of the SEI film. The
third element is a parallel RC branch modeling the charge transfer resistance, Rct, and
double-layer capacitance, Cdl. The final component is a parallel RC branch that models the
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diffusion phenomena of lithium\lithium-ion within the electrodes\electrolyte, represented
by the resistor Rdif and capacitor Cdif. The equation governing this electrical circuit model is:

veq = vout − RΩi − v f ilm − vct − vdi f . (1)
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To eliminate the contributions from battery overpotentials, it is possible to consider
that when the battery begins discharging at a 1C current rate, the electrical transient caused
by the various phenomena (modeled by the different parallel RC branches) occurs. After a
suitable time interval, the battery can be considered to be in a steady-state condition, where
the capacitors can be treated as open circuits, and (1) becomes:

veq = vout − RΩi − R f ilmi − Rcti − Rdi f i. (2)

In this state, all resistance contributions can be summed, and the total voltage drop
across these resistors, related to the battery overpotentials, can be eliminated following
the procedure outlined in [33]. This approach assumes that the total battery resistance
remains relatively constant with SOC. While this resistance typically varies with SOC, at
temperatures above 15 ◦C, the change is minimal [34], especially between 20% and 100%
of SOC, where it remains nearly constant, even under different cycling levels [35]. Then,
the q-OCV curve was obtained, and the section of this curve corresponding to that time
interval was eliminated.

The absolute SOC, q, is defined as follows:

q(t) =
1

3600

t∫
0

i · dτ + q(0) (3)

where q(0) is the initial value of the absolute SOC. Thus, the SOC (expressed in percentage)
can be obtained from the absolute SOC by dividing it by the actual battery capacity, Ca,
as follows:

SOC =
q

Ca
· 100. (4)

The q-OCV curve modeling the relationship between the absolute SOC and OCV, as
proposed in the present study, was developed using the following double Gaussian function:

q(veq) = a1 · e
− (veq−b1)

2

c2
1 + a2 · e

− (veq−b2)
2

c2
2 (5)

where a1, a2, b1, b2, c1, and c2 are the model parameters specific to LiB. These parameters
will be determined and analyzed as a function of battery temperature later in this study.

3. Test Procedure and Setup

In this work, the experimental data used are those obtained from [26] related to a
lithium-ion pouch cell with a carbon-based anode and a lithium–cobalt-oxide cathode
(LiCoO2), model 8773160K (10 Ah, 2.75–4.2 V, LxWxH: 152 × 72 × 9 mm), manufactured by
General Electronics Battery Co., Ltd (Shenzhen, China). For completeness, the experimental
setup and procedure are also detailed here.
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3.1. Experimental Setup

The discharge OCV curves were obtained testing the LiB cell using the setup shown in
Figure 2, which comprised a potentiostat (SP-150) and a 100 A booster (VMP3B-100) from
Biologic Science Instruments (Seyssinet-Pariset, France). These devices were operated via
EC-Lab (v11.34) software on a PC connected to the SP-150 via an Ethernet cable.
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Figure 2. Overview of the experimental setup.

Usually, battery temperature is controlled using a climate chamber. However, this
method can lead to variations in battery temperature during discharge due to self-heating.
To address this issue, as done in [35–37], the battery temperature was regulated in an open
space using three Peltier cells positioned beneath the battery cell. The opposite side of the
Peltier cells was mounted on a heatsink equipped with two fans.

To optimize heat transfer, thermal paste was applied between the Peltier cells and
the battery bottom face, while the top face was left exposed to the air. This setup allowed
the Peltier cells, when properly controlled, to maintain a consistent and uniform battery
temperature throughout the discharge process. Although temperature control was applied
only to the bottom side of the battery and the temperature was measured at the center of
the top side, the temperature gradient across the battery cell was minimal due to its thin
profile, as shown in Figure 3, and was therefore neglected.
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Figure 3. Zoom of the battery under test.

The Peltier cells, model TEC1-12706 (12 V, 6 A), were connected in series, and their
current was controlled by a Texas Instruments DRV8303 full-bridge converter, managed by
an F28069M controller board featuring a proportional-integral (PI) regulator. The converter
was powered by a DC voltage source, while a PT100 sensor positioned on the top face of the
battery monitored the temperature, providing feedback to the F28069M controller board.
The acquired battery temperature (Tmeas) was compared with the reference temperature
(Tref), and the resulting error was fed into the PI regulator. The PI regulator, in turn, adjusted
the duty cycle that drives the converter. Notably, since the converter utilizes a full-bridge
topology, the current in the Peltier cells can flow in both directions, allowing the cells to
either cool or heat the battery as needed. The scheme of temperature control is reported in
Figure 4.
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3.2. Test Procedure

The output battery voltage profiles were obtained for different fixed battery tempera-
tures ranging from 10 ◦C to 50 ◦C, with 5 ◦C intervals. For each temperature setting, the LiB
cell was initially fully charged using a constant current, constant voltage (CC-CV) protocol
and then discharged following a CC protocol.

Specifically, during the charging phase, a constant current of 10 A (1C) was used until
the LiB cell reached the maximum cut-off voltage of 4.2 V. The charging continued with a
constant voltage until the battery current decreased to below 200 mA (0.02C), indicating
that the LiB cell was fully charged at 100% of SOC. Subsequently, during the discharging
phase, a constant current of 10 A (1C) was applied until the LiB cell reached the minimum
cut-off voltage of 2.75 V.

4. Proposed Model Characterization

To characterize the proposed OCV model for the pouch LiCoO2 battery cell under
test, nine discharge voltage curves were obtained at temperatures of 10, 15, 20, 25, 30,
35, 40, 45, and 50 ◦C. Figure 5 illustrates the experimental discharge profiles along with
the corresponding battery temperature measurements, as obtained using the procedure
described in the previous section.
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As discussed in Section 2, these voltage profiles differ from the OCV profiles due to the
internal voltage drop. The latter was estimated and removed according to the procedure
described in [33], where the time interval corresponding to the electrical transient was
calculated for each discharge curve by considering a voltage derivative of 1 mV/s. Similarly,
the related segment of the OCV curve was removed.

Although the battery temperature control system is designed to maintain the tem-
perature constant at the set value, slight variations can occur due to self-heating and the
system’s capacity to keep the reference temperature stable. Therefore, the average battery
temperature, T, during discharge was used.

The proposed q-OCV model (5) includes six parameters that need to be determined. To
accomplish this, the nonlinear least squares method was employed using the “fit” function
in Matlab (2022b) software. Figure 6 presents a comparison between the experimental and
modeled q-OCV curves at different battery temperatures, illustrating the effectiveness of
the proposed model. Additionally, the corresponding coefficients of determination (R2)
were calculated and are shown in Figure 7 as a global indicator of the goodness of fit. These
coefficients are all greater than 0.9981 for every q-OCV test.
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Figure 6 shows that the battery under test exhibited a capacity lower than the nominal
value (10 Ah) at the reference temperature of 25 ◦C, due to prior usage and prolonged
storage before testing. However, this does not affect the analysis, as the proposed procedure
is intended to be valid for a fixed state of health and is likely applicable even when
considering second-life batteries.

The six parameters of the proposed q-OCV model (5) for different battery temperatures
are shown in Figure 8. This figure highlights how these parameters vary with battery
temperature. If it is possible to derive simple analytical expressions to model these trends, a
temperature-dependent q-OCV model can be developed. It is worth noting that the trends
of the six parameters are not well defined but quite similar, suggesting there may be fewer
degrees of freedom than initially expected.
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Figure 8. Trend of the six parameters in the proposed discharge q-OCV model.

Following the approach in [26], and after various trials, we found that by fixing the
parameters a1, b1, c1, and c2 in model (5) to their average value obtained from the previous
fitting (a1 = 0.5964 Ah, b1 = 4.211 V, c1 = 0.08433 V, c2 = 0.4561 V), it was possible to refit
the model with only two free parameters (a2 and b2) while still achieving good results.
As shown in Figure 9, this new fitting approach maintained a strong match between the
experimental and modeled q-OCV curves. The R2 values reported in Figure 10, all greater
than 0.9974, confirm the effectiveness of this approach.
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two parameters free).
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Figure 10. Coefficient of determination for the discharge q-OCV fitting with just two parameters free.

Finally, Figure 11 illustrates the trend of the two parameters, a2 and b2, as functions of
battery temperature, along with their corresponding fitting functions. From this figure, it is
evident that the trends of the two parameters are more defined compared to the previous
case, suggesting parabolic behavior. Therefore, they could be fitted using the following
polynomial functions:

a2 = −5.078 · 10−5 · T3 + 2.246 · 10−3 · T2 + 1.207 · 10−2 · T + 5.687
b2 = −1.196 · 10−4 · T2 + 8.328 · 10−3 · T + 4.029

(6)
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5. Proposed SOC Estimation

Through the q-OCV model developed in the previous section, the SOC can be esti-
mated. To achieve this, given an experimental OCV value at a specific battery temperature,
T, the estimated absolute SOC, q∗, and the actual battery capacity, Ca,∗, can be directly
obtained using Equation (5). Specifically, the latter can be calculated by imposing the
maximum cut-off voltage of 4.2 V in (5). Finally, the estimated SOC∗ is derived using
Equation (4).

To assess the accuracy of the SOC estimation, its deviation was calculated as follows:

SOCdev = |SOC∗ − SOC| (7)

where SOC∗ and SOC represent the estimated and experimental SOC of the battery, respec-
tively. The experimental SOC is still derived using (4), but the absolute SOC, q, and the
actual battery capacity, Ca, are obtained experimentally by integrating the battery current.

Figure 12 illustrates the SOC estimation deviations, expressed as percentages, across
the entire voltage range for different temperatures, while Figure 13 highlights the mean
and maximum values of these deviations, also expressed as percentages, calculated across
the entire voltage range for different temperatures. From this figure, it is evident that the
proposed estimation method is quite accurate. The mean SOC deviation is less than 1.5%
for all temperatures, and the maximum deviation is under 4%.
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6. Conclusions

In this paper, a novel analytical function was proposed to model the inverse OCV-SOC
relationship, enabling SOC estimation from OCV without the need for numerical inversion.
For this analysis, the absolute state of charge, q, expressed in Ah, was used instead of the
traditional SOC.

The proposed q-OCV curve model is based on a double Gaussian function with
six parameters to be fitted. This model was analyzed for a LiCoO2 battery tested at nine
different temperatures, ranging from 10 ◦C to 50 ◦C.

Initially, the nonlinear least squares method was applied to fit the experimental curves
to the model, identifying the six parameters for all tested temperatures. Subsequently,
four parameters (a1, b1, c1, and c2) were fixed at their average values, and the fitting process
was repeated with only two parameters (a2 and b2) left free. Finally, these two parameters
were expressed as functions of temperature, completing the full model.

The proposed model was validated across different temperatures by estimating SOC
from experimental OCV values. It demonstrated high accuracy, with a mean SOC deviation
of less than 1.5% and a maximum deviation of less than 4%. This model offers reliable and
precise SOC estimation, making it highly applicable across a range of use cases.
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