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Abstract: Open circuit voltage (OCV) is an important characteristic parameter of lithium-ion batteries,
which is used to analyze the changes of electronic energy in electrode materials, and to estimate
battery state of charge (SOC) and manage the battery pack. Therefore, accurate OCV modeling
is a great significance for lithium-ion battery management. In this paper, the characteristics of
high-capacity lithium-ion batteries at different temperatures were considered, and the OCV-SOC
characteristic curves at different temperatures were studied by modeling, exponential, polynomial,
sum of sin functions, and Gaussian model fitting method with pulse test data. The parameters
of fitting OCV-SOC curves by exponential model (n = 2), polynomial model (n = 3~7), sum of
sin functions model (n = 3), and Gaussian model (n = 4) at temperatures of 45 ◦C, 25 ◦C, 0 ◦C,
and −20◦C are obtained, and the errors are analyzed. The experimental results show that the
operating temperature of the battery influences the OCV-SOC characteristic significantly. Therefore,
these factors need to be considered in order to increase the accuracy of the model and improve the
accuracy of battery state estimation.

Keywords: lithium-ion battery; high capacity; polynomial fitting; OCV-SOC characteristics; sate of
charge estimation

1. Introduction

The battery system is the most prominent energy storage source in electric vehicles (EVs) [1].
Lithium-ion batteries are a promising candidate for EVs due to their high power density, lightweight,
long lifespan, and thermal stability. The use of high-capacity lithium-ion batteries as the battery
system of EVs is the current development trend [2]. To prolong lifespan and increase safety of
the batteries, real-time monitoring of the state of charge (SOC) is indispensable. Since the SOC
cannot be measured directly, many approaches have been proposed to estimate the SOC of the
battery [3–6]. Among them, the model-based method is widely used in the application for its high
accuracy and self-corrective ability [7–9]. These methods commonly used impose or are coupled
with a nonlinear curve characterization of the open circuit voltage (OCV) [10–12]. As an important
characteristic parameter of the battery, the relationship between SOC and OCV is of great significance
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for many techniques such as analytical electrode materials, accurate battery modeling, and reliable
SOC estimation [13].

Caihao et al [14] think that open circuit voltage data is widely used for characterizing battery
properties under different conditions. It contains important information that can help to estimate
battery SOC and the state of health (SOH). According to the Roscher et al. [15] study, battery cell OCV
curve changes can reflect battery aging and performance degradation. Rui Xiong et al. [1] indicate
that the OCV of each electrode depends on temperature and the concentration of lithium-ions in the
electrode that is normalized by the SOC of the respective electrode. The estimation of SOC is quite
complicated, as it depends on the type of cell, ambient temperature, internal temperature, and the
application [16]. Zuchang Gao et al. [17] believe that estimating the SOC of a single cell and terminal
voltage estimation without considering the SOC and temperature differences is not enough and studied
the LiFePO4 battery terminal voltage and SOC errors at various temperatures. Seyed Saeed Madani et
al. [18] proposed a battery equivalent electrical circuit model (ECM) with the constant phase element
(CPE) includes the temperature dependency.

To enhance the efficiency of the OCV measurement, Iryna Snihir et al. [19] has been proposed a
statistical analysis based on a limit of voltage curves corresponding to the discharge-charge sequence
of currents in laboratory. Thus, the relationship between OCV and SOC can be obtained by an offline
test. The incremental and the low-current typical OCV test are widely used in the literature [20].
The results reveal that the incremental OCV test to be more reliable for determining the OCV-SOC
relationship than the low-current OCV test, according to the comparison of them in Reference [21,22].
Satyam Panchal et al. [23] has studied the battery OCV-SOC relationship at various discharge rates
(1 C, 2 C, 3 C, and 4 C) and different cooling bath temperatures (5 ◦C, 15 ◦C, 25 ◦C, and 35 ◦C) via
experiments. The obtained OCV may not equal the battery voltage in equilibrium state as it consists of
overvoltage referring to time constants in the range of some hours. Notably, the average value of charge
OCV and discharge OCV are commonly treated as the true or reference OCV due to the pronounced
hysteresis effect, which usually takes several days to obtain an accurate OCV–SOC relationship for
both the incremental OCV test and the low-current OCV test [20]. The direct measurement of the
OCV is difficult for online applications due to the long waiting time for the batteries to reach a steady
state [24].

The OCV-SOC modeling is one of the key factors for the OCV-based SOC estimation methods,
such as the Shepherd model [7], Nernst model [25], Unnewehr universal model [7], combined
model [7], exponential model [26], polynomial model [27], and ECMs model [28]. Besides, open
circuit voltage is used to correct the estimated SOC, the OCV-SOC modeling is very important not
only in OCV-based estimation but also in model-based estimation [29]. In order to accurately obtain
the battery OCV model, according to the different modeling mechanism, it is mainly divided into a
simplified electrochemical OCV model and polynomial OCV model. The simplified electrochemical
OCV model is a simplified mathematical model based on the principle of charge transfer inside
the battery. The corresponding relationship between OCV and SOC is characterized by the basic
electrochemical principle. The modeling accuracy is high, but the calculation process is complex and
the modeling is difficult. The polynomial OCV model uses the polynomial function to establish the
relationship between OCV and SOC mapping. The model is clear and simple in modeling, but the
model uses the least square method to fit the OCV curve, the local precision of the curve is not high,
and the robustness is poor. The OCV is of essential importance for the accurate estimation of the SOC
in lithium-ion battery. The OCV-SOC relationship is typically predetermined by fitting offline OCV
data [30]. Thus Kalman family filtering techniques based on state-space models are utilized to enhance
SOC estimation through combining OCV and coulomb counting [20].

While the OCV-SOC curve of lithium-ion batteries is relatively stable, it will change according
to the charging/discharging rate, battery temperature, cell variation, and cycle life of the battery,
and so on [1,31]. S. Panchal [32] has studied EV battery system four drive cycle actual conditions at
various ambient temperatures. When the temperature rises, the chemical reactions in the battery will
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intensify, the utilization ratio of active substances will increase, the lithium ion transfer capacity will
be strengthened, the actual available electricity will increase, but when the temperature is too high,
the reaction will be restrained, the performance will be reduced, and serious explosion will occur;
otherwise, when the temperature is lower, the utilization ratio of active substances will be increased.
Additionally, actual electricity consumption will be reduced. With the increase of lithium battery
cycle times, the internal chemicals will age and deteriorate, resulting in increased internal resistance
and decreased capacity. Besides, there is an OCV hysteresis phenomena [33] and a big challenge for
OCV-based SOC estimation that the flat area of OCV-SOC curve for lithium-ion power battery enlarges
the measurement errors of OCV [34]. Alexander Farmann [11] used a simplified OCV-model by
considering a temperature correction term. The OCV-SOC is only dependent on ambient temperature,
which can also result in errors in battery SOC estimation [35]. Lavigne et al. [10] proposed through
some hypotheses and an appropriate definition of the cell state of charge, and proposed a two stage
lithium-ion OCV curve model to estimate battery SOC. Xuanju Dang et al. [28] motivated by the
structure of the battery ECMs, proposed a linear neural network battery model and its structure,
in which the OCV is represented by using the weighting coefficient.

Therefore, it is very important to understand the OCV-SOC relationship of the battery for battery
state estimation and battery management system development. This paper focuses on the OCV-SOC
relationship of a high capacity lithium-ion battery. In Section 2, the test bench and the test plan of the
battery is designed and carried out, and the OCV-SOC relationship models are given. In Section 3,
the OCV-SOC relationship of the battery is obtained, exponential, polynomial, sum of sin functions
model, and Gaussian model four types model-fitting results are compared and analyzed. In Section 4,
the advantages and disadvantages of several fitting methods are discussed, and the direction of
improvement is discussed. At last, this paper gives the OCV-SOC relationship conclusion of high
capacity lithium-ion battery. This research will be important for future research and development in
battery model online identification and state estimation.

2. Method

2.1. Experiments and Tests

2.1.1. Test Bench

The schematic of the battery test bench is shown in Figure 1. It consists of an Arbin BT2000 battery
test system, a host computer with MITS Pro soft for programming the BT2000 and a SANWOOD
SC-80-CC-2 thermal chamber for environmental control. The gird is providing the power for the BT2000
battery test system through the power cable, the battery test system can charge/discharge a battery
according to the designed program with maximum voltage of 60 V and maximum charge/discharge
current of 300 A with three range (5 A/50 A/300 A), and its recorded data includes current, voltage,
temperature, charge/discharge Amp-hours (Ah), and Watt-hours (Wh) etc. The measured data is
transmitted to the host computer through TCP/IP ports. The measurement error of the current and
voltage sensors inside the Arbin BT2000 cycler is less than ±0.1%. The test was carried out under
the conditions of standard temperature (25 ± 2 ◦C) and specific temperature, standard humidity
(65 ± 20% RH), and atmospheric pressure (86~106 kPa). All tests were carried out in a clamping fixture
with a clamping force of 100 ± 10 kgf/pcs.
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Figure 1. The schematic of the battery test bench.

In these tests, the 75 Ah fresh prismatic lithium-ion battery cells that left the factory not more than
one month and the recharge cycle not more than five times are chosen, the cathode material for the
lithium-ion battery cell is nickel manganese cobalt oxide (NMC). The specification parameters of the
lithium-ion battery cell supplied by the manufacturer are listed in Table 1.

Table 1. The prismatic lithium-ion battery cell specifications.

Item Specification Parameter

Battery Dimension
L/mm: 148.40 ± 0.30
W/mm: 39.70 ± 0.30
H/mm: 95.00 ± 0.30

Nominal Capacity 76.5 Ah (1/3 C)
75.0 Ah (1 C)

Nominal Voltage 3.70 V (1/3 C)
3.65 V (1 C)

Upper Charge Cut-Off Voltage 4.25 V

Lower Discharge Cut-Off Voltage
2.80 V (T > −10 ◦C)

2.50 V (−20 ◦C ≤ T ≤ −10 ◦C)
2.10 V (T ≤ −20◦C)

Continuous Discharge Current 75 A (25 ◦C)
Continuous Charging Current 75 A (25 ◦C)

Charge Upper Limit Protection Voltage 4.30 V
Charge Lower Limit Protection Voltage 2.5 V (25 ◦C)

Working Temperature Discharge temperature range: −30 ◦C~55 ◦C
Charge temperature range: −20 ◦C~55 ◦C

2.1.2. Pulse Test

The hybrid pulse power characterization (HPPC) test is a typical test method to conduct pulse
tests. The pulse test is carried out in reference to HPPC test. The pulse discharge test characterizes the
battery cell voltage response (cell dynamics) at various SOCs and temperatures.
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The test using a normal constant current-constant voltage (CC-CV) charging procedure is as
follows: First, battery cells were used the constant current-constant voltage (CC-CV) charging protocol,
a cell would be considered fully recharged to 100% SOC upon the completion of the CC-CV charge
regime and put them statically for about one hour for the steady state, and then, battery cells were
discharged with constant current (CC) and ensure the decrease of SOC with 5%, measure of the OCV
after one hour[36]. The data points in the range of 100%–0% SOC were collected in 5% intervals.
During battery test operation, the sampling time of current and voltage was 1 s. The battery ambient
temperatures were set to 45 ◦C, 25 ◦C, 0 ◦C, and −20 ◦C. The battery pulse test profile is shown in
Figure 2. In the pulsed constant current discharge procedure, 1 C (75 Ah) current was chosen for a
pulse discharge test. C rate refers to the output value of the battery within the specified time, and the
output value is equal to the multiple of the rated capacity.
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Figure 2. The battery pulse test profile.

2.2. Lithium-Ion Battery OCV-SOC Model

The battery open circuit voltage has a strong nonlinear relationship with the SOC. The relationship
between OCV and SOC of lithium-ion batteries is essentially a functional relationship. According to
the monotonic increasing relationship between OCV and SOC, the OCV-SOC curves are obtained by
fitting several test points of OCV in SOC interval and corresponding models. Thus, OCV modeling is
the key step to obtain OCV curve, and the quality of the OCV model directly affects the practicability
and accuracy of the OCV curve. Therefore, in order to obtain a reliable OCV-SOC curve, it is necessary
to establish an accurate OCV model for the battery.

2.2.1. Exponential Model

Considering the influence factors of temperature, the fitting precision and the complexity of fitting
function. The OCV-SOC relationship corresponding to each temperature point can be obtained by the
following function:

Voc = a1eb1S + a2eb1S + cS2 (1)

where, a1, b1, a2, b2, and c are the coefficients with the temperature, Voc is the battery open circuit
voltage under different operating temperature, and S is the SOC value.
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2.2.2. Polynomial Fitting Model

The open circuit voltage of the battery as a function of SOC can be represented as a polynomial
equation [37].

Voc = a1Sn + a2Sn−1 + . . . + anS + an+1 (2)

where, a1 ∼ an+1 are the coefficients obtained by the least square method curve fitting, Voc is the open
circuit voltage, and S is the SOC value.

2.2.3. Sum of Sin Functions Model

The battery OCV-SOC function relationship can be represented as a sum of sin functions model
equation as follows:

Voc =
n

∑
i=1

ansin(bnS + cn) (3)

where, an, bn, and cn are the coefficients, i is the term, n is the number of terms, Voc is the open circuit
voltage, and S is the SOC value.

2.2.4. Gaussian Model

The OCV-SOC Gaussian model equation as follow:

Voc =
n

∑
i=1

ane(
S−bn

cn )
2

(4)

where, an, bn, and cn are the coefficients, i is the term, n is the number of terms, Voc is the open circuit
voltage, and S is the SOC value.

2.2.5. Root Mean Square Error

Definition of root mean square error (RMSE) estimation function:

RMSE =

√
1
n ∑ (V(i)

oc − V(i)
actual)

2
(5)

where, i is the point recorded in the SOC value of the experiment, n is the total number of points
recorded in experiments, V(i)

actual is the actual OCV value, and V(i)
oc is the estimated OCV value.

3. Results

3.1. Battery OCV-SOC Curve

For the battery discharge data, the battery OCV-SOC curve at temperatures of 45 ◦C, 25 ◦C, 0 ◦C,
and −20 ◦C is shown in Figure 3. The OCV-SOC curve is very different, especially under the influence
of high and low temperature. Achieving an accurate OCV is the key issue for model-based estimation.

It can be seen from the diagram that the higher the ambient temperature is, the lower discharge
cut-off voltage of the battery is, the greater discharge capacity of the battery is, and the OCV-SOC
characteristic curve shows a whole downward shift. On the contrary, the lower the ambient
temperature is, the higher the discharge cut-off voltage of the battery is, resulting in a lot of battery
power that cannot be released. It is worth noting that in the low SOC interval, different OCV-SOC
curves are very different.
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Figure 3. The battery OCV-SOC relationship at different temperatures.

3.2. Exponential Model Result

The OCV-SOC measured points and exponential model fitting curves under different temperatures
are shown in Figure 4. Figure 4a–d is a comparison of the measured values and the fitting curves of
two order exponential model at temperatures of 45 ◦C, 25 ◦C, 0 ◦C, and −20 ◦C values. While the
fitting curve of the OCV-SOC is in good agreement with the experimental data, it can be seen from the
graph that the error in the low SOC range is larger.
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The coefficients of OCV-SOC exponential model at different temperatures are shown in Table 2.
The exponential model (n = 2) coefficient parameter values can be obtained quickly through this table.

Table 2. The coefficient value of OCV-SOC exponential model (n = 2) fitting under different temperatures.

T (°C) a1 b1 a2 b2 c

45 −0.3973 −19.09 3.549 −0.02769 0.7638
25 3.679 −0.1101 −0.2528 −6.829 0.9386
0 −0.1199 −20.73 3.588 −0.01793 0.7077

−20 −0.03131 −346 3.587 0.02384 0.5579

3.3. Polynomial Fitting Model Result

The OCV-SOC curves are fitted by the established OCV polynomial fitting model at OCV test
points obtained by the pulse discharge experiments at different temperatures. The OCV-SOC relation
curve and polynomial fitting curves at different orders and different temperatures are shown in
the Figure 5. Figure 5a–d is a comparison of measured values and the fitting curves of 3~7 order
polynomials at temperatures of 45 ◦C, 25 ◦C, 0 ◦C, and −20 ◦C values. It can be seen from Figure 5 that
a different order fitting is different from the true value, and the fitting curve cannot fully reflect the true
value. Especially in the relatively low interval of SOC, there is more error. At different temperatures,
the shape and trend of OCV-SOC curves are obviously different, so one fitting result cannot be used to
reflect all the relationship characteristics of OCV-SOC curves.
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The coefficients of OCV-SOC polynomials fitting at different temperatures and orders are shown
in Table 3. In the table, the coefficient values of the 3~7 order polynomial fitting curve are given for
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45 ◦C, 25 ◦C, 0 ◦C, and −20 ◦C. Through this table, the polynomial coefficient parameter values can be
obtained quickly according to the requirements of the project by using the battery estimation method
based on OCV-SOC modeling.

Table 3. The coefficient value of OCV-SOC polynomials fitting with different orders and
different temperatures.

T (◦C) N a1 a2 a3 a4 a5 a6 a7 a8

45

n = 7 125.83 −462.14 682.10 −519.86 220.03 −51.54 6.66 3.16
n = 6 −21.74 75.69 −104.86 73.74 −26.90 5.12 3.17 −
n = 5 10.48 −31.32 35.35 −17.78 4.32 3.18 − −
n = 4 −5.12 12.31 −9.41 3.23 3.20 − − −
n = 3 2.06 −2.93 1.87 3.26 − − − −

25

n = 7 −33.19 133.84 −212.24 165.57 −63.67 10.28 0.20 3.44
n = 6 17.69 −52.30 56.11 −25.09 3.79 0.61 3.43 −
n = 5 0.76 −3.72 6.15 −3.64 1.26 3.42 − −
n = 4 −1.83 4.48 −3.03 1.18 3.43 − − −
n = 3 0.82 −0.72 0.69 3.45 − − − −

0

n = 7 −6.65 20.76 −18.25 −4.39 15.29 −7.69 1.68 3.47
n = 6 −2.51 13.79 −26.32 23.02 −8.99 1.76 3.47 −
n = 5 6.27 −17.83 18.59 −7.94 1.67 3.47 − −
n = 4 −2.17 4.82 −2.94 1.02 3.49 − − −
n = 3 0.48 −0.19 0.44 3.51 − − − −

−20

n = 7 8.77 −39.10 72.08 −69.52 36.41 −9.14 1.16 3.56
n = 6 −8.39 29.80 −40.59 26.21 −7.42 1.06 3.56 −
n = 5 4.63 −12.21 11.40 −3.90 0.75 3.56 − −
n = 4 −0.63 1.22 -0.20 0.27 3.57 − − −
n = 3 −0.05 0.60 0.10 3.58 − − − −

The RMSE values of polynomial fitting with different orders and different temperatures are
shown in Table 4. RMSE of polynomial fitting with different orders and different temperatures as
shown in Figure 6. The lower the order is, the greater error is, and the higher temperature is, and the
greater error is. The error from three-to-four-order and from four-to-five-order decreases very fast,
the maximum is 42.1%, while the error from six to seven order decreases slowly, the minimum is 4.16%.

Table 4. RMSE values of polynomial fitting with different orders and different temperatures.

T (◦C) n = 7 n = 6 n = 5 n = 4 n = 3

45 0.0137 0.0177 0.0194 0.0245 0.0377
25 0.0016 0.0034 0.0072 0.0073 0.0126
0 0.0023 0.0024 0.0026 0.0093 0.0153

−20 0.0017 0.0019 0.0036 0.0075 0.0083
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Figure 6. RMSE of polynomial fitting with different orders and different temperatures.

Figure 7a–d shows the error and percentage error comparison with the six order polynomial
fitting curve and the measured value. As we can be seen from the figure, under the same conditions,
when the operating temperature is 45 ◦C and the SOC is 10%, the OCV maximum absolute error is
58.28 mV and the percentage error is 1.7%. When the operating temperature is 25 ◦C and the SOC
is 60%, the OCV maximum absolute error is 6.5 mV and the percentage error is 0.17%. When the
operating temperature is 0 ◦C and the SOC is 45%, the OCV maximum absolute error is 5.35 mV and
the percentage error is 0.14%. When the operating temperature is −20 ◦C and the SOC is 50%, the OCV
maximum absolute error is 4.5 mV and the percentage error is 0.12%.
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3.4. Sum of Sin Functions Model Result

The OCV-SOC measured points and sum of sin functions model fitting curves under different
temperatures are shown in Figure 8. In sum of sin functions model fitting, high fidelity fitting will lead
to distortion.
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Figure 8. OCV-SOC measured points and sum of sin functions model fitting curves for (a) 45 ◦C;
(b) 25 ◦C; (c) 0 ◦C; (d) −20 ◦C temperatures.

The coefficients of OCV-SOC sum of sin functions model at different temperatures are shown
in Table 5. The values of coefficient parameter of OCV-SOC curve fitting by the sum of sin functions
model (n = 3) can be obtained in this table.

Table 5. The coefficient value of OCV-SOC sum of sin functions model (n = 3) fitting under
different temperatures.

T (◦C) a1 b1 c1 a2 b2 c2 a3 b3 c3

45 8.357 3.125 −0.16 147.5 5.735 1.629 142.9 5.779 4.748
25 4.848 1.512 0.5841 7.715 4.756 1.99 6.655 4.928 5.038
0 26.76 2.483 −0.03557 23.37 2.776 2.933 0.4596 5.595 4.312

−20 10.5 2.686 0.06488 21.65 4.271 2.371 14.96 4.615 5.327

3.5. Gaussian Model Result

The OCV-SOC measured points and Gaussian model fitting curves under different temperatures
are shown in the Figure 9. In the Gaussian model fitting, four order fitting is selected. This method has
achieved an ideal fitting result in the fitting process.



Energies 2018, 11, 2408 13 of 17
Energies 2018, 11, x FOR PEER REVIEW  13 of 17 

 

 

Figure 9. OCV‐SOC measured points and Gaussian model fitting curves for (a) 45 °C; (b) 25 °C; (c) 0 

°C; (d) −20 °C temperatures. 

The coefficients of OCV‐SOC Gaussian model at different temperatures are shown in Table 6. 

Through this table, the Gaussian model (n = 4) coefficient parameter values can be obtained quickly 

according to the requirements of the project by using the battery estimation method based on 

OCV‐SOC modeling. 

Table 6. The coefficient value of OCV‐SOC Gaussian model (n = 4) fitting under different 

temperatures. 

T (°C) a1 b1 c1 a2 b2 c2 a3 b3 c3 a4 b4 c4 

45 5.067 1.635 0.7471 2.744 0.5984 0.5998 2.027 0.01593 0.4112 0.1633 0.05028 0.0529 

25 5.163 1.794 1.665 0.3296 0.6405 0.3274 1.59 0.06475 0.4406 5.184 −0.531 0.3059 

0 4.329 1.305 0.8053 2.043 0.3976 0.4987 1.762 −0.01062 0.3361 0.472 −0.1053 0.1652 

−20 4.184 1.327 0.7056 2.264 0.4836 0.5193 2.744 −0.1524 0.4858 −0.003911 0.3611 0.05306 

In these four fitting models, the choice of different order will have a significant impact on the 

fitting accuracy. In this paper, exponential model chooses two order, polynomial chooses six order, 

sum of sin functions model chooses three order, and Gaussian model chooses four order. The 

comparison of the exponential, polynomial, sum of sin functions model, and Gaussian model four 

types fitting model RMSE are shown in the Figure 10. From this graph we can see that the fitting 

effect of four order Gaussian model is better than other results. However, polynomial fitting is a 

commonly used method, which can get more accurate results by increasing the order of its fitting. In 

addition, it can be seen that the fitting accuracy of high temperature and low temperature is less than 

that of normal temperature.  

Figure 9. OCV-SOC measured points and Gaussian model fitting curves for (a) 45 ◦C; (b) 25 ◦C; (c) 0 ◦C;
(d) −20 ◦C temperatures.

The coefficients of OCV-SOC Gaussian model at different temperatures are shown in Table 6.
Through this table, the Gaussian model (n = 4) coefficient parameter values can be obtained quickly
according to the requirements of the project by using the battery estimation method based on
OCV-SOC modeling.

Table 6. The coefficient value of OCV-SOC Gaussian model (n = 4) fitting under different temperatures.

T (◦C) a1 b1 c1 a2 b2 c2 a3 b3 c3 a4 b4 c4

45 5.067 1.635 0.7471 2.744 0.5984 0.5998 2.027 0.01593 0.4112 0.1633 0.05028 0.0529
25 5.163 1.794 1.665 0.3296 0.6405 0.3274 1.59 0.06475 0.4406 5.184 −0.531 0.3059
0 4.329 1.305 0.8053 2.043 0.3976 0.4987 1.762 −0.01062 0.3361 0.472 −0.1053 0.1652

−20 4.184 1.327 0.7056 2.264 0.4836 0.5193 2.744 −0.1524 0.4858 −0.003911 0.3611 0.05306

In these four fitting models, the choice of different order will have a significant impact on the fitting
accuracy. In this paper, exponential model chooses two order, polynomial chooses six order, sum of
sin functions model chooses three order, and Gaussian model chooses four order. The comparison
of the exponential, polynomial, sum of sin functions model, and Gaussian model four types fitting
model RMSE are shown in the Figure 10. From this graph we can see that the fitting effect of four order
Gaussian model is better than other results. However, polynomial fitting is a commonly used method,
which can get more accurate results by increasing the order of its fitting. In addition, it can be seen that
the fitting accuracy of high temperature and low temperature is less than that of normal temperature.
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Figure 10. Compare of the 4 types fitting model RMSE.

4. Discussion

In previous studies, SOC estimation algorithm was carried out at room temperature. Most of
the battery modeling used the mean OCV-SOC characteristic curve of charge-discharge as the unique
curve, and fixed battery parameters were used. The disadvantage of this model is that the precision of
the model is poor, and a large number of circuit-based battery model fail to predict battery performance
at lower temperatures. In addition, temperature characteristic is an important factor that should be
verified at any battery operating temperature. The open circuit voltage of lithium-ion battery has a
nonlinear relationship with SOC. In practice, the battery OCV characteristic curve will be affected
by many factors, such as SOC, ambient temperature, and so on. Since ambient temperature has
a significant effect on the characteristics of lithium-ion batteries, researchers need to describe the
effect of this effect on the OCV-SOC relationship in order to increase the accuracy of the model and
SOC estimation.

The pulse tests of the battery at different temperatures are carried out in this paper and the
temperature dependency of the OCV-SOC relationship is investigated and its influence on SOC
estimation results are discussed. The SOC-OCV curve performance is very different under different
temperature conditions. In this paper, the polynomial OCV model uses polynomial function to
establish the relationship between OCV and SOC mapping. The principle of the model is clear and
the modeling is simple. However, the model fits the OCV curve with the least square method, the
local accuracy of the curve is not high. In the sixth order polynomial fitting, the absolute error value
of OCV reaches 58.28 mV. But the accuracy of the model can be improved by increasing the order of
polynomial fitting at the expense of computing speed. Generally speaking, the higher order of the
model fitting, the better fitting effect, but it is not the higher order fitting the batter, not only will it
increase the computational burden, but may also cause over-fitting. When the battery is at high or low
temperature, the fitting of the OCV-SOC curve in the lower SOC section is relatively difficult, and the
error increases. Accurate fitting of OCV-SOC curve in 0–20% SOC interval is a key and difficult point
in battery state estimation, which has a great influence on the accuracy of estimation.

In addition to the effect of temperature, researchers also found that the hysteresis phenomenon
cannot be ignored, which effects battery modeling and battery SOC estimation accuracy.
Anup Barai et al. [38] believe that it is important that the ECM used by BMS should incorporate
any cell hysteresis accurately. Letao Zhu et al. [13] believe that more and more attention being paid
to the OCV hysteresis by researchers recently, some possible explanations of OCV hysteresis origin
have been proposed. M. García-Plaza et al. [39] considered the hysteresis phenomenon and the
model parameters dynamic response for SOC estimation. Due to the different chemical materials and
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electrochemical reaction mechanism, the charge-discharge process of the battery is not completely
reversible, which is reflected in the OCV-SOC relationship of the battery, which is not completely a
coincident with the charge and discharge process curves. Under the condition of frequent charging
and discharging transformation, the accurate battery characteristics cannot be simulated. In addition,
as regenerative braking is widely used in electric vehicles, frequent changes between charging and
discharging are common during vehicle operation. Therefore, hysteresis should be considered in
future battery modeling.

5. Conclusions

This paper focuses on the study of the OCV-SOC characteristics of high capacity batteries under
the influence of different temperatures. The result shows the OCV-SOC characteristic curve is greatly
influenced by the temperature change. The polynomial fitting of the model is clear and simple so
that it is widely applied in engineering. In the battery modeling, exponential, polynomial, sum of sin
functions model, and Gaussian model are compared. In these models, accurate fitting of OCV-SOC
curves in low SOC interval is a key and difficult point in battery state estimation, which has a
great influence on the accuracy of battery state estimation. Besides, it is meaningful to consider the
temperature factor when modeling the battery, because the temperature of the battery has a great
influence on the performance and life degeneration of the lithium-ion battery, and it will lead to
incorrect estimation of the battery state, thus the battery management system cannot accurately control
the battery and this process will also accelerate the battery life degeneration and bring potential safety
risks. In future study, the OCV-SOC curve adjustment method needs to be consider as a parameter in
order to get the model parameter that is robust versus temperature.
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Nomenclature

A Ampere
Ah Ampere-hour
BMS Battery management system
CC Constant current
CCCV Constant current-constant voltage
CV Constant voltage
ECM Equivalent circuit model
EV Electric vehicle
HPPC Hybrid pulse power characterization
NMC Nickel manganese cobalt
OCV Open circuit voltage
RMSE Root mean square error
SOC State of charge
SOH State of health
V Volt
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ai Coefficients
bi Coefficients
ci Coefficients
N Cycle times
t Time
S SOC value
T Temperature
Voc Open circuit voltage
min Minimum value
max Maximum value
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