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Abstract: Accurate modeling of the nonlinear relationship between the open circuit voltage (OCV)
and the state of charge (SOC) is required for adaptive SOC estimation during the lithium-ion (Li-ion)
battery operation. Online SOC estimation should meet several constraints, such as the computational
cost, the number of parameters, as well as the accuracy of the model. In this paper, these challenges
are considered by proposing an improved simplified and accurate OCV model of a nickel manganese
cobalt (NMC) Li-ion battery, based on an empirical analytical characterization approach. In fact,
composed of double exponential and simple quadratic functions containing only five parameters,
the proposed model accurately follows the experimental curve with a minor fitting error of 1 mV.
The model is also valid at a wide temperature range and takes into account the voltage hysteresis
of the OCV. Using this model in SOC estimation by the extended Kalman filter (EKF) contributes to
minimizing the execution time and to reducing the SOC estimation error to only 3% compared to
other existing models where the estimation error is about 5%. Experiments are also performed to
prove that the proposed OCV model incorporated in the EKF estimator exhibits good reliability and
precision under various loading profiles and temperatures.

Keywords: Li-ion batteries; open circuit voltage; battery modeling; battery characterization; state of
charge estimation; extended Kalman filter

1. Introduction

As a prominent component in the energy field, rechargeable batteries as energy storage systems
present a real catalyst for the development of the new power technologies. Indeed, they are considered
as the major clean energy sources for most autonomous applications, such as portable devices,
smart-grid and electric vehicles (EVs). Among the various choices of rechargeable batteries [1–3],
Li-ion batteries can offer many advantages such as portability and compactness given their good
characteristics of high energy density, wide voltage range and long cycle lifetime [1,4]. Since the
batteries are used to power a wide range of applications, from smartphones to EV, the concern of
having a reliable and efficient battery management system (BMS) has increased considerably. BMS
has four main functions; namely, balancing, protection, authentication and monitoring [5–7]. When
the BMS is mounted on applications like construction gears, electric power tools and light electric
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vehicles (LEV), accurate and simplified modeling of batteries will be essential considering that in these
types of applications, complexity, compactness and speed are the key elements. Therefore, making
a compromise between an accurate and simple battery model and the precision of the online SOC
monitoring is a big challenge raised in embedded systems.

Li-ion battery monitoring is one of the most crucial tasks in BMS, consisting of SOC estimation,
commonly defined as the maximum remaining capacity inside the battery. In fact, SOC serves as a
fuel gauging that controls the use of the device equipped with a battery and subsequently controls its
performance and efficiency.

Many studies about battery SOC estimation have been reported in the literature [8,9].
The electrochemical methods are shown to be highly accurate, but invasive and destructive, since
they need access to internal electrochemical quantities, like lithium ions’ dimensions and electrolyte
concentration [10,11]. Furthermore, empirical methods are used, where the battery is considered as
a black-box without knowing the internal behavior based on artificial intelligence algorithms like
neural networks and fuzzy logic algorithms [12,13]. Their effectiveness depends on the accuracy of
the learning data, and they are costly in terms of processing and time consumption [14]. Another
category of methods is book-keeping; its principle is to count the amount of charge available in the
battery [8,14,15]. This Coulomb-counting method is based on the battery current integration over time;
thus, it is simple to implement and gives an acceptable precision, but suffers from cumulative errors
due to the measurements inaccuracies [16,17]. Moreover, the model-based methods are increasingly
used for SOC estimation, they are reported as accurate and suitable for online estimation since they
consist of combing an equivalent battery model and an adaptive state-observer algorithm [11,15,18–20].
These methods’ reliability is linked to the accuracy of the model, so understanding the battery behaviors
is of great importance [21].

Online estimation of SOC during system operation requires the development of a sufficiently
simplified, but adequately accurate battery model that can describe the battery behavior in terms of
its chemical, electrical and thermal aspects [22]. Reviewing the literature concerning the modeling of
Li-ion batteries’ behavior, it is found that multiple models have been developed and used for different
applications based on the battery system [23]. Many approaches of modeling are highlighted and
can be classified as electrochemical models, thermal models, electrical models and interdisciplinary
models [23–26]. According to the literature, the electrical models, among them the equivalent-circuit
models, are the most used because they create a link between some real physical phenomena inside
the battery and the electrical component of the model [25]. The best known model is the basic Rint
model composed of a voltage source and an internal resistance introduced in [25]. This model was
upgraded to a battery model-based on resistor–capacitor (RC) branches to display the diffusion
phenomena of the Li-ion battery. We found then the first-order model-based on a unique RC branch,
the second-order model with two RCs and n-th-order model as cited in [27] in which the number of
RCs can be multiplied for very highly accurate modeling. In addition, the complexity of the model
should be carefully considered when it is meant to be applied in real-time systems.

The model-based approaches need an accurate open circuit voltage (OCV) model, which connects
OCV to SOC. The OCV modeling can be either numerical, as a look-up table, or analytical, as
a mathematical expression; however, the latter has some advantages including computational
effectiveness since no interpolation is required like linear regression or spline algorithms [28].
Nevertheless, the OCV curve generally shows a hysteresis even if it is not really considerable at
the early life of the battery, this phenomenon is clearly revealed during the battery life cycles. This gap
between the charge and discharge curves can be restrictive when it comes to estimating SOC [29,30].
Indeed, a minor mismatch in OCV curve fitting can cause a wide deviation in SOC estimation.
Therefore, adjustment of the OCV models can give a significant contribution to increase the accuracy
of SOC estimation [22,31–33].

In this paper, we propose an improved OCV-SOC model injected in a Thevenin first-order battery
model, which is chosen since it is reported in many works [23] to be sufficiently adequate for online
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estimation. The proposed model is then used with the Kalman filter as an adaptive state observer
algorithm to estimate the SOC. The proposed model has the advantage of being composed from
simplified functions and less coefficients taking into account the hysteresis. This contribution has
shown an improvement in the accuracy of the SOC estimation comparing with other existing OCV-SOC
models in the literature [22,34,35]. The study is based on a battery life cycle test charge/discharge of a
nickel manganese cobalt oxide (NMC) pouch battery of 20 Ah as a nominal capacity performed at a
wide margin of temperatures.

The remainder of the paper is organized as follows. In the next section, an overview of the existing
OCV models is presented, then we explore the development and parametrization of the proposed
OCV model and compare its precision with existing models in the literature. In the third section, we
use the improved OCV model for SOC estimation based on EKF where the algorithm principle is well
explained. A discussion of the experimental results is then put forward. The final section is dedicated
to the conclusion and perspectives.

2. Open Circuit Voltage Model

2.1. Overview of Li-Ion OCV Models

Battery modeling is an important research field because of their expanding use and the need
to reproduce and simulate the physical behaviors of the battery. Much research is being carried in
modeling, so that we can have accurate monitoring of Li-ion batteries dynamically. Researchers of
batteries have developed a wide range of battery models with varying degrees of complexity. Therefore,
to consider the real-time applications, the first-order model is utilized in this paper, which has been
widely used for its good characteristics in terms of accuracy and complexity [26,36,37]. This battery
model is composed of a voltage source representing the open circuit voltage, an ohmic resistance Ri
that models the internal resistance and a one polarization RC network that describes the polarization
phenomena.The RC branch is composed of the capacitance Cd f , representing the polarization of
the metallic electrodes, and the resistor Rd f , which is due to the contact of the electrodes with the
electrolyte [25]. This model is given by Figure 1, where Ibat is the battery charge or discharge current
and Vbat is the battery terminal voltage.

Voc
+

-

Figure 1. The first-order battery model.

The modeling of the OCV is imperative since it is the main component of the battery model, and
it is part of the complex physical behavior during the intercalation and de-intercalation processes
of the lithium ions. The OCV of a battery cell is the potential difference between the positive and
negative electrodes when no load is applied and the battery is at equilibrium. Several OCV models
were proposed in the literature. Some of these models are very simple and do not take into account the
nonlinearity, such as the linear approximation, which was upgraded to a piecewise linear approach
that increases the accuracy, but still not considering the phenomenological aspect, even if it is easy to
implement [15,38].
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Nevertheless, other methods tried to get as close as possible to the real behavior and to respect
the observed plateaus from the experimental curve. The given OCV equations from the experimental
data are multiple, as revealed in the literature review as presented in Table 1.

Table 1. Overview of OCV models.

OCV Model Functions Ref.
Polynomial

OCV(x) = p1x + p0 [15]
OCV(x) = pnxn + pn−1xn−1 + · · ·+ p1x + p0 [34,39]

Logarithmic
OCV(x) = p0 + p1 ln( x

1−x )− p2x [35]
Exponential

OCV(x) = p1e∝1x + p0 [40]

OCV(x) = p0 + p1x + p2(1 − e−∝1x) + p3(1 − e
−∝2
1−x ) [41]

Combined
OCV(x) = p0 + p1

1
1+e∝1(x−β1)

+ p2
1

1+e∝2(x−β2)
+ p3

1
1+e∝3(x−1) + p4

1
1+e∝4 x + p5 [22]

OCV(x) = p0 + p1x + p2x2 + p3x3 + e−∝1x [42]
OCV(x) = p0 + p1x + p2(−ln(x−∝1 )) + p3e−∝2(x−1) [20]

Some of them were complex, which makes them hard to implement in real-time applications.
Polynomial models are among the most used models where the order may reach nine [34,43].
The greater the order of the polynomial, the more precise the model is, but the harder it is to implement
in real-time systems. Some other models are proposed based on combining exponential and logarithmic
functions [20,22,34], and they are said to be the most accurate. In fact, the Weng model presented
in [22] is proven to be more accurate than polynomial models and tracks the phenomenological aspect
of the battery, but it presents a great number of parameters. The aim of this work is to propose an OCV
model of the Li-ion battery that gives a reliable accuracy and reduces the complexity and the memory
consumption in order to be embedded in the BMS of the LEV, hence to monitor the SOC in real-time.

2.2. Battery Model Characterization

The studied cell chemistry is a pouch NMC 20-Ah lithium ion with a nominal voltage of 3.65 V,
which is dedicated to be used on the BEV especially the LEV battery pack [23,44,45]. All tests have
been executed at a wide temperature range (5, 15, 25, 45 ◦C) so as to validate the model at cold, normal
and hot conditions to which the battery pack may be exposed. The battery model created is based on
parameters calculated from characterization. To extract the parameters, a series of characterization
tests is needed, and this according to many standards and research works [23]. At first, the capacity
test is for knowing the effective nominal capacity of the battery, which is given by a standard charge
and discharge test.

The second test used is the OCV test, which needs to be done in order to extract the
OCV-SOC relationship, as well as the battery model parameters instead of using the hybrid pulse
power characterization (HPPC) test, since in this study, we consider only the standard C-rate [46].
The experimental OCV discharge test is given in Figure 2.

Actually, the OCV test consists firstly of the complete charge of the battery, then we apply
discharging current pulses corresponding to 5% of the SOC step intercepted by a 30-min rest time to
fully discharge the cell. The rest time is crucial because it allows the battery to reach the equilibrium at
a stable value of OCV. Then, we extract the OCV points at the 21 different SOC levels to trace the curve
mapping between OCV and SOC meant to be modeled analytically. This setup is then repeated in the
charge phase.
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Figure 2. The OCV discharge test current and voltage response.

The voltage response of each current pulse gives the parameters of the battery model at each SOC
level. A schematic of the terminal voltage measurements during one complete pulse of the discharge
test is shown in Figure 3.

SOC = 40%

SOC = 35%

OCV at 40%

R0

Rdf

Relaxation

taudf

OCV at 35%

Figure 3. Parameters extraction form OCV test at SOC = 35%.

According to this figure, the fast voltage drop corresponds to the instantaneous response, which
is correlated with the internal resistance R0 of the cell [46]. Otherwise, the observed delayed response
corresponding to the time constant tau of the RC network models the diffusion of lithium ions.
The extraction procedure is then repeated for each pulse response to extract the first-order model
parameters as demonstrated in Figure 3. However, the detected OCV points in the charge and discharge
phases, as illustrated in Figure 4, are not exactly superimposed.
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Figure 4. Experimental SOC-OCV curves at 25 ◦C.

Indeed, the OCV curve presents a hysteresis that is well reported in the literature [30,46–48].
The OCV hysteresis is caused by the lack of relaxation between charging and discharging and the
diffusion phenomenon of the transition of the active material during charging and discharging. This
gap between the OCV curves may lead to an increase in the error of the SOC estimation after that.
Thus, it has be to taken into account in the battery model.

The temperature is another parameter that needs to be considered. In fact, the OCV curve is
affected by it, as illustrated in Figure 5, where the effect of the temperature can be visibly distinguished
in the SOC margin between 0% and 20%.

Figure 5. Experimental OCV curves of the charge at different temperatures.

The Thevenin first-order model parameters Ri, Rd f and τd f are approximated to constant values
since their observed variation is not extremely considerable, although this consideration contributes
to simplifying the model for an online use and an eventual implementation. Thus, the extracted
parameters of the charge at different temperatures are available in Table 2.
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Table 2. The extracted parameters of the battery model of the charge at different temperatures.

First-Order Model Parameters 5◦ 15◦ 25◦ 45◦

Cnom (Ah) 17.17 19.24 20 21.6
Ri (Ω) 0.007 0.0047 0.003 0.0019

Rd f (Ω) 0.0042 0.0018 0.00065 0.00054
τd f (s) 21 19.3 16.5 15.2

Another test is then needed for the validation, which is the dynamic discharge pulse (DDP)
test [23]. The DDP test consists of a series of charge and discharge pulses applied on the battery until
the cut-off voltage. It is created to evaluate the effectiveness of the battery model during the dynamic
solicitation. Figure 6 illustrates the DDP test current profile and its voltage response, which represents
the dynamic discharge behavior.

Time(s)

Time(s)

Figure 6. The DDP test.

The extracted parameters in charge and discharge are used in the battery model, and the OCV
experimental points were stored as a look-up table. The model was validated in MATLAB-Simulink;
thereafter, the obtained simulated voltage and the real battery response of the DDP test were compared.

Figure 7 gives the Simulink schematic of the battery model used for validation; in this model, all
of the parameters are divided into charge and discharge to capture the hysteresis.

The result given by the scope representing the precision of the battery model is illustrated in
Figure 8.

According to Figure 8, at 25 ◦C, the error between the simulated and the real voltage response
is almost 1%, but it reaches 5% when the battery is in the last discharge phase. This increase in error
is due to the fact that we have considered tau as a constant, but this still makes the battery model
sufficiently reliable to be used for SOC estimation since that of the error of reproducing the terminal
voltage is about 1% in the SOC range between 100% and 10%. The model used is validated with the
dynamic discharge pulse test (DDPT) at various temperatures.
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Figure 7. Schematic of the Simulink battery model.

Simulated voltage

DDPT voltage response

Figure 8. Schematic of the Simulink battery model.

The model has shown its effectiveness even with other temperatures, and the error has not
exceeded 1.5%, as seen in Table 3.

Table 3. Model error at different T◦ in the SOC window [100%–10%].

5 ◦C 15 ◦C 25 ◦C 45 ◦C

Error ±1.5% ±1.5% ±1% ±1.25%

2.3. Proposed OCV Model

Instead of using a look-up table, a new OCV model is proposed. It is able to capture the
phenomenological aspect associated with the diffusion process while fitting the OCV-SOC data.
This model structure is chosen to enforce the model accuracy and also to be implemented for an online
SOC estimation with the EKF algorithm. Since our concern is to have an accurate model suitable
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for the embedded BMS of LEV, the reflection was to have a reliable and accurate model, but is also
optimized in terms of complexity and memory.

Therefore, we used a combined empirical analytic approach, in order to create a model that not
only fits closely the shape of the OCV curve, but that is also linked to the physical diffusion behavior
of the battery where the delay could be modeled by an exponential function.

At first, we proposed the simplified double exponential model as given by Equation (1).

OCV(SOC) = p1e(∝1SOC) + p2e(∝2SOC) (1)

The fitting root mean square error (RMSE) was high compared to the other existing models like the
polynomial models and the Weng model. Thus to remedy this deficiency, we combined the simplified
double exponential with a quadratic term that allows fitting the curve deviation under 40% of the SOC.

Our proposed OCV-SOC relationship is then defined by Equation (2).

OCV(SOC) = p1e(∝1SOC) + p2e(∝2SOC) + p3SOC2 (2)

The proposed OCV model is compared in this section with the four different other models
summarized in Table 4. The fitted OCV-SOC curves are plotted in Figure 9.

Table 4. Summary of the studied OCV models.

Model Equations OCV (x) Coefficient’s Number

1. Linear p1x + p0 2
2. Polynomial 6deg p6x6 + p5x5 + p4x4 + p3x3 + p2x2 + p1x + p0 7
3. Weng model [22] p0 + p1

1
1+e∝1(x−β1)

+ p2
1

1+e∝2(x−β2)
+ p3

1
1+e∝3(x−1) + p4

1
1+e∝4 x + p5x 12

4. Double exponential p1e(∝1x) + p2e(∝2x) 4
5. Proposed model p1e(∝1x) + p2e(∝2x) + p3x2 5

SOC (%)
0 10 20 30 40 50 60 70 80 90 100

O
C

V
 (

v)

3.3

3.4

3.5

3.6

3.7

3.8

3.9

4

4.1

OCV-SOC Fitted models

Experimental data
Model1
Model2
Model3
Model4
Proposed Model

Figure 9. OCV fitting results at 25◦ for the charge.

All of the parameters of the studied models were refitted by the MATLAB curve fitting toolbox,
and all of the values are available in Table 5.
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Table 5. The parameters of the fitted OCV models.

Parameters Model 1 Model 2 Model 3 Model 4 Model 5
Charge Discharge Charge Discharge Charge Discharge Charge Discharge Charge Discharge

p0 0.00072 0.00676 3.426 3.696 2.817 3.097 3.452 3.707 3.649 3.604
p1 3.426 3.399 0.0284 0.1771 0.0094 −0.106 6.65 × 10−5 0.00268 −0.299 −0.2803
p2 - - −0.00128 0.0608 −0.2217 0.767 - - 7.3 × 10−5 6.87 × 10−5

p3 - - 3.14 × 10−5 0.00274 −1.383 −0.471 - - - -
p4 - - −4.1 × 10−7 0.02667 2.665 0.411 - - - -
p5 - - 2.83 × 10−9 0.0217 0.01282 0.0097 - - - -
p6 - - −8.1 × 10−12 −0.0235 - - - - - -
α1 - - - - 12.92 3.853 0.00151 0.05487 −0.00066 −0.00045
α2 - - - - 0.8087 0.0315 0.0759 2.702 −0.1239 −0.1341
α3 - - - - 0.07463 0.5455 - - - -
α4 - - - - 0.04254 0.7585 - - - -
β1 - - - - 4.374 0.1619 - - - -
β2 - - - - 0.446 0.2004 - - - -

In [34], the polynomial model was reported as the best fit, but the Weng model was then proposed
as a more accurate model [22]. One can see in Table 5 that our new model proposed in Equation (3)
has a low RMSE value so it presents the best fitting accuracy compared to the studied models, and this
is well proven in Figure 9, where the fitted curve of our model is quite close to the experimental data.

Table 6 gives the RMS error of each model at 25 ◦C, and it is clear that our proposed model is the
most precise.

Table 6. Comparison of the OCV models’ precision at 25 ◦C.

Performances Model 1 Model 2 Model 3 Model 4 Model 5

RMSE 0.04274 0.01127 0.02281 0.03449 0.01053
R-squared 96.77% 99.80% 99.44% 98.04% 99.84%

Fitting the proposed model to OCV data recorded from the NMC 20-Ah battery cell at different
temperatures (5, 15, 25, 45 ◦C) shows high accuracy, as illustrated in Figure 10.

Figure 10. OCV fitting results of the proposed model at different temperatures in charge and discharge.

All of the fitted parameters of the proposed model are presented in Table 7.
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Table 7. Parameters of the proposed fitted OCV model at different temperatures.

5 ◦C 15 ◦C 25 ◦C 45 ◦C
Parameters Charge Discharge Charge Discharge Charge Discharge Charge Discharge

p0 3.734 3.804 3.629 3.599 3.637 3.604 3.584 3.55
p1 −0.2756 −0.3487 −0.3191 −0.2933 −0.3091 −0.2803 −0.4868 −0.4573
p2 8.013 × 10−5 8.838 × 10−5 6.952 × 10−5 6.9 × 10−5 7.033 × 10−5 6.871 × 10−5 6.212 × 10−5 6.02 × 10−5

α1 −0.001155 −0.001618 −0.0005411 −0.0004687 −0.0005747 −0.0004523 −0.0001919 −6.241 × 10−5

α2 −0.06674 −0.04724 −0.1493 −0.1434 −0.1366 −0.1341 −0.2181 −0.221

The obtained parameters of the OCV model at the characterization temperatures should be
interpolated to be used in intermediate temperatures values. In Figure 11, we have considered a
linear interpolation for each parameter of the model at the four known temperatures (5◦, 15◦, 25◦ and
45◦) in both charge and discharge. Therefore, the model for other unknown temperatures outside of
the characterization ones can be given by a simple projection. The dependencies of all of the model
parameters on the temperature are illustrated in Figure 11.

3.5

3.55

3.6
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3.75
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p0 charge p0 discharge

-0.51

-0.46

-0.41

-0.36

-0.31

-0.26

-0.21

5deg 15deg 25deg 45deg

p1 parameter

p1 charge p1 discharge

5.50E-05

6.00E-05

6.50E-05

7.00E-05

7.50E-05

8.00E-05

8.50E-05

9.00E-05

9.50E-05

5deg 15deg 25deg 45deg

p2 parameter

p2 charge p2 discharge

-0.3

-0.25

-0.2

-0.15

-0.1

-0.05

0

5deg 15deg 25deg 45deg

α2 parameter

α2 charge α2 discharge

-0.00180

-0.00160

-0.00140

-0.00120

-0.00100

-0.00080

-0.00060

-0.00040

-0.00020

0.00000

5deg 15deg 25deg 45deg

α1 parameter

α1 charge α1 discharge

Figure 11. The linear interpolation of the proposed OCV model for the [5–45 ◦C] temperature range.

Otherwise, the RMS error of the proposed model at the four studied temperatures is around 1 mV,
as seen in Table 8, which proves the reliability of our model.

Table 8. Comparison of the OCV models’ precision at various temperatures.

Performances 5 ◦C 15 ◦C 25 ◦C 45 ◦C

RMSE Charge 0.0079 0.0107 0.01053 0.01186
RMSE Discharge 0.00739 0.01076 0.00982 0.0117

Consequently, incorporating the new OCV model in the battery model may also improve the SOC
estimation results, which will be demonstrated in the next section.
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3. State of Charge Monitoring by the Extended Kalman Filter

3.1. Application

The LEV battery packs are composed of a number of assembled cells either in series or in parallel
and an electronic card stuck on, serving as a BMS. For example, for an electric scooter, the battery pack
has a power supply voltage equal to 36 V and a capacity of 20 Ah, so the battery pack is composed of
10 studied NMC 20-Ah cells mounted in series. The goal of our work is to have an online SOC estimation
for this LEV, not too consuming in terms of computation and memory, in order to be adequate for
implementation on a hardware platform to be embedded in the BMS, but without sacrificing accuracy.
Indeed, for the estimation of the SOC, we use a model-based approach. This approach is based on
the first-order equivalent model, which has ensured a good accuracy with the least parameters. In
this model, we used as OCV our proposed model, as explained in the previous section. Then, an
adaptive method based on a state observation, which is the extended Kalman filter, was used for the
SOC estimation, as summarized in Figure 12. In this figure, we distinguish two off-line phases, which are
the characterization tests and the modeling phase. The outputs of these tests are then used by the online
process consisting of the SOC estimation with EKF, where the model is implemented, and the control
input is the current load profile representing the behavior of the scooter engine either in acceleration or
deceleration. The output the online process is the SOC value estimated by the EKF.

Battery parameters extraction

OCV modelling

OCV test Capacity test

R0,Rdf ,τdf Cnom
Measuread OCV

OCV Model

OCV Model 
(SOC-OCV

Battery First Order Model

- Fitting OCV experimetal points
- [Equation OCV(SOC) ]

SOC estimation with EKF

Current
Load Profile

EKF 

algorithm

-
+

Gain Error

Measuread Voltage

ca
lc

u
lt

ae
d

 V
o

lt
ag

e

SOC

Figure 12. Flowchart of the approach used.

3.2. The Principle of EKF

Kalman filtering is an adaptive technique consisting of estimating a nonlinear dynamical system
state, used in several fields for the purpose of tracking, navigation and control [8]. It actually uses the
dynamics of the system defining its evolution over time to obtain better data, thus eliminating the
effect of noise. This estimation technique has been widely used for monitoring Li-ion batteries because
they exhibit nonlinear behavior [38,49]. Different variants of Kalman filtering techniques like the linear
Kalman filter (KF) [38], the extended Kalman filter (EKF) [35], the unscented Kalman filter (UKF) [50]
and the sigma-point Kalman filter (SPKF) [51] have been used to estimate the SOC based on different
battery equivalent models. Unlike KF where the system is linearly formulated, the EKF requires a local
linearization that consists of using the Jacobian function to bring the system to the conventional form,
with interdependent variables rather than a constant matrix [52].

The framework of our discrete-time nonlinear system with noise input is given by Equations (3) and (4).
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The discrete state function of a system can be represented by a state vector X and a measurement vector Y.{ Xk = AXk−1 + BU + w (3)

Yk = h(Xk) + DU + v (4)

with:
A: Transition matrix relating the state k to the state k + 1
U: The command vector
B: Control matrix related to the command U
w: The perturbation vector related to the state X
h: Measure function
v: The measure perturbation

Algorithm 1 resumes the steps of the EKF used based basically on two major phases, the prediction
based on previous states and the correction based on updating data by the measurement.

Algorithm 1: Summary of the EKF algorithm.
System definition

Xk = AXk−1 + BU + w
Yk = h(Xk) + DU + v

Step 1: Initialization
for k = 0 do

Initialize state : Xk = X0

Initialize covariance : Pk = P0

Initialize noise covariance’s : Q and R (w and v are uncorrelated white Gaussian random noises)
end

Step 2: Computation
for k = 1 to N do

Prediction: the command U is injected in the system, state vector is predicted with respect of the prior state
estimated Xk:

Xk/k−1 = AXk−1 + BU
Pk/k−1 = APk−1 At + Qk−1

Correction: the state vector predicted is corrected with the presence of the measurement Yk:

1. Compute the measure matrix Hk (Jacobian matrix)

Hk = ∂hXk/k−1
∂Xk/k−1

2. Compute the expected measurement
Ye = HkXk/k−1

E = COV(Ye) = HkPk/k−1HT
k

3. Compute the innovation (error) z
z = Yk − Ye

Z = COV(z) = R − E

4. Compute the Kalman gain
Gk = Pk/k−1HT

k Z−1

5. Update the state vector
Xk = Xk/k−1 + Gk(Yk − HkXk+1/k)

Pk = Pk/k−1(I − Gk Hk)

end
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The system input is the command U, which is known and measurable. However, the measurement
could result in errors caused by the stochastic noise, w, which cannot be measured and which affects
the state of the system. The system output Yk is expressed in the output equation in terms of a state
vector function, the command and noise caused by the measurement process. Furthermore, X, w and v
are non-measurable and may contain uncertainties, so to quantify them, we associate respectively P, Q
and R, which are their associated covariance matrix to be used then in the EKF operation.

Thus, the connection of the first-order battery model to the extended Kalman filter with respect to
Algorithm 1 is illustrated in Figure 13. All blocks are then explained, and the analogy between EKF
terms and the battery model is stated.

𝐴 =
1 0

0 1 −
∆𝑡

𝐶𝑑𝑓.𝑅𝑑𝑓

B =
−

∆𝑡

𝐶𝑛𝑜𝑚
∆𝑡

𝐶𝑑𝑓

+ 𝐻𝑘 =
𝜕𝑂𝐶𝑉(𝑆𝑂𝐶𝑘) + 𝑉𝑑𝑓

𝜕𝑋𝑘/𝑘−1

𝐷 = 𝑅𝑖

𝑈 = 𝐼𝑏𝑎𝑡
+

𝑋𝑘/𝑘−1 =
𝑆𝑂𝐶𝑘/𝑘−1
𝑉𝑑𝑓𝑘/𝑘−1

Unit 
delay

𝑋𝑘−1

𝑤 𝑣 𝑌𝑒 = 𝑉𝑏𝑎𝑡
(estimated)

-

𝑌𝑘 = 𝑉𝑏𝑎𝑡 (measured)

𝐾𝑎𝑙𝑚𝑎𝑛 𝐺𝑎𝑖𝑛

𝐺𝑘

𝑍𝑘

+

𝐼 − 𝐺𝑘𝐻𝑘

𝑋𝑘 =
𝑆𝑂𝐶𝑘
𝑉𝑑𝑓𝑘

Battery model 

Prediction

Filtering

Extended Kalman Filter Observer

Real Battery system

Command ∶ 𝑈 = 𝐼𝑏𝑎𝑡

Figure 13. The principle of EKF for SOC estimation using the battery first-order model.

The considered first-order model of the Li-ion battery gives the following Equations (5) and (6). V̇d f =
Ibat
Cd f

−
Vd f

Cd f Rd f
=

Ibat
Cd f

−
Vd f

τd f
(5)

Vbat = VOC − Vd f − IbatRi (6)

The discretization of Equation (5) gives the relation between the actual and previous Vd f values
as in Equation (7).

Vd f k =
Ibat∆t
Cd f

+

(
1 +

∆t
Cd f Rd f

)
Vd f k−1 (7)

The SOC is given by the Coulomb-counting formula in Equation (8) that defines it as a time
integration of the battery current. The discrete form of SOC is stated in Equation (9).

SOC = SOC0 +
−1

Cnom

∫ t+∆t

t
Ibat ∆t (8)

SOCk = SOCk−1 −
Ibat∆t
Cnom

(9)
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We define then the state vector composed by the battery SOC and the diffusion voltage Vd f .
We obtain then Equations (10) and (11) that define the battery model system formulation, to be

solved according to Algorithm 1 and Figure 13.
[

SOCk+1
Vd f k+1

]
=

[
1 0
0 1 − ∆t

Cd f Rd f

] [
SOCk
Vd f k

]
+

[
− ∆t

Cnom
∆t

Cd f

]
Ibat (10)

Vbat = OCV(SOCk)− Ri Ibat − Vd f (11)

One of the best advantages of the Kalman filtering is to overcome the sensibility of the SOC
estimation to the initial SOC0. In fact, thanks to the prediction and the correction processes of the
Kalman filtering algorithm, the latter allows converging to the real value of SOC even if the initial
value is very far from the real one, and this according to many works [38,46,49].

Applying the EKF to the battery system proves this and can be shown in Figure 14. Assuming
that we are estimating the SOC of the cell full charge from 0%–100%, we used four different SOC0, and
we observed that the algorithm converges and gives a reliable estimation; indeed, the closer the initial
random SOC0 is to the real initial SOC, the faster the algorithm is converging.
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Figure 14. EKF algorithm convergence with random SOC0.

3.3. Experimental Results

To evaluate the effectiveness of the implementation of our proposed OCV model for SOC
estimation, the EKF is used with the five OCV models studied in this paper to compare their
performances. As a reference, we used the SOC estimation given by the Coulomb-counting where the
OCV-SOC experimental values are stored in a look-up table, and the relationship is given by linear
regression. This reference is considered as the true SOC to be compared to EKF estimation using the
different studied OCV models. Accordingly, we define two cases of current load profiles that represent
the solicitation of our LEV battery pack.

• Case 1, continuous load profile:

At first, we used continuous current profile load at one cycle of charge/discharge. The simulation
of EKF with different studied OCV models is shown in Figure 15.
The precision of the SOC estimation is calculated in comparison to the reference curve. The results
corresponding to the estimation error of SOC percentage are presented in the following Table 9.



Energies 2017, 10, 764 16 of 22

As mentioned in this table, the average error given by the proposed model during one cycle of
estimation by the EKF is 0.05% of SOC, which is far better than other models.

Table 9. EKF estimation error (constant current load) at 25 ◦C.

Performances Model 1 Model 2 Model 3 Model 4 Model 5 (Proposed)

Average error 7.3042% 2.5802% 1.4177% 1.6320% 0.0502%
Maximum error 15.4188% 3.7622% 2.5991% 2.8136% 0.0676%

Speed (s) 2.90 13.72 17.62 11.19 11.68

11

Figure 15. EKF simulation using different OCV models (constant current load) at 25 ◦C.

• Case 2, dynamic load profile:

Another case is considered when the load applied in the discharge is a pulsed current draw, which
is correlated with the successive acceleration and deceleration of an LEV. In fact, we used dynamic
discharge profile data, which simulate that type of load; then, the SOC estimation was observed.
Again, the proposed OCV model gives a minor error estimation compared to other models. In fact,
the estimation error is about 3% as the average value, almost twice as precise as when the OCV
model is polynomial. These results are well illustrated in Figure 16 and Table 10.

As seen in Table 10, estimating SOC using our enhanced OCV model takes less time than using
other models, except for the linear model, which is the fastest, and this due to the small number of
coefficients and the lack of the need for linearization at each iteration of the EKF algorithm.

Table 10. EKF estimation error using different OCV models (pulse current load) at 25 ◦C.

Performances Model 1 Model 2 Model 3 Model 4 Model 5 (Proposed)

Average error 9.580% 5.725% 4.735% 4.776% 2.984%
Maximum error 37.068% 7.728% 6.739% 6.780% 4.604%

Speed (s) 5.8 56.71 64.51 52.175 47.678
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Figure 16. EKF simulation with different OCV models (pulse current load) at 25 ◦C.

To summarize all of the studied models’ performances, we grouped all metrics to have a global
comparison in Figure 17. In fact, Model 5, which is the proposed model, presents the best compromise.
This OCV model is very reliable from a precision point of view, since it has the best fit, and the
RMSE is about 0.01 V; and also the best SOC estimation precision since the error is almost about 3%.
Additionally, from an implementation point of view, it is also the most adequate.

Actually, the number of coefficients is only five, which is far less than 12 in the Weng model, and
also, it makes the EKF faster than the other models were.
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Figure 17. Comparison of the studied OCV models’ performances at 25 ◦C.
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All of these performances are proven at 25 ◦C, but our battery in the LEV could be exposed to
heat or cold. Thus, a validation of our model should be performed to prove its reliability at a large
margin of temperatures.

In fact, when applied to different pulsed profiles at various temperatures (5, 15, 25, 45 ◦C), the
algorithm shows a good accuracy reported in Table 11, where the EKF error precision compared to the
real SOC given by the Coulomb-counting is almost 3% as an average value. All of the experimental
results are illustrated in Figure 18.

Table 11. EKF estimation error using the proposed OCV model at different temperatures.

EKF SOC Estimation Error 5 ◦C 15 ◦C 25 ◦C 45 ◦C

Average error 3.1% 2.4% 2.98% 2.9%
Maximum error 4.53% 2.91% 4.60% 3.31%

Figure 18. EKF estimation using the proposed OCV model at different temperatures.

Table 12 allows us to situate our proposed approach with the other existing approaches in the
literature. Thus, we remark that our OCV model gives a good accuracy in SOC estimation by EKF using
only the first-order model that integrates our new OCV model as an NMC battery equivalent model.

Table 12. Review of model-based SOC estimation approaches’ performances for NMC batteries at 25◦.

Ref. OCV Model Battery Model SOC Algorithm SOC Error

Yuan et al. 2013 [49] Polynomial 2nd order EKF Observer 5%
Weng et al. 2014 [22] Weng Model 1st order EKF 5%
Zou et al. 2014 [53] Linear 1st order Luenberger Observer 2%

Zhang et al. 2016 [20] combined Model 1st order PI Observer 5%
Tran et al. 2017 [33] Exponential 1st order Dual EKF 5%

Baccouche et al. 2017 Proposed Model 1st order EKF 3%
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Actually, a review of various works proposing model-based methods for the adaptive SOC
estimation of the NMC battery by a state observer such as EKF, PI or Luenberger using a variety
of OCV models incorporated generally in the Thevenin battery equivalent model have reached an
average precision of SOC estimation that is within the margin of 5%. On the other hand, using our
proposed analytical OCV model, composed of the double exponential and a simple quadratic term
containing only five coefficients, increases the precision of EKF estimation and reduces the error up to
only 3%. This improvement is due to the fact that the precision of the OCV model itself has increased,
which has been projected on the SOC estimation performance.

4. Conclusions

In this paper, we have proposed an improved OCV model of an NMC battery. The suggested
model has been beneficial to reduce the computation and memory cost in order to be implemented
on the BMS of an LEV. The effectiveness of the model has been proven and compared with other
existing models studied in this paper. Our model has the advantage of being more suitable for an
online SOC estimation since it has less parameters than other models, a better fit with the experimental
data and simplified functions. The proposed model has been used with a battery first-order model
that takes into account the OCV hysteresis to estimate the SOC. We used the EKF algorithm since a
local linearization of the OCV equation is needed. The experimental results when applying the EKF
algorithm combined with our OCV model on both static and dynamic loads have shown a better
estimation accuracy than other model-based approaches existing in the literature, which gives an error
estimation of 5%. In fact, the error estimation recorded by our approach is only about 3% of the SOC
as an average value. All of the experiments have been reproduced at 5 ◦C, 15 ◦C, 25 ◦C and 45 ◦C, and
the model has been proven to be useful at a large margin of temperatures. As future work, we aim to
generalize this model by including both SOC and temperature as parameters in the OCV model and to
improve the SOC estimation accuracy by using a higher order battery model.
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