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Abstract: Many battery state of charge (SOC) estimation methods have been studied for decades;
however, it is still difficult to precisely estimate SOC because it is nonlinear and affected by many
factors, including the battery state and charge–discharge conditions. The extended Kalman filter
(EKF) is generally used for SOC estimation, however its accuracy can decrease owing to the uncertain
and inaccurate parameters of battery models and various factors with different time scales affecting
the SOC. Herein, a SOC estimation method based on the EKF is proposed to obtain robust accuracy,
in which the errors are compensated by a long short-term memory (LSTM) network. The proposed
approach trains the errors of the EKF results, and the accurate SOC is estimated by applying cali-
bration values corresponding to the condition of the battery and its load profiles with the help of
LSTM. Furthermore, a multi-LSTM structure is implemented, and it adopts the ensemble average to
guarantee estimation accuracy. SOC estimation with a root mean square error of less than 1% was
found to be close to the actual SOC calculated by coulomb counting. Moreover, once the EKF model
was established and the network trained, it was possible to predict the SOC online.

Keywords: battery management systems; ensemble network; extended Kalman filter; long short-term
memory network; state of charge

1. Introduction

Recently, owing to global warming, the number of severe natural disasters caused by
climate change has increased, and as environmental regulations in each country become
very strict, it has become vital to replace internal combustion engine vehicles with other
eco-friendly ones, such as electric vehicles (EVs), which constitute the largest proportion of
environmentally friendly vehicles in the market today.

Recently, not only EVs but also all types of eco-friendly vehicles, such as hybrid and
fuel cell electric vehicles, energy storage system (ESS), and various electronic equipment,
have been actively used. For this reason, the importance of a battery management system
(BMS) is growing even more.

In a battery management system (BMS), state of charge (SOC) is one of the most
important factors for maintaining battery performance and serves as a reference for the
BMS to control the battery. Thus, diverse SOC estimation methods have been studied over
the last decades.

Research on battery monitoring and energy management of vehicles has been con-
ducted for a long time [1]. Coulomb counting is the most representative method used in
battery state estimation [2,3] for which various improvement attempts have been made.

SOCt = SOC0 −
(

η

C0

∫ t

0
Idt × 100

)
(1)
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SOC can be expressed by (1), where SOC0 is the initial state of charge, η is the efficiency
coefficient (η = 1) during discharge, and C0 is the battery’s maximum charge. The main
advantages of the Coulomb counting method are that it has a simple formula that it is easy
to implement. However, it accumulates errors depending on the sensor precision or initial
charge state.

Several studies have considered the filter method based on the nonlinear equivalent
circuit. Zhihao Yu et al. [4] used the local linearization method on a SOC-open-circuit
voltage (OCV) curve and estimated the current SOC based on the Kalman filter; then the
extended Kalman filter (EKF) and adaptive EKF (AEKF) were applied to improve the
Thevenin model to determine the battery charge state [5]. Further, another study used a
dual-time scale estimator by employing the EKF to estimate the SOC of each cell based
on the SOC of the entire battery pack [6], and a hardware-in-the-loop test of the second-
order equivalent circuit model with the EKF [7] was conducted. Apart from the EKF, for
accurate SOC measurements, parameter estimation through an H-infinity filter is usually
performed to reflect the battery characteristics under different operating conditions in
real-time, and the SOC is estimated using the unscented Kalman filter (UKF) based on this
parameter value [8]. However, as shown in [9], the equivalent circuit models representing
Li-Ion batteries vary, thus that the filtering methods have different state equations for each
equivalent model. This means that the results of the filtering method depend considerably
on the type and accuracy of the model. In addition to these methods, the method of
recursive least square (RLS) used to predict the dynamic behavior of the battery in a hybrid
electric vehicle (HEV) [10] or electric vehicle (EV) [11] also highly depend on the type and
accuracy of the model used.

Because the state of health (SOH) is also a very important factor for BMS, it has
attracted the interest of many researchers. There have been studies such as developing
reliable and accurate models to measure SOC and SOH online at the same time [12].
However, owing to the limitations of the model-based methods described earlier, the
mainstream of the SOC and SOH estimation studies is to add learning-based (data-based)
methods or replace existing model-based methods. The genetic learning algorithm is
also utilized to estimate SOC. In the first step, the fuzzy c-means method is used to
cluster the sampled training data in the driving cycle (as with a Federal Urban Driving
Schedule(FUDS)-based test), and these results are then fed to a topology and antecedent
parameter-learning algorithm with an R-LSM. In the second step, a backpropagation
learning algorithm is executed to optimize the antecedent and consequent parameters [13].
The authors of [14] developed a synthesis method to estimate SOH and remaining useful
life (RUL) using an advanced filter and artificial neural network (ANN), while [15] a data-
driven method is applied to identify the parameters of the model to obtain the open-circuit
voltage (OCV). There are also many studies that utilize support vector machine (SVM), such
as using a partial charging curve with SVM for SOH estimation [16] or using a least square
support vector machine (LS-SVM) [17]. The technique proposed in [18] aims to predict
the SOC of high-capacity lithium iron manganese phosphate (LiFeMnPO4) battery cells
from experimental datasets using SVM. In addition, in [19], aiming to improve the model
performance of battery models, a sparse least square SVM (LS-SVM) model was built, and
it utilized an UKF to estimate the SOC based on a sparse LS-SVM battery dynamic model.

Further, the recurrent neural network (RNN) has been frequently utilized in many
studies, including battery management systems. RNN’s ability to analyze time series
data has already been utilized in various fields such as language modeling [20], driving
assistance system [21], and human eye fixation tracking [22]. In particular, RNNs are
also widely used in fuel cells that have electrochemical characteristics similar to those
of batteries. Reference [23] proposed a time series fault diagnosis method based on the
bidirectional long short-term memory (Bi-LSTM) for polymer electrolyte membrane fuel cell
(PEMFC). This study used the Bi-LSTM with t-distributed stochastic neighbor embedding
(t-SNE) to decrease the dimensionality of normalized data to the intrinsic dimensionality
to extract key characteristic variables.
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Similar to the fault diagnosis of fuel cells, the SOC and SOH estimation of batteries is
not a one-step process but a multivariable time series process, and it is more in line with
the physical evolution law of electrochemical systems. Therefore, many studies use RNNs
for battery SOC estimation. In addition to the most basic form of the vanilla RNN, LSTM
can be applied to estimate SOC [24], a convolutional neural network can be added to the
LSTM [25], or a modified one such as the gated recurrent network can be used to estimate
the SOC of lithium-ion batteries [26].

To take advantage of both the filtering method and the data-driven method, this study
uses the method of error compensation through an LSTM after estimating the primary SOC
using the EKF instead of directly predicting the SOC using a neural network. In addition,
this novel method improves the estimation accuracy using a sort of ensemble average after
estimating the SOC through multiple LSTM structures to reflect various phenomena with
their own cycle or period on the time scale.

The contributions of the proposed novel method in this paper are summarized
as follows.

(1) Despite the use of the SOC–OCV model for estimating the SOC state, this novel
method can estimate the accurate OCV and SOC right after battery discharge without
any rest period to observe the OCV.

(2) It is possible to reduce the influence of the model parameter uncertainty and the
SOC–OCV model error, which has a profound effect on the SOC estimation in existing
model-based methods.

(3) Using multiple LSTM network structures and a sort of ensemble average, phenomena
occurring over a relatively long period of time (e.g., aging, non-homogeneity in the
electrochemical state between cells) as well as phenomena occurring immediately
(e.g., changes in temperature) can be reflected in the SOC estimation.

This paper is divided into six sections. Section 2 introduces the mathematical model of
the used battery and the state equation for the filter method. The proposed SOC estimation
methods are described in Section 3. In Section 4, the experimental environments are
presented, and the results and discussion are stated in Section 5. Finally, the conclusions of
this study are given in Section 6.

2. Modeling Battery Dynamics
2.1. Identification of Equivalent Circuit Parameters

In this study, the first-order circuit was selected as a model to minimize complexity
and computational burden. As the errors caused by model uncertainty will be offset by
the LSTM, an increase in the computational burden using more complex models will
become unnecessary.

The first-order R-C circuit, shown in Figure 1, comprises an internal resistance R0,
a polarization resistance Rp, and a polarization capacitance Cp. Voc is the open-circuit
voltage, Vt is the terminal voltage, and Vp is the polarization voltage for Rp and Cp, which
represents the transient response due to polarization. In general, the model parameters are
changed by various factors, such as the discharge or charge profiles, SOC state, temperature,
and aging state, and these changes increase the model parameter error unless the model
parameters are accurately evaluated. However, in this study, monitoring or estimating the
internal circuit elements in real-time for accurate prediction is not needed because these
errors are compensated by the RNN-LSTM neural network.



Energies 2021, 14, 349 4 of 19Energies 2021, 14, x FOR PEER REVIEW 4 of 21 
 

 

 
Figure 1. Schematic of the first-order R-C circuit model. 

Instead, in this paper, only one parameter identification was performed for each ex-
periment. Finally, the average value of the estimated parameters from all the trials was 
used for the EKF. In [27], the step response analysis (SRA) was used to estimate the inter-
nal parameters of the first-order equivalent model. 𝐼(𝑡) = 𝐶 𝑑𝑉 (𝑡)𝑑𝑡 + 𝑉 (𝑡)𝑅  (2)𝑉 (𝑡) =  𝑉 − 𝑉 (𝑡) − 𝑅 𝐼(𝑡) (3)

By substituting (3) into (2) and separating V (𝑡) and 𝐼(𝑡) on both sides, 𝑑𝑉 (𝑡)𝑑𝑡 + 𝑉 (𝑡)𝐶 𝑅 = − 𝑅 + 𝑅𝐶 𝑅 𝐼(𝑡) − 𝑅 𝑑𝐼(𝑡)𝑑𝑡 + 𝑉𝐶 𝑅  (4)

By applying the Laplace transform to (4), 𝑆𝑉 (𝑆) + 1𝐶 𝑅 𝑉 (𝑆) − 𝛼 = − 𝑅 + 𝑅𝐶 𝑅 𝐼(𝑆) − 𝑆𝑅 𝐼(𝑆) + 𝑅 𝛽 + 𝑉𝐶 𝑅 1𝑆 (5)

where 𝛼 = v(0 ), 𝛽 = i(0 ), and 0  imply t = 0 before any external perturbation to the 
system. 

𝑉 (𝑆) =  𝛼 + 𝑅 𝛽𝑆 + 1𝐶 𝑅 − ⎝⎜
⎛ 𝑅 + 𝑅𝐶 𝑅 + 𝑆𝑅𝑆 + 1𝐶 𝑅 ⎠⎟

⎞ 𝐼(𝑆) + 𝑉𝐶 𝑅𝑆 + 1𝐶 𝑅 1𝑆 

= 𝛼 + 𝑅 𝛽𝑆 + 1𝐶 𝑅 − 𝑅 + 1𝐶𝑆 + 1𝐶 𝑅 𝐼(𝑆) + 𝑉𝐶 𝑅𝑆 + 1𝐶 𝑅 1𝑆 

(6)

Here, the inverse Laplace transform is applied to observe the behavior of V (𝑡). 
I. The first term on the right side of (6): 

𝐿 𝛼 + 𝑅 𝛽𝑆 + 1𝐶 𝑅 = (𝛼 + 𝑅 𝛽) exp − 𝑡𝐶 𝑅  (7)

II. The second term on the right side of (6): 

𝐿 − 𝑅 + 𝐼(𝑆)  = −𝑅 𝑖(𝑡) − exp − 𝑖(𝜎)𝑑𝜎 

where 𝑖(t) = 𝛽 − 𝑢(𝑡 − 𝑡 ),  (8)

Figure 1. Schematic of the first-order R-C circuit model.

Instead, in this paper, only one parameter identification was performed for each
experiment. Finally, the average value of the estimated parameters from all the trials was
used for the EKF. In [27], the step response analysis (SRA) was used to estimate the internal
parameters of the first-order equivalent model.

I(t) = Cp
dVp(t)

dt
+

Vp(t)
Rp

(2)

Vp(t) = Voc − Vt(t)− Ro I(t) (3)

By substituting (3) into (2) and separating Vt(t) and I(t) on both sides,

dVt(t)
dt

+
Vt(t)
CpRp

= −
(

Ro + Rp

CpRp

)
I(t)− Ro

dI(t)
dt

+
Voc

CpRp
(4)

By applying the Laplace transform to (4),

SVt(S) +
1

CpRp
Vt(S)− α = −

(
Ro + Rp

CpRp

)
I(S)− SRo I(S) + Roβ +

Voc

CpRp

1
S

(5)

where α = v(0−), β = i(0−), and 0− imply t = 0 before any external perturbation to
the system.

Vt(S) =
α+Ro β

S+ 1
Cp Rp

−
(

(Ro+Rp)
Cp Rp +SRo

S+ 1
Cp Rp

)
I(S) +

(
Voc

Cp Rp

S+ 1
Cp Rp

)
1
S

= α+Ro β

S+ 1
Cp Rp

−
(

Ro +
1

Cp

S+ 1
Cp Rp

)
I(S) +

(
Voc

Cp Rp

S+ 1
Cp Rp

)
1
S

(6)

Here, the inverse Laplace transform is applied to observe the behavior of Vt(t).

I. The first term on the right side of (6):

L−1

 α + Roβ

S + 1
CpRp

 = (α + Roβ) exp
(
− t

CpRp

)
(7)

II. The second term on the right side of (6):

L−1
(
−
(

Ro +
1

Cp

S+ 1
Cp Rp

)
I(S)

)
= −Roi(t)− 1

Cp

∫ t
0 exp

(
− t−σ

CpRp

)
i(σ)dσ

where i(t) = β − u(t − t0),
= −Ro(β − u(t − t0))−

∫ t0
0

1
Cp

exp
(

σ−t
CpRp

)
β dσ

−
∫ t

t0
1

Cp
exp

(
σ−t

CpRp

)
(β − 1) dσ

(8)
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If t0 = 0, (8) can be expressed as

= −Ro(β − u(t))− (1 − β)Rp

(
exp

(
σ − t
CpRp

)
− 1
)

(9)

III. The third term on the right side of (6):

L−1

 Voc
CpRp

S + 1
CpRp

 1
S

 = Voc

(
1 − exp

(
− t

CpRp

))
(10)

∴ Vt(t) = (α + Roβ) exp
(
− t

CpRp

)
− Ro(β − u(t))

+(1 − β)Rp

(
1 − exp

(
σ−t

CpRp

))
+ Voc

(
1 − exp

(
− t

CpRp

)) (11)

Ro and Rp. can be determined as illustrated below.

V
(
0−
)
− V

(
0+
)
= α − (α + Ro) = −Ro (12)

V(0−)− V(∞) = α − Voc + (β − 1)
(

Ro + Rp
)

= Voc − β
(

Ro + Rp
)
− Voc + (β − 1)

(
Ro + Rp

)
= −

(
Ro + Rp

) (13)

Finally, Cp can be calculated from the time constant (τ = CpRp) of the battery response
that occurs when a current change is applied.

Cp =
τ

Rp
(14)

From (12)–(14) and the unit-step current experiment of the battery system, all the
battery model elements used in this study can be illustrated as in Table 3.

2.2. State Equation for the Battery Model

Assuming that the battery is a large capacitor of capacitance C0, the state equation can
be obtained by solving the differential equations given below.

.
Voc(t) = I(t)/C0 (15)

I(t) =
dQp(t)

dt
+

Qp(t)
RC

(16)

where Qp is the amount of charge stored in Cp. The complete solution of (16) can be
obtained by obtaining solutions for each of the two cases below.

i. Complementary solution:

Asest +
1

RpCp
Aest = 0, s = − 1

RpCp
(17)

Qp(t) = Ae
− t

RpCp (18)

ii. Particular solution:
dQp

dt
+

Qp

RpCp
= I(t) (19)

In the steady state, dQp
dt = 0, and I(t) is assumed to be a current value.

Qp(t) = RpCp I(t) (20)
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After obtaining A using the initial conditions, the complete solution to (16) is as
shown below.

Qp(t) = −RpCp I(t)e−
t

RC + RpCp I(t) = RpCp I(t)
(

1 − e−
t

RC

)
(21)

∴ Vp(t) = RI(t)
(

1 − e−
t

RC

)
(22)

However, (22) only shows the zero-state response because the initial time and initial
value are assumed to be zero. To complete the response of the first-order RC circuit, a
zero-input response is added, and discretization is performed to apply the filtering method.

Vp(k + 1) = Rp I(k)
(

1 − e
−∆t

RpCp

)
+ e

− ∆t
RpCp Vp(k) (23)

By combining (15) and (23), the state equation with the state vector composed of the
open-circuit voltage Voc and the polarization voltage Vp can be constructed as given by (24)
and (25).[

Voc(k + 1)
Vp(k + 1)

]
=

[
1 0

0 exp
(

−∆t
RpCp

) ][
Voc(k)
Vp(k)

]
+

[
− 1

C0

Rp

(
1 − exp

(
−∆t
RpCp

)) ]I(k) (24)

Vt(k + 1) = Voc(k)− Vp(k)− I(k)Ro (25)

3. EKF–LSTM-Based SOC Estimation Method
3.1. Extended Kalman Filter and SOC–OCV Estimation

Based on the state equation of the equivalent circuit obtained in the previous section,
OCV estimation using the Kalman filter is performed. In this study, SOC is estimated using
the SOC–OCV relation after first estimating the OCV through the filter. The nonlinear
system is usually modeled as in (26–27).

xk+1 = f (xk, uk) + wk (26)

yk = g(xk, uk) + vk, (27)

where f (xk, uk) is the state transition function, g(xk, uk) is the measurement function, wk
is the process noise, and vk is the measurement noise. wk and vk are the white Gaussian
stochastic processes with zero mean. Furthermore, the covariance matrices Q = E

[
wwT]

and R = E
[
vvT]. Like the linear Kalman filter (LKF), the EKF is performed in two

parts: Prediction and update. The most important difference between LKF and EKF
is the linear approximation, which is performed by applying the Taylor series to the
nonlinear functions f (xk, uk) and g(xk, uk) to obtain a Jacobian matrix. EKF only uses the
first-order approximation.

f(xk−1, uk−1) ≈ f (x̂k−1, uk−1) +
∂ f (xk−1, uk−1)

∂xk−1

∣∣∣∣
xk−1=x̂k−1

(xk−1 − x̂k−1) (28)

h(xk, uk) ≈ h(x̂k, uk) +
∂h(xk, uk)

∂xk

∣∣∣∣
xk=x̂k

(xk − x̂k) (29)

Ak−1 =
∂ f (xk−1, uk−1)

∂xk−1

∣∣∣∣
xk−1= x̂k−1

, Hk =
∂h(xk, uk)

∂xk

∣∣∣∣
xk=x̂k

(30)
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Kalman Filter for Estimation.

(i) Prediction process
x̂−k = f(x̂k−1, uk−1) (31)

P−
k = Ak−1Pk−1 AT

k−1 + Q (32)
(ii) Update process

Kk = P−
k HT

k
[
HkP−

k HT
k + R

]−1 (33)
x̂k = x̂−k + Kk

[
yk − h

(
x̂−k , uk

)]
(34)

Pk = (I − Kk Hk)P−
k (35)

As mentioned earlier, the calculated OCV using the EKF can be converted into the
SOC through the SOC–OCV function. In this study, (36) is obtained by curve fitting using
the obtained results from the experimental data, and the used coefficients are calculated
in Table 1.

SOC(k) = a1Voc(k)
5 + a2Voc(k)

4 + a3Voc(k)
3 + a4Voc(k)

2 + a5Voc(k) + a6 (36)

Table 1. 5th order state of charge–open-circuit voltage (SOC–OCV) Relation Function Coefficient Values.

Coefficients a1 a2 a3 a4 a5 a6

Value −5.0110 × 10−6 0.0088 × 100 −6.1744 × 100 2.1627 × 103 −3.7824 × 105 2.6423 × 107

In general, when estimating the OCV or SOC using a filter, fitting an accurate SOC–
OCV relationship is as important as precisely estimating the model parameters. Even
when OCV is very accurately estimated, if the relationship with SOC is not correctly
established, there will be a large error in the SOC dimension. Therefore, many studies focus
on establishing an accurate relationship by accurately fitting the SOC–OCV relationship
based on experimental data [4] or by performing linearization using various methods, such
as the cubic Hermite method [28].

In this study, data fitting was performed using polynomials of various orders to obtain
the relationship as accurately as possible. However, even if the approximation by curve
fitting differs from the actual SOC–OCV function, the error will be compensated by the
LSTM network used in this study.

3.2. LSTM

Unlike other artificial neural networks, RNN has a recursive form in which the output
data are used as input to the next stage. Because of these characteristics, the RNN structure
can be expressed in a form in which each RNN cell is continuously attached with time, as
shown in Figure 2. In addition, the user can determine the sequence lengths according
to this characteristic of the RNN structure thus that the network can be trained for many
factors that affect the battery system with various time scales. As previously stated, the
battery dynamic behavior is not a single-step process, thus using an RNN can yield better
results than using other artificial neural networks.

ht = σh(Whxt + Uhht−1 + bh) (37)

The hidden state ht is expressed by (37), where W and U are the weights of the
input xt and the hidden state of the previous time ht−1, respectively, b is the bias, and
σ is the nonlinear function (here, σ is a hyperbolic tangent). As the RNN progresses, a
long-term dependency problem occurs owing to the gradient vanishing caused by the used
nonlinear function. Therefore, the LSTM artificial neural network was designed and used
in this study.

LSTM is an artificial neural network based on RNN, and it solves the long-term
dependency problem using not only the hidden state ht but also the cell state ct as the
input of the next time-step as shown in Figure 3. In the LSTM, the forget gate ft determines



Energies 2021, 14, 349 8 of 19

how much of the cell state from the previous time-step ct−1 is reflected at the current time
t. As the value passed through, the sigmoid function approaches 1, implying that the
previous cell state is more reflected. The input gate is used to set the degree of the effect on
the output of the current input, and it is represented by the Hadamard product of it and
gt. Here, because gt uses the hyperbolic tangent as an activation function, it has a value
between −1 and 1. The equations related to the LSTM are given by (38)–(44), including the
equations for ct, ht, and yt, which are the outputs of the LSTM cell. In this paper, the study
was conducted using the LSTM network of the two-layer architecture shown in Figure 4.
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Long Short-Term Memory Calculation.

LSTM Calculation
ft = σf

(
W f xt + U f ht−1 + b f

)
(38)

it = σi(Wixt + Uiht−1 + bi) (39)
gt = σg

(
Wgxt + Ught−1 + bc

)
(40)

ct = ft
◦ ct−1 + it ◦ gt (41)

ot = σo(Woxt + Uoht−1 + bo) (42)
ht = Ot

◦ σh(ct) (43)
yt = Wyht + by (44)

3.3. EKF–LSTM Method

The biggest problem in applying the estimation method using the OCV–SOC relation
to real applications is that it requires a very long rest period to measure the OCV owing to
the characteristics of the lithium-ion battery. Therefore, to design a method for estimating
precise OCV values by using only the data up to right after the discharge, this paper
proposes an EKF–LSTM coupling method. This is expected to compensate for the nonlinear
battery behavior that is not predictable by EKF and for the effects of the various factors
that are not even expressed in the dynamics but affect the actual OCV, such as aging or
non-homogeneity.

However, it is impossible to reflect the various factors that affect the battery dynamic
behavior with their own time scales within one LSTM network. For example, having
different time scales means that each of the factors affecting the battery behavior works
with its own time length and respective time point. Thus, multiple networks with various
LSTM cell numbers are required. Accordingly, in this study, we designed multiple LSTM
structures and took a sort of ensemble average of them as network estimation results to
compensate for the EKF results. The entire process used in the study is shown in Figure 5.
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4. Experiment
4.1. System Configuration

In the experiment, a Beckhoff IPC-C6920 PC and an Anybus CAN communicator
were used, and the PC and BMS exchanged data through CAN and EtherCAT networks as
shown in Figure 6. The DC load was connected to the PC via RS-232 serial communication
to receive the current loading profile of the battery. In the battery pack, 10 slave BMSs and
1 master BMS measured the voltage, current, and temperature. Each slave BMS measured
the battery pack status every 10 ms, and the master BMS transmitted data to the IPC-C6920
once every 100 ms. The performance of the used battery pack in the experiment is presented
in Table 2.
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Table 2. Specification of the Battery Pack.

Item Value

Manufacturer of cell LG chemical
Nominal capacity (Ah) 35

Nominal voltage (V) 328.5
Max. Voltage (V) 369
Min. Voltage (V) 225
Number of cells 90

4.2. Parameter Identification

The SOC estimation that only used the model-based method was considerably influ-
enced by the accuracy of the model parameters, which vary depending on the current load
profile, SOC state, aging status, temperature, etc. Therefore, accurate parameter estimation
in real time was required for precise SOC estimation. Usually, in many application fields,
the least squares method or the filter method is used for electric circuit model (ECM) pa-
rameters; however, this results in an increase in the system’s complexity and computational
burden. In this study, it was assumed that the model errors caused by the changes in the
model parameters during operation can be sufficiently compensated without estimating
these parameters in real time using EKF and LSTM together.
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Therefore, in this experiment, model parameter estimation was performed just once in
the initial state of each discharge. Then, SOC estimation was performed using only EKF and
LSTM. In addition, the required data diversity for network learning was secured through
8 different current load profiles as shown in Figure 7. Accordingly, it was confirmed that
the proposed method could accurately estimate SOC without real-time model parameter
monitoring; Table 3 shows the estimated average model parameter values according
to (12)–(14).
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Table 3. Values of the model parameters constituting the first-order RC model.

Parameters R0 (Ω) Rp (Ω) Cp (F)

Value 0.097 0.017 2311.37

When parameter estimation was performed using SRA by setting a higher data
sampling frequency, more accurate values could be obtained as the system response
at t = 0+ was required for calculating Ro, as shown in (7). However, as the sampling
frequency increased, the memory burden exponentially increased. The method proposed
in this paper aimed at reducing the sensitivity of the model parameters to the estimation
results, thus we applied a relatively low sampling frequency of 1 kHz in the experiment.

4.3. Data Acquisition

Using the current load profile shown in Figure 7, the discharge and data acquisition
were performed. The experiment was conducted in a range of less than 75% of the initial
SOC of the battery, which was discharged to 65%. To check the actual OCV of the battery
pack after the discharge for comparison with the results predicted by the proposed method,
all the voltage values were recorded during a rest period of 3 h after the discharge with a
sampling frequency of 100 Hz.

5. Results and Analysis
5.1. SOC Estimation Using EKF Only

First, the OCV estimation was performed by using only EKF with nine sets of data,
which were obtained through experiments. Then, the estimated OCV was substituted into
(36) to obtain the SOC of the battery pack.

The root mean square error (RMSE) values of the nine experiments are presented in
Table 4, and as seen in the table, the RMSE values of OCV and SOC were up to 3.0 V and
8.0%, respectively.

Table 4. Root mean square error (RMSE) values of SOC and OCV estimated using only EKF.

Experiment No. RMSE

OCV (V) SOC (%)

Exp. 1 1.9 1.9
Exp. 2 1.6 2.2
Exp. 3 1.7 2.4
Exp. 4 3.0 5.1
Exp. 5 2.3 4.5
Exp. 6 2.4 6.9
Exp. 7 1.6 1.9
Exp. 8 2.9 5.0
Exp. 9 3.0 8.0
Sum 20.4 38.0

Average 2.3 4.2

5.2. SOC Estimation Using EKF and Single LSTM

After predicting SOC using EKF, a single LSTM layer was used to compensate for
the error between the real and estimated OCVs using EKF. To select a single LSTM for
compensating the error of EKF, 50 different LSTM networks were created to evaluate
their error estimation performance. Among the 50 networks, a network that performed
an extremely accurate estimation of the actual OCV of Experiment 1 was selected as the
representative single LSTM network to compensate for the EKF estimation results. The
selected network had a difference of 0.0 V in the OCV estimation for Experiment 1, while
other networks had an average difference of 0.3 V for the same experiment. As observed in
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Table 5, the sum and average of the OCV and SOC RMSE for Experiments 1–9 were greatly
improved by just applying a single LSTM to the EKF results.

5.3. SOC Estimation Using EKF and Multi-LSTM Network

To reflect factors with various time scales in the estimation results, a structure using a
sort of ensemble average of the multi-LSTM networks was implemented. To prove that the
multi-LSTM structures with various numbers of cells can reflect factors with various time
scales in the results, 50 networks with an identical network structure and hyper-parameters
except for the sequence length were created. Among them, 10 networks were selected
based on the sum of the errors of all the experiments’ data. As mentioned before, since
the network that outputted the most outstanding estimation result for Experiment 1 out
of the 50 networks was used for the single LSTM, even if the ensemble average of the
multi-LSTM network were used, the estimation error of Experiment 1 would be naturally
greater than that of the single LSTM. However, what this study aims to confirm is that using
multi-LSTM leads to a reduction in the sum and average of errors of all the experiments’
data. If the intended result is confirmed, then not only is the method more suitable for
estimating the OCV and SOC of the lithium-ion battery but it can also avoid overfitting to
specific experiment data. The estimated results of this method are shown in Table 6.

Table 5. RMSE values of SOC and OCV estimated using the single LSTM network.

Experiment No. RMSE

OCV (V) SOC (%)

Exp. 1 0.0 0.3
Exp. 2 0.3 0.4
Exp. 3 0.3 0.4
Exp. 4 1.1 1.9
Exp. 5 0.7 1.6
Exp. 6 0.3 2.1
Exp. 7 0.4 0.3
Exp. 8 0.3 0.7
Exp. 9 1.1 3.4
Sum 4.5 11.0

Average 0.5 1.2

Table 6. RMSE of SOC and OCV Estimated Using the Ensemble Network.

Experiment No. RMSE

OCV (V) SOC (%)

Exp. 1 0.5 0.9
Exp. 2 0.0 0.1
Exp. 3 0.0 0.0
Exp. 4 0.3 0.7
Exp. 5 0.3 0.9
Exp. 6 0.0 1.4
Exp. 7 0.1 0.1
Exp. 8 0.3 0.7
Exp. 9 0.7 2.5
Sum 2.2 7.3

Average 0.2 0.8

To more clearly show the results, the estimation results and errors for each method
used in this study are plotted in Figure 8. The graphs on the left side show OCV, and the
ones on the right side represent the SOC predicted using EKF, EKF with the single LSTM,
and EKF with multi-LSTM.

In Figure 8, the behavior up to 100 s after the discharge is over is expressed, and the
corresponding part is shown as a flat area in the graph.
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However, our proposed method performs OCV estimation immediately after discharg-
ing (just before flat region) without any rest period.
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5.4. Results

First, the estimated OCV was obtained by applying the battery model and the model
parameters obtained using SRA to EKF. The OCV of the battery predicted using EKF had a
difference of at least 1.6 V to a maximum of 3.0 V for each experimental data, and the sum
and average of the errors were 20.4 V and 2.3 V, respectively. When SOC was calculated by
substituting the obtained OCV into (36), SOC errors in the range of 1.9–8.0%, a sum of SOC
errors of 38.0%, and an average of errors of 4.2% were confirmed as the results.

Once the difference between the estimation results obtained using EKF and the actual
OCV is calculated, it can be used as an input to the LSTM with the current and voltage data
measured during discharge. This network can predict the error that the EKF estimation
would have according to the battery behavior, the past operating conditions, and the
current battery condition. Then, this result is applied as a compensation value to the
prior OCV prediction by EKF. When the corrected OCV is obtained by compensation, it is
possible to estimate the improved SOC by inputting it into the OCV–SOC relation.

Table 5 gives the error compensation results when a single LSTM network is used.
By applying a single LSTM to the entire experiments data, the average of errors of OCV
was 4.5 times less compared with using EKF alone. When SOC was calculated using the
corrected OCV, the sum of errors of SOC was reduced from 38.0% to 11.0%, and the average
of errors also exhibited a significant reduction from 4.2% to 1.2%.

Although the results of using a single LSTM are significantly better than those of
using EKF alone, it cannot be said that this structure effectively reflects various factors
with different time scales because it only uses a single LSTM structure with one predefined
sequence length.

To obtain better results by reflecting various factors with different time scales, 10
networks with the best performance based on the sum of errors of OCV among the 50
networks were selected for the multi-LSTM network and ensemble averages. After using
the multi-LSTM and ensemble averages, the OCV estimation error of the entire data
converged between 0.0 V and 0.7 V, the OCV sum of errors became 2.2 V, and the average
of errors became 0.2 V, which is approximately two times more accurate than using EKF
with a single LSTM. Considering the results in terms of SOC, the sum of errors of SOC
decreased to 7.3%, and the average of errors decreased from 1.2% to 0.8%, showing an
accuracy improvement of 33.3% compared to the results of EKF with a single LSTM. The
comprehensive results of this paper are detailed in Table 7 as follows.
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Table 7. Comparison of errors according to each estimation method.

Exp. 1

OCV (V) SOC (%)
Actual OCV, VOC 348.8 Actual SOC, Smea 72.1

Method Value (Vest) Error (Vest − VOC) Method Value (Sest) Error (Sest − Smea)
EKF only 350.7 1.9 EKF only 74.0 1.9

EKF + LSTM 348.8 0.0 EKF + LSTM 71.8 −0.3
EKF + Multi-LSTM 348.3 −0.5 EKF + Multi-LSTM 71.2 −0.9

Exp. 2

OCV (V) SOC (%)
Actual OCV, VOC 347.3 Actual SOC, Smea 70.7

Method Value (Vest) Error (Vest − VOC) Method Value (Sest) Error (Sest − Smea)
EKF only 348.9 1.6 EKF only 72.9 2.2

EKF + LSTM 347.6 0.3 EKF + LSTM 71.2 0.5
EKF + Multi-LSTM 347.3 0.0 EKF + Multi-LSTM 70.8 0.1

Exp. 3

OCV (V) SOC (%)
Actual OCV, VOC 346.9 Actual SOC, Smea 70.1

Method Value (Vest) Error (Vest − VOC) Method Value (Sest) Error (Sest − Smea)
EKF only 348.6 1.7 EKF only 72.5 2.4

EKF + LSTM 347.2 0.3 EKF + LSTM 70.5 0.4
EKF + Multi-LSTM 346.8 −0.1 EKF + Multi-LSTM 70.0 −0.1

Exp. 4

OCV (V) SOC (%)
Actual OCV, VOC 346.0 Actual SOC, Smea 69.2

Method Value (Vest) Error (Vest − VOC) Method Value (Sest) Error (Sest − Smea)
EKF only 349.0 3.0 EKF only 74.3 5.1

EKF + LSTM 347.2 1.2 EKF + LSTM 71.1 1.9
EKF + Multi-LSTM 346.4 0.4 EKF + Multi-LSTM 69.9 0.7

Exp. 5

OCV (V) SOC (%)
Actual OCV, VOC 345.2 Actual SOC, Smea 68.1

Method Value (Vest) Error (Vest − VOC) Method Value (Sest) Error (Sest − Smea)
EKF only 347.5 2.3 EKF only 72.5 4.4

EKF + LSTM 345.9 0.7 EKF + LSTM 69.6 1.5
EKF + Multi-LSTM 345.5 0.3 EKF + Multi-LSTM 68.9 0.8

Exp. 6

OCV (V) SOC (%)
Actual OCV, VOC 343.2 Actual SOC, Smea 65.8

Method Value (Vest) Error (Vest − VOC) Method Value (Sest) Error (Sest − Smea)
EKF only 345.6 2.4 EKF only 72.7 6.9

EKF + LSTM 343.5 0.3 EKF + LSTM 67.9 2.1
EKF + Multi-LSTM 343.2 0.0 EKF + Multi-LSTM 67.2 1.4

Exp. 7

OCV (V) SOC (%)
Actual OCV, VOC 347.3 Actual SOC, Smea 70.5

Method Value (Vest) Error (Vest − VOC) Method Value (Sest) Error (Sest − Smea)
EKF only 349.0 1.7 EKF only 72.5 2.0

EKF + LSTM 347.7 0.4 EKF + LSTM 70.8 0.3
EKF + Multi-LSTM 347.4 0.1 EKF + Multi-LSTM 70.4 −0.1

Exp. 8

OCV (V) SOC (%)
Actual OCV, VOC 346.2 Actual SOC, Smea 69.5

Method Value (Vest) Error (Vest − VOC) Method Value (Sest) Error (Sest − Smea)
EKF only 349.2 3.0 EKF only 74.5 5.0

EKF + LSTM 346.5 0.3 EKF + LSTM 70.2 0.7
EKF + Multi-LSTM 346.6 0.4 EKF + Multi-LSTM 70.2 0.7

Exp. 9

OCV (V) SOC (%)
Actual OCV, VOC 343.6 Actual SOC, Smea 66.2

Method Value (Vest) Error (Vest − VOC) Method Value (Sest) Error (Sest − Smea)
EKF only 346.6 3.0 EKF only 74.1 7.9

EKF + LSTM 344.6 1.0 EKF + LSTM 69.5 3.3
EKF + Multi-LSTM 344.2 0.6 EKF + Multi-LSTM 68.6 2.4

6. Conclusions

This paper introduces a new OCV and SOC estimation method for lithium-ion batteries
that is based on the compensation of the EKF errors using multi-LSTM networks with
ensemble averages. In this study, the proposed method used EKF to estimate the OCV and
SOC values using a battery model and model parameters calculated from SRA. Afterward,
the errors between the actual and estimated values using EKF were entered into the LSTM
network with the current and voltage data measured during the discharge to generate the
compensation value for accurate OCV and SOC estimation.

In the experiment, when SOC was calculated by EKF only, SOC errors in the range of
1.9–8.0%, a sum of SOC errors of 38.0%, and an average of errors of 4.2% were confirmed
as results. By applying a single LSTM to the entire experiments data, the average of errors
of OCV was 4.5 times less compared with using EKF alone. The sum of errors of SOC
was reduced from 38.0% to 11.0%, and the average of errors also exhibited a significant
reduction from 4.2% to 1.2%.
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After using the multi-LSTM and ensemble averages, the sum of errors of SOC de-
creased to 7.3%, and the average of errors decreased from 1.2% to 0.8%, showing an
accuracy improvement of 33.3% compared to the results of EKF with a single LSTM.

By using EKF and LSTM together, it was possible to estimate the state of the battery
from the standpoint of “Physical-Information”, and the multi-LSTM networks could also
estimate OCV and SOC reflecting the effects of many factors affecting the battery dynamics
with their own time scales. In addition, as the error compensation method that uses a
multi-LSTM structure and a sort of ensemble average has a certain regularization effect
to prevent overfitting, the proposed method is very effective in estimating the state of the
OCV and SOC.

Finally, the method proposed in this paper is suitable for practical applications because
it can accurately estimate the OCV immediately after discharging is over without having
to wait for a rest period, which is usually required for perfect OCV measurements in the
existing method, as shown in Figure 9.
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