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Abstract—Battery storage systems are subject to frequent
charging/discharging cycles, which reduce the operational life of
the battery and reduce system reliability in the long run. As such,
several Battery Management Systems (BMS) have been developed
to maintain system reliability and extend the battery’s operative
life. Accurate estimation of the battery’s State of Charge (SOC) is
a key challenge in the BMS due to its non-linear characteristics.
This paper presents a comprehensive review on the most recent
classifications and mathematical models for SOC estimation.
Future trends for SOC estimation methods are also presented.

Index Terms—Battery Management System (BMS), battery
modeling, battery storage efficiency, state of charge (SOC).

I. INTRODUCTION

W ITH the global trend to replace fossil fuel-based elec-
tricity generation by renewable energy sources, devel-

oping reliable energy storage systems have been prioritized
in the agenda of worldwide utilities, manufacturers and re-
searchers. Among various storage systems, battery technology
has seen a revolution during the last decade due to its low
greenhouse effect, high power density and low self-discharging
rate [1], [2]. Reference [3] proposed a water and battery
storage system for 100% renewable energy generation in
Saudi Arabia by the year 2040. The Li-Ion battery (LIB)
has supplanted other types such as lead-acid, Ni-MH, Ni-
Cd batteries because of its superior technical advantages in
the face of energy density factors. While the LIB features
high power capacity and extended life cycle, a reliable battery
energy management system (EMS) is essential to maintain
its efficiency and reliability along with its entire operational
life [4]–[6].
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Reference [7] presented a review on an EMS for the
applications of LIB in electrical vehicles (EV). In an EMS,
state of charge (SOC) of the battery is a key parameter that
identifies the entire operational life of the battery. Refer-
ence [8] reviewed various methods of the SOC estimation for
EV applications. The BMS observes the state of the battery
cells and employs several algorithms to precisely normalize
the charging-discharging process. References [9] and [10]
presented various SOC estimation techniques for LIB and
suggested some guidance for future research. SOC estimation
can identify the maximum charging-discharging process to
maintain the consistency and extend the effective life of the
battery along with improving the State of Health (SOH), State
of Function (SOF) and body-temperature [11].

II. BATTERY MODELING

A linear discrete-time state-space procedure is necessary to
estimate the SOC of the battery as shown in Fig. 1(a) and the
below equations:

xp+1 = Apxp +Bpup + wp (1)
yp = Cpxp +Dpup + vp (2)

where xp ∈ real number Rn is the system state vector at
discrete-time index p, up ∈ Rn is the system input, wp ∈
Rn is unmeasured stochastic “process noise” which distresses
the system state, yp ∈ Rn is the system output as well as
vp ∈ Rn is the measurement noise that affects the model
output. Ap, Bp, Cp, Dp represents the dynamics of the system
that depend on specific time-varying battery models.
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Fig. 1. (a) Linear discrete-time system; (b) Nonlinear discrete-time system.
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Fig. 2. Classification of SOC estimation methodologies.

In the case of the nonlinear discrete-time system as shown
in Fig. 1b, the model is represented by (3) and (4).

xp+1 = f(xp, up) + wp (3)
yp = g(xp, up) + vp (4)

where f(xp, up) and g(xp, up) are nonlinear functions that
describe the individual battery models. The above equations
can be reorganized as well according to the requirements of
the system [11], [12].

III. OVERVIEW OF THE SOC ESTIMATION

Classification of the SOC estimation methods can be
grouped into four main categories as shown in Fig. 2 and
further described below.

A. Direct Measurement

In this method, various physical parameters such as voltage,
current, temperature, impedance are used to estimate the
SOC [13], [14]. Among various methods presented under this
category, four methods are considered.
1) Open Circuit Voltage Method (OCVM)

The Open Circuit Voltage (OCV)-SOC method shown in the
Thevenin battery model in Fig. 3 can be expressed by [15],
[16],

V̇P =
i

CP
− VP
RPCP

(5)

e0 = VOC − iRS − VP (6)

V OC(t) = a0 + a1 ∗ S + a2 ∗ S2 + . . . .+ am−1 ∗ Sm−1

(7)

where VOC(t) is the Open Circuit Voltage (OCV) of the battery
model at time t, S(t) is the SOC capability of the Battery;
e0 is the terminal voltage of the battery at SOC = 0%,
am (m = 0, 1, 2, · · · ,m − 1) are the parameters that fit the
relationship for OCV-SOC. RP is the Polarization resistance,
CP is the Polarization capacitance, VP is the Polarization
voltage across RP and CP , RS is the Series resistance, i is the
Current of which a positive value indicates discharging mode
and a negative value indicates charging mode.

Reference [16] investigated the SOC estimation through two
tests namely, the Incremental OCV test and Low-current OCV
test. Reference [17] applied the Controlled Auto-Regressive
and Moving Average model on the EV-BMS using the Back-
Propagation Neural Network (BPNN) algorithm.
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Fig. 3. Thevenin battery model structure.

Reference [18] presented a simplified method for the SOC
estimation. A ±2% error rate was attained by the Dynamic
Stress Test (DST) scheme as a consequence of the noise
sensitivity instrumental faults. Aging effect is observed even
due to a slight change of temperature and humidity [19], [20].
Reference [21] conducted aging tests for LIB under standard
temperature and (25 ± 2 ◦C), humidity (65 ± 20% RH) and
atmospheric pressure (86 ∼ 106 kPa). To characterize the
OCV-SOC relationship, the Polynomial model showed high
accuracy compared to the Exponential and Gaussian models.
2) Terminal Voltage Based Estimation (TVBE)

A linear relationship can be found between the Electromo-
tive Force (EMF) and the SOC of a battery. At discharging
mode, terminal voltage of a battery depends on the voltage of
the internal impedances. Therefore the terminal voltage of a
battery is also in a linear proportion relationship with the State
of Charge [22]. For this method, the SOC can be calculated
as:

ds

dt
=

i

36Qa
(8)

Qa = Qa0 −Qf (9)

where S is SOC of the cell that can be achieved by using
the integration formula in (8), η is the Faraday efficiency,
Qa is the actual capacity of the battery, Qa0 is the Initial
capacity of the battery, Qf is the Capacity fading due to aging
effect. Reference [23] conducted experimental testing on LIB
by employing the Extended Kalman Filter (EKF) algorithm
where the DC/DC converter was used to allocate energy from
one battery cell to anther. Reference [24] carried out a trial
on a single cell of the Li-ion battery through simulation
analysis. Reported results indicated that the estimated SOC is
0.8 whereas the actual SOC is 0.8121which was satisfactory.
However, these results have not been experimentally validated.
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3) Impedance Based Estimation (IBE)
In this method, the battery impedance is restrained from the

AC frequencies where the voltage and current are memorized
properly at charging and discharging moments [25], [26].
However, the dependency of the battery impedance parameters
on its lifecycle sensitive factors is the main drawback of this
model [27]. From Fig. 4, resistance Rs and inductor L des-
ignate the battery behavior at high frequency. The frequency
section is demonstrated by a Constant Phase Element (CPE)
with a parallel resistance Rp and fractional coefficient Qs∝.
The impedance of the CPE (ZCPE) and entire model (ZModel)
can be expressed as:

ZCPE(s) =
1

Qs∝
(10)

Zmodel(s) = Ls +Rs +
Rp

1 +RpQs∝
(11)

V OC(t) = i ∗ Zmodel(s) + e0 (12)

SOC = f−1(VOC(t)) (13)

where VOC(t) is the Open Circuit Voltage, e0 is the terminal
voltage and i is the flowing current of the battery at time t.
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Fig. 4. Battery impedance equivalent circuit model.

Reference [28] presented a circuit model for the
LiNi0.80Co0.15Al0.05O2 battery where the Odd Random
Phase-Electrochemical Impedance Spectroscopy and the sym-
metric cell tactic were appropriately implemented. Refer-
ence [29] applied the impedance spectroscopy method for
three several types of Lithium-ion pouch cells considering the
SOC and temperature from 10% to 90% and −10◦C to +40◦C
respectively. The authors concluded that SOC upturns by
decreasing impedance rating with the incremental temperature.
Reference [30] employed a 15.4 Ah NCM/graphite LIB for
SOC estimation where the Warburg impedance percentage was
applied to evaluate the ability of the battery performance.
4) Coulomb Counting (CC)

The Coulomb Counting (CC) method is also known as the
ampere-hour (Ah) method. Mathematically, the SOC can be
calculated from,

SOC(t) = SOC(t0) +
1

Cn

∫ t0+t

t0

Ibat(dτ) (14)

where SOC(t0) is the preliminary SOC of the battery, Cn

is the nominal capacity of the battery, ibat is the charg-
ing/discharging current of the battery. Since several factors,
such as temperature, discharging current, battery cycle life,
and aging effect on the accuracy of the CC method, a mod-
ified CC method is anticipated to improve the conventional

method [31], [32]. The corrected current Ic(t) is in a quadratic
relationship with the conventional current I(t) as in (15).

Ic(t) = m2I(t)
2 +m1I(t) +m0 (15)

where m2, m1 and m0 are constant values which can be
obtained from the practiced investigational statistics. Refer-
ence [33] studied the CC-SOC estimation by the combination
of Peukert’s Law and the coulombic efficiency algorithm.
Reference [34] implemented an experimental combination of
the Adaptive Neuro-Fuzzy Inference System (ANFIS) and
CC method (Fig. 5). From this investigation, the mean and
maximum errors were obtained at 4% and 7% respectively.
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Fig. 5. Procedure of SOC estimation technique.

Reference [35] considered LIB from CGR 18650D Pana-
sonic for the OCV-CC SOC estimation where only 1% error
was reported. However, temperature increases drastically when
the discharging rate increases more than 0.8C. Reference [36]
estimated the SOC through CC method with the help of
calibrating SOH for 2.3 Ah LIB. Battery charge status was
controlled via the Constant Current-Constant Voltage (CC-CV)
scheme. The estimation error was below 1.905% owing to the
involvement of the SOH factor.

B. Adaptive Based Estimation

The adaptive systems are self-processing methods that can
be determined to fulfill its targeted value [37], [38]. BPNN,
Fuzzy Neural Network (FNN), Radial Basis Neural Network
(RBNN) and Support Vector Machine (SVM) are employed
for SOC estimation. The adaptive methods offer better em-
ulation to the batteries chemical effect and nonlinear charge
characteristics [39].
1) Back Propagation Neural Network (BPNN)

BPNN is widely used to estimate the SOC because of its
self-learning and nonlinear characteristics. Due to the nonlin-
ear nature of the SOC estimation, artificial neural network can
forecast the up-to-date SOC by means of updating the voltage,
current and battery temperature. The BPNN comprises an input
layer, an output layer and a hidden layer [40], [41]. In the case
of the SOC estimation procedure, the layers contained three
input neurons (Battery-cell: voltage, current and temperature),
one output neuron (SOC) and n number of hidden neurons as
shown in Fig. 6 [42].

Total input of a hidden layer neuron or overall output of the
input layer neuron can be calculated by:

netin =

3∑
i=1

xiwin + bn (16)

where netin is the total input of hidden layer neurons n, xi
is the input to the hidden layer, win is the weight between
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Fig. 6. Structural design of the BPNN based SOC estimation scheme.

input layer neuron i and hidden layer neuron n, bn is a bias
of the hidden layer neuron n. In the hidden layer neuron, the
applied activation function is the tangent function which can
be calculated as:

hn = f(netin) =
1− exp(−2netin)

1 + exp(−2netin)
(17)

The total input of the output layer neuron o can be calculated
as:

neto =

n∑
i=1

hiwi + k (18)

where neto is the total input of the output layer neuron o, hi
is the value of the hidden layer to output layer neuron i, wi is
the weight between the hidden layer neuron i and output layer
neuron o, k is a bias of the output layer neuron o, n is the
number of hidden layer neurons. In the output layer neuron,
the applied activation function is a sigmoid function which
can be calculated as:

hn = f(neto) =
1

1 + exp(−neto)
(19)

Reference [43] presented the Backtracking Search Algo-
rithm (BSA) based BPNN SOC estimation for the LIB. The
DST and Federal Urban Driving Schedule (FUDS) drive
profiles were investigated at three different temperatures (0,
25 and 45◦ C). The research ensured the reduction of the Root
Mean Square Error (RMSE) for the BPNN-BSA model at 25◦

C compared to RBNN-BSA, Generalized Regression Neural
Network-BSA and Extreme Learning Machine-BSA models.
Reference [44] considered the Particle Swarm Optimization
(PSO) algorithm for the SOC estimation of LIB. The achieved
RMSE of several tests, such as the Beijing Dynamic Stress
Test (0.58%), FUDS (0.72%) and US06 (0.47%) showed better
results compared to RBNN. Reference [45] used the Lead-acid
battery for devising the optimum employment with the BPNN
algorithm.
2) Fuzzy Neural Network (FNN)

The adaptive neuro-fuzzy inference system (ANFIS) and
the local linear model tree are the foremost two types of
classification for Fuzzy logic Neural Network based SOC esti-
mation methods. ANFIS comprises Fuzzy and Neural Network
compensations [46], [47].

Reference [48] applied a power prediction scheme on the Li-
Ion cell and adopted the ANFIS system to estimate the SOC by
the EKF algorithm. Reference [49] applied the Neuro-Fuzzy

algorithm with the MANHATTAN driving cycle where the
Maximum absolute error for the SOC estimation was less than
0.1%. Reference [50] tested PLF08150240 LIB using the fuzzy
logic control-neural network procedure through the Urban
Dynamometer Driving Schedule (UDDS) test for Hybrid EV
(HEV). Reference [51] presented the SOC estimation method
with the help of Stochastic FNN (SFNN) as shown in Fig. 7.
Here, xlj are inputs of the SFNN model, ylj is SOC, τ lj is the
activation function, wl

j is weight and ψl
j is the integration

function.
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Fig. 7. Nodal structure of SFNN.

3) Radial Basis Neural Network (RBNN)
In case of inadequate statistics of a system, RBNN (shown

in Fig. 8) is the most useful methodology to estimate
SOC [52].
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Fig. 8. Structural design of the RBNN SOC estimation scheme.

In case of the Radial Basis Function based SOC estimation
technique, output Y (X) is the combination of the hidden layer
neurons with the synaptic weights wi which is calculated as:

Y (X) =

N∑
i=1

wiφi(X,Ci) (20)

φi(X,Ci) = φ(∥X − Ci∥) (21)

where N is the number of hidden layer neurons and
φi(X,Ci)is a radial basis function that is the difference
between the input vector X = (x1, x2, · · · , xn) and center
C(Ci ∈ Rn). Reference [53] presented a Robust Sliding Mode
Observer (RSMO) method and applied the Forgetting Factor
Recursive Least Square algorithm of a Battery Equivalent
Circuit Model (ECM) for the SOC estimation. Reference [54]
presented some results for a twelve series-connected LIB cell.
The RBNN based uncertainty quantification algorithm was
used to construct a Response Surface Approximate Model
(RSAM). Reference [55] conducted a test for the RBNN SOC
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estimation (Fig. 8) with the amalgamation of the Orthogonal
Least-Squares (OLS) and Adaptive Genetic Algorithm (AGA)
where the Maximum Absolute Percentage Error was 1.82%.
4) Support Vector Machine (SVM)

The SVM technique is applied for nonlinear estimation
problems owing to its insensitiveness to system minor vari-
ations [56]. If x is the input vector containing battery parame-
ters, µis a real number coefficient, σis the deviation and ∅(x)
is the diagramming from the original to the targeted space,
the target function and the regression R of the SVM can be
obtained from,

f(x) = µ∅(x) + σ, µ ∈ Rnσ ∈ R (22)

R[−→w , b, β] = 1

2
∥−→w ∥2 + ∁

L∑
j=1

(β+
j , β

−
j ) (23)

In (23), 1
2∥

−→w ∥2 is the flatness function and the regu-
lation constant ∁ is used as a trade-off between the mar-
gin and the magnitude of the slack variables β+

j and β−
j .

Reference [57] utilized eight types of cyclic situations and
seven battery parameters for the Support Vector Regression
(SVR) based SOC estimation by the double search procedure.
Reference [58] tested the LiFePO4 by the Cross validation
algorithm. Reference [59] presented the SVM SOC estimation
on the LiFeMnPO4 with the cross validation technique.

C. Filter Based Estimation

In case of filter based estimation, the feedback technique
is applied to modify the output by following its input. It
is a self-designing system that can routinely regulate the
output [60]. Among all the types of methodologies, three types
are described below:
1) Kalman Filter (KF)

The battery SOC estimation determined by a real-time
quantity is problematic and costly to precisely measure [61].
From [62], the Thevenin model was preferred to design the
battery configuration (shown in Fig. 9). From this model,

Vp = − Vp
CpRp

+
IL
Cp

(24)

Vt = VOC − Vp − ILRs (25)

xp+1 = Apxp +Bpup +Gp (26)

yp = g(xp, up) + δp (27)

Ap =

[
exp(−∆t/γ) 0

0 1

]
(28)

Let xp be the State vector, yp is the output vector, up
is the Input vector, Ap is the Plant matrix, Bp is the Input
matrix, Cp is the output matrix, Sp is the SOC of pth sample
time. γ = Cp ∗ Rp is the time constant, Gp is the Gaussian
white noise with zero mean and the covariance Pp, δp is the
Gaussian white noise with zero mean and the covariance Sp.
yp = g(xp, up) is known as the nonlinear output function.
The detailed iteration diagram of the KF algorithm is shown
in Fig. 10. Reference [63] conducted tests on Series HEV
LiFePO4 using the Unscented Kalman Filter (UKF) procedure
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Fig. 9. Thevenin model to describe KF method.
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Fig. 10. Iteration diagram for Kalman Filter method.

to diminish the sampling noise with the enhancement of SOC
perfection.

Bp =

(
[1− exp(−∆t/γ)]Rpr

−∆t/C

)
(29)

Cp =

[
−1

dVOC,p

dSp

]
(30)

g(xp, up) = VOC,p − IL,pRs − Vp,p (31)

The estimation error and the reduction of fuel depletion was
1.5% and 5% respectively. Reference [64] used the Differential
Voltage (DV) exploration on the LIB for the combination
of Extended KF (EKF) and Particle Filter SOC estimation.
Reference [65] applied the combination of the UKF and EKF
algorithm on the LiNMC battery with the first order RC ECM.
Reference [66] presented a comparison between [67] and [68]
with the execution of the EKF algorithm. Reference [69]
presented the Adaptive UKF with a noise statistics estimator
to precisely establish the SOC of the Battery Energy Storage
System (BESS).
2) H infinitive (Hα)

To limit the influence of disturbances on the SOC esti-
mation, the H infinitive (H ∞) method has been adopted
in [70]. The measurement inaccuracy and system noise can be
restricted under a fixed attenuation level by the H infinitive
method (Fig. 11), by which the SOC estimation accuracy
can be precisely improved. To implement H∞, the following
equations are used,(

z
v

)
= P (s)

(
w
u

)
(32)

P (s) =

[
P11(S) P12(S)
P21(S) P22(S)

]
(33)

where P is a plant matrix, u and w are the exogenous and
manipulated inputs respectively. Two outputs are obtained
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Fig. 11. General structure of the H∞ method.

from the plant matrix, first is the error signal z which has to
be minimized and the other one is v which is used to govern
the system. The purpose of this method is to find the gain
value K of the controller for which model error Ft(P,K) is
reduced.

u = K(s).v (34)
z = Ft(P,K).w (35)

Ft = P11 + P12 K(I + P22 K)
−1
P21 (36)

Reference [71] implemented the H Infinity-EKF on 3,200
Lithium-ion cells by the New European Driving Cycle
(NEDC). Reference [72] presented one order ECM of the
LIB with the help of the Variable Forgetting Factor Recursive
Extended Least Squares (VFFRELS) to identify the battery
parameters. Results show improved Adaptive H-Infinity Filter
(AHIF) performance which was superior to the estimate by
SOC through regulating the noise covariance. Reference [73]
implemented the H infinity filter (HIF) for the OCV-SOC
estimation method to lessen the time and cost of the LiFePO4
battery. Reference [74] proposed a joint algorithm called the
HIF-UKF method and compared this method with the PSO-
UKF based SOC estimation by the DST test and UDDS test.
Though this method is fast, its accuracy is still questionable.
3) Recursive Least Squares (RLS)

Recursive Least Square (RLS) is based on the adaptive
filter scheme where the coefficients are found recursively and
the least square cost function is minimized according to its
input signals. Though the RLS algorithm is a speedy pattern
compared to others, errors can occur due to the computational
complexity [75]. In Fig. 12, ∁ is the cost function that has
to be minimized by the forgetting factor µ . If ∂(n) is the
looked-for signal and e(n) is the error signal with the filter
coefficients ωn , the cost function can be calculated as:

∁(ωn) =

n∑
j=1

µn−1e2(j); 0 < µ < 1 (37)

e(n) = ∂(n)− ∂̂(n) (38)

Reference [76] studied the resistor and capacitor model of
the Battery ECM by the Decoupled Weighted Recursive Least

Square (DWRLS) method and presented a comparison with
the Least Square method. Reference [77] conducted tests on a
2.2 Ah LIB where the Multiplies, Divides, and Square Roots
were utilized to estimate the model accuracy. Reference [78]
obtained less than 2.8% absolute error by applying the Mul-
tiple Adaptive Forgetting Factor-RLS algorithm on the EV

Variable Filter
ω (n)

Update
Algorithm

Δω (n) e (n)

∂ (n) ∂ (n)u (n)

Fig. 12. Fundamental structure of the RLS method.

for LiFePO4. Results were compared with the unadventurous
Single Fixed Forgetting Factor-RLS technique.

D. Model Based Estimation

In this method, a battery model is set up with an advanced
algorithm to establish the status of a battery from its measuring
factors; voltage, current and temperature [79]. The electrical
and electrochemical model based SOC estimations are re-
viewed below [80].
1) Electrical Circuit Model (ECM)

In the case of the Electrical circuit based SOC estimation
method, the battery model is primarily considered [81]. A
general calculation of the battery model is determined by (39)
and (40):

VOCV = f(SOC) (39)

SOC(k) = SOC(k − 1) + I(k − 1) ∗ Ts
3600Cn

(40)

where VOCV is OCV, Cn is the capacity and Ts is the
charging/discharging time of the battery-cell. Reference [82]
designed an electrical sub-model and a thermal sub-model
where several temperatures were applied to assess the internal
heat generation of the SOC estimation. The EKF algorithm
was applied to the LiFePO4 battery with 2.31% estimated
RMSE. Reference [83] calculated the battery pack voltage
and cell voltage separately (shown in Fig. 13) and applied
the dynamic voltage difference method for the ten series con-
nected Li(NiCoMn)O2 battery. Reference [84] applied EKF-
Ah algorithm for three different LIB models.

Equalization
Circuit

Equalization
Circuit

iL ib

ic

ib

ic Vmin

iS

Vmax

(a) (b)

Fig. 13. (a) Vmax in charging procedure; (b) Vmin in discharging procedure.

2) Electrochemical Model (EChM)
In the case of the SOC estimation by the Electrochemical

model (EChM), diffusion, intercalation, electrochemical kinet-
ics of a battery concerning equations are utilized [85].
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TABLE I
SUMMARY OF SOC ESTIMATION TECHNIQUES

Method Advantage Limitation
OCVM [17], [18] Easy for application.

Precision is high.
Long time resting is necessary to reach the equilibrium condition.
Only applicable when the battery is not charging or discharging.

TVBE [22], [24] Terminal Voltage is approximately linear proportional to
SOC.
At different temperature and discharging current, the
method is suitable.

The estimated error is high.
At the end of battery discharge, terminal voltage drops down suddenly.

IBE [25], [26] High accuracy is achieved when impedance is normalized.
Low cost.

Result is affected by following the temperature and age factor.
Suitable only for charging condition with the AC frequency.

CC [34], [35] Easily applicable.
Power distortion is low.

Initial SOC is mandatory to estimate current SOC.
Cumulative error is high due to the undefined disturbances.

BPNN [40], [41] Capable of preparing the input output nonlinear
relationship.
Easy to implement.

Data training is necessary before implementing.
More neuron is required to improve the accuracy.

FNN [49], [51] Performs well in non-linear dynamic system.
Effective at any degree of consideration.

Computational complexity and processing scheme is costly.
Aging effect can’t be considered.

RBNN [52], [55] The operation speed and estimation speed can meet the
expected demand.

Costly and processing complexity.
Large sized memory is needed to train the data.

SVM [56], [59] SOC estimation accuracy is faster and accurate.
In high dimensional and non-linear model, it performs
well.

To modify the model parameters, trial and error processing is
necessary.
Processing complexity.

KF [64], [65] Good accuracy in non-linear dynamic states. Robustness becomes limited for highly non-linear states.
Diverge the accuracy for calculation complexity.

Hα [71], [72] High accuracy and low computational cost. Hysteresis and age affect the accuracy.
RLS [76], [77] Accuracy is high.

Noise is eliminated from the measured signal.
Computation is heavy.
Operation becomes unstable due to the inappropriate forgetting factor.

ECM [81], [82] Suitable for the new batteries. Time consuming and costly.
Aging effect is high.

EChM [85], [86] Good precision owing to battery internal chemical
involvement.

Error is high owing to the chemical complexity.

Reference [86] considered three different observers, namely
the EKF, Kalman smoother and particle filter where the
dual-nonlinear observer was utilized to estimate the SOC
and reduce the forfeiture of cycling time with a proper
electrochemical model (shown in Fig. 14). Reference [87]
presented the Electrochemical based SOC estimation for an
LMO battery and verified its robustness using the Lyapunov
stability method. The actual cell current (ic) of the cell voltage
(V ) was primarily determined by following the charging (iS),
discharging (iL) and balancing (ib) current. Reference [88]
used the Partial Differential Equation as a key function where
the EKF was applied on the LIB.
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Fig. 14. Schematic structure of the electrochemical mode.

IV. FUTURE CHALLENGES AND DISCUSSION

The accuracy of the SOC estimation methods has become
important due to the storage applications of a Electric Ve-
hicle (EV) and Renewable Energy (RE). The accuracy of
SOC estimation is necessary to monitor the medium level
battery storage section along with the giant system. Recently,
researchers have employed several types of SOC estimation

methods for BMS and so the estimation potentiality is greatly
enhanced. Two main challenges can be summarized from
using the SOC estimation field: (1) improvement of the SOC
estimation efficiency, (2) cost effective implementation of the
proposed method [89], [90]. Thus a trade-off between the SOC
estimation accuracy and the computational complexity of the
system should be evaluated. Table I summarizes various types
of SOC estimating methodologies from different aspects..

V. CONCLUSION

This paper presents SOC estimation techniques for only
single battery cells. The previous technique will be helpful for
SOC estimation with respect to cell strings and battery packs.
The main conclusions of this comprehensive review can be
summarized in the following bullet points:

• In the case of the direct method, the SOC estimation
error increases with the incremental temperature and its
aging effect. Moreover, it results in delays when further
estimating the current SOC.

• The adaptive methods are more accurate due to their feed-
back schemes. Among the classification of the adaptive
system methods, more accuracy and less-complexity are
obtained from the BPNN technique compared to others.
However, this method should be experimented using a
practical environment.

• Among the various filter based SOC estimation methods,
KF is more popular compared to the others. Nevertheless,
the cell inconsistence and the temperature effect the
accuracy of the SOC estimation method.

• The electrical circuit based SOC estimation method
implements the OCV for the model-based estimation.
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The charging/discharging cycles and the measurement
accuracy affect the wide implementation of this method.
The electrochemical-based estimation is related to the
chemical reaction within the battery.

• Developing a suitable battery model is vital for the SOC
estimation procedure that redirects the impact of the
battery parameters i.e. internal resistance and capacity
fading.
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