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Abstract: This paper presents a method for use in estimating the state of charge (SOC) of lithium-ion
batteries which is based on an electrochemical impedance equivalent circuit model with a controlled
source. Considering that the open-circuit voltage of a battery varies with the SOC, an equivalent
circuit model with a controlled source is proposed which the voltage source and current source
interact with each other. On this basis, the radial basis function (RBF) neural network is adopted to
estimate the uncertainty in the battery model online, and a non-linear observer based on the radial
basis function of the RBF neural network is designed to estimate the SOC of batteries. It is proved
that the SOC estimation error is ultimately bounded by Lyapunov stability analysis, and the error
bound can be arbitrarily small. The high accuracy and validity of the non-linear observer based on
the RBF neural network in SOC estimation are verified with experimental simulation results. The
SOC estimation results of the extended Kalman filter (EKF) are compared with the proposed method.
It improves convergence speed and accuracy.

Keywords: lithium-ion batteries; state of charge; fraction order; electrochemical impedance model;
non-linear observer based on RBF neural network

1. Introduction

With the shortage of resources and environmental pollution gradually becoming more
serious, people are paying more attention to Battery Electric Vehicles (BEVs) due to their
advantages of environmental protection, clean energy, low cost, high technology [1]. In
order to ensure the safe and reliable operation of BEVs, the following items are essential
components of BEVs: increasing the driving range, extending the battery life, reducing the
battery cost [2–4], and a Battery Management System (BMS). SOC estimation is one of the
main functions of a BMS [5]. Its value is directly related to battery life and safety. However,
SOC cannot be measured directly, it can only be estimated by measuring variables such as
current and voltage [6].

A battery model with small error and high accuracy is required, which can not only
improve the accuracy of battery state estimation but also provide accurate monitoring of
the important status of batteries [7]. Many methods have been proposed to estimate battery
SOC, which can be divided into four main methods: open-circuit voltage methods, current
time integration methods [8], data-driven methods [9,10], and model-driven methods.
However, the first three methods have disadvantages such as large estimation errors, low
reliability, and being time-consuming [11]. Therefore, the model-based methods have been
studied by researchers because of their high interpretability and accuracy. The integer-order
model is the most widely used in SOC estimation. For example, Chen et al. [12] proposed
an improved Thevenin model to obtain a more accurate battery model. Considering envi-
ronmental influence, Chen et al. [13] improved the battery model with the Butler–Volmer
(BV) equation, which can solve the problem of large current and temperature variation.

However, compared to integer-order components, unique fractional-order compo-
nents, such as CPE, can better describe the amplitude–frequency characteristics of the
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double layer inside the battery. For example, Liu et al. [14] proposed a fractional-order
model based on the PNGV model, which considers the effects of many battery charac-
teristics. Liu et al. [15] proposed a simplified fractional-order equivalent circuit model
(FO-ECM) with high precision, which can better characterize the non-linear dynamic be-
haviors. However, the electrochemical process of a battery is not completely considered
in this model. Electrochemical impedance spectroscopy (EIS) is widely used to establish
fractional-order models, which combines both electrochemical reactions inside batteries
and SOC estimation. Li et al. [16] proposed a SOC estimation method based on an equiva-
lent circuit model in which the parameters are determined using simulated electrochemical
impedance spectroscopy. Then, Hu et al. [17] established a fractional-order equivalent
circuit model of lithium-ion batteries based on electrochemical impedance spectroscopy
using constant-order and fractional-order characteristics such as Warburg. To improve the
accuracy, Xiong et al. [18] proposed an online parameter identification method based on a
fractional impedance model, which obtains the solid electrolyte interphase resistance to
predict the remaining capacity. On this basis, Mawonou et al. [19] proposed a time-domain
and frequency-domain fractional-order model parameter identification method based on a
recursive least squares algorithm. It was proved that the fractional-order model had better
performance and robustness than the classical integer-order model.

Many non-linear state estimation algorithms and adaptive filters have been studied.
Typical algorithms are the Kalman filter [20,21], Luenberger observer [22], PI (proportional-
integral) observer [23], H-infinity observer [24,25], sliding mode observer [26,27], particle
filter [28–30], etc. In the SOC estimation methods based on the power battery model, the
most common method is the Kalman filter, which is often used to estimate SOC based
on linear battery models, but most battery models are non-linear. Therefore, many non-
linear state estimation algorithms and adaptive filters are proposed to estimate or infer the
internal state of batteries. To determine the non-linear characteristics of the battery mode,
the improved Kalman filter has been further studied. Charkhgard et al. [31] proposed a
method of SOC estimation combining a neural network (NN) and an extended Kalman
filter (EKF) for SOC estimation. However, this method is based on a data-driven battery
model, which has the disadvantage of poor interpretability. Focusing on this problem,
Chen et al. [32] designed a SOC estimation method based on an EKF and a non-linear
battery model which divides the model into a non-linear, open-circuit voltage and a second-
order resistance-capacitance model. To improve the accuracy of the EKF, Zhang et al. [33]
proposed a method that combines an unscented Kalman filter (UKF) and a comprehensive
battery model. The system state variables are calculated recursively through a non-linear
mapping process, which effectively reduces the error. However, the basic principle of the
EKF algorithm is to linearize the non-linear function via first-order Taylor series expansion.
This local linearization will result in large errors in the battery model when it is highly
non-linear, which has limitations.

Therefore, to further improve the accuracy of SOC estimation, a non-linear SOC
estimation observer was widely researched. Ouyang et al. [34] proposed an SOC non-linear
observer based on the equivalent circuit model. The capacitance and resistance in the battery
model were considered as a non-linear function of SOC and battery temperature, and the
non-linear relationship between open-circuit voltage (OCV) and SOC was considered.
However, parameter uncertainty and unknown disturbance are also key issues that affect
the accuracy of SOC estimation most. In this case, a non-linear observer-based on a neural
network was proposed. Chen et al. [35] designed an output feedback adaptive neural
network controller combining adaptive backstepping technology with the approximation
ability of the radial basis function neural network, which solves the problem of non-linear
and non-strict systems. Zhao et al. [36] proposed an adaptive neural-network-based control
scheme, in which a radial basis function neural network was adopted to compensate for the
actuator gain fault. To further improve the accuracy of the SOC estimation, Chen et al. [37]
estimated the uncertainty in the battery model online through the neural network and
designed a non-linear observer based on the radial basis function neural network to
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estimate the SOC of the battery, which was proved to have faster convergence speed and
higher precision.

The above methods only focus on integer-order models and take no consideration of
the characteristics of fractional-order models. In this paper, a non-linear observer for SOC
estimation with an RBF neural network, considering characteristics of lithium-ion batteries,
and a fractional-order model are developed. The main contributions in this paper are
(1) a fractional-order electrochemical impedance equivalent circuit model of a controlled
source with the interaction of voltage source and current source is established based on
electrochemical impedance spectroscopy; (2) a non-linear observer for SOC estimation
with an RBF neural network is improved to estimate the uncertainty in a battery based
on the fractional-order model. The remaining parts of this paper are organized as follows.
Section 2 provides the fractional-order electrochemical impedance equivalent circuit model
for lithium-ion batteries. Section 3 introduces the non-linear observer for SOC estimation
based on a neural network. Section 4 presents the results of the simulation to verify the
feasibility and superiority of the model. Finally, the conclusion is delivered in Section 5.

2. Design of Battery Model

When building a battery model, the uncertainty of the model is often large due to
various reasons, and the error of the SOC estimation is large. In this paper, using the
uncertainty of an RBF neural network estimated in a battery model online, the SOC of a
battery could be estimated more accurately. In order to accurately estimate the SOC of a
battery, an intuitive and comprehensive battery equivalent circuit model was adopted.

In the modeling process of lithium-ion batteries, the characterization parameters used
are the voltage, the current and the temperature of the battery. These parameters are
acquired by the method of time domain data acquisition. Compared with time domain
signals such as voltage, current and temperature, the impedance-frequency relationship of
lithium-ion battery in a specific frequency range constitutes EIS (Electrochemical impedance
spectroscopy). EIS impedance spectroscopy is a non-invasive electrochemical analysis
method. Its measurement results can not only analyze the performance degradation and
aging state of batteries, but also provide data support for battery modeling and low-
temperature heating strategies. It is related to multiple parameters, such as SOC estimation,
internal temperature monitoring, SOH life estimation and internal failure prediction. In the
EIS measurement process, the general frequency band covers 0.1Hz-10kHz, the excitation
and response signals are weak and usually less than 5mV, the measurement period is long
and generally within tens of seconds and minutes, the signal-to-noise ratio is below -85dB,
and the time window of measurement is short be less than or equal 1 second. So EIS
measurement method is too complicated, and the online measurement is difficult.

As shown in Figure 1, a typical EIS impedance spectrum is usually displayed on a
negative Nyquist Diagram, with the real part of the impedance on the X-axis and the
negative imaginary part of the impedance on the Y-axis. With X-axis as reference, the left
side is the high frequency band. The intersection of this curve and the abscissa is the ohmic
resistance of the lithium battery; the middle is the medium frequency band. The shape and
parameters of this curve are formed at the interface between the lithium battery motor and
the electrolyte. The electric double layer is related and is dominated by the RC parallel
connected circuit, which includes the constant phase angle element (CPE); the right side is
the low frequency band, and the EIS curve is a straight line with a constant slope, which is
closely related to the interior of the lithium-ion active material particles. related to the solid
diffusion process. It can be seen from the curve shape of EIS that lithium-ion batteries have
typical fractional-order characteristics, while in the analysis process of EIS, a more accurate
expression can be obtained by replacing the RC parallel component by fractional-order
components. Therefore, in the ordinary second-order RC circuit model, the two capacitors
are replaced by fractional-order components, and the battery model will be more accurate.
The electrochemical impedance equivalent model is shown in Figure 2.
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Figure 2 shows a battery electrochemical impedance equivalent circuit model with
two subcircuits that interact with each other with a voltage-controlled voltage source and
current-controlled current source. The left circuit in Figure 1 is used to simulate the SOC of
a battery and the remaining operating time. The capacitance Cb is used to represent the
total charge stored in a battery, and the Rsd is the self-discharge resistance. The capacitance
Cb value is the rated capacity of the battery QN: Cb = QN. When the battery is charged, the
charge amount on the capacitance Cb is set as Q and the charging current as I. In addition,
SOC =

∫ t
0 i(t)dt/QN = Q/QN = Cb ·VSOC/QN =VSOC is obtained by Q = Cb·VSOC.

In Figure 2, VSOC quantitatively represents the SOC of batteries, and VSOC ∈ [0 V, 1 V]
corresponds to 0–100% of the battery SOC. Voc(SOC) is the OCV of batteries. The non-
linear mapping of SOC to OCV of batteries VOC = f (VSOC) = f (SOC) can also be fitted with
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polynomial function. VB is a directly measurable battery end voltage. R0, R1 and R2 are
ohm resistors, and V1 and V2 are the terminal voltages of CPE1 and CPE2.

The mathematical model of the battery model shown in Figure 2 is established as follows:
Dr1 V1 = − 1

R1(SOC)C1(SOC)V1 +
1

C1(SOC) IB

Dr2 V2 = − 1
R2(SOC)C2(SOC)V2 +

1
C2(SOC) IB

.
VSOC = − 1

RsdCb
VSOC − 1

Cb
IB

VB = VOC −V1 −V2 − R0(SOC)IB

(1)

where Dr
t is used to represent the derivative or integral of arbitrary-order r with respect to

t. The Grunwald–Letnikov definition is used in this paper [38].
Considering modeling errors, sensor measurement errors and unknown interference

in real processes, the above Equation (1) battery model can be rewritten as follows:{
Drx(t) = A(x)x(t) + B(x)u (t)

y(t) = Cx(t) + D(x)u(t) + f (x(t) ) + ϕ(x, IB)
(2)

where x(t) = [V1(t) V2(t) SOC(t)]T is the state vector; y(t) is the battery end voltage VB
which is the output of the system; u(t) is the battery current IB, which is the system input;
r = [r1 r2 1]T is the order vector of the system; ϕ(x, IB) is the uncertain item. Matrices A, B,
C and D are as follows:

A(x3) =

 −h1(x3) 0 0
0 −h2(x3) 0
0 0 −a

, B(x3) =

 g1(x3)
g2(x3)
−b

, C =
[
−1 −1 0

]
, D(x3) = −g3(x3)

h1(x3) =
1

R1(x3)C1(x3)
, h2(x3) =

1
R2(x3)C2(x3)

g1(x3) =
1

C1(x3)
, g2(x3) =

1
C2(x3)

,
a = 1

RsdCb
b = 1

Cb
, g3(x3) = R0(x3)

ϕ(x, IB) =
[

0 0 ψ(x, IB)
]T

(3)

The function f (x(t)) is widely used to represent OCV-SOC relationships for many
batteries, which are expressed as:

f (x(t) ) =
M

∑
k=0

dkx(t) k (4)

where dk(k = 0, 1, . . . M) is the factor of f (x(t)). According to the relationship between
OCV-SOC in batteries, f (SOC) is a monotonic increasing function, and the easy Equation (4)
is Lipschitz-continuous in the range of 0 ≤ SOC ≤ 1, then ‖ f (SOC1) − f (SOC2)‖ ≤
γ‖SOC1 − SOC2‖, where γ is the Lipschitz constant.

The coefficient of matrix A(x) in Equation (3) is related to the charging and discharging
time constant, whose magnitudes are generally determined in the battery system. Therefore,
the time constants can be the average value of the charge and discharge time constants
under different SOCs, which are denoted as R1cC1c, R2cC2c. In this way, Equation (2) can be
rewritten as {

Drx(t) = Ax(t) + B(x)u (t)
y(t) = Cx(t) + D(x)u(t) + f (x(t) ) + ϕ(x, IB)

(5)

where A =

 −
1

R1cC1c
0 0

0 − 1
R2cC2c

0
0 0 −a

 =

 −m 0 0
0 −n 0
0 0 −a

, m, n > 0.

Remark 1. Resistance and capacitance in an equivalent circuit can be assumed to be positive and
bounded. Due to the protection of BMS, the charging and discharging current of the batteries is
limited, and all states of the battery system are bounded by the non-limit current of the batteries.
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Therefore, it can be obtained that h1(x3) and h2(x3) in Equation (3) are positive and bounded, and
IB(t), x(t) and g1(x3), g2(x3), g3(x3) are bounded.

3. Design of Non-Linear State Observer Based on RBF Neural Network

Based on improved fractional-order electrochemical impedance equivalent circuit
model with a controlled source and electrochemical impedance spectroscopy in Section 2, a
non-linear observer based on a neural network, where an RBF neural network is designed
to approximate the uncertainty in the battery model online, is shown in this section.

The model is shown in Equation (6):{
Dr x̂(t) = Ax̂(t) + B(x̂)u (t) + L(y− ŷ)

ŷ(t) = Cx̂(t) + D(x̂)u(t) + f (x̂(t) ) + ϕ̂(x̂, IB)
(6)

In the above equation, x̂(t) is state estimation and ŷ(t) is the output estimation of
the actual terminal voltage. L = [l1, l2, l3]T is the observer gain vector to be designed.
ϕ̂(x̂, IB) = ψ̂(x̂, IB) is the estimate value of ϕ(x, IB) in Equation (2). An RBF neural network
used to estimate modeling errors and unmeasurable disturbances, as shown in Equation (7):

ψ̂(x̂, IB) = WTS(ẑ) (7)

where the input vector is ẑ =
[
x̂T , IB

]T . The weight vector is W = [ω1, ω2, · · · , ωn]
T . The

number of nodes in the neural network is N. The activation function vector is S(ẑ) =

[s1(ẑ), · · · , sn(ẑ)]
T , where si(ẑ)(1 ≤ i ≤ n) satisfies:

si(ẑ) = exp

[
−(ẑ− µi)

T(ẑ− µi)

ηi
2

]
(8)

The central point vector is µi, and the width of the Gaussian function is ηi. The
adaptive law of the weight vector is:

.
W = Γ[S(ẑ)(y− ŷ)− KωW] (9)

The positive definite constant matrices to be designed are Γ = ΓT and Kω.

Remark 2. RBF neural networks with sufficient numbers of ganglion points can approximate any
continuous function. Depending on the approximation properties of RBF neural networks, the
uncertainty ψ(x, IB) can be replaced by the following:

ψ(x, IB) = W∗TS(z) + ξ (10)

where W* is the true constant. The input vector is z = [xT , IB]
T . An approximate error is ξ, which

is assumed to be |ξ| ≤ ξN . As ψ(·) is bounded, and the ideal constant weight W∗ is also bounded
‖W∗‖ ≤WM , in which WM is a normal number.

The system error dynamic equation can then be obtained and is shown in Equation (11):

Dr x̃(t) = Ãcl x̃(t) −
(

B̃− LD̃
)

IB (t) + LF(t) + L(ϕ(x, IB)− ϕ̂(x̂, IB)) (11)

where the error between state estimation and state actual value is

x̃(t) = x(t)− x̂(t) = [Ṽ1(t)Ṽ2(t)SÕC(t)]
T

; F(t) = f (x̂(t))− f (x(t))
Ãcl = A− LC; B̃ = B(x)− B(x̂); D̃ = D(x)− D(x̂)
ψ(x, IB)− ψ̂(x̂, IB) = W∗TS(x, IB) + ξ −WTS(x̂, IB) = −W̃TS(x̂, IB) + ε

(12)
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where
W̃ = W −W∗, ε = W∗T(S(x, IB)− S(x̂, IB)) + ξ (13)

In Equation (13), ε is the bonded term which satisfies |ε| ≤ εM(εM > 0). Since W∗ is a

constant weight vector,
.

W̃ =
.

W holds.
Before giving the main theorems, the following important lemmas are given first.

Lemma 1. A fractional differential equation, Dri xi(t) = gi(t), 0 < ri < 1, is equivalent to the
following continuous frequency distributed model.

∂zi(ω,t)
∂t = −ωzi(ω, t) + gi(t)

xi(t) =
∫ ∞

0 µi(ω)zi(ω, t)dω

µi(ω) = sin(riπ)
π ω−ri

(14)

and for ri = 1, Dri xi(t) = gi(t) can be represented as

∂zi(ω,t)
∂t = −ωzi(ω, t) + gi(t)

xi(t) =
∫ ∞

0 µi(ω)zi(ω, t)dω
µi(ω) = δ(ω)

(15)

where gi(t) represents the input; xi(t) denotes the output;zi(ω, t) is the frequency distributed state
variable; and µi(ω) is the frequency weighting function and δ(ω) is a unit impulse function.

Theorem 1. If the observer gains l1, l2, l3 in L given in Equation (6) to satisfy inequalities (16), the
estimation error of the non-linear observer shown as Equation (6) together with the adaptive law
shown in Equation (9) is uniformly bounded.

l1 < m− 12p3l2
3

p1(a−γl3)

l2 < n
5 −

4p1l1
5p1

l3 < a
γ

(16)

where p1, p2, p3 and γ are positive constants.

Proof. According to Lemma 1, Equation (11) can be exactly converted into

∂z(ω,t)
∂t = −ωz(ω, t) + Aclex(t) + Lh(ex(t)) + (E− LF)ω(t)

ex(t) =
∫ ∞

0 µ(ω)z(ω, t)dω
(17)

where
z(ω, t) =[z1(ω, t) z2(ω, t) z3(ω, t)]T

ex(t) =
[
Ṽb(t) Ṽc(t) S̃OC(t)

]T

µ(ω) =diag
[

µ1(ω) µ2(ω) µ3(ω)
]

=

 sin(r1π)
π ω−r1 0 0

0 sin(r2π)
π ω−r2 0

0 0 δ(ω)


(18)

After the equivalent transformation, the fractional-order model is transformed into a
continuous frequency distributed state model. In order to obtain the convergence of the
designed non-linear observer based on an RBF neural network, the Lyapunov function V(t)
is chosen as follows:

V(t) =
∫ ∞

0
zT(ω, t)µ(ω)Pz(ω, t)dω +

1
2

W̃Γ−1W̃ (19)
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Then, Inequation (20) can be obtained.

.
V(t) =

∫ ∞
0

[
∂zT(ω,t)

∂t µ(ω)Pz(ω, t) + zT(ω, t)µ(ω)P ∂z(ω,t)
∂t

]
dω + W̃Γ−1

.
W̃

=
∫ ∞

0 [−ωz(ω, t) + Ãcl x̃(t) + (B̃− LD̃)IB(t) + LF(t)
+L(ϕ(x, IB)− ϕ̂(x̂, IB))]

Tµ(ω)Pz(ω, t)dω

+
∫ ∞

0 zT(ω, t)µ(ω)P[−ωz(ω, t) + Ãcl x̃(t) + (B̃− LD̃)IB(t)
+LF(t) + L(ϕ(x, IB)− ϕ̂(x̂, IB))]dω− W̃KωW
≤
∫ ∞

0 [x̃T(t)ÃT
clµ(ω)Pz(ω, t) + (B̃− LD̃)IB(t)µ(ω)Pz(ω, t)

+FT(t)LTµ(ω)Pz(ω, t) + (ϕ(x, IB)− ϕ̂(x̂, IB))
T LTµ(ω)Pz(ω, t)]dω

+
∫ ∞

0 [zT(ω, t)µ(ω)PÃcl x̃(t) + zT(ω, t)µ(ω)PL(ϕ(x, IB)− ϕ̂(x̂, IB))

+zT(ω, t)µ(ω)P(B̃− LD̃)IB(t) + zT(ω, t)µ(ω)PLF(t)]dω− W̃KωW
= x̃T(t)(ÃT

cl P + PÃcl)x̃(t) + 2x̃T(t)P(B̃− LD̃)IB(t) + 2x̃T(t)PLF(t)
+2x̃T(t)PL(ϕ(x, IB)− ϕ̂(x̂, IB))− W̃KωW

(20)

Assume P = diag
{

1/2p1 1/2p2 1/2p3
}

and p1, p2, p3 > 0 then:

.
V(t) ≤ −p1(m− l1)x̃2

1+
∣∣∣(p1l1 + p2l2)x̃1 x̃2

∣∣∣+∣∣∣p3l3 x̃1 x̃3

∣∣∣−p2(n− l2)x̃2
2

+
∣∣p3l3 x̃2 x̃3

∣∣−p3(a− γl3)x̃2
3+
∣∣p1[(g1(x3)− g1(x̂3)) + l1(g3(x̂3)− g3(x3))]IB x̃1

∣∣
+|p2[(g2(x3)− g2(x̂3)) + l2(g3(x̂3)− g3(x3))]IB x̃2|
+
∣∣∣p3[l3(g3(x̂3)− g3(x3))]IB x̃3

∣∣∣+∣∣∣p3l3εM x̃3

∣∣∣−W̃KωW

(21)

Because gi(·)(1 ≤ i ≤ 3), xi(·)(1 ≤ i ≤ 3), IB(t) are bounded, Inequation (22) can be obtained.

|p1[(g1(x3)− g1(x̂3)) + l1(g3(x̂3)− g3(x3))]IB|≤ M1
|p2[(g2(x3)− g2(x̂3)) + l2(g3(x̂3)− g3(x3))]IB|≤ M2

|p3[l3(g3(x̂3)− g3(x3))]IB|≤ M3

(22)

Assume (l1 p1 + l2 p2) = N; Inequation (23) can be obtained.

.
V(t) ≤ −p1(m− l1)x̃2

1+
∣∣∣Nx̃1 x̃2

∣∣∣+∣∣∣p3l3 x̃1 x̃3

∣∣∣−p2(n− l2)x̃2
2+
∣∣∣p3l3 x̃2 x̃3

∣∣∣
−p3(a− γl3)x̃2

3 + p1M1

∣∣∣x̃1

∣∣∣+p2M2

∣∣∣x̃2

∣∣∣+p3M3

∣∣∣x̃3

∣∣∣+∣∣∣p3l3εM x̃3

∣∣∣−W̃KωW
(23)

Then, the inequation can be obtained as shown in Inequations (24) and (25).

(1)− p1(m− l1)x̃2
1 + p1M1|x̃1|+ |Nx̃1 x̃2| ≤ − p1(m−l1)

3 x̃2
1 +

3p1 M2
1

(m−l1)
+ 3N2

p1(M1−l1)
x̃2

2

(2)− p2(n− l1)x̃2
2 + |p2M2 x̃2| ≤ − p2(n−l2)

2 x̃2
2 +

2p2 M2
2

(n−l2)

(3)− p3(a− γl3)x̃2
3 + |p3l3 x̃2 x̃3|+ |p3l3 x̃1 x̃3|+ |p3M3 x̃2|+ p3l3εM|x̃3| ≤ − p3(a−γl3)

4 x̃2
3

+
4p3l2

3 x̃2
1

(a−γl3)
+

4p3l2
3 x̃2

2
(a−γl3)

+ 4p3(M3+l3εM)2

(a−γl3)

(24)

− W̃KωW = −W̃Kω

(
W̃ + W∗

)
≤ −
‖Kω‖

∥∥∥W̃
∥∥∥2

2
+
‖Kω‖‖WM‖2

2
(25)

According to Inequations (24) and (25), Inequation (23) can be rewritten as Inequation (26).

.
V(t) ≤ α1 x̃1

2 + α2 x̃2
2 + α3 x̃3

2 −
‖Kω‖

∥∥∥W̃
∥∥∥2

2
+ M (26)
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where
a1 = −p1(m−l1)

3 +
4p3l2

3
(a−γl3)

a2 = − p2(n−l2)
2 +

4p3l2
3

(a−γl3)
+ 3N2

p1(m−l1)

a3 = −p3(a−γl3)
4

M =
3p2

1 M2
1

(m−l1)
+

2p2 M2
2

(n−l2)
+ 4p3(M3+l3εM)2

(a−γl3)
+ ‖Kω‖‖WM‖2

2

(27)

According to the previous analysis, if Equation (14) is satisfied by l1, l2, l3, and α1,
α2, α3 can be guaranteed to be negative. Since the initial value of Lyapunov function
V(0) is bounded, the solution of the estimation error system is also uniformly bounded
according to the boundedness analysis. The bounds of SOC estimation error are satisfied
with

{
x3(t) ≤

√
M/λ

}
, in which λ is a constant satisfied with 0 < λ < p3(a− γl3)/4. If p3

is selected as large, λ can be selected large enough, and then the bounds of SOC estimation
error can be arbitrarily small. Therefore, a non-linear observer based on an RBF neural
network can accurately estimate the SOC of batteries. �

4. Experiment and Simulation Analysis

The test system was built with a PXI system developed by the National Instruments
(NI). The electrical schematic diagram of the test system is shown in Figure 3, and the
battery test bench was built as shown in Figure 4. The hardware platform of the battery
test system was composed of four parts: an industrial computer, charging and discharging
instruments, a parameter measurement device and a thermostatic humidity test box, and
the software of the battery test system was designed through the LabVIEW development
environment. The environmental temperature was simulated by adjusting the internal
temperature of the given thermostatic humidity box. The charging and discharging instru-
ments were controlled by a program, the charging and discharging currents of the battery
were set during the experiment, and the performance test of the power battery in different
environments was completed. In the process of the experiment, the current voltage and
temperature of the battery were collected in real time using a high-precision voltage current
and temperature sensor, and the real-time data collected were saved and exported to the
table using the SQL database linked to the experimental platform.

The equipment and software list in Figure 3 is shown in Table 1.

Table 1. The equipment and software list.

No. Name of Equipment or Software Model or Version Functions and Performance

1 DC Power supply IT6533A 160 V, 120 A, 6 kW
2 Electronic Load IT8830 120 V, 500 A, 10 kW
3 USB-DAQ card NI USB-6216 16 bit, 400 kS/s, Isolated Multifunciton DAQ
4 USB-DMM NI USB-4065 61/2-Digit, ±300 V, 0.025%
5 Heat Test Chamber WTH-150-40-880 −45 ◦C~105 ◦C, 99 Rh%
6 Labview 2019 SP1
7 Matlab 2019b
8 GPIB Card NI USB-GPIB
9 USB-CAN Card Peak CAN-USB
10 High Performance Voltage Isolated Interface HVIS-400 Isolated Voltage: 500 V, 0.01%
11 High Performance Current Isolated Interface HIIS-100 Isolated Voltage: 500 V, 0.01%
12 PXI Controller NI PXIe-8840 Intel Core i7, 8 GB/s
13 PXI Chassis NI PXIe-1062 8 slots, PXI Express Chassis

The test system, composed of a heat test chamber, DC power supply, electronic load
and PXI system, is shown in Figure 4.

The UI of the lithium battery test system based on Labview is shown in Figure 5. The
characteristic test for lithium-ion power battery could be selected on the main interface in
real time, and the current size of the charger and discharger could be set. The temperature,
charging and discharging current, voltage and other parameters of the battery could be
displayed on the interface in real time.
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The open-circuit voltage test and HPPC test of batteries were carried out using the
test and verify system. The parameters of the above model could be obtained by the least
squares method. Then, these curves were fitted to balance the accuracy and complexity
using an empirical equation composed of exponential and polynomial function. Figure 6a,b
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show the non-linear relationship between OCV and SOC of batteries and the curves between
parameters (R0, R1, C1, R2 and C2) and SOC in the equivalent circuit of batteries. The red
dot is the data recorded in the test, and the blue line is the corresponding fitting curve for
the actual data obtained from the experiment. The weight vector rule of the neural network
is Kω = diag(0.01, 0.01, 0.01, 0.01, 0.01, 0.01, 0.01, 0.01) and Γ = diag(1, 1, 1, 1, 11, 1, 1, 1, 1).

Figure 6a shows the curves of OCV and SOC obtained using the standard OCV test
method. Figure 6b shows the measured values and fitting curves of the equivalent circuit
parameters of the battery.

The battery test platform mentioned above was used to carry out three different
dynamic operating conditions experiments to verify the accuracy and effectiveness of the
proposed RBF neural network, non-linear, fractional-order observer. Since high-precision
measuring instruments were used when building the battery test platform, the current data
collected by the device had high precision. The accurate SOC could be obtained as the real
reference value of SOC using the current-time integral method.
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Dynamic operation test 1: Leave the fully charged battery in the incubator for 24 h at
the laboratory temperature to ensure that the temperature of the entire battery is even. Use
a constant current of 1C to discharge the battery at a capacity of 10% (to avoid overvoltage
conditions during the subsequent dynamic operating experiment). Dynamic operation test
1 is performed within the range of SOC of interest (90% to 10% SOC). The experimental
current image of Dynamic operation test 1 is shown in Figure 7.

The measured actual end voltage for reference and the model estimated end voltage
curves and their local amplification diagrams are shown in Figures 8 and 9, respectively.
The local amplification diagrams shown in Figure 9 show that the measured actual end
voltage curves for reference and the curves estimated by the model basically coincide. The
RMSE of the real and model results was 5.97 mV under dynamic condition test 1. The local
amplification curve shown in Figure 9 shows more clearly that the identified model reflects
the dynamic characteristics of the battery with high accuracy, and the proposed circuit
model captures the battery performance well. The accuracy of battery SOC estimation
depends on whether the battery voltage estimated by the model is accurate, which proves
that the proposed model can more effectively and accurately estimate the battery status,
and the corresponding voltage error curve is shown in Figure 10.
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The results of estimating SOC using the proposed RBF neural network non-linear
observer and EKF method are shown in Figure 11. It can be seen that the proposed RBF
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neural network non-linear observer accurately estimated the SOC. The error between
the true value and the estimated value decreased gradually. The final estimated curve
converged gradually near the true value curve, and the SOC error was limited to a very
narrow error range. It was related to accurately modeling and accurately estimating the
battery end voltage, which was used to correct the estimated SOC. Furthermore, this proved
that the identified fractional-order electrochemical impedance model could accurately
capture the battery dynamics and accurately estimate the battery end voltage, thus enabling
the designed RBF neural network, non-linear, fractional-order observer to accurately and
effectively estimate the SOC and power in batteries.

In order to compare the error of SOC estimation between the two methods, the error
of SOC state estimation is also shown in Figure 12. The curve of the proposed RBF neural
network non-linear observer SOC estimation error was nearly zero, and SOC error mainly
fluctuated within the range of +0.5%. Conversely, SOC estimation error based on EKF
method varied greatly, and the error range was large. The validity of the proposed RBF
neural network non-linear observer is further proved.
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In practical engineering applications, the ability to correct SOC is necessary for a good
SOC estimation algorithm. Therefore, in the case of dynamic condition 1, the strategy of
random SOC initial value was adopted to verify the SOC correction ability of the proposed
algorithm. As shown in Figures 13 and 14, when the initial SOC value deviated from the
real value, the RBF neural network non-linear observer could quickly converge to the true
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value in a short time and keep the error below 2%, while the EKF method converged to the
true value almost at the end of the test. The convergence speed of the proposed RBF neural
network non-linear observer is further proved.
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Remark 3. The effects of the number of ganglion points on the performance and calculation of SOC
estimation for lithium-ion power batteries based on an RBF neural network non-linear observer
were studied through comparative experiments and simulations. More specifically, two, five, seven,
eleven and fifteen lithium-ion power batteries were compared to estimate their SOC performance
and load using the experimental data of battery current and end voltage collected. The performance
comparison of the RBF neural network non-linear observers with different ganglion points for
estimating SOC is shown in Figure 15. The running time for solving the non-linear observer
problem of RBF neural networks with different number of ganglion points is shown in Figure 16 to
represent the computational burden of different ganglion points. From the comparison results, the
neural network non-linear observer used in the experiment with seven ganglion points has good
performance under a reasonable amount of calculation.
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Dynamic operation test 2: Leave the fully charged battery in the incubator for 24 h
at the laboratory temperature to ensure that the temperature of the whole battery is even.
The battery is charged to full capacity with a constant current of 1C, and then tested under
dynamic condition 2. When fully charged, the battery is discharged with high current
for a period, and then charged and discharged with the current changing with dynamic
fluctuations. The current image of dynamic condition test 2 is shown in Figure 17.

The measured actual end voltage used for reference and the model estimated end
voltage curve are shown in Figure 18. It can be seen that the measured actual end voltage
curve used for reference and the curve estimated by the model did not coincide as in
Working Condition 1. The main reason for this is that the voltage fluctuation in the second
half of the test was so small that the model did not track the voltage change in the power
battery very accurately. The corresponding voltage error curves are shown in Figure 19.
The RMSE of the true and model results was 11.7 mV under the dynamic condition test 2.
This indicates that the model was less accurate under very small voltage fluctuations, but
the accuracy of the estimation was still high enough.
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The results of estimating SOC using the proposed RBF neural network non-linear
observer and the EKF method are shown in Figure 20. The error of estimating SOC state
using the proposed RBF neural network non-linear observer and the EKF method is shown
in Figure 21. It can be seen that the proposed RBF neural network non-linear observer
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accurately estimated the SOC of power batteries, and the estimated SOC error decreased
gradually. However, due to the small fluctuation of voltage in the second half of the test
period, the SOC estimation error did not converge to a range gradually because the model
did not track the change in power battery end voltage very accurately. However, it can be
seen from Figure 21 that the SOC estimation curve of the proposed non-linear observer
of the RBF neural network was still very close to the real value of SOC. On the contrary,
although the SOC estimation curve obtained using the EKF method was closer to the true
value in the early stage, the error increased during the back-end test process. The proposed
RBF neural network non-linear observer was more accurate than the EKF method.

Dynamic operation test 3: Leave the fully charged battery in the incubator for 26 h
at the laboratory temperature to ensure that the temperature of the whole battery is even.
Charge the battery to its full capacity using a constant current of 1C and discharge it to
zero power battery capacity. Test under dynamic condition 3, charge the battery with a
high current for a period after discharging, and then charge and discharge with dynamic
fluctuating current. The image of the current under dynamic condition test 2 is shown
in Figure 22.
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The measured actual end voltage for the reference and the model-estimated end
voltage curve are shown in Figure 23. The measured actual end voltage curve coincided
with the model estimated curve. The corresponding voltage error curve is shown in
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Figure 24. The RMSE of the real and model results was 9.69 mV under dynamic condition
test 3, which indicates that the proposed electrochemical impedance model could accurately
estimate the terminal voltage of the power battery.
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The results of estimating SOC using the proposed RBF neural network non-linear
observer and the EKF method are shown in Figure 25. It can be seen that the proposed RBF
neural network non-linear observer accurately estimated the SOC, and the error between
the true value and the estimated value was small. The SOC state estimation error estimated
using the proposed RBF neural network non-linear observer and the EKF method is shown
in Figure 26. It can be observed that the SOC estimation error curve of the proposed RBF
neural network non-linear observer was closer to the transverse coordinate axis. Although
the SOC error curve estimated using the EKF method decreased gradually at the end, the
SOC estimation error was larger in the middle of the curve. The accuracy of the proposed
non-linear observer for RBF neural networks is further demonstrated.

To further show the accuracy of the proposed RBF neural network non-linear observer
in estimating the SOC of the EKF method, Table 2 gives the RMSE results of estimating
the SOC using the proposed RBF neural network non-linear observer and the EKF method
under three dynamic operating conditions tests. Figures 12, 21 and 26 and Table 2 show
that the RBF non-linear observer designed has higher estimation accuracy than the EKF.
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Table 2. RMSE of SOC estimation error based on RBF neural network non-linear observer and
EKF method.

Working Condition 1 Working Condition 2 Working Condition 3

RBF neural network non-linear observer 0.53% 0.24% 0.33%
EKF method 1.42% 1.70% 0.75%

The comparison of the accuracy of the EKF method with the RBF neural network non-
linear observer proposed under different dynamic test conditions is given. The following
are the simulation results of voltage and SOC estimation using the proposed RBF neural
network non-linear observer under dynamic test condition 1 under integer- and fractional-
order models.

Figure 27 shows the estimation of battery end voltage using the integer-order model
and the proposed electrochemical impedance fractional-order model, the actual measured
end voltage, and the comparison of the estimated end voltage curves between the two
models. Figure 28 shows the local amplification comparison of the two models, and
the corresponding voltage error curves are shown in Figure 29. The local magnification
diagram shown in Figure 28 shows that the measured actual end voltage curve used for
reference coincides basically with the curve estimated based on the fractional model of
electrochemical impedance, while the voltage estimate based on the integer-order model
has a greater error than that based on the fractional-order model. The RMSE based on
fractional-order model voltage estimation was 5.97 mV, and 13.7 mV based on integer-
order model voltage estimation. This shows that the proposed fractional-order model of
electrochemical impedance for power batteries can clearly reflect its dynamic characteristics
and battery performance.

The proposed non-linear observer of the RBF neural network was used to estimate SOC
based on the fractional- and integer-order models of electrochemical impedance proposed.
The estimation curve of SOC is shown in Figure 30. From Figure 30, it can be seen that
the SOC estimation curve of the fractional electrochemical impedance model proposed
basically coincided with the true value curve, and the estimation result was better than
that based on the integer-order model. The RMSE of SOC based on the fractional model of
electrochemical impedance was 0.53%, and that of SOC based on the integer model was
1.26%.Using the proposed RBF neural network non-linear observer to estimate SOC based
on the proposed fractional and integer-order models, the results show that the estimated
SOC error based on the fractional-order model of electrochemical impedance was between
(+) 0.5% and that based on the integer-order model was between 0.5% and 2%.The proposed
fractional model of electrochemical impedance can more accurately estimate the SOC of
power batteries.
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The following conclusions can be drawn from the above experimental simulation
results in Figures 11, 12, 20, 21, 25, 26, 30 and 31 and Table 1:

(1) From Figures 30 and 31, the proposed non-linear observer of RBF neural network has
higher accuracy in estimating SOC of the fractional-order model of electrochemical
impedance than that of the integer-order model, because the proposed fractional-
order model of electrochemical impedance has smaller modeling error, more accurate
estimation of end voltage of power batteries and less error in estimating the SOC state
of batteries.

(2) For power battery SOC estimation, the proposed RBF-neural-network-based non-
linear observer has smaller error and higher accuracy than the EKF method. From
Figures 11, 20 and 25, the curve of SOC estimation using the EKF method is smoother
than that of the proposed RBF neural network non-linear observer. The reason for
these two phenomena is that the observer-based method is superior to the filter
in estimating the system output. The observer-based non-linear observer based
on the RBF neural network can quickly catch the change when the experimental
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current changes significantly between positive and negative modes in three dynamic
operating conditions. The convergence rate of state estimation is then adjusted.

(3) From Figures 12, 21 and 26, it can be seen that the proposed non-linear observer
method for RBF neural networks converges faster than the EKF in SOC state estimation.
The RMSE of the SOC estimation errors for the two methods in Table 1 further
demonstrates that the proposed non-linear observer method for RBF neural networks
is superior to the EKF method.
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Based on the above analysis, it is known that the fractional model of electrochemical
impedance proposed has less modeling error and higher estimation accuracy than the
integer model. For the fractional-order model of electrochemical impedance proposed,
the proposed RBF neural network non-linear observer method is more effective and more
accurate than the EKF method. The proposed RBF neural network non-linear observer
method can run in real time and reliably and accurately estimate the end voltage and
SOC state of power batteries. In summary, the fractional-order model of electrochemical
impedance and the RBF neural network non-linear observer method proposed not only
take into account the characteristics of the battery itself, but also show good performance.

5. Conclusions

This paper designed a method for the state of charge (SOC) estimation of lithium-ion
batteries based on an electrochemical impedance equivalent circuit model with a controlled
source. A non-linear observer was designed to estimate the SOC of batteries by using an
RBF neural network to estimate the uncertainty of batteries online. The estimation error
of the non-linear observer based on an RBF neural network was proved to be ultimately
bounded by Lyapunov stability analysis. The results of simulations and experiments in this
paper are as follows: compared with the EKF, the average error of SOC measurement with
the non-linear observer was reduced by 50%, and the error of the optimal experimental
result was reduced by 70%. Compared with the integer-order model, the measurement
error of the fractional-order model was reduced by 40% on average, and the error of the
optimal experimental result was reduced by 60%. The experimental and simulation results
show the accuracy and superiority of the proposed method.
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