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Abstract—In this paper, the nonlinear extended state observer
(NESO) is proposed to estimate the state-of-charge (SOC) of the
Lithium-ion batteries (LIBs). The NESO is designed based on the
first-order equivalent circuit model (ECM) to estimate the total
disturbance of the battery model and compensate them as the new
extended state, which can achieve the active disturbance rejection
to estimate the battery state accurately. Furthermore, the stability
of the NESO is proven, and estimation performance of the
observer is verified under different ambient temperatures, testing
driving and different noise levels. The SOC estimation results
indicate that the NESO can obtain accurate estimation values and
strong robustness against different disturbances, even though all
validation conditions use constant battery value of the first-order
ECM. In addition, compared with other common estimation
methods, the NESO exhibits a faster convergence time and more
accurate estimation results.

Index Terms—Active disturbance rejection, Lithium-ion
batteries (LIBs), Nonlinear extended state observer, State-of-
charge (SOC)

. INTRODUCTION

In recent years, lithium-ion batteries (LIBs) have been at the
forefront of academic interest and broad application, owing to
their superior characteristics including their high power and
energy density, coupled with their extensive longevity [1]-[5].
The Battery Management System (BMS), an essential
component within the battery application field, ensures
comprehensive management and protection for batteries,
thereby enhancing their reliability, durability, and safety. The
State of Charge (SOC), a fundamental function within the BMS,
indicates the remaining battery capacity. Accurate SOC
estimation is crucial for prolonging battery lifespan and
enhancing energy utilization. However, the inaccurate SOC
estimation result can lead to early battery failure, decreased
system efficiency, and potential safety risks. Hence, the
continuous development of reliable and precise SOC estimation
techniques is a key research area within the field of battery
management, given its substantial impact on the practical
application of battery systems.

Currently, different methods for estimating SOC have been
developed and can be categorized into two types: model-free
and model-based methods [6]. Model-free SOC estimation
methods do not require a mathematical model of the battery but
instead rely on empirical data and statistical techniques to
estimate the SOC. One example of a model-free method is
Coulomb counting, which estimates the SOC by integrating the
current through the battery. However, this method requires
accurate knowledge of the initial SOC and measurement errors

from the current sensor can accumulate during the calculation
process [7]-[8]. Open circuit voltage (OCV) is another method
that shows a monotonic relationship with SOC [9]. However,
accurate OCV measurement requires a long relaxation time for
the battery to reach its inner equilibrium, which limits its
practical application in SOC estimation. To improve the
accuracy of SOC estimation, advanced model-free methods
such as support vector regression (SVR) [10], deep neural
networks (DNNs) [11]-[12], and fuzzy logic [13] have been
proposed. However, there are also some drawbacks to consider.
These methods require a large amount of data to accurately train
models, which can be challenging in applications where data
collection and computation are limited or expensive.
Additionally, these methods can become overfitted to the
training data, which means they perform well on the training set
but poorly on new data.

Recently, the model-based estimation method is generally
considered the suitable choice for online SOC estimation due to
its expected performance and reasonable computing effort [14].
Numerous LIBs models typically include two types:
electrochemical and equivalent circuit model [15].
Electrochemical model is based on the electrochemical
reactions and mass transfer processes inside the battery [16]-
[17]. It can describe a comprehensive account of the internal
dynamics of the battery. However, achieving practical
applicability demands a substantial allocation of computational
resources [18]. ECM is a simple model that represents the
battery as an electrical circuit consisting of resistors, capacitors,
and voltage sources. It is typically easier to implement and
compute but provide a less detailed description of the battery
compared to the electrochemical model. Currently, the ECM is
often used in practical online applications since it can provide
sufficient accuracy and computational efficiency while
maintaining sufficient simplicity [19]. Based on the accurate
battery model, different SOC estimation methods have been
proposed. These methods can combine the battery model with
the Coulomb integration method to recalibrate the estimated
SOC, thereby reducing the SOC estimation errors. The typical
model-based SOC estimation framework is shown in Fig. 1.
The popular model-based estimation algorithm includes a
proportional-integral observer (PIO) [20], sliding mode
observer (SMO) [21], extended Kalman filter (EKF) [22]-[23],
unscented Kalman filter (UKF) [24].

In [25], the PIO was employed to minimize the voltage
prediction error and adjust the SOC estimation. However, the
method's effectiveness can be affected by the nonlinearity of the
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Fig. 1. Framework of model-based SOC estimation.

model and external noise. The conventional Kalman filter (KF)
is a linear estimation method. To extend the application of the
KF method to nonlinear battery systems, the EKF method and
the UKF have been developed to estimate the SOC properly, on
account of their abilities to remove the influence of
measurement noise and process noise. Nevertheless, both EKF
and UKF methods are complex computations due to the large
number of matrix operations. In addition, the SMO scheme is
also a robust method for estimating the SOC in the presence of
parameter uncertainties and  disturbances. However,
determining the uncertainty boundaries and reducing the
chattering phenomenon can be challenging.

Regarding the issues with the above methods, this paper
presents a novel model-based approach for estimating the SOC
using the nonlinear extended state observer (NESO). The
observer is designed based on the first-order ECM to estimate
the external disturbances and internal disturbances of the
battery model as the new extended state and compensate them
for the battery model. Compared with conventional methods, it
can improve the accuracy and robustness of the SOC estimation,
even though using constant battery model parameters under
various operating conditions. Besides, it can reduce the
convergence time effectively.

The papers are organized as follows: Section Il will establish
the first-order ECM and identify the parameters of the battery
model using the particle swarm optimization (PSO) algorithm
offline. Section 1l will introduce the active disturbance
rejection control (ADRC) technique and design the nonlinear
extended state observer for the battery model. Section 1V, the
robustness and accuracy of the proposed method will be
verified under different testing conditions. Finally, Section V
will conclude the paper.

Il. BATTERY MODELING

The battery modelling is important for the battery state
estimation. In this section, the PSO will be used to identify the
parameters of the battery ECM.

A. First-order ECM of Battery

To keep a tradeoff between the complexity and accuracy of
the battery model, this paper adopts the first-order ECM [26],
as illustrated in Fig. 2. The battery dynamics are represented by
a resistance-capacitance (Ri, Ci) module with an internal
resistance (Ro) connected in series. The capacitor C, represents
all energy stored in the battery. Usq(t) represents the SOC of
the battery, with 0V-1V of Usec corresponding to 0%-100% of
SOC [27]. The relationship between the SOC and the OCV is
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Fig. 2. First-order equivalent circuit model.

presented by the voltage-controlled voltage source, which is
expressed as below:

Uoc = g(Usoc) (1)

where U denotes the OCV of the battery and g( 9 represents
the nonlinear connection between the SOC and OCV. In
addition, the Use(t) and SOC(t) are interchangeable in the
battery model [28]. Rseir denotes the self-charging resistor. In
general, it can be regarded the infinity as the self-discharging
phenomenon is ignorable.

Based on Kirchhoff's laws, the dynamic electrical behavior
of the first-order ECM circuit can be expressed as below:

U, = ———U, + =1
1 - T L Yr T
C C
RC, 1 (2)
— 7o |
- b
3600C,
V, =U_(SOC)+U, +U, (3)

where Us is the terminal voltage of Ry, Iy represents the current
of the battery, Vrrepresents the terminal voltage of the battery,
Uoc represents the OCV which is related to the value of SOC,
and Cy represents the nominal capacity of the battery. U, is the
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Fig. 3. The HPPC driving test of the battery. (a) Current of HPPC test. (b)
Voltage of HPPC test.

4.2

IN

0.6
SOC(%)

Fig. 4. SOC-OCYV relationship curve.



voltage drop on the resistance Ro. 77, denotes the coefficient of
Coulomb.

B. Offline Parameters Identification

The offline parameter identification of battery models is a
common approach for the ECM. The PSO is utilized in offline
parameter identification, offering advantages such as fewer
parameters, faster convergence, and simpler implementation
[29]. In this study, the parameters of the first-order ECM are
identified offline using the PSO algorithm.

In the parameter identification and state estimation of the
LIBs, the precise relationship between SOC and OCV is an
essential process for accurately estimating the SOC of battery
[31]. The relationship is typically non-linear and depends on
factors. In general, as the SOC decreases, the OCV will also
decrease. This paper gets the relationship between them through
the Hybrid Pulse Power Characterization (HPPC) test, as shown
in Table I. The test current and voltage of the battery is shown
in Fig. 3 under the HPPC test.

Within the SOC range depicted in Fig. 4, the nonlinear
correlation between OCV and SOC can be approximated as a
group of linear sections. Hence, the piecewise linearization
method is utilized to represent OCV as a linear function of SOC,
as shown in equation (4).

U,,(SOC) = m;SOC +b, @)

where the m;, b; (i=1-9) are two coefficients in the equation (4)
The approximation parameters of the relationship between SOC
and OCV are listed in Table I.

In this study, the PSO algorithm is employed for offline
parameter identification of the battery model under the Urban
Dynamometer Driving Schedule (UDDS) test at 25°C. The cost
function is the error between the actual voltage and the
estimated voltage, as shown in equation (5).

N
min(F), where F=Y_|V, -V, | (5)
i=1
where N is the total number of the sampling points, 7, denotes
the estimation of the terminal voltage.

In Fig. 6(a), the estimated voltage results are compared with
the actual voltage. The figure demonstrates that the model-
calculated terminal voltage closely aligns with the measured
terminal voltage. However, some discrepancies still exist
between the actual and calculated voltage due to battery model
uncertainties and external disturbance. The model error of the
parameter identification is about #5% band, as shown in Fig.
6(b).

TABLEI
THE RELATIONSHIP BETWEEN SOC AND OCV

Relationship between SOC and OCV

SOC; (%) 0.15-0.2 0.2-0.3 0.3-04
m; 3.101 1.341 1.124
bi 2.750 3.102 3.167
SOC;i (%) 0.4-0.5 0.5-0.6 0.6-0.7
m; 0.841 0.959 0.753
bi 3.281 3.242 3.406
SOC; (%) 0.7-0.8 0.8-0.9 0.9-1.0
m; 0.959 0.957 1.166
bi 3.221 3.222 3.097
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Fig. 5. The UDDS driving test of the battery. (a) Current of the UDDS test. (b)
Voltage of the UDDS test.
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Fig. 6. The optimization result using PSO. (a) Actual and estimated voltage.
(b) Voltage estimation error.

The parameter identification results of the first-order ECM
are R=0.02109Q, R1=0.02711Q, and C;=1011F. Although the
simple RC model generally captures the dynamic
characteristics of the LIBs, the modelling errors persist. In
Section 11, the NESO will be designed to estimate the total
perturbation of the battery model as the new extended state,
aiming to reduce battery errors and improve estimation
accuracy.

I1l. NESO FOR SOC ESTIMATION

In this section, the NESO is designed to estimate the SOC of
the LIBs, which can effectively improve the accuracy and
robustness of estimation results.

A. Introduction of ADRC and ESO

The ADRC is an approach introduced by Professor Han,
which has gained widespread use in various industrial
applications due to its robustness and effectiveness in
addressing model uncertainties and disturbances [32]. It
consists of three components, including Tracking Differentiator
(TD), Extended State Observer (ESO), and Nonlinear State
Error Feedback (NLSEF). The primary function of the TD is to
deliver a precise and smooth approximation of the input signal's
derivative. Meanwhile, the ESO aims to assess the system's
state and disturbance, allowing control systems to better
counteract disturbances and enhance both system performance
and robustness. Lastly, the role of the NLSEF is to supply a
feedback control law based on the estimated states and the
desired reference values.

The diagram of the entire ADRC is shown in Fig. 7, where z;
(i=1-n) denote the estimated values of the system state and zn+1
denotes the total disturbance of the system. v denotes the
reference input, v1 denotes the transition process of reference
input, vy is the differential signal of each order of vi, uy denotes
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the control signal, and e; (i=1-n) denote system state errors. D
is the external disturbance. The ESO constitutes a crucial
component of the ADRC system, enabling the estimation of
both system states and total disturbances. By compensating for
the effects of system disturbances, the ESO enhances system
performance. Moreover, it facilitates efficient state estimation
without the need for an accurate system model. The ESO
operates on the principle of the extended state, which
encompasses both system states and total system disturbances.

By incorporating the system total disturbances into the state
vector, the ESO can estimate them alongside the system states,
allowing for real-time disturbance rejection. Considering the n-
th order non-linear system:

yO® = fyTP @, y(©),d®) +b-u() (6)

where d(t) denotes the external disturbance, y(¢) and u(t) denote
the output and input signal, respectively. f(y"-D(¢),y(£),d(t))
denotes the dynamic characteristic of system, which may be the
non-linear and time-varying value. In the ESO, it is regarded as
the total disturbance of the system, which is observed as the
new extended state. Then, the new state space of system can be
expressed as below.

,=1,

Z'n—l = Zn (7)
z,=1,,+b-u
Z.n+1 = G(d ’ W)

y=1

with z=[z,z, - z,4,]". The equation (7) is the new extended
system of (6) as the total disturbance /' (y""(), -, y(?), d(1)) is
now taken as the extended state z,,,. Therefore, the N+1-th
order ESO system can be constructed based on the original N-
th order system.
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where e denotes the difference between the estimated value and
the actual value, z,, denotes the estimation value of the z,, and
the constant observer gain k; ,which needs to be tuned, satisfies
k;>0.(=1,2~,n,ntl).

The NESO employs a nonlinear function, fal(J, to enhance
its estimation performance, as shown in (9).

le]% sign(e) |el> S
fal(e,a,8) =4 ¢ 9)
lel<o
51-(1

In the nonlinear fal function, a<1 and >0 are important
parameters of the nonlinear function due to cthe haracteristic of
the great convergence. ¢ is inversely proportional to the slope
of the linear segment of the fal function. When |e|< &, the
extended state observer works in the linear region to avoid high-
frequency oscillations. When |e[>d, the observer works in the
nonlinear region. a affects the size of the fal function.

Fig. 7(a) shows the fal function graphs when the linear
interval 6=0.2, o takes values of 0.01, 0.05, 0.1, 0.25, 0.5, 0.1
respectively. Fig. 7(b) shows the fal function graphs when the
linear interval 6=0.01, 0.05, 0.1, 0.5, 0.5, 1, respectively. It can
be observed that the value of o determines the linearity of the
fal function, with a smaller value resulting in a stronger
nonlinearity; while the value of ¢ determines the linear interval
of the function, with a larger value resulting in a larger linear
interval.

B.SOC Estimation Using the NESO

For the battery model, the dynamic state equation of the
battery can be expressed as follows based on equations (1), (2).

X =-aX +a1Uoc(X2)+b1|
X, =8,X - azu oc(XZ) — 8% (10)

X, =—ax, +b,l

where a1:1/R1C1, a2:1/RoCn, blz((]./Cn) +(1/Ro) +(R0/R1C1)),
b,=1/Cy, x1=Vr1, %=SOC, x3=U;. And X1,X5,X3 denote the
derivation of the x4, X2, X3. However, the battery is a strong non-
linear and time-varying system due to internal complex



chemical reactions. Therefore, the dynamic state equation (10)
cannot describe the battery characteristics well. Considering the
external and internal disturbance for the battery model, it should
be expressed as shown below:

X =-ax +61Uoc(xz)+b1| +X,

X, =ax —alU (x)-ax
XZ 2X1 2 OC( 2) 273 (11)

-aX, +b,l
w(t)

3

XA
where w(t) denotes the total disturbance of the battery model
including the battery model uncertainties, the aging capacity
variation, the sensor noise, and so forth. For battery model (11),
the accurate estimation of the total disturbances in the battery
model is the key to achieving the accurate SOC estimation. This
paper employs the NESO to accurately estimate the total
disturbance of the battery model and compensate them as the
extended state. The NESO for the state equation in (11) is
designed as below.

% =-af +aV. % +bl+%, —k fal(e,a,d)
-a,%, -k, fal(e,,a,8)

27 0c"2

>

, =a,% —a,V X
X, =%, +

%, = —k, fal(e,, @, &)

-a X, +b,1 -k, fal(e,,a,5) (12)

where e denotes the error between the estimated terminal and
the actual voltage. ki, ko, ks, and ks denote the adjustable gain of
the NESO algorithm. The %, denotes the total disturbance of the
battery model. When the system reaches stability, the estimated
extened state x, can be expressed as below.

%, =-[k, fal(e, ) (13)

To better adapt to computer programming, equation (12) is
Eulerian discretized to obtain the expression as shown in (14).

£,(k+1) = R (k) + T, [-a,%, (k) + &V, (%, (K)) + b1 (k)
+%, (k) —k, fal(e,(k), @, 8)]

%,(k+1) = %, (k) +T, [2,% (K) - a,V, (%, (K)) - a,%, (k)
—k, fal(e, (k), a,0)]

2, (k+1) = %, (k) + T, [-a %, (k) +b,1 (k)
—k, fal(e, (k),@,6)]

%, (k+1) = %, (k) + T, [k, fal(e, (k) a,5)]

e (k) =%, (k) = x (k)
where Ts represents the sampling time, namely, 1s. The total

diagram of the SOC and SOE estimation using NESO is shown
in Fig. 11.

C. Stability Analysis for the NESO

Define the F=fal(e)/e;. Then, fal(e;)=F- e;. Thus, fal can be
seen as the linear function e with the varying gain. In addition,
define the e1=x}-X1, 82=%-Xo, €3=%3-X3, €4=%,-X4, and subtracting

(14)
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Fig. 9. Diagram of SOC estimation using the NESO.

(11) from (12) yield the 4-th order error dynamic equations as
(15) and (16).
¢, =(—a, —kF)e +ame, +e,

¢, =(a, —k,F)e, —a,me, —a,e,

(15)
e, = —k,Fe, —ae,
e, = —k,Fe, —w(t)
Voc (XZ) _Voc (22) = miez (16)

where €, €,, €3, €, denote the derivation of the e, ey, €3, €4. The
problem formulation is that for the bounded and uncertain
function w(t), how to set the coefficients of fal function, ki, ka,
ks, kato force the error e, €2, €3, and e4 to converge zero.

The error state equation can be expressed as below based on
(15).

é=—Ale)-e (19)
where e= [ey, €2, €3, €4] ",
a +kF -am 0 -1
-a, +kF am a 0
A(e) — 2 2 2 i 2 (20)
k,F 0 a 0
K F 0 0 o0

In (20), apparently F is larger than zero and has the boundary.
The relationship between the positive definiteness of the
sequential principal minors and the stability of the state
equation is as follows: if all the sequential principal minors of
the error matrix of the state equation are positive, then the
system is stable. The positive definiteness of the sequential
principal minors ensures that all the real parts of the eigenvalues
of the system's transfer matrix are negative, thus causing the
state of system to converge to stability after a certain period.
Based on the theorem, If the condition satisfied in (21), the
system can be stable.

a+kF>0
a,Fkm +aFk,m >0
2 1 22 (21)
a,a,Fkm +a Fk,m —aa,Fk,m >0
a,a,Fk,m >0
Based on the equation (21), the solution of the observer gain
is shown as below.
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IV. RESULTS AND DISCUSSION
A. Experiment Setup

In this section, the feasibility and advantages of the proposed
method are verified. The verification process encompasses two
distinct SOC scenarios: known initial SOC and unknown initial
SOC. Additionally, the algorithm's robustness and accuracy
undergo extensive testing across a range of temperature
conditions, different testing driving, and different sensor noise
levels. The estimation results illustrate that the proposed
method has better performance compared to conventional
algorithms.

The initial dataset can be accessed from the public dataset
conducted at McMaster University [37]. Table Il provides
detailed specifications of the tested battery and adjustable
parameters of the NESO. NESO's performance is evaluated
using four metrics: maximum error (MAXE), root mean square
error (RMSE), mean absolute error (MAE), and convergence
time. RMSE is employed to assess performance in the
regression models, and the formula is presented as below.

use - 200 @

The MAE is also a commonly employed performance metric
in regression models. The formula for it is presented as below.

MAE = 29wl :i %l (26)

B. Estimation Result under the Accurate or Inaccurate SOC

In the first scenario, the initial SOC is known for the NESO.
The SOC estimation results with the UDDS testing cycle at 25°C
are depicted in Fig. 12. The figure illustrates that the estimated
SOC rapidly converges to the reference and maintains accurate
tracking within the 3% bound. In the second scenario, where
the initial SOC for the NESO is assumed to be unknown, the
estimation results are presented in Fig. 13. Additional estimation
assessment metrics are provided in Table Ill. These metrics
indicate that the NESO can effectively compensate for the initial
SOC error and uncertainty in the battery model, ensuring that
errors remain within a small range.

TABLEII
PARAMETERS OF THE TESTED BATTERY AND THE NESO ALGORITHM
Parameters Values
Type/Material LiNiMnCo0,+SiO,
Nominal Voltage 3.6V
Nominal Capacity 3Ah
Energy Density 240Wh/Kg
Cut-off Discharge Voltage 2V
Cut-off Charge Voltage 4.2V
o 0.5
0 0.02
ke 0.65
ko 0.012
ks 0.0001
Ka 0.0005
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Fig. 12. SOC estimation results using the NESO at 25 °C with UDDS testing
driving. (a) Actual and Estimated SOC. (b) SOC estimation error.
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Fig. 14. SOC estimation results using the NESO at 10 °C with UDDS testing

driving. (a) Estimation results under known SOC. (b) Estimation results under
70% initial SOC.

14000 14000

C. SOC Estimation under Different Temperature Tests

The temperature is the crucial factor affecting the accuracy
of parameter identification. To verify the robustness of the
NESO against temperature change, the algorithm is evaluated
at 10°C and 40°C. The result is shown in Fig. 14 and Fig. 15
Under the known initial SOC, the maximum error of SOC
estimation is bounded within the #5%. Under the unknown
initial SOC (set the 70% initial SOC), the SOC estimation
results can converge the real SOC faster. It indicates the
proposed method is robust under different ambient
temperatures, even though using one set RC value of the battery
model. Notably, the robustness and accuracy of NESO at 10°C
is weaker than 40°C and 25°C. The reason is that the modelling
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Fig. 15. SOC estimation results using the NESO at 40 °C with UDDS testing
driving. (a) Estimation results under known SOC. (b) Estimation results under
70% initial SOC.

parameters of the battery have changed considerably at low
temperatures, but good accuracy is still guaranteed.

D. SOC Estimation under Different Working Conditions

The estimation results are shown in the Fig. 16 and Fig. 17
with the UDDS, LA92, and US06 testing driving. Under the
known initial SOC, the maximum error of the battery can be
bounded within #3.5%. Under the unknown initial SOC, the
SOC estimation can rapidly converge the real SOC and get
accurate estimation results with the smaller RMSE and MAE,
as listed in Table Ill. The results indicate that the proposed
method can keep great robustness under different working
conditions.

E. Compared with Other SOC Estimation Methods.

To further verify the estimation performance using the NESO,
the comparison between the proposed method and other
common methods including the P10, SMO, EKF, and UKF.
The estimation results are shown from Fig. 18 and Fig. 19, and
Table 1V. In terms of convergence time (converge to the 5%
estimation error), the proposed method can converge faster than
other methods with only 145s. In terms of the estimation
accuracy of the SOC, the RMSE and MAE of the proposed
method are smaller than other common methods under an
unknown initial SOC at 25°C.

Fig. 17. SOC estimation results using the NESO at 25°C with LA92 testing
driving. (a) Estimation results under known SOC. (b) Estimation results under
80% initial SOC.
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Fig. 18. SOC estimation results using different methods under 80% initial SOC.
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Fig. 19. SOC estimation error using different methods under 80% initial SOC.
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COMPARISON RESULTS UNDER DIFFERENT TESTING DRIVING

SoC Known SOC Unknown SOC (80% SOC)
Estimation MAXE MAE RMSE
UDDS 2.62% 1.04% 1.69%
uso6 3.55% 1.55% 1.83%
LA92 3.25% 1.13% 2.09%

TABLE IV

COMPARISON RESULTS USING DIFFERENT ESTIMATION METHODS
Methods Convergence Time RMSE MAE
Proposed 145s 1.69% 1.04%
PIO 528s 2.58% 1.44%
EKF 471s 2.81% 1.42%
UKF 603s 2.10% 1.15%
SMO 500s 2.74% 1.43%

Fig. 16. SOC estimation results using the NESO at 25°C with US06 testing
driving. (a) Estimation results under known SOC. (b) Estimation results under
70% initial SOC.
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Fig. 20. SOC estimation results under different current noise levels

F. SOC Estimation under Different Noise Tests

In industrial applications, the battery management system
often encounters elevated levels of noise in voltage and current
sensors compared to laboratory testing. To assess the
effectiveness of the proposed method in the presence of
inaccurate voltage and current values, random noise (normally
distributed) was introduced to the original signal. The noise
possesses an average value of zero, and the standard deviation
can be calculated as follows.

o= ! |

3 p b,max
where o denotes standard deviation of the random noise, p is a
proportionality factor, and Ip, max iS the maximum voltage or
current of the battery. To verify the robustness of the proposed
method against the current sensor noise at different levels.
The p can be set as 1%, 2.5%, and 5%, and the SOC estimation
results are shown in Fig. 20 and Table V. The maximum error
for the SOC estimation results can be constrained within £3%,
and the value of RMSE can remain stable with the current noise
change. It indicates that the proposed method has strong
robustness against current sensor noise.

To verify the robustness of the proposed method against the
voltage sensor noise, the p can be set as 1%, 2.5%, and 5%. The
SOC estimation results are shown in Fig. 21 and Table V. The
maximum error for the SOC estimation results can be
constrained within #5%, and the RMSE value remains stable
even with changes in voltage sensor noise. It indicates that the
proposed method has strong robustness against voltage sensor
noise.

(28)

TABLEV
ESTIMATION RESULTS UNDER DIFFERENT NOISE LEVELS

Factor p (Current) 1% 2.5% 5%

MAXE 2.63% 2.63% 2.63%

RMSE 1.06% 1.05% 1.06%
Factor p (Voltage) 1% 2.5% 5%

MAXE 2.66% 2.84% 4.90%

RMSE 1.08% 1.19% 1.54%

SOC Estimation Under Different Voltage Noise
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Fig. 21. SOC estimation results under different voltage noise levels

V. CONCLUSION

In this paper, a NESO is designed to estimate the SOC of
LIBs, which can estimate the total disturbance of the battery
model as the new extended state and compensate for them to
achieve more accurate estimation results. The stability of NESO
has been demonstrated, and the estimation performance of the
proposed has been validated across diverse testing conditions.
The obtained results indicate that the NESO has strong
robustness against disturbances and can achieve more accurate
state estimation of LIBs under various ambient temperatures,
driving cycles and different level noises. Furthermore, in
comparison to other commonly used methods, NESO
demonstrates better performance in terms of convergence time
and estimation accuracy.
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