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Abstract: Accurate State of Charge (SOC) estimation for lithium-ion batteries has great significance
with respect to the correct decision-making and safety control. In this research, an improved second-
order-polarization equivalent circuit (SO-PEC) modelling method is proposed. In the process of
estimating the SOC, a joint estimation algorithm, the Adaptive Back Propagation Neural Network
and Unscented Kalman Filtering algorithm (ABP-UKF), is proposed. It combines the advantages
of the robust learning rate in the Back Propagation (BP) neural network and the linearization error
reduction in the Unscented Kalman Filtering (UKF) algorithm. In the BP neural network part, the self-
adjustment of the learning factor accompanies the whole estimation process, and the improvement of
the self-adjustment algorithm corrects the shortcomings of the UKF algorithm. In the verification
part, the model is validated using a segmented double-exponential fit. Using the Ampere-hour
integration method as the reference value, the estimation results of the UKF algorithm and the Back
Propagation Neural Network and Unscented Kalman Filtering (BP-UKF) algorithm are compared,
and the estimation accuracy of the proposed method is improved by 1.29% under the Hybrid Pulse
Power Characterization (HPPC) working conditions, 1.28% under the Beijing Bus Dynamic Stress Test
(BBDST) working conditions, and 2.24% under the Dynamic Stress Test (DST) working conditions.
The proposed ABP-UKF algorithm has good results in estimating the SOC of lithium-ion batteries
and will play an important role in the high-precision energy management process.

Keywords: lithium-ion battery; equivalent model; state of charge; iterative calculation;
ABP-UKF algorithm

1. Introduction

With the continuous shifting of the national energy structure, the development of new
energy has also shown unprecedented opportunities, and lithium-ion batteries have been
widely used and developed. Since the 1990s, the lithium-ion battery industry has played
an irreplaceable role in the global energy storage market [1]. Lithium electrification, energy
savings, and high speed will be the future of the industry. To achieve this goal, accurate
SOC estimation is of great significance, giving full play to the performance [2,3], real-time
monitoring, and safety control of lithium-ion batteries [4]. At the same time, lithium-ion
battery recycling has also been widely studied [5,6], which has the effect of protecting the
environment and will create huge economic benefits. Recycling mainly consists of battery
destruction to extract metal raw materials and cascade utilization. To determine which
application is to be carried out, accurate estimation of the SOC of lithium-ion batteries is
a prerequisite.

The estimation of the SOC depends on an equivalent model that relies on the cell bat-
tery characteristics, that is the internal activity of the cell [7,8]. However, due to the complex
working conditions and the complex internal structure of lithium-ion batteries [9–11], the
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battery often exhibits drastic nonlinear characteristics [12–14]. Based on this, a new model
needs to be developed to replace the traditional one to describe the operating characteristics
of lithium-ion batteries [15,16]. Currently, the commonly used battery models include
equivalent circuit models [17], electrochemical models [18,19], and thermal coupling mod-
els [20–22]. Among the various methods of modelling lithium-ion batteries, the equivalent
circuit model is the most widely used method, and both the electrochemical model and the
thermal coupling model take into account the knowledge of chemistry and physics, which
affects the estimation of the complex operating conditions at a later stage.

The algorithms used to estimate the SOC include the open-circuit voltage method, the
Ampere-hour (Ah) integration method, the Kalman filter algorithm [23], and the neural
network algorithm [24,25]. Due to the complex working conditions and the complex elec-
trochemical reaction inside the battery, the ohmic effect, the self-discharge effect, etc., the
results of the traditional state of charge estimation have a large error [26,27]. Therefore,
researchers have proposed an improved algorithm based on the traditional one [28–30];
there are also data-driven methods for estimating the state of charge of lithium-ion bat-
teries [31–34], and some of the proposed algorithms by the latter are effective in state of
charge estimation. Regarding the current status of the literature, a simple equivalent model
is easy to calculate, but cannot accurately describe the operating characteristics of the
battery [35,36]; however, a complex equivalent model can better characterize the charging
and discharging characteristics of the batteries, but the computational effort will increase
significantly, reducing the applicability of the model [37]. Considering these factors, an
SO-PEC model for lithium-ion batteries has been established. Compared with the Thevenin
model [38], the complexity of the SO-PEC model is moderate. The internal polarization
reaction of the battery is divided into two parts: rapid reaction and slow reaction, and the
two groups of polarization circuits represent these, respectively. The four parameters that
can be obtained are used as the input values of the BP neural network, and the correction
compensation value obtained through network training is particularly effective for SOC
compensation. Therefore, the proposed SO-PEC model can better characterize the internal
chemical reaction of lithium-ion batteries.

As a nonlinear system estimation method, the UKF algorithm abandons the idea
of the approximate linearization of nonlinear functions, which undoubtedly has certain
advantages over the Kalman algorithm to a certain extent. However, in the later stage
of SOC estimation, the filtering error will be larger than the average level, and it easily
deviates from the reference value. Therefore, considering the robust learning of the neural
network algorithm for data processing, an appropriate BP neural network algorithm is
selected for the error compensation of the UKF algorithm [39]. The problem of how to
adjust the connection weights of the hidden layer has long existed in the study of neural
network algorithms until the introduction of the BP neural network, which successfully
solved the problem of weight adjustment for multi-layer feed-forward neural networks
with nonlinear functions. The BP neural network is a multi-layer feed-forward network
trained according to the error back propagation algorithm, and the input layer of the BP
neural network is used to receive information from the outside world and pass it on to
the hidden layer; the hidden layer is the information processing layer, responsible for the
conversion of the internal information; the information passed from the hidden layer to the
output layer is further processed to complete the neural network learning process.

Although the BP neural network has a strong self-learning ability when dealing with
large-scale data, the obtained network performance is poor, and the learning rate is unstable.
In this study, algorithmic adjustment of the adaptive learning rate can make up for the
problem of the estimated value deviating from the mean value when estimating the SOC by
the UKF algorithm and meet the conditions for optimizing the BP neural network. To sum
up, based on the UKF algorithm, given the error in the SOC estimation process, the ABP
is proposed to correct the error of the UKF algorithm to estimate the SOC. In the results
verification part, the data under domestic and foreign working conditions are simulated



Metals 2022, 12, 1369 3 of 18

and analysed, and the Ampere-hour integration, UKF algorithm, and BP-UKF algorithm
are compared.

In this research, the second section is the mathematical analysis, and it has four
parts: the analysis of the SO-PEC model, segmental parameter identification, the ABP-
UKF algorithm, and the SOC estimation model. The third section is the analysis of the
experimental verification; this section first introduces the experimental platform and, then,
gives a complete description of the analysis of the model verification and estimation
result; the former obtains data under HPPC working conditions, and the latter conducts
experimental verification under three working conditions: HPPC, BBDST, and DST. After a
complete closed-loop logic, the ABP-UKF algorithm proposed in this research shows good
results in estimating the SOC of lithium-ion batteries.

2. Mathematical Analysis
2.1. The SO-PEC Modelling Method

The premise of accurately estimating the SOC is to establish an accurate battery model.
The most commonly used model is the Thevenin model, but a single Resistance-Capacitance
(RC) parallel circuit cannot accurately characterize the dynamic characteristics of lithium-
ion batteries; therefore, the SO-PEC modelling method is proposed. Compared with the
Thevenin equivalent circuit model, an RC parallel circuit is added, which better simulates
the existence of the internal polarization effect of the battery, and the model does not
become complicated. The model consists of static ohmic resistance R0 in series with two
RC parallel circuits, which characterize the dynamic response. The SO-PEC model can
simulate the dynamic and static characteristics of the lithium-ion batteries well, and the
complexity is moderate, making it easy to implement in engineering. The state of charge
estimation of the lithium-ion battery can be implemented based on the parameters of the
equivalent circuit. The SO-PEC model is shown in Figure 1.
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Figure 1. The SO-PEC model.

In Figure 1, UOC represents the open-circuit voltage, UL represents the terminal voltage,
R0 is the ohmic resistance, and the voltage drop across R0 is UL. In order to characterize
the polarization effect of the lithium-ion battery, RC parallel circuits are composed of a
polarization resistance RP and a polarization capacitance CP, where RP1 and CP1 represent
the phase of rapid voltage change during the chemical reaction inside the battery, and the
RC circuit consisting of RP2 and CP2 represents the phase of slow voltage change during the
chemical reaction inside the battery. According to Kirchhoff’s law, the voltage and current
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expressions of the equivalent circuit can be obtained by analysing the model, as shown in
Equation (1). {

UL = Uoc −UR −Up1 −Up2

I(t) = Cp1
dU1
dt + U1

Rp1
= Cp2

dU2
dt + U2

Rp2

(1)

The SOC0 is the initial SOC value, and the equation for calculating the SOC can be
obtained by combining the definition of the SOC, as shown in Equation (2).

SOCk = SOC0 −
η

k∫
0

i(t)dt

Q0
(2)

In Equation (2), η is the discharge efficiency of the lithium-ion battery, which is
generally taken as η = 1 at room temperature. Q0 is the rated capacity of the batteries. The
setting of the initial value of SOC0 is based on the following: when experimenting with a
full-capacity lithium-ion battery, SOC0 = 1, it should be mentioned that: if you want to test
the tracking of an algorithm of the real-time state of the system, you can set an inaccurate
initial value to verify the tracking performance of the algorithm.

For Equations (1) and (2), the open-circuit voltage UOC can be represented by the state

variable SOC, selecting xk =
[
SOCk, Up1,k, Up2,k

]T
as the state space variable; the input

variable is ik; the output variable is yk =
[
UL,k

]
. The state space equations are discretized

to obtain the equation shown in Equation (3).
xk+1 =

 1 0 0

0 e−
∆t
τ1 0

0 0 e−
∆t
τ2

xk +


− ∆t

Q0

R1(1− e−
∆t
τ1 )

R2(1− e−
∆t
τ2 )

ik + wk

yk = Uoc,k − R0ik +
[

0 −1 −1
]
xk + vk

(3)

In the above equation, ∆t is the sampling time interval, τ1 = RP1CP1, τ2 = RP2CP2,
w is the system noise, ν is the measurement error noise, and w and ν are Gaussian white
noise. Q0 is the rated capacity of the battery. The parameters R0, UOC, RP1, RP2, CP1, and
CP2 can be obtained by the HPPC working conditions, and the mathematical relationship
obtained by the above state-space equation can characterize the working characteristics of
lithium-ion batteries. This research used CFTOOL in MATLAB to perform the curve fitting
of the data to obtain the identification parameters.

2.2. Segmented Double-Exponential Fit Parameter Identification

Ternary lithium-ion batteries were selected for the research, while the nominal capacity
of the batteries is 45 Ah and the actual capacity is 43.68 Ah. To obtain the variations of
the external parameters to characterize the operating characteristics of the Li-ion battery,
HPPC tests were carried out on the Li-ion battery at 25 ◦C. Comprehensive consideration
and online parameter identification can improve the estimation accuracy of the SOC to a
certain extent; this will increase the complexity of the algorithm, while the improvement
effect is not visible. Therefore, the segmented double-exponential fit method was put
forward for parameter identification. The segmented double-exponential fitting selects
the zero-state response of the charge-discharge stage at the point of 10 SOC portions and
simulates the entire experiment with 100 data per group, for a total of 1000 data. The
battery was subjected to HPPC working conditions at 25 ◦C. The sampling experiment was
set to 0.1 s. The voltages and currents during the charging and discharging for the whole
HPPC experiment are shown in Figure 2.
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Figure 2. The voltage and current curve of the whole HPPC process. (a) The current curve of the
HPPC process. (b) The voltage curve of the HPPC process.

Figure 2 shows the HPPC experiment that was carried out at points with an SOC of
1.0, 0.9, 0.8, . . . , 0.2, 0.1, and the charge and discharge rates were set at 1C, while the steps
of the single cycle were constant current discharge pulses, a 40 s rest, 10 s constant current
charge pulses, and pulse cycles half an hour apart at the neighbouring SOC points.

Figure 3 shows the change process of the charge and discharge voltage when SOC = 0.9.
Analysing the data of the discharge process: The UOC is the stable voltage at the positive
and negative ends of the battery when the battery is shelved for a long time. In this
experiment, the voltage of the lithium-ion battery is stable after shelving for 30 min, and
the voltage value at this time can be equivalent to the open-circuit voltage value. When
SOC = 0.9, U1 can be taken as the open-circuit voltage value. The open-circuit voltage data
can be read out directly from the data obtained from the HPPC working conditions.
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Figure 3. Voltage curve at SOC = 0.9.

In the two time periods of t1~t2 and t3~t4, the voltage change is mainly affected by the
ohmic resistance of the battery. The calculation expression of the ohmic resistance can be
obtained as shown in Equation (4).

R0 =
(U1 −U2) + (U4 −U3)

2I
(4)

During the period from t2 to t3, the terminal voltage of the lithium-ion battery slowly
drops from U2 to U3, which is the zero-state response. Performing time-domain analysis
on this zero-state response circuit, a functional relationship between UL and time t can be
obtained, as shown in Equation (5).

UL(t) = UOC − IRp1

(
1− e−t/τ1

)
− IRp2

(
1− e−t/τ2

)
(5)
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Equation (5) can be written as a multi-parameter unknown functional relationship, as
shown in Equation (6). 

y = a−
x
c + b−

x
d + e

Rp1 = a
I , Rp2 = b

I
Cp1 = c

Rp1
, Cp2 = d

Rp2

(6)

Using 10 pulses of discharge data under the HPPC working conditions, the parameters
described can be determined by fitting the equation using Equation (6) as the target
equation. In Equation (6), five parameters, a, b, c, d, and e, can be obtained, as well as the
relationship between them, and the parameters required in this research are also expressed
in it, where e is the value of UOC; the required parameters can be obtained after calculation.

2.3. Adaptive BP Neural Network-Unscented Kalman Algorithm

In the current research of lithium-ion batteries, researchers often combine equivalent
circuits with adaptive algorithms such as Kalman filters for battery SOC estimation. How-
ever, for the nonlinear problem of the state of charge estimation of lithium-ion batteries,
researchers often use the extended Kalman filter and unscented Kalman filter or data-driven
methods to deal with this problem. The EKF algorithm expands the nonlinear function
with Taylor series and turns the nonlinear system into a linear system. However, the EKF
method can only retain the first-order derivative term and constant term of the nonlinear
function, ignore its higher-order derivative terms, and estimate the battery’s SOC with
a large error. The UKF method uses Unscented Transformation (UT) to process the data,
uses UT transformation to expand the data length, weights and reconstructs the original
data, keeps the mean and variance of the data unchanged, and uses the expanded data to
transform the nonlinear system. Compared with the EKF method, the parameter estimation
error is smaller. Therefore, this study used the UKF estimation results as the benchmark to
explore the related algorithms. Here, the BP neural network with the simplest structure
was selected as the neural network algorithm to correct the UKF estimation results.

The key to the UKF algorithm is the traceless transformation problem. The funda-
mental principle is to obtain a certain number of sampling points according to a fixed
sampling method (usually symmetric sampling) based on the statistical properties of the
state variables, which need to have the same mean and covariance as the original state
variables. The above point set is nonlinearly transferred using the state equation, and the
transformed mean and covariance can be obtained according to the weight distribution.
Throughout the process, the sampling points can be obtained as shown in Equation (7).

xi = x̂, i = 0
xi = x̂ +

(√
(n + λ)P

)
i
, i = 1 ∼ n

xi = x̂−
(√

(n + λ)P
)

i−n
, i = n + 1 ∼ 2n

(7)

The dimension of the state variable x is n; x̂ and P are their mean and covariance
matrix, respectively; the corresponding weights are shown in Equation (8).

−


ω0

m = λ
n+λ

ω0
c = λ

n+λ +
(
1− α2 + β

)
ωi

m = λ
2(n+λ)

, i = 1 ∼ 2n
ωi

c =
λ

2(n+λ)
, i = 1 ∼ 2n

(8)

where ω are the corresponding weights, α, β, and λ are scaling parameters (usually, the
value rule is that: β ≥ 0, normally = 2, 0.2 ≤ α ≤ 1, λ = α2(n+κ)−n, κ is the auxiliary
scale factor, and κ = 3 − n. In this research, the central idea of the adaptive BP neural
network algorithm used to correct for the error is to make the value of the learning rate a
variable that selects the learning factor, and the learning rate is defined as Equation (9).

µ(k + 1) =
{

kaµ(n) E(k + 1) < E(k)
kbµ(n) E(k + 1) > E(k)

(9)
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In Equation (9), µ is the learning rate, ka is the learning rate increment factor, kb is
the learning rate decrement factor, and E is the error value. Combined with the above
correlation analysis, the ABP−UKF algorithm is obtained to estimate the state of charge
of lithium-ion batteries. After receiving the external voltage and current data, the data
are entered into the UKF algorithm for iteration, then the input values required for the BP
neural network are obtained, then sent to the adaptive neural network for training, and
the trained data are used as a correction value to complete the whole process of iteration
and estimation.

The algorithm implementation of ABP-UKF is divided into three stages: prediction,
update, and correction of the error, which refers to the final processing of the data. The
flowchart is shown in Figure 4.
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Through the sampling of unscented transformation sampling points and the acqui-
sition of the corresponding weights, coupled with the characteristics of the automatic
adjustment of the learning rate of the BP neural network, the logical analysis of the SOC
estimation algorithm is carried out according to Figure 4, divided into three parts as follows:

1. Prediction stage:
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Predict the system state variables and the error variance matrix at time k+1; combined
with Equation (8), the weighted sum is obtained to obtain the predicted mean value of the
system state quantity, which can be calculated as shown in Equation (10).

x̂i
k+1|k =

2n
∑

i=0
ωi

mxi
k+1|k

Pxx,k+1|k =
2n
∑

i=0
ωi

c

[
xi

k+1|k − x̂k+1|k

][
xi

k+1|k − x̂k+1|k

]T
+ Qk+1

(10)

where i = 1, 2, 3, . . . , 2n + 1 (unscented transform of all points). x is the state variable. w
is the corresponding weights. Pxx is the error variance matrix. Q is the Gaussian noise.
Then, update the weight of the average of the measured values and the variance matrix of
the measurement at time k + 1, and finally, obtain the variance matrices of the state and
measurement quantities at k + 1.

ŷk+1|k =
2n
∑

i=0
ωi

myi
k+1|k

Pyy,k+1 =
2n
∑

i=0
ωi

c

[
yi

k+1|k − ŷk+1|k

][
yi

k+1|k − ŷk+1|k

]T
+ Rk+1

Pxy,k+1 =
2n
∑

i=0
ωi

c

[
xi

k+1|k − x̂k+1|k

][
yi

k+1|k − ŷk+1|k

]T

(11)

where y is the predicted value of each sampling point (it is a map of x) and xk is the input
variable. Pyy is the variance matrix of the measurement. Pxy is the variance matrices of
state and measurement value. R is the noise at this time.

2. Update stage:

Kalman filter gain:

Kk+1 =
Pxy,k+1

Pyy,k+1
(12)

Update the system state variable values and error variance matrix.{
x̂k+1|k+1 = x̂k+1|k+1 + Kk+1

(
yk+1 − ŷk+1|k

)
Pxx,k+1|k+1 = Pxx,k+1|k − Kk+1Pxy,k+1KT

k+1

(13)

3. Error correction stage:

The entire neural network is divided into two processes: forward transmission and
reverse transmission of the error signals. First, the Kalman filter gain matrix Kk+1 and
the state of charge estimation matrix error Pxx obtained from the training dataset in the
UKF algorithm are used as the input layer of the BP neural network. During the forward
propagation process, each node output value is aj, and this aj is based on the output values
of all nodes in the upper layer, the weights of the current node and all nodes in the previous
layer, the threshold of the current node, and the activation function. The specific calculation
is shown in Equation (14). 

Sj =
m−1
∑

e=0
ωejai + bj

aj + f (Sj) =
1−e−Sj

1+e−Sj

(14)

The weight between node e and node j is wej; the threshold of node j is bj; f (Sj) is the
activation function. In this study, the sigmoid function was used to output after processing.
In the process of BP, the weights and thresholds are repeatedly corrected, so that the target
output error is optimized in the required direction. For the error function in the neural
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network and according to the gradient descent method, the gradient value for the jth node
is shown in Equation (15).

E(ω, b) = 1
2

n−1
∑

j=0
(dj − yj)

2

∂E(ω,b)
∂ωej

= (dj − yj) f (Sj) · (1− f (Sj))

(15)

The result of the output layer is dj. yj is the error correction value of the UKF algorithm,
and we obtain the weight between the hidden layer and the output layer as follows.

ωej = ωej − l · ∂E(ω, b)
∂ωej

(16)

In the above equation, l is the learning rate. This research improved the learning rate
so that it can choose the learning factor according to the correction process and can be
optimized according to Equation (17) to update the weights. ωej(k + 1) = ωej(k)− µal · ∂E(ω,b)

∂ωej
, E(k + 1) < E(k)

ωej(k + 1) = ωej(k)− µbl · ∂E(ω,b)
∂ωej

, E(k + 1) > E(k)
(17)

After completing this part of the data processing, the error correction value of the UKF
algorithm is obtained, and finally, the final estimation calculation of the SOC is performed,
as shown in Equation (18).

SOCABP−UKF = SOCUKF + SOCErr (18)

SOCABP-UKF is the estimated value obtained; SOCUKF is the estimated value of the
UKF algorithm; SOCErr is the error value obtained by the neural network after training,
also called the correction value.

When the ABP-UKF algorithm estimates the SOC of the lithium-ion battery, the
target estimator SOC is used as the state variable, and the battery terminal voltage is the
observed variable. It can be seen from the results that in the later estimation process, the
compensation effect of the ABP algorithm on the UKF algorithm has a visible optimization
effect in the final estimation result. The validity of the algorithm proposed in this research
is verified again.

2.4. SOC Estimation Model

Combined with the descriptions in Sections 2.2 and 2.3, the SOC estimation model
for lithium-ion batteries can be established, and the model flow is shown in Figure 5. It
consists of three main parts: model validation, network training, and SOC estimation;
the latter two parts as a whole, estimating the SOC of lithium-ion batteries, require two
sets of data, which are used as the training dataset and the test dataset for the relevant
iterative calculations.

As shown in Figure 5, the entire SOC estimation model is divided into three parts:
accurate lithium-ion battery modelling is the premise of accurately estimating the SOC;
the SO-PEC model used in this study can well characterize the working conditions of
lithium-ion batteries; training the network is the key to SOC estimation; in this research,
by using the ABP-UKF algorithm and the relevant training of the estimation results of the
UKF algorithm, the estimation error of the algorithm will be corrected, which improves the
estimation efficiency to a certain extent; the final SOC estimation is the verification of the
proposed algorithm, and the three parts are indispensable. Through this figure, it can be
seen that the iteration of data and the algorithm process are the overall logical framework
of this research.
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3. Experimental Analysis
3.1. Experimental Platform

All three experiments, HPPC, BBDST, and DST, were carried out on the experimental
platform. The experimental platform is shown in Figure 6.
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Figure 6. Experimental platform.

As shown in Figure 6, all experiments were conducted with a lithium-ion battery
with a rated capacity of 45 Ah as the subject of study, which was placed in a temperature
controller to reduce the influence of temperature on the working conditions of the lithium-
ion battery and the charge and discharge experiments under various working conditions.
On the PC side, set the working conditions, perform simulated charging and discharging,
obtain experimental data such as voltage, current, capacity, and temperature, then process
the data, select the data segment, and conduct relevant verification.
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3.2. Model Validation

The HPPC working conditions were performed on the 10 divided points. Between
the point states of the SOC, enough time is needed to make the battery return to normal,
without polarization reaction, electrochemistry, and thermal equilibrium, so we set a 30 min
shelf time. The required polarization resistance and polarization capacitance values are
shown in Table 1.

Table 1. Results of the model parameters.

SOC
(100%) UOC (V) RP1 (Ω) RP2 (Ω) CP1 (F) CP2 (F) R0 (Ω)

1.0 4.1908 0.000813409 0.000118136 19,867.00196 4740.284725 0.003418182
0.9 4.0662 0.000790455 0.000124977 17,825.18689 4750.463721 0.003452273
0.8 3.9574 0.000835455 0.000123182 17,104.46137 5072.98893 0.003465909
0.7 3.8581 0.000958864 0.000116818 17,593.74259 7138.44358 0.003486364
0.6 3.7434 0.000933182 0.000121909 17,177.7886 5753.467562 0.003479545
0.5 3.6718 0.000768636 9.17727 × 10−5 25,512.71437 12814.26449 0.003515909
0.4 3.6321 0.000685455 9.08409 × 10−5 23,896.55172 7258.844133 0.003536364
0.3 3.5946 0.000596364 8.62955 × 10−5 20,356.70732 4685.067158 0.003579545
0.2 3.5388 0.000995909 9.25455 × 10−5 23,214.97033 9668.762279 0.003643182
0.1 3.4712 0.000972955 0.00011625 15,447.79257 5238.709677 0.003738636

The data shown in Table 1 were fed into the simulation software, where the equivalent
circuit model was simulated to obtain the accuracy of the model estimation of the SO-PEC
modelling method. The model, which can accurately characterize the operating state of a
lithium-ion battery, is a prerequisite for the accurate estimation of the lithium-ion battery’s
state of charge. The comparison and error figure of the simulated SO-PEC voltage and the
reference data are shown in Figure 7.
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(b) Error of model validation results.

From the data analysis in Figure 7, it can be seen that in the simulation process of the
model, the maximum error value is 0.0455 V, and the accuracy of the model estimation
according to Equation (19) reaches 98.915%. Accurate model simulation is the premise of
accurately estimating the SOC of lithium-ion batteries, so the SO-PEC in this research can
well characterize the working conditions of lithium-ion batteries.

Es,err =
Urr
Uoc,1

(19)

Es,err is the estimation accuracy; Urr is the value of the estimation error; UOC,1 is the
open-circuit voltage when the SOC is 1.
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3.3. Analysis of the SOC Estimated Results in Complex Working Conditions

After the model validation in Section 3.2, the model used in this paper to characterize
the operating state of the Li-ion battery is shown to be sufficiently accurate. Next, the
estimation results of the model and algorithm proposed in this paper needed to be validated
under various working conditions. To verify whether the algorithm proposed in this
research can be optimized for the deviation of the estimated difference of the UKF algorithm
from the mean value under different working conditions, the model was mainly verified
under HPPC working conditions, BBDST working conditions, and DST working conditions.

3.3.1. Analysis of the Results under HPPC Working Conditions

Lithium-ion batteries are discharged intermittently in daily use, and with this feature
in mind, the algorithm model can be verified under HPPC working conditions. The SOC
estimation results and errors under HPPC working conditions are shown in Figure 8.
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conditions. (e) Enlarged view of the error of the SOC under the HPPC working conditions.
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Figure 8a is the SOC estimation results of various algorithms under the HPPC ex-
perimental conditions; Figure 8b is the correction value of the BP-UKF and the ABP-UKF
based on the UKF estimation results; Figure 8c is the partially enlarged view of Figure 8b;
Figure 8d is based on the SOC value estimated by the reference value, the error curve of
the UKF, the BP-UKF, the ABP-UKF algorithms, respectively; Figure 8e is the partially
enlarged diagram of Figure 8c. It can be seen from Figure 8a that the overall SOC estimation
effect of the UKF algorithm and the BP-UKF algorithm fluctuates greatly, and the proposed
ABP-UKF algorithm can track the SOC well in the entire estimation process with slight
fluctuations; the estimation result of the ABP-UKF algorithm can be closer to the reference
value. The UKF algorithm and the BP-UKF algorithm have local oscillations, which can
partly explain why the proposed algorithm can effectively correct the error estimated by
the UKF algorithm, and the proposed algorithm has better performance on the tracking
performance. From the corrected error curve in Figure 8b, the convergence of the ABP-UKF
algorithm is better than that of the BP-UKF algorithm, and the enlarged curve can also
reveal this result more clearly. The error curve of Figure 8d shows that the maximum
error estimated by the UKF algorithm is 4.31%. Because of the oscillation of the estimated
results of the BP-UKF algorithm, the maximum error reaches 5.31%. The BP algorithm
can correct the estimated value of UKF to a certain extent, but it will generally oscillate
within a certain range. The maximum estimated error of the ABP-UKF algorithm is 3.02%,
which can greatly attenuate the compensatory oscillation of the BP-UKF algorithm. The
modification of the ABP algorithm to the UKF algorithm was verified, and the estimation
results were modified and optimized. The criteria for the SOC estimation results under the
HPPC working conditions are shown in Table 2.

Table 2. Criteria for the SOC estimation results under HPPC working conditions.

Reference Value Algorithm MAX MAE RMSE

Ah
UKF 0.04309 0.01005 0.01248

BP-UKF 0.05309 0.00916 0.00013
ABP-UKF 0.03017 0.00702 0.00007

UKF
BPcor 0.02018 0.00405 0.00005

ABPcor 0.01675 0.01381 0.00019

In Table 2, the metrics of the SOC estimates obtained using the Ah-integral method
as the reference value and the algorithm correction result measurement obtained by the
UKF algorithm estimate as the reference value are shown, respectively. BPcor represents
the compensation value of the BP algorithm on the UKF algorithm. The UKF algorithm is
directly compensated by the compensation value obtained by network training with the
error and Kalman gain as the input. ABPcor represents the compensation value of the ABP
algorithm on the UKF algorithm. MAX is the maximum value, and the MAE can better
reflect the actual situation of the error of the predicted value. The RMSE measures the
deviation between observations and reference values. The ABP-UKF algorithm has the
smallest estimation error, and it had the best performance regarding the MAE and RMSE
among the three algorithms. From Figure 8b,c and the correction values: the correction
effect of the ABP algorithm on the initial value is evident, although the correction value of
the ABP-UKF algorithm is less than the correction value of the BP algorithm, and the BP
algorithm had better performance regarding the MAE and RMSE, while the ABP algorithm
has a more evident correction effect on the overall compensation; it can obtain better
performance results.

3.3.2. Analysis of Results under BBDST Working Conditions

In actual operation, the charging and discharging process of the battery is complex,
with instantaneous high current shock and rapid switching of the charging–discharging
process, placing extremely high demands on the performance of the battery. This operating
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condition is a work-step simulation of the actual operation of an electric bus in Beijing.
The dynamic test condition BBDST was used for experimental verification [40]. The SOC
estimation results verified by operating conditions are shown in Figure 9.
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Figure 9. SOC estimation and error comparison under BBDST. (a) Estimation results of the SOC
under the BBDST working conditions. (b) Enlarged view of the estimation results of the SOC under
the BBDST working conditions. (c) Correction value based on the UKF algorithm. (d) Error of the
SOC under the BBDST working conditions.

Figure 9a shows that both the BP-UKF algorithm and the ABP-UKF algorithm try to
approach the reference value, and Figure 9b shows the fluctuation of the ABP-UKF is smaller
than that of the BP-UKF algorithm, while the correction value is higher and more accurate,
which can partly explain why the proposed algorithm can effectively correct the error
estimated by the UKF algorithm; the proposed algorithm has better tracking performance.
It can be seen from the correction error curve in Figure 9c that the convergence of the
ABP-UKF algorithm is better than the BP-UKF algorithm, and the correction value is stable
within a certain error range. Figure 9d shows the maximum error estimated by the UKF
algorithm is 4.22%, due to the fluctuation of the estimation of the BP-UKF algorithm; its
maximum error reaches 4.57%; the ABP-UKF algorithm optimizes it to a certain extent; the
maximum error is 2.93%. Under the BBDST working conditions, the maximum fluctuation
values sometimes deviate from the UKF estimates, but the errors of the BP-UKF algorithm
can be well corrected under the estimation of the ABP-UKF algorithm, which has a higher
estimation accuracy than the UKF algorithm. The criteria for the SOC estimation results
under the BBDST working conditions are shown in Table 3.
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Table 3. Criteria for the SOC estimation results under the BBDST working conditions.

Reference Value Algorithm MAX MAE RMSE

Ah
UKF 0.04219 0.01957 0.02405

BP-UKF 0.04571 0.01777 0.02261
ABP-UKF 0.02959 0.01472 0.01701

UKF
BPcor 0.02041 0.00595 0.00736

ABPcor 0.01846 0.01472 0.01375

Combined with Figure 9 and Table 3, the SOC estimation results obtained by the
Ah-integral method as the reference value show that the maximum value of the proposed
algorithm is the minimum estimation error. The MAE and RMSE are as small as possible,
and the ABP-UKF performs best, like under the HPPC working conditions. Combined
with the overall error estimation, it can be obtained that the initial value correction effect
of the ABP algorithm on the UKF algorithm is greater than that of the BP algorithm,
although the correction value of the ABP algorithm is less than the correction value of
the BP algorithm, and the BP algorithm had better performance regarding the MAE and
RMSE; the effectiveness of the correction performance of the ABP algorithm on the overall
compensation is proven.

3.3.3. Analysis of the Results under DST Working Conditions

After verification under the BBDST working conditions, the verification results of the
international dynamic test conditions needed to be considered. Therefore, the algorithm
proposed in this research was further verified by the DST working conditions. the SOC esti-
mation results verified by the DST operating conditions are shown in Figure 10. Figure 10a
shows that the inclusion of the BP neural network algorithm as the error correction al-
gorithm has a certain error correction effect, and from Figure 10b, it can be seen that the
fluctuation of the ABP-UKF algorithm is smaller than that of the BP-UKF algorithm; the
correction value is higher, indicating that the proposed algorithm can effectively correct
the error estimated by the UKF algorithm, and the proposed algorithm has better tracking
performance, as well; this proves the validity of the corrected error curve in Figure 10c
again; although both are stable within a certain compensation value, the former has a
smaller amplitude than the latter. Figure 10d shows that the maximum error estimated by
the UKF algorithm is 5.03%, the maximum error estimated by the BP-UKF algorithm is
3.37%, and the maximum error of the ABP-UKF algorithm is 2.79%; under the DST working
conditions, the BP-UKF algorithm can compensate the estimated value of the UKF to a
certain extent, but its estimated smoothness is not as good as the UKF algorithm; however,
under the ABP-UKF algorithm, the compensation oscillations of the BP-UKF algorithm can
be largely attenuated under the estimation of the ABP-UKF algorithm. Table 4 gives the
criteria for the SOC estimation results under the DST working conditions.

Analysing of Figure 10 and Table 4, the estimation result of the BP-UKF algorithm
and the ABP-UKF algorithm under the DST working conditions is almost the same; the
BP-UKF algorithm performs better under the two standards measures of the MAE and
RMSE, while the ABP-UKF algorithm estimates the error value as the minimum value,
which demonstrates the purpose of proposing the algorithm. In terms of the superiority
of the correction effect, the ABP-UKF algorithm can make the overall value closer to
the reference value to an extent, and in the final SOC estimation result, the ABP-UKF
algorithm’s estimation performance is improved.
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Figure 10. SOC estimation and error comparison under DST. (a) Estimation results of the SOC under
the DST working conditions. (b) Enlarged view of the estimation results of the SOC under the DST
working conditions. (c) Correction value based on the UKF algorithm. (d) Error of the SOC under the
DST working conditions.

Table 4. Criteria for the SOC estimation results under the DST working conditions.

Reference Value Algorithm MAX MAE RMSE

Ah
UKF 0.05034 0.00819 0.01132

BP-UKF 0.03370 0.01065 0.01309
ABP-UKF 0.02789 0.01320 0.01518

UKF
BPcor 0.01787 0.01060 0.01069

ABPcor 0.01561 0.01402 0.01395

4. Conclusions

Accurate SOC estimation of lithium-ion batteries has an important role in their safety
control. With the segmented identification and simulation of the SO-PEC modelling method
proposed in this research, the model verification accuracy reached 98.915%, proving the
proposed method can more accurately characterize the operating characteristics of lithium-
ion batteries. Under the experimental verification of the final SOC estimation, through the
SOC estimation results under the HPPC, BBDST, and DST working conditions, it was clearly
shown that the established ABP-UKF estimation model can well correct the error of the UKF
algorithm to estimate the SOC and solve the problem of the UKF algorithm having a large
error in the process of estimating the SOC. The estimation accuracy was improved by 1.29%
under the HPPC working conditions, 1.28% under the BBDST working conditions, and
2.24% under the DST working conditions. The accuracy of algorithm proposed (ABP-UKF)
in this study in the estimation of the SOC was improved. The correction of the estimation
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error under the three working conditions reached an average of 1.5%, which verified that
the ABP-UKF algorithm has a good SOC estimation result, which makes the estimation
result closer to the real SOC value of the lithium-ion battery. This research relied on the
estimation accuracy of the UKF algorithm to some extent and can be further optimized to
improve the accuracy in subsequent studies, and the growth of the BP neural network will
also be the direction of future research.
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