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Abstract: An accurate assessment of the state of charge (SOC) of electric vehicle batteries is critical
for implementing frequency regulation and peak shaving. This study proposes mechanism- and data-
driven SOC fusion calculation methods. First, a second-order Thevenin battery model is developed
to obtain the physical parameters of the battery. Second, data from the Thevenin battery model and
data from four standard cycling conditions in the electric vehicle industry are added to the dataset
of the feed-forward neural network data-driven model to construct the test and training sets of the
data-driven model. Finally, the error of the mechanism and data-driven fusion modeling method
is quantitatively analyzed by comparing the estimation error of the method for the battery SOC at
different temperatures with the accuracy of the data-driven SOC estimation method. The simulation
results show that the root mean square error, the mean age absolute error, and the maximum error of
mechanism and data-driven method for the estimation error of battery SOC are lower than those of
the data-driven method by 0.9%, 0.65%, and 1.3%, respectively. The results show that the mechanism
and data-driven fusion SOC estimation method has better generalization performance and higher
SOC estimation accuracy.

Keywords: SOC estimation; data driven; mechanism; dataset training

1. Introduction

With the increasing usage of V2G technology, precise battery state-of-charge estimation
has become more vital. To ensure that an electric vehicle’s range reaches a specific baseline
value, the battery management system (BMS) must measure its state of charge (SOC)
using high-precision methods [1,2]. Lithium batteries are influenced internally by SOC,
temperature, internal resistance, and lifetime, making it challenging to obtain an accurate
SOC estimate. There are a variety of commonly used methods. Examples include Ampere-
hour (Ah) integration [3], open-circuit voltage method [4–6], electrochemical modeling [7],
Kalman filtering [8], particle filtering [9,10], and deep learning [11,12].

The model-based strategy simulates the dynamic processes occurring inside the battery
by building a model, and combining the model with an algorithm for the battery state to
estimate the battery SOC [13,14]. However, the model-based strategy necessitates a high
level of battery model universality. Additionally, as the battery ages and the parameters
of the electrochemical model change, the accuracy of SOC prediction decreases [15]. The
estimation method combining Kalman filtering and least squares can estimate the state of
charge (SOC) under discharge conditions [16]. However, this article only models first-order
circuits and is not applicable to complex working conditions. SOC can be estimated based
on the open-circuit voltage method [17,18]. However, determining the open-circuit voltage
of the battery requires a lot of experiments. Extended Kalman filtering is often applied in
real-world scenarios due to the significant nonlinear properties of lithium batteries [19].
Article [20] proposes a trace-free Kalman filter algorithm based on the principle of strong
tracking to estimate the SOC. However, the strong tracking method heavily relies on the
observed values for state estimation. When the covariance of the observed residuals is not
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precise enough to approximate the statistical characteristics of the true residuals, this can
cause the filtering gain to be lower than optimal, affecting the smoothness of the filtering
effect. Article [21] proposes a lithium-ion battery SOC closed-loop estimation method based
on SA-SVR (simulated annealing-optimized support vector regression) and MEE-EKF
(Minimum Error Entropy Extended Kalman Filter). However, using this method, it is easy
to fall into local optimization for complex optimization problems, and it is not guaranteed
to find the global optimal solution. In recent years, machine learning-based SOC estimation
methods have attracted much attention. Neural networks are based on the process of
neural conduction between input and output features and do not involve complex physical
mechanisms [22]. The estimation of battery state using data-driven methods is defined
as machine learning methods for battery state estimation. These methods have robust
nonlinear mapping capabilities and can approximate arbitrary functions with arbitrary
accuracy [23]. The SOC estimation method that integrates a BP neural network and EKF
algorithm has better robustness and consistency of the trained neural network than the
EKF algorithm. However, this method is slow to train and prone to localized extremes.

In this research, we propose a mechanism- and data-driven SOC fusion calculation
method that combines the data-driven model and the Thevenin battery model, and im-
proves the generalization ability and accuracy of the model through domain knowledge.
Firstly, the second-order Thevenin battery model is established to obtain the physical pa-
rameters of the power battery [24,25], and the physical parameters and OCV-SOC curves of
the battery are obtained through parameter identification, and the SOC of the second-order
battery model is estimated by adaptive asymptotic extended Kalman filtering (AFEKF).
Secondly, the data obtained from the second-order Thevenin battery model and the data
from the four standard cycling conditions of the EV industry are added to the data-driven
model, and the data from the second-order Thevenin battery model is added to the data-
driven model. Conditions are added to the dataset of the data-driven model [26]. The
test and training sets for the data-driven model are constructed. Finally, the accuracy of
the proposed method in this paper is quantitatively analyzed by comparing the errors
of the method for SOC estimation at −10 degrees Celsius, 0 degrees Celsius, 10 degrees
Celsius, and 25 degrees Celsius. The errors of the SOC estimation results are quantitatively
analyzed using the root mean square error (RMSE), mean error (MAE) and maximum error
(MAX). Simulations comparing the accuracy of SOC estimation by the data-driven model
and the mechanism/data-driven fusion model show that the RMSE, MAE, and MAX of
SOC estimation by the mechanism/data-driven fusion method are lower than those of the
data-driven method by 0.9%, 0.65%, and 1.3%, respectively. This shows that the latter has
better generalization performance and higher accuracy in estimating SOC.

The main contents of this paper are organized as follows: Section 2 introduces the
mechanism SOC estimation method. A second-order Thevenin cell model is developed.
The physical parameters of this mechanistic model are obtained through parameter iden-
tification, and the battery SOC is obtained through Kalman filtering. Section 3 discusses
the data-driven SOC estimation method and the feedforward neural network structure.
Section 4 presents the fusion of mechanism- and data-driven SOC estimation method. The
mechanistic and data-driven fusion method is presented, where data from the mechanistic
model and data from four standard cycling conditions in the electric vehicle industry are
added to the dataset of the feedforward neural network model. Section 5 presents the
validation of the effectiveness of the method proposed in this paper on MATLAB/Simulink
and analyzes the simulation results. Section 6 summarizes the results of the research.

2. Mechanism SOC Estimation
2.1. Battery Equivalent Circuit Model

The Thevenin model can help keep the state-of-charge (SOC) estimation error within
a reasonable range and simulate various characteristics of Li-ion batteries more accu-
rately [27]. The second-order Thevenin model uses two RC (resistance and capacitance)
parallel loops to mimic the battery’s charging and discharging functions, while also repre-
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senting the internal resistance of the battery through the resistor [28]. Figure 1 shows the
second-order Thevenin model.
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Figure 1. Second-order Thevenin model.

In Figure 1, Uoc is the open-circuit voltage (OCV), UL is the measured terminal voltage,
R1 is the ohmic internal resistance, U1 is the voltage across the ohmic internal resistance, It
is the measured terminal current, Up1 is the electrochemical polarization voltage, Up2 is the
concentration polarization voltage, Rp1 is the electrochemical polarization resistance, Cp1 is
the concentration polarization capacitance, Rp2 is the concentration polarization resistance,
and Cp2 is the concentration polarization capacitance.

Equation (1) is obtained from Kirchhoff’s voltage law:
Uoc − UL = R1 It + Up1 + Up2

Up1 = Rp1 It − Rp1Cp1
dUp1

dt

Up2 = Rp2 It − Rp2Cp2
dUp2

dt

, (1)

2.2. Parameter Identification

In the second-order Thevenin model, R1, Rp1, Rp2, Cp1, and Cp2 are the parameters
to be recognized. The least squares method based on a single forgetting factor (FFRLS)
has a good online parameter identification capability as it assigns a higher weight to the
new data by introducing a constant value λ (0.9 ≤ λ ≤ 1.0), which reduces the influence
of the old data on the identification results. The Laplace transform of Equation (1) can
be obtained:

Uoc(s)− U1(s) =

(
R1 +

Rp1

sRp1Cp1 + 1
+

Rp2

sRp2Cp2 + 1

)
It(s), (2)

where s is the complex frequency domain Laplace operator and the corresponding differ-
ence equation in the discrete domain can be expressed as

φ(k) = θ1y(k − 1) + θ2y(k − 2) + θ3 It(k) + θ4 It(k − 1) + θ5 It(k − 2), (3)

where θ1~θ5 is the differential equation to be estimated coefficient. Let the matrix of
data variables φ and the matrix of differential equation to be estimated coefficients θ
be, respectively,

φ(k) = [y(k − 1)y(k − 2)It(k)It(k − 1)It(k − 2)]T , (4)

θ(k) =
[

θ1 θ2 θ3 θ4 θ5
]T , (5)

Then, Equation (3) equation can be rewritten as

y(k) = φT(k)θ(k), (6)

and the recursive expression for the FFRLS algorithm is
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
K(k) = P(k − 1)φ(k)

[
φT(k)P(k − 1)φ(k − 1) + λ

]−1

P(k) =
[
I − K(k)φT(k)

]
P(k − 1)/λ

θ̂(k) = θ̂(k − 1) + K(k)
[
y(k)− φT(k)θ̂(k − 1)

]−1

, (7)

where K is the gain coefficient matrix; P is the covariance matrix; and I is the unit matrix.
Based on the identified coefficient matrix, the following can be further derived:

bo =
θ3−θ4+θ5
1+θ1−θ2

b1 = T(1+θ2)
4(1−θ1−θ2)

b2 = T2(1+θ1−θ2)
1−θ1−θ2

b3 = θ3+θ4+θ5
1−θ1−θ2

b4 = T(θ3−θ5)
1−θ1−θ2

, (8)

where bo to b4 are the values of intermediate parameters related to the coefficients to be estimated.
The dual polarization process time constants are obtained from Equation (8), respectively:

τp1 =
b2+

√
(b2

2−4b1)
2

τp2 =
b2−

√
(b2

2−4b1)
2

, (9)

where τp1 is the time constant of electrochemical polarization process and τp2 is the time
constant of concentration polarization process. Finally, combining Equations (8) and (9),
the cell model parameters are calculated as follows:

R1 = b0

Rp1 = b3 − R1 − Rp2

Rp2 =
(
τp1R0 + τp2b3 − b4

)
/
(
τp2 − τp1

)
Cp1 = τp1/Rp1

Cp2 = τp2/Rp2

, (10)

The charge and discharge test of lithium batteries was performed, and the curve fitting
of the parameters obtained is shown in Figure 2.
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2.3. AFEKF Algorithm

The AFEKF algorithm locally linearizes the nonlinear state-space equations and is
suitable for joint parameter identification algorithms to estimate the state of nonlinear
systems of lithium batteries. The battery SOC estimation error mainly comes from the
estimation of the time constant t and the error transfer during the OCV-SOC mapping
relationship. It can be used to compensate the error between the actual state quantities
and the observed quantities, and to correct the SOC estimation error due to the inaccurate
identification of the open-circuit voltage. The AFEKF state space expression is given by{

xk+1 = f (xk, uk) + wk
yk = h(xk, uk) + vk

, (11)

where xk is the state vector; uk is the input vector; f (xk, uk) is the state transfer function;
h(xk, uk) is the observation function; and wk and vk are the state noise values and measure-
ment noise values in the system, respectively. The AFEKF algorithm localizes the model by
linearizing the f (xk, uk) and h(xk, uk) Taylor expansion at xk = x̂k, ignoring higher-order
terms yields. xk+1 ≈ f (x̂k, uk) +

∂ f (xk−x̂k)
∂x̂k

+ wk

yk ≈ h(x̂k, uk) +
∂h(xk−x̂k)

∂x̂k
+ vk

, (12)

In the meantime, the nonlinear system’s parameters are as follows:Ak =
∂ f (xk−x̂k)

∂x̂k

Ck =
∂h(xk−x̂k)

∂x̂k

, (13)

The process of estimating the state of charge (SOC) using the AFEKF method is
depicted in Figure 3. The provided discharge current is fed into the battery model, and
feedback is generated for the battery’s SOC estimation. The Kalman gain matrix is then
adjusted to minimize the error in the end voltage between experimental measurements
and model simulations. The updated gain is used to correct the state estimation error.
The AFEKF technique is robust and effectively converges after 20 iterations. Moreover,
the lithium battery SOC estimation method can be adjusted to adapt to changes in the
surrounding environment in real-world scenarios. Figure 3 illustrates the flow of the
AFEKF algorithm for SOC estimation.
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3. Data-Driven SOC Estimation

The input layer, hidden layer, and output layer are the three layers that constitute a
deep feedforward neural network (DFNN). DFNN is composed of several artificial neurons
arranged in a specific manner. The structure of DFNN consists of the input layer, hidden
layer, and output layer [29]. To minimize loss during the model’s training and keep the
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training output close to the true value, the initial learning rate is set to 0.01, and the weight
matrix and bias parameters are continually adjusted during the training process of the
DFNN. Figure 4 illustrates the construction of the DFNN.
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Figure 4. DFNN structure.

The five parameters current, voltage, temperature, average voltage, and average
current correspond to the input properties of the input node, which are represented by
the notation X = [x1, x2, x3, x4, x5]. The DFNN algorithm is utilized to estimate the SOC.
The numerous neurons that constitute the hidden layer, positioned between the input
and output layers, are responsible for extracting features from and transforming the input
data. Initially, Layer 1 segregates the original data into dimensionless feature indications.
Subsequently, Layer 1 and Layer 2 process the data using an algorithmic approach to extract
additional features. Finally, the output layer receives the outcomes. The final prediction
results are then output through the output layer. DFNN can derive the final model by
continuously iterating Equations (10) and (11).

z(l) = w(l) fl−1

(
z(l−1)

)
+ b(l), (14)

a(l) = fl

(
w(l)a(l−1)

)
+ b(l), (15)

where z is the static input of the neuron; l denotes the number of layers of the DFNN;
w is the weight matrix; f is the activation function; b is the bias parameter; and a is the
output of the neuron. In DFNN, the weight matrix w is a parameter for stretching the
transformation of feature vectors, and its value is a random number in the interval of 0~1.
The feed forward neural network’s back propagation updates each network layer during
the model training phase, increasing computational accuracy:

Wnew = W − α
∂L(Y, Ŷ)

∂W
, (16)

where Wnew is the updated weight matrix; α is the learning rate; L(Y, Ŷ) is the loss function;
and Y and Ŷ are the output vectors, respectively. The activation function is used to control
the output of neurons to improve the learning ability of DFNN for nonlinear problems.
The commonly used activation functions in DFNN are functions such as Sigmoid, Tanh
(hyperbolic tangent function) and ReLU (Rectified linear unit) functions. Compared to
Sigmoid and Tanh functions, ReLU function improves the neural network training speed
and helps the network to adjust the parameters more stably. Therefore, the ReLU function
is used as activation function Equation (13).

f (x) = max(0, x), (17)
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where f (x) is the output value of the neuron, and x is the input value of the neuron.
The degree of variations between the genuine values and the model output values is
calculated using the RMSE function, which is provided as (15) to assess the model’s degree
of convergence. It is widely acknowledged that the closer the model display values are to
the genuine values, the smaller the error value will be.

L(Y,
∧
Y) = SME =

1
n

n

∑
i=1

(yi − ŷm)
2

, (18)

where n denotes the number of samples in each training batch; and yi and ŷm are the true
and predicted values of SOC in each training batch, respectively.

4. Mechanism- and Data-Driven Fusion SOC Estimation
4.1. Dataset Acquisition

The dataset has a significant impact on how well the neural network trains. It is
constructed from two components: the mechanism model and the normal cycling circum-
stances of the automotive industry, tailored to match the actual operating conditions of
electric vehicles. Ohmic internal resistance and OCV are selected for the mechanism model.
Four standard cycling conditions—US06, LA92, UDDS (Urban Dynamometer Driving
Schedule), and HWFET (Highway Fuel Economy Test) were chosen for the electric car
sector to create the dataset. To collect more data reflecting real-world scenarios, four stan-
dard cycles were conducted on the LG_HG2 battery. The time-shifted segments of these
cycles were then merged to create six hybrid cycles. To obtain a dataset covering voltage,
current, temperature, and SOC, the LG_HG2 battery underwent testing through six hybrid
cycles and four standard cycles under consistent charging and discharging conditions. The
specific data are illustrated in Figure 5, where (a) represents the US06 battery condition,
(b) the LA92 condition, (c) the UDDS condition, (d) the HWFET working condition, and
(e) the mixed cycle condition. Each row in the figure displays the voltage, current, tem-
perature, and corresponding SOC for different conditions. The output variables of the
mechanism model are incorporated as new eigenvalues into the existing condition dataset.
This entails adding additional features generated by the mechanistic model to the original
data, resulting in a multi-case fusion dataset utilized as input data for the fusion model.

4.2. Fusion Model SOC Estimation Methods

When the DFNN technique is used to estimate the state of charge (SOC) of the power
battery, three parameters—current, voltage, and temperature—are entered into the model’s
dataset as characteristic parameters. Subsequently, a mapping link is established between
these parameters and the state of charge (SOC) of the battery at the critical moment. The
relationship between input and output can be visually represented, as shown in Figure 6.

When the DFNN technique is used to estimate the SOC of the power battery, three
parameters—current, voltage, and temperature—are inputted into the model’s dataset
as characteristic parameters. Subsequently, a mapping link is established between these
factors and the battery’s state of charge at that specific moment. The relationship between
input and output can be represented as follows:{

H = [V, I, T]
SOC = fDFNN(H)

, (19)

where V denotes voltage, I denotes current, and T denotes temperature, which together
represent the mapping relationship of the DFNN model.

The open-circuit voltage (OCV) profile is a crucial component in SOC estimation.
OCV varies relatively slowly and steadily, unaffected by short-term noise, making it a
reliable input for high-precision SOC prediction. These voltage components within the
cell depict the cell’s response to SOC variations and current excitations on various time
scales. The ohmic polarization overpotential and the concentration polarization potential
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are two significant factors influencing the cell terminal voltage. To expedite the mapping
relationship between input variables and battery SOC using the fusion model, internal
battery voltage and internal resistance can serve as input variables in the fusion dataset.
Dividing each polarization voltage by the current allows for the determination of the
polarization resistance.
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(b) LA92 working condition of the battery 
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Figure 6. Fusion model structure.

{
[X1, · · ·, Xi] = gTn(V, I, T,)

SOC(t) = [V, I, T, X1, · · ·, Xi]
, (20)

where Tn represents the second-order Thevenin model, X denotes the new input variable
calculated by Tn, i represents the number of new input variables (here, only the two
parameters OCV and ohmic internal resistance R1 are used as new variable inputs), and
gTn denotes the algorithm used to calculate the battery internal variables. SOC(t) is the
fusion model to estimate the battery SOC results. The mechanism- and data-driven fusion
model is shown in Figure 7.

Energies 2024, 17, x FOR PEER REVIEW 10 of 17 
 

 

B
at

te
ry

 D
at

a

( )toutput
DFNN

Model 
Paramenters

AFEKF

( )SOC t

V

I

T

TnSOC

1R

(OCV)f

1U

ocU

LU

I

Rp1 Rp2

Cp1 Cp2

Up1 Up2

 

Figure 7. Mechanism- and data-driven fusion modeling. 

Three elements constitute the framework of the SOC prediction approach outlined in 

this paper: error analysis, SOC estimation using a deep feed-forward neural network, and 

prognosis assisted by a second-order Thevenin circuit model. During forward propaga-

tion, the initial output is computed by inputting the training dataset into the DFNN 

model. This output is then compared to the reference SOC to determine the error. The 

partial derivatives of each parameter (weights and biases) in the DFNN are used to update 

the values before repeating the process for a new iteration. This iterative process continues 

until the specified criteria are met. The mechanism- and data-driven fusion SOC estima-

tion approach operate as follows: 

(1) Training data acquisition, open-circuit voltage (OCV), and ohmic internal re-

sistance data from four automotive industry-standard cyclic condition datasets and mech-

anism models (US06, LA92, UDDS, and HWFET) are converted into tensor form to create 

a multivariate time series dataset. 

(2) The SOC estimation model was trained with 55 neurons per layer in the DFNN 

model for 50 iterations of each process. A time series containing 3 + i variables is used as 

input, where i represents the number of additional state variables, including the mecha-

nism model OCV, ohmic internal resistance, and the training output SOC. 

An error analysis is conducted on the state-of-charge (SOC) estimation results to eval-

uate the effectiveness of the strategy. By quantitatively studying the errors in the SOC 

estimates using metrics such as root mean square error (RMSE), mean absolute error 

(MAE), and maximum error (MAX), the accuracy and precision of the SOC estimation 

process can be thoroughly evaluated. 

( )
=

= −
2

1

1
y

kn

i m
ik

RMSE y
n

, (21) 

=

= −
1

1 n

i m
i

MAE y y
n

, (22) 

=

= −
1

max
n

i m
i

MAX y y , (23) 

where 
k

n  denotes the number of samples in the SOC estimation dataset, 
i

y  is the true 

value of the sample, and 
m

y  is the predicted value of the sample. 

5. Simulation Analysis 

5.1. SOC Estimation at Different Temperatures 

To calculate the maximum error, mean absolute error, and root mean square error at 

various temperatures, the state of charge (SOC) was determined from four different 

Figure 7. Mechanism- and data-driven fusion modeling.

Three elements constitute the framework of the SOC prediction approach outlined in
this paper: error analysis, SOC estimation using a deep feed-forward neural network, and
prognosis assisted by a second-order Thevenin circuit model. During forward propagation,
the initial output is computed by inputting the training dataset into the DFNN model.
This output is then compared to the reference SOC to determine the error. The partial
derivatives of each parameter (weights and biases) in the DFNN are used to update the
values before repeating the process for a new iteration. This iterative process continues
until the specified criteria are met. The mechanism- and data-driven fusion SOC estimation
approach operate as follows:

(1) Training data acquisition, open-circuit voltage (OCV), and ohmic internal resistance
data from four automotive industry-standard cyclic condition datasets and mechanism
models (US06, LA92, UDDS, and HWFET) are converted into tensor form to create a
multivariate time series dataset.
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(2) The SOC estimation model was trained with 55 neurons per layer in the DFNN
model for 50 iterations of each process. A time series containing 3 + i variables is used as
input, where i represents the number of additional state variables, including the mechanism
model OCV, ohmic internal resistance, and the training output SOC.

An error analysis is conducted on the state-of-charge (SOC) estimation results to
evaluate the effectiveness of the strategy. By quantitatively studying the errors in the SOC
estimates using metrics such as root mean square error (RMSE), mean absolute error (MAE),
and maximum error (MAX), the accuracy and precision of the SOC estimation process can
be thoroughly evaluated.

RMSE =

√√√√ 1
nk

nk

∑
i=1

(yi − ŷm)
2, (21)

MAE =
1
n

n

∑
i=1

|yi − ŷm|, (22)

MAX =
n

max
i=1

|yi − ŷm|, (23)

where nk denotes the number of samples in the SOC estimation dataset, yi is the true value
of the sample, and ŷm is the predicted value of the sample.

5. Simulation Analysis
5.1. SOC Estimation at Different Temperatures

To calculate the maximum error, mean absolute error, and root mean square error at
various temperatures, the state of charge (SOC) was determined from four different tem-
perature cases: −10 ◦C, 0 ◦C, 10 ◦C, and 25 ◦C. The training of the deep feedforward neural
network (DFNN) involved 55 neurons per layer, 50 training sessions, and 50 iterations
per process.

Figure 8 displays the root mean square error of the state-of-charge (SOC) estimation
by the mechanism- and data-driven fusion method at various temperatures (−10 ◦C, 0 ◦C,
10 ◦C, and 25 ◦C). Figures 9 and 10 show the mean and maximum errors of the SOC
estimation by the mechanism- and data-driven fusion method at different temperatures.
The simulation results indicate that low-temperature conditions have a significant impact
on the SOC of Li-ion batteries. This is evident as the root mean square error, mean error,
and maximum error of the SOC of the battery at −10 ◦C are higher compared to those at
0 ◦C, 10 ◦C, and 25 ◦C.
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Figure 9. Average absolute SOC estimation error at various temperatures. 
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Figure 10. Maximum SOC estimation error at various temperature.

The data-driven fusion state-of-charge (SOC) estimation and mechanism simulation
results at −10 ◦C are displayed in Figure 11. The discrepancies between the actual and
projected values at −10 ◦C are shown in Figure 12. The figures illustrate that the discrepancy
between the tested and observed values is smaller when the SOC value is higher, with an
11% difference between the two when the SOC value is low.
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Figure 12. Chart showing −10 SOC estimation errors at ◦C.

The mechanism- and data-driven fusion SOC estimation simulation results at 0 ◦C are
displayed in Figure 13, and the errors between the observed and predicted values at 0 ◦C
are shown in Figure 14. It is evident from the charts that the errors between the tested and
observed values are lower than those at −10 ◦C.
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Figure 15. Chart showing 10 °C SOC estimation. 
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Figure 16. Chart showing 10 °C SOC estimation error. 

Figure 13. Chart showing 0 ◦C SOC estimation.
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The simulation results of the 10 ◦C mechanism- and data-driven fusion SOC estimation
are displayed in Figure 15, and the errors between the actual and predicted values at 10 ◦C
are shown in Figure 16. The figures indicate that as the state-of-charge (SOC) value increases,
the errors between the tested and observed values decrease, while both exhibit larger errors
when the SOC value is lower.
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The mechanism- and data-driven fusion SOC estimation simulation results at 25 ◦C
are displayed in Figure 17, and the deviations between observed and predicted values at
the same temperature are shown in Figure 18. It is evident from the figures, the errors of
both test and observed values decrease when the training time is increased to 4.5 × 105 s.
The root mean square error (RMSE), mean absolute error (MAE), and maximum error
(MAX) are 2.55%, 1.81%, and 12.6%, respectively, following the DFNN algorithm iteration.
As the number of training cycles increases, these three evaluation indexes will decrease,
and the SOC prediction accuracy will improve. Lithium-ion batteries have several negative
effects at low temperatures, including a shorter lifespan, decreased power capability, which
can affect EV range, and the need for more complex models to estimate their state of charge
(SOC). Consequently, the inaccuracy of low temperature cycling increases.
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5.2. Comparison of SOC Estimation Results of Different Prediction Methods

Comparing data-driven models and mechanics with data-driven fusion models for
estimating the state of charge (SOC) at 25 ◦C requires the integration of mechanical inputs
into the dataset construction process. Using the dataset from the mechanistic model
as a training and test set helps to implement the fusion in the structural design of the
DFNN model, which effectively improves the accuracy and convergence of the fusion
of mechanistic and data-driven SOC estimation. Using the data and labels generated
from the mechanistic model, a complete closed loop is established through continuous
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iteration, optimization, and enhancement, thus improving the accuracy and adaptability of
the model.

The data-driven method’s state-of-charge (SOC) estimation at 25 ◦C is depicted in
Figure 19. It is apparent from the graph that the test value curve varies significantly during
charging. The observed and expected value errors at 25 ◦C are illustrated in Figure 20, with
the observed and predicted value errors increasing as the SOC decreases.
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Figure 21 illustrates the state-of-charge (SOC) estimation results at 25 ◦C achieved by
integrating both mechanism-based and data-driven approaches. Meanwhile, Figure 22
displays the discrepancies between the observed and predicted values at the same tempera-
ture. These figures highlight that the SOC estimation errors resulting from the fusion of
mechanism-based and data-driven approaches are notably lower than those from a purely
data-driven SOC estimation.
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As shown in Table 1, the RMSE and MAE are 1.65% and 1.16%, respectively, after the
iteration of the mechanism- and data-driven fusion SOC algorithms. Compared with the
data-driven model SOC estimates, the RMSE and MAE are reduced by 0.9% and 0.65%,
respectively, and the SOC prediction accuracy is significantly improved. Table 1 shows the
SOC limit parameters. Table 1 shows the errors of the two SOC estimation methods.

Table 1. Comparison table of SOC estimation errors of different methods.

RMSE MAE

Data-driven SOC estimation 2.55% 1.81%
Mechanism- and data-driven fusion SOC estimation 1.65% 1.16%

6. Conclusions

This research proposes a mechanism- and data-driven SOC fusion computation
method that combines a data-driven model with the Thevenin battery model to improve
the generalization ability and accuracy of the model through domain knowledge. Data
obtained from the second-order Thevenin battery model and from four standard cycling
conditions in the electric vehicle industry were added to the dataset of the data-driven
model. Test and training sets for the data-driven model were constructed. Finally, the errors
in the SOC estimation results were quantitatively analyzed. The results show that the root
mean square error (RMSE), mean error (MAE) and maximum error (MAX) are 2.55%, 1.81%
and 12.6%, respectively. By comparing the SOC estimation accuracies of the data-driven
models and mechanisms with those of the data-driven fusion models, it is evident that the
latter has better generalization performance and higher SOC estimation accuracy.
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