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Abstract: Accurate state-of-charge (SOC) estimation of lithium-ion battery is directly related to the
reliability, performance, and safety of the battery. In this work, the second order resistor-capacitance
(RC) circuit is equivalent to the battery model and the particle swarm optimization (PSO) algorithm
is employed for achieving accurate identification of the parameters of circuit model under dynamic
stress test (DST) conditions. Furthermore, the values of open circuit voltage (OCV) obtained from
the identification results are input into the temporal convolutional network instead of the terminal
voltages, and then the SOC of the Li-ion battery is estimated by directly learning the mapping
relationship of OCV-SOC curves, which further improves the estimation accuracy and robustness of
the proposed method. Finally, the SOC estimation is validated with the public dataset of LiFePO4
batteries under all driving conditions at different temperature and compared with the individual
TCN method. Results show that the SOC estimation of the second order resistor-capacitance
circuit-PSO-TCN model is optimal with a root mean square error (RMSE) and maximum error
(MAXE) less than 1.8% and 7.65%, respectively.

Keywords: Lithium-ion battery; State of charge estimation; Parameter identification; PSO

algorithm; OCV-SOC curve; TCN
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Highlights

Highlights
1. The second-order resistor-capacitance circuit is equivalent to the battery model.
2. Particle swarm optimization algorithm is employed for parameter identification.
3. SOC estimation is evaluated under all dynamic working conditions at different temperature.

4. RMSE and MAXE of the developed model are less than 1.8% and 7.65%, respectively.
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Nomenclature

Anhl

BMS

DAE

ECM

EM

EKF

EVs

FUDS

GPR

GRU

HIF

IFO

KF

LIB

LSTM

MAXE

ML

NN

OoCcVv

PDEs

Ampere hour integration
Battery management system
denoising autoencoder
Equivalent circuit model
Electrochemical model
Extended Kalman filter
Electric vehicles
Federal Urban Driving Schedule
Gaussian process regression
Gated recurrent unit
H-infinity filter
Improved fractional-order
Integer-order
Kalman filter
Lithium-ion battery
Long short-term memory
Maximum error
Machine learning
Neural network
Open-circuit voltage

Partial differential equations
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PF Particle filter

PSO Particle swarm optimization
RNN Recurrent neural network

RF Random forest

RMSE Root mean square error

SOC State of charge

SVM Support vector machine

TCN Temporal convolutional network
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1. Introduction

Due to the continuous warming of global climate [1-3] and incentives of domestic
carbon-neutral policy [4-6], new energy vehicles have become a good choice for transportation tool
instead of fuel vehicles [7, 8]. The wide applications of new energy vehicles are limited by
Lithium-ion batteries [9], which are acted as the important power source for electric vehicles
because of its good advantages such as high energy density, low self-discharge rate, long life, and
zero emission [10, 11]. However, lithium-ion batteries under dynamic driving conditions are faced
with many challenges [12], such as aging [13] and thermal runaway [14]. Therefore, advanced
battery management systems (BMS) is necessary for monitoring and protecting the batteries.

The state of charge (SOC) of the battery is one of the most critical parameters in the battery
management system (BMS) [15], which is defined as the ratio between the available capacity and
the fully charged capacity of the battery [16]. Due to the nonlinearity, time-varying, and
electrochemical reactions, obtaining the SOC value of a battery directly through sensor
measurement is impossible [17]. It can be indirectly estimated by measurable signals such as
temperature, voltage, current, and other measurable parameters [18]. In addition, the performance of
batteries is highly affected by aging, temperature variations, and charging and discharging cycles
[19], which makes accurately estimating the SOC very challengeable [20]. Therefore, it is
particularly significant to develop advanced algorithms and strategies for accurate SOC estimation

[21, 22].

1.1. Literature review

At present, a considerable amount of research works have been done on SOC estimation at

home and abroad. In general, methods for SOC estimation can be divided into four categories:
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method based on mapping the representation parameters [23, 24], the ampere-hour integration
method (Ahl) [25], model-based estimation method [26-34], and data-driven method [35-46].

The characterization parameter-based method for SOC estimation is mainly divided into two
steps. The first step is establishing the offline relationship between the power cell characterization
parameters and SOC, and then calculating the values of power cell characterization parameter in
real-time and calibrating the SOC value of power cell. Optional characterization parameters include
impedance spectrum, and open-circuit voltage (OCV), etc. Usually, a relatively stable OCV-SOC
relationship is used to calibrate the SOC of power batteries in industrial, which is simple and
reliable. However, the biggest disadvantage of this method is that it requires the battery to be left
standing for more than two hours until the terminal voltage is completely depolarized before SOC is
estimated [23, 24].

The ampere-hour integration (Ahl) method is a typical open-loop estimation method, which
measures SOC by integrating the time-dependent discharge current. This method has the advantage
of simplicity and ease of use, but it is highly depended on the initial value of SOC of the Li-ion
battery. Meanwhile, when the accuracy of the current sensor is not high, the measurement error will
accumulate over time, leading to a gradual deviation of the estimated value of SOC from the actual
value [25]. In addition, the performance degradation of power battery leads to the degradation of
static capacity, which affects the calculation accuracy of SOC.

The model-based approach consists of four steps: model selection, battery testing,
identification of model parameters, and algorithmic estimation of SOC [26]. The most commonly
used model for SOC estimation of Li-ion batteries is the equivalent circuit model (ECM) or
electrochemical model (EM). The SOC estimation under electrochemical model is based on the

porous electrode theory [27], which relies on a system of partial differential equations (PDES) to

6
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describe the microscopic reactions inside the cell. EM can be accurate but will be accompanied by
too much computation for real-time SOC estimation, and it will lead to high time complexity [28].
It is essential to reduce the number of parameters in the EM. Feng et al. [29] proposed an
electrochemical-thermal neural network-based battery electro-thermal property model to further
reduce the complexity of the neural network EM. The equivalent circuit model (ECM) involved
fitting the battery characteristics through a circuit network composed of electronic components and
combining it with a filtering algorithm to accomplish the SOC estimation of the power battery [30].
There are many types of filters available such as Kalman filter (KF), H-infinity filter (HIF), particle
filter (PF), and sliding mode observer, among which the Kalman filter (KF) algorithm and its
corresponding variant forms are the most widely used filtering algorithms in the model-based
approach. He et al. [31] proposed an adaptive iterative extended Kalman filter method to estimate
the SOC based on the Davignan circuit model, which takes into account effects of temperature on
the battery capacity and the SOC-OCV relationship simultaneously and further improves the SOC
estimation accuracy under the DST driving condition. Oluwole et al. [32] proposed an improved
Fractional Order Extended Kalman Filter (IFO-EKF) based on integer order Extended Kalman
Filter (10-EKF) algorithm, which achieved more accurate SOC estimation under dynamic driving
conditions, but its slow response time can only be applied offline. However, the SOC estimation is
highly depended on the accuracy of the circuit model, where the model is usually not adaptable
under different driving conditions [33, 34]. Besides, the errors from algorithmic in the above
models are also not negligible, such as those caused by approximating a nonlinear system to a linear
system using the extended Kalman filtering algorithm.

The SOC estimation based on data-driven methods doesn't require a comprehensive

understanding of the internal characteristics of the battery and greatly avoids wasting time and

7
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effort to build complex battery models for showing the battery state [35-37]. Based on a large
amount of offline data, this method establishes and trains a direct mapping relationship model
between the current, voltage, temperature and SOC of power battery. Popular machine learning
methods include support vector machine (SVM) [38], random forest (RF) [39], and Gaussian
process regression (GPR) [40, 41]. However, the variation of SOC of lithium batteries is a
continuous process since each SOC value is related to the previous information and the operation
state is relatively complex. The above methods of SOC estimation performance are not as good as
deep learning methods. Deep learning algorithms describe the nonlinear relationship between input
and output by adjusting the number of layers and neurons. Popular deep learning methods include
Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), and Temporal Convolutional
Networks (TCN) [42-44]. Chen et al. [45] introduced a denoising autoencoder neural network
(DAE-NN) to extract useful data features by reducing the noise and increasing the dimensionality of
the battery measurement data. Then, the feature-extracted data was used to train the GRU-RNN,
which had been widely used for SOC estimation, and the model was verified to be highly accurate
in SOC estimation under different working conditions. Hu et al. [46] proposed a temporal
convolutional network (TCN) method to process the input data before the long short-term memory
(LSTM) neural network. They demonstrated that the proposed TCN-LSTM method had better
accuracy than the TCN and LSTM methods alone. Compared to LSTM and GRU, the TCN model
had higher parallelism and fewer parameters when dealing with long sequence data, and could
capture long-term dependencies more efficiently, and perform better in temporal sequence modeling

tasks.
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1.2. Contributions of this work

(1) A second order resistor-capacitance circuit-PSO-TCN model is proposed for SOC
estimation. The model obtains the parameter identification results of the dynamic driving conditions
at different temperatures through the particle swarm optimization algorithm, which is inputted into
the TCN model through the corresponding transformations, and ultimately achieves the SOC
estimation with high accuracy and robustness in LiFePO4 batteries.

(2) Terminal voltage under the traditional data-driven model is replaced by OCV, making the
TCN directly learn the OCV-SOC mapping relationship under the dataset of dynamic driving
conditions, which enables the model to better adapt to the long-term dependencies in the sequential
data, and provides an efficient and reliable solution for the SOC estimation application area.

(3) The proposed model is validated on the dataset of dynamic driving conditions at multiple
temperatures and compared with traditional data-driven methods. The experimental results show

that the method achieves satisfactory SOC estimation accuracy at all temperatures.

2. Methodology

2.1. Battery circuit model

The Li-ion battery is a relatively complex electrochemical system influenced by multiple
factors such as physical and chemical processes. Meanwhile, it is highly nonlinear, making it
challengeable to accurately model the interior of lithium batteries [47]. Equivalent circuit model is
widely used in electric vehicles and modeling and simulation of drive systems since they are better
adapted to the various operating states of the battery and the state equations of the model can be
derived for easy analysis and application [48]. Common equivalent circuit models include the Rint

model [49], the PNGV model [50], the Thevenin model [51], and the n-RC equivalent circuit model
9
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[52]. The Rint model is an ideal model that ignores the resistive and capacitive properties of the
battery, making it difficult to accurately describe the polarization inside the battery. In contrast, the
PNGV model has a clear physical interpretation and is easy to be calculated. However, the
conventional PNGV model has fixed cell parameters, which are actually related to the SOC of the
cell, making it difficult to ensure accurate estimation of SOC in practical applications. Although the
Thevenin model introduces the RC network, it still cannot fully describe the polarization
phenomenon of the battery [53]. With the above comparison, the second-order RC equivalent circuit
model is more effective in describing the polarization phenomenon of the battery and is relatively
easy for parameter identification, which has been widely used in practical applications [54]. Thus in
this work, the second-RC equivalent circuit model is used to describe the dynamic behavior of the
battery.

Figure 1 illustrates the structure of the model, which consists of three main parts: (a) Voltage
source: Uocv represents the open-circuit voltage of the cell, which is considered as a function of
SOC and the current temperature T. It indicates the OCV of the cell under different driving
conditions, i.e. OCV=f (SOC, T). To achieve a high accuracy, the polynomial function in Equation
(1) is adopted and it is parameterized to quantitatively describe the nonlinear OCV-SOC
relationship [55]:

OCV,.. = R*SOC” + P,*SOC® +......+ P, *SOC? + P, *SOC + P, (1)
(b) Ohmic resistance: Ro denotes the internal resistance of the electrodes, electrolyte, and spacer as
well as the contact resistance of the components. (¢) Second-order RC network: Ri denotes the
polarization resistance and Ci denotes the polarization capacitance, which is used to describe the

polarization effect during the charging and discharging phases.

10
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The dynamic electrical behavior can be described by Equations (2) and (3), whose

Figure 1 Second order RC model

discrete-time state-space equations can be rewritten as Equations (4) and (5).

- i U
g=2 _~¢ )
Cp T
Ut :Uoc _Up_iORO (3)
At At .
U pk+l — exp(— _)U p.k + (1_ exp(_ _))Rplo,k (4)
Ty Ty
Ut,k :Uoc,k _Up,k _iO,k RO,k (5)

where 7 denotes the time constant of the RC branch, z=R xC_ . It is worthy noted that the

subscript k denotes the moment k. At is the sampling time, which is equal to 1s in this study, and Ux
and U, denote the terminal voltage and the polarization voltage of the capacitor Cp, respectively. In

addition, i denotes the load current [56].

2.2. Particle swarm optimization algorithm

Particle swarm optimization (PSO) algorithm belongs to a typical bio-inspired swarm
intelligence optimization algorithm that iteratively searches for the global optimal solution in a
complex search space through cooperation and competition among particles [57]. At each iteration,
particles update their velocity and position based on individual and global optimal values [58]. Now
assume that there exists an N-dimensional search space with a total of m particles forming a particle
swarm X=[X1, Xz, ..., Xm]"and the position of a particle represents a potential optimal solution to

the problem, the velocity of the ith particle is: Vi=[Vi1, Viz, ..., Vin]", the individual extremum of the

11
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particle is: Pi=[Pi1, Piz, ..., Pin]", and the population extremum of the particle swarm is: Pg=[Pqu,
Pg2, ..., Pgn]". The velocity and position formulas are shown below:
Vi:H:WViIE +Clrl(Pi:_Xil:1)+Czr2(%l:1_Xil:1) (6)
Xii:fl = Xil; +Virl1(+1 (7
where n=1, 2, ..., N, i=1, 2, ..., m, k is the number of iterations at this time, and Vin is the speed of
the particle. w is the inertia weight. The larger the weight, the stronger the global search capability
of algorithm, the faster the search speed. The smaller the weight, the stronger the local optimization
capability of the algorithm. c1, ¢z is the acceleration factor, which is the non-negative constant. c;
represents the maximum step length of the particle to the individual optimal position. ¢, is the
maximum step length of the particle to the global optimal position. If the acceleration factor is
larger, the particle can quickly approach the optimal position. Else if it is too small, it is easy to
cause the particles to stagnate at a certain position, and cannot search for the optimal position. ry
and r» are the random numbers between 0 and 1, which influence the diversity of the particle swarm,

and ensures that the algorithm will not lose the diversity in the iterative calculation.
2.3. TCN model

The TCN model belongs to the convolutional network and realizes memory history feature
extraction applicable to sequential data by using improved techniques such as causal convolution,
dilated convolution, and residual block [59]. Its special network structure not only has the
advantages of flexible perceptual field size, low memory consumption, and parallel computation but
also avoids the problem of gradient vanishing or gradient explosion in RNN training [60].

2.3.1. Dilated convolution

Since the length of time series modeled by the conventional convolutional neural network is

12
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limited by the size of the convolutional kernel as well as the depth of the network structure, a linear
stacking of more layers is required if the longer and more complex temporal dependency is handled.
In the n-layer structure of a standard convolutional network, the size of the convolutional kernel is k,
and the size of the computed receptive field RF is expressed as follows:
RF=n*(k-1)+1 (8)
By introducing the extended convolutional structure, the relationship between the sensory field
range of the neural network and the number of hidden layers changes from linear to exponential. As
a result, the model can obtain a larger sensory field range while maintaining a shallower network
depth, which makes it easier to optimize and converge [61]. Meanwhile, the formula for the feeling

field range y becomes as follows:
y=> (k-1)*d,+1 (9)
n=1

where n represents the number of hidden layers, k represents the size of the convolutional kernel,
and dn represents the unfolding factor of the nth hidden layer, which is computed as d,=2". Figure
2 illustrates an inflated convolutional network with 3 layers, and the range of receptive field

increases significantly with the number of network layers.

[
d=4
LIl L L I
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Figure 2 Dilated convolution
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2.3.2. Causal convolution

Causal convolution means that the output of each time step depends on previous time steps,
13
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and for the value of the previous layer at moment t, it only depends on the value of the next layer at
moment t and before. Figure 3 illustrates the causal convolutional model containing 2 hidden layers
and a convolutional kernel size of 2. Be different from the traditional convolutional neural network,
the causal convolution cannot see future data. It is a unidirectional structure, not bidirectional, and it
is a strictly time-constrained model. In other words, in the case where the time series is X=(x1, X2, ...,

x7) and the filter F=(f, 2, ..., fk), the causal convolution at x; can be expressed as:

F(x)= g FXoicuk (10)
Yi Y2 Y3 Y4 - Y2 Y1 Wt
o0 o o Output
VK K y' Hidden Layer
(K Hidden Layer
§&EEEEE S

X1 Xo Xz X4 oo X2 X1 Xt

Figure 3 Causal convolution

2.3.3. Residual block

Residual connection is a technique for transferring information by adding cross-layer
connections to a network model, where input signals can be passed directly to the outputs of
subsequent layers through connections across the layers. This mechanism of residual connections
allows the network to better capture the differences between inputs and outputs, which helps to
speed up the network training process and avoid problems such as gradient explosion or gradient
vanishing even if the network is too deep [62]. By introducing residual connectivity, TCN can better
convey and utilize historical information, improving the ability to model time series data.

Figure 4 illustrates the residual block in the TCN. Figure 4(a) shows the various components of
the residual block, where the left branch consists of two one-dimensional causal convolutional and

weight normalization layers and the Dropout layer, activated by the ReLU function. The right
14
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branch represents the residual connection. To ensure that the outputs of both branches have the
same dimensionality, a one-dimensional convolution operation is used to control the data
dimensionality. Figure 4(b) summarizes the full picture of residual connectivity in TCN neural
network. As described in the literature [63], the output equation of the residual block can be
expressed as follows:

y =h(f (x)+ConvlD(x)) (11)
where y is the output of the residual block, x is the input of the residual block, f(+)is a series of
transformation operations represented by the left branch, ConvlD(e) is a one-dimensional

convolution operation, and h() represents the activation function ReLU.

T
Dropout . ——+

Identity Map(1x1 Conv)

Convolutional Filter

it

WeightNorm

Dilated Causal Conv

!

Dropout X1 Conv
I

RelL U

eightNorm

I

Dilated Causal Conv

Figure 4 Residual block

3. Data processing and evaluation criteria

3.1. Dataset of sample

The actual driving conditions of electric vehicles are complex and uncertain. To be closer to

the real situation when simulating the battery load condition of EVs, different test data sources are

15
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used to enrich the training dataset. Specifically, the training data from dynamic stress test (DST)
profiles is applied, which is the simplification of actual driving conditions but account for
regenerative charging. Then, in order to assess the generalization ability of the SOC estimation
method, i.e. the estimation performance on unknown data, data sources that are very different from
the training data are chosen as test data. These data sources including the US06 Driving Regulations
are used to simulate highway driving conditions, and the Federal Urban Driving Regulations
(FUDS) are used to simulate urban roadway driving conditions. With this approach, the
performance of the SOC estimation method can be assessed more comprehensively to ensure that it
performs well under various driving conditions. This comprehensive approach helps to improve the
reliability and efficiency of EV battery management systems. For more detailed information, the
U.S. Advanced Battery Consortium (USABC) manual can be referenced [64].

In this work, the public dataset of the A123 battery cell from the University of Maryland
Center for Advanced Life Cycle Engineering (CALCE) database [65] is selected, and the specific
information of this battery cell is shown in Table 1. The dataset records the variation of voltage,
current, and temperature of EV batteries at temperatures from -10°C to 50°C. Although the LiFePOa4
battery dataset provides data on operation at negative temperatures, it should be noted that the
dynamic characteristics of the battery are very unstable at negative temperatures. This instability
will greatly increase the difficulty of SOC estimation and might have an impact on the lifespan of
the battery, so the battery data at 0 -50 °C is selected as the data set for this simulation. The dataset
contains three observations under three EV driving conditions, including DST, US06, and FUDS.
Figures 5, 6, and 7 depict the current, voltage, temperature, and SOC distribution curves for the
three driving conditions at 30 °C.

Table 2 Parameters of A123 battery cells

16
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Type

A123 Battery

Cell Chemistry LiFePO4
Nominal Capacity 1.1Ah
Nominal Voltage 3.2V
Weight 769
Diameter 25.4mm
Length 65mm
Charge cut-off voltage 3.6V
Discharge cut-off voltage 2.0V
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Figure 7 Driving condition of FUDS at 30 °C: (a) current; (b) voltage; (c) temperature; (d) SOC

3.2. Data preprocessing

To improve the training efficiency and robustness of the network, it is necessary to normalize
the battery measurement data (voltage, current, temperature). Therefore, the min-max normalization

method is used to map the battery measurement data of the above four datasets to the interval [-1, 1].

The related equation is expressed as follows:

18
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_ 2(X0rig B Xmin)

norm ~
X

X 1 (12)

max Xmin
where Xmax and Xmin are the maximum and minimum values of the measured variables in the dataset,

respectively, Xorig is the original value, and Xxnorm is the corresponding normalized value, namely the

actual input data of the network.
3.3. Evaluation criteria

Two parameters are used to evaluate the SOC estimation performance of the method, i.e., Root

Mean Square Error (RMSE) and Maximum Error (MAXE), which are defined as follows:

N 2
RMSE = \/% D (s0C,, —s0C;) (13)
i=1

MAXE = max(| soc,, —soc; [),1<i<N (14)

real
where N is the total number of samples, socrea is the true value of SOC derived from the Coulomb

counting method, and soci is the estimated value from the SOC estimation method. RMSE denotes

the robustness of the estimation results, while MAXE denotes the extreme results.

4. Results and discussions

4.1. LiFePOg4 battery parameter identification

Because of the strong nonlinear relationship between OCV and SOC of Li-ion batteries, the
vast majority of SOC estimation methods essentially estimate the SOC of Li-ion batteries through
the mapping relationship of OCV-SOC curves. The estimation accuracy of Li-ion battery model
parameters directly affects the OCV of the battery, and there is a long flat interval in the normal
discharge stage of the LiFePO4 battery used in this work, i.e., it indicates that a very small voltage

estimation error may lead to a large SOC estimation error [66]. Therefore, this subsection adds the
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PSO algorithm to achieve accurate identification of the second-order RC circuit model under
dynamic driving conditions. Firstly, OCV-SOC relationship is polynomially fitted based on the
low-current discharge data, and then the battery data with SOC of 20-80% under the driving
condition of DST is selected as the experimental data, the parameters to be identified include y=[RO,
R1, C1, R2, C2], in which the size range of the ohmic internal resistance, RO, is [0.01Q-1Q], and
the size range of the polarization internal resistances, R1, R2 size range is [0.001Q-0.1Q],
polarization capacitance C1, C2 size range is [500F-5000F]. The process of the PSO algorithm
optimizing the second-order RC circuit model is illustrated in Figure 8, and the final results of the
optimal parameters are shown in Table 3, while Figure 9 and Figure 10 shows the OCV curves at
0 °C and 25 °C under different driving conditions according to the parameter identification results.
The specific steps are indicated as follows:

1. Define the parameter space: firstly, determine the parameters y=[R0, R1, C1, R2, C2] of the
optimized second-order circuit model. These hyperparameters include the ohmic internal resistance
RO, the polarization internal resistance R1, R2, and the polarization capacitance C1, C2. Determine
the range of values for each parameter as the appropriate search space.

2. Initialize the particle swarm: determine the initial position and velocity of the particles, each
particle represents a set of parameters of the circuit model, and the initial parameters can be
generated randomly. In this work, the selected particle swarm dimension is 5, and the number of
particle swarms is 75.

3. Define the fitness function: construct and discretize the circuit equations (Equations (2)-(5))
using parameter settings, evaluate the performance of the network by appropriate evaluation metrics,
and calculate the individual and global extremes based on the fitness values of the particles. In this

work, the mean square error is used to represent the optimal fitness function of the particle swarm
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optimization algorithm with the following equations:

fit =%i(Voltage'(t) —Voltage(t))? (15)

=)
where T is the size of the selected sample, t is the number of sequences of particles, Voltage'(t) is
the predicted output of the terminal voltage, and \Voltage(t) is the true output of the terminal voltage.

4. Update the velocity and position of particles: update the velocity and position of each
particle according to Equation (6) and Equation (7), and then calculate the adaptation value based
on the new position to update the individual extreme value and global extreme value.

5. Update the particle's best position and global best position: for each particle, compare its
current fitness value with its individual best fitness value. If the current fitness is better, update the
individual best position to the current position. Meanwhile, compare the individual best fitness
values of all particles and take the position of the particle with the best fitness as the global best
position.

6. Determine whether the iteration termination conditions are met, if the results meet the
requirements, the algorithm ends and outputs the optimal results of the parameters of the

second-order RC circuit model, otherwise, return to step 3.
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Table 3 Parameter identification results at different temperatures

Temperature (°C) RO (QQ) R1 (Q) C1(F) R2 () C2(F)
0°C 0.19522 0.059145 4651.315 0.038954 608.212
10°C 0.17274  0.033854 1223.49 0.017505 7758.53
20°C 0.15729  0.01397 3177.315 0.017411 1139.27
25°C 0.15652  0.020377 997.975 0.001056 4585.86
30°C 0.15136  0.01589 848.695 0.00116 7165.34
40°C 0.14932  0.00936 874.274 0.001038 2189.58
50°C 0.14852  0.01256 1773.57 0.00836 2153.48
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4.2. SOC estimation under TCN model

This subsection mainly validates the performance of the individual TCN model in SOC

23



©CO~NOOOTA~AWNPE

estimation. Firstly, the TCN model using DST datasets at different temperatures (0°C, 10°C, 20°C,
25°C, 30°C, 40°C, 50°C) to test the US06, FUDS driving conditions at the same temperatures are
used as the validation set and test set respectively to validate the generalization ability of the model,
the network hyperparameters are set as shown in Table 4.

Table 4 Hyperparameters of TCN model for SOC estimation

Parameters Value
Learning rate 0.0025
Kernel_size 9
Number of convolution kernels 62
Number of residual blocks 3
Training epoch 1000
Optimizer Adam

Figures 11 and 12 suggest the SOC estimation results of the TCN model for the FUDS and
USO06 driving conditions at 10°C, 20°C, 40°C, and 50°C. The results show that the TCN model has
the ability to capture the SOC trends of unknown working conditions at different temperatures
relatively well, which validates the generalization ability of the TCN model. Figure 13 demonstrates
the error results of the TCN model under US06 and FUDS conditions at temperatures from 0 to
50 °C, where the true SOC values are derived from the ampere-hour integration method. It can be
seen that the RMSE of the TCN model for SOC estimation is all within 4%. However, the
maximum error is greater than 20%, which implies that the SOC estimation results are less robust.
Overall, there are two components that contribute to the large errors. The first is that when the
battery at a lower temperature, the battery will experience greater fluctuations of voltage, leading to
unstable characteristics within the battery and making it difficult to establish an accurate correlation

between SOC and voltage. The second is that when the LiFePO4 battery is located in the flat period
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(within the SOC between 30% and 70%), there is a significant fluctuation between the predicted
and true values of SOC, which is attributed to the weak nonlinear mapping capability between the

measured variables of the battery and the SOC in this period.
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4.3 SOC estimation under second order resistor-capacitance circuit-PSO-TCN model

In the previous subsection, the SOC estimation of the Battery data at different temperature and

driving conditions is performed by the individual TCN model and the results show that the
individual TCN model exhibits excellent generalization ability in this data. However, the RMSE of
the output SOC of the individual TCN model is still as high as 4%, and in particular, the MAXE is
still as high as 27%. Therefore, the SOC estimation accuracy and stability need to be further

improved to meet the demands of practical applications. In this subsection, the OCV value of the
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battery at each moment in time is estimated by using the results after parameter identification at
different temperature, and the OCV obtained after estimation is used as one of the inputs to the TCN
model for replacing the conventional terminal voltage value.

Figures 14 and 15 show the SOC estimation results by using the OCV resulting from the
parameter identification as inputs to the TCN, and the validation is performed under the US06 and
FUDS conditions, respectively. By comparing Figures 11 and 12 with Figures 14 and 15, it can be
seen that SOC estimation by the improved method not only learns the trend of SOC variation at all
temperatures very well but also smoothes the output of SOC estimation by the individual TCN
model. The results of the SOC estimation errors performed by the improved method at all
temperatures are shown in Figure 16, which indicates that the improved method can further reduce
the SOC estimation errors at different temperature compared to the individual TCN model. In
particular, the RMSE is reduced from 3.8% to 1.8% and the MAXE is reduced from 27% to 7.4%.

In summary, the improved method is an effective way to improve the accuracy and stability of SOC

estimation.
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5. Conclusions

In this work, based on the characteristics of Li-ion batteries, a second-order RC circuit model
is constructed and the PSO algorithm is used to accurately identify the model parameters. The OCV
value of batteries at each moment is ultimately obtained by the discretized circuit equations. The
TCN model is used to directly learn the OCV-SOC mapping relationship, and the performance and
generalization ability of the developed SOC estimation method under different temperatures and
driving conditions are validated by the public dataset of LiFePO4 battery. The superior performance
of the developed method is validated by comparing the SOC estimation results of the individual
TCN model under the same battery dataset. The results show that changing the input variable for
SOC estimation by the traditional data-driven approach, i.e., transforming the terminal voltage into
the OCV value of the Li-ion battery, is able to help the network better learn the mapping
relationship related to the internal characteristics of the battery and reduce the fluctuation of the
output SOC. Compared with the results of SOC estimation by the individual TCN model, the

proposed model shows a substantial improvement in SOC estimation capability at different
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temperature, leading to accurate SOC estimation of Li-ion battery. Specifically, the developed

model shows excellent performance in the unknown driving conditions such as FUDS and USQ06,

where RMSE and MAXE are less than 1.8% and 7.65%, respectively. As a result, the second order
resistor-capacitance circuit-PSO-TCN model in this work is highly practical.
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