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Abstract. Accurate state of charge prediction is essential for battery
management systems, which is crucial for improving battery utilization
efficiency and ensuring safety performance. Current SOC prediction mod-
els only consider battery-related features but ignores vehicle information.
Additionally, there are challenges preventing gradient disappearance and
explosion during model training due to excessive data and noise. This
paper introduces a new framework that integrates laboratory battery
data with vehicle features to improve the accuracy of SOC. First, we
apply Matlab/Simulink to simulate an electric vehicle and process the
generated vehicle data with spearman correlation analysis to identify the
most relevant features, such as the electric motor, differential, and aero-
dynamic drag. Then we develop a data fusion model to synchronize the
heterogeneous datasets with different frequencies to capture the sudden
change in electric vehicles. Furthermore, we propose a KS-Autoformer
prediction model to address the overfitting problem caused by data
redundancy and noise, which improves accuracy by smoothing sensor
noise and enhancing time delay aggregation in an auto-correlation mech-
anism. Finally, we utilize different driving cycles for training and testing
in order to effectively evaluate the extrapolation and adaptability of our
model. Experimental results show that our model achieves a significant
improvement in predicting SOC in terms of accuracy and robustness.

Keywords: State of Charge - Battery Management System -
Autoformer

Introduction

Global emissions and pollution from transportation are increasing, and electric
vehicles (EVs) are seen as the best solution to replace conventional internal
combustion engine vehicles [1,2]. EVs use lithium-ion batteries (LIBs) for their
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high voltage and power density, and are equipped with a battery management
system (BMS) to regulate battery usage and scheduling, as well as monitor
battery status and perform maintenance [3,4].

The State of charge (SOC) is defined as the ratio of the remaining capac-
ity to the current maximum available capacity. Accurate prediction of the state
of charge is an important step in BMS [5]. By accurate prediction of the state
of charge, the BMS can help to prevent overcharging or undercharging of the
battery [6], which would lead to decreased performance and a shorter lifespan.
Since the internal battery chemistry is a complex process, the SOC prediction
is susceptible to the battery discharge rate, ambient temperature, and battery
degradation. Meanwhile, there exists a significant non-linear correlation between
the external variables of an electric vehicle and its battery, which can make accu-
rate SOC prediction challenging. For example, the aerodynamic drag coefficient
of the electric vehicle varies with its speed, and the mechanical power loss of the
motor can result in faster battery discharge, further contributing to inaccurate
SOC prediction.

Researchers have proposed various methods for SOC prediction, including
traditional methods, model-based methods, and data-driven methods.

Traditional methods include the Ampere-hour integration method [7,8] and
the open-circuit voltage method [9,10]. These methods are still used in commer-
cial electric vehicles because of their simplicity and low computational resource
requirements. The Ampere-hour integration method predicts SOC by integrating
the discharge current over time, but it has a strong dependence on the accuracy of
the initial SOC value. Moreover, measurement errors can accumulate over time
due to low-precision current sensors, resulting in increasingly inaccurate SOC
prediction. The open-circuit voltage (OCV) method predicts SOC by measuring
the battery’s OCV and checking the OCV-SOC curve, but the battery’s OCV
can only be obtained by long-term offline maintenance, making this method diffi-
cult to predict SOC in real-time. Therefore, traditional methods have limitations
on low precision and difficulty in real-time application.

A model-based method using an equivalent circuit model (ECM) [11] has
been proposed to predict the state of a battery. This method applies the ampere-
hour integration approach based on the last moment SOC to predict the current
SOC. The simulated voltage of the battery, combined with the equivalent circuit
model, is then used to predict the SOC. An adaptive filter is introduced to
calibrate the prediction of SOC by continuously reducing the error between
the simulated value and the actual measured voltage, which creates a closed-
loop SOC prediction. Common ECM models include the PNGV model [12],
Thevenin model [13], and second-order RC model [14,15]. Common adaptive
filtering algorithms include particle filtering [16,17], extended Kalman filtering
(EKF) [18,19], unscented Kalman filtering (UKF) [20,21], and cubature Kalman
filtering (CKF) [22,23]. While this method can fix initial errors and avoid error
accumulation over time, it has poor adaptability to resistance and capacitance
parameters. Additionally, it ignores the internal chemical characteristics of the
battery and nonlinear errors in the equivalent model.
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The data-driven method is a machine learning approach that uses historical
battery usage data to predict the state of charge (SOC) of the battery [24,
25]. This method does not require any knowledge of the internal workings of
the battery and can be easily implemented by inputting training data into a
data-driven model. Statistical learning methods such as support vector machines
(SVM) [26] and Gaussian process regression (GPR) [27,28] are faster and more
computationally efficient, making them more suitable for sparse features.

However, existing SOC prediction frameworks have several limitations that
need to be addressed, including:

D
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Current battery input data cannot reflect the sudden changes in operating
conditions of electric vehicles. Tian et al. [29] proposed a DNN approach for
SOC prediction in EVs using data from a 10-minute charging session, which
consists of convolutional layers, GRU layers and dense layer. Huang et al.
[30] developed a hybrid neural networks CNN-GRU model using single
time-point measurements of voltage, current, and temperature. However,
battery SOC fluctuate significantly during acceleration and deceleration
of vehicle, making it difficult for models trained on single-time-point or
longer-duration data to capture sufficient temporal information.

External vehicle conditions are not considered in predicting SOC. Previ-
ous studies on SOC prediction mainly used laboratory battery data as
input variables. Furthermore, in actual EV operations, it is hard to obtain
external conditions that affect battery discharge due to cost and feasibility
constraints. Huang et al. [31] used real-world vehicle data from NDANEV
but equalized battery degradation effects with vehicle driving mileage. Li et
al. [32] integrated weather and vehicle data and used a novel dual-dropout-
based neural network to predict SOC. Although these studies considered
the impact of vehicle data on SOC prediction, they were both suffered from
significant data loss and sampling limitations.

Current SOC prediction models fail to address overfitting from large data
and noise. The noise in battery data collection and the overfitting caused
by large data will result in unstable SOC prediction and reduced accuracy,
which affects EV safety and driving range.

Therefore, the main contributions of this paper are as follows:

D

A novel SOC prediction framework: a simulation model of an electric vehi-
cle is built using Matlab/Simulink, which incorporates external vehicle
data and laboratory battery data to establish the relationship between
external vehicle conditions and battery consumption. To the best of our
knowledge, we are the first to formulate this framework that can be cus-
tomized for specific vehicle operating conditions by inputting correspond-
ing driving cycles and electric vehicle parameters.

A data fusion method for heterogeneous datasets with different frequencies:
We resample the data to capture the sudden change of electric vehicles with
features in our simulation and enhance the robustness of the trained model
for complex battery conditions.
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(III) We propose a KS-Autoformer model, which utilizes decomposition archi-
tectures to handle large amounts of data. The Auto-Correlation attention
mechanism is used to better predict the SOC of electric vehicles under
driving cycles. Moreover, we apply Kalman smoothing using a recursive
algorithm to filter and eliminate noise from laboratory-collected battery
discharge data.

(IV) We applied our framework to different driving cycles for training and test-
ing. Through comparison and ablation experiments, we show that our pro-
posed framework and prediction model can achieve more accurate SOC
predictions.

2 Prediction Framework for Electric Vehicle

In this section, we describe the details of our prediction framework of SOC. It
includes three modules: laboratory battery data and simulated external vehicle
data generation, data fusion utilizing high-frequency sampling data, and a deep-
learning based prediction model called KS-Autoformer. The proposed framework
is illustrated in Fig. 1. We first outline the process of constructing an electric vehi-
cle simulation and analyze the generated features to identify the most related
information. Next, we will introduce the fusion of laboratory battery and sim-
ulated external vehicle data, which finally will be performed in our proposed
prediction model KS-Autoformer.

Fig. 1. The overview of SOC prediction architecture

2.1 Electric Vehicle Simulation

Since it is difficult to measure or obtain vehicle data (such as losses in the electric
motor, power system, and air resistance) in real systems, we conduct a simulation
of an electric vehicle model using Matlab/Simulink [33]. Simulink’s Powertrain
Blockset [34,35] is a powerful computational tool that has been widely used in
simulations and analysis of vehicle dynamics. The Powertrain Blockset consists
of several blocks that are designed to calculate various aspects of the motor
system.
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In order to generate the electric motor’s mechanical power data Wiotor, We
utilize the Mapped Motor block to control the output shaft torque Tgpas, based
on the reference torque Treference- Lhis reference torque is determined by the
acceleration torque Ticceleration and braking torque Thyake-

Next, the Limited Slip Differential and Longitudinal Wheel blocks are used
to calculate the corresponding torques Tieft axie and Tright axle and the net longi-
tudinal forces Fiear and Fhont acting on the rear and front wheels, respectively,
which allow us to determine the mechanical power transferred through the dif-
ferential Wyier.

By utilizing the Vehicle Body 1DOF Longitudinal block, which considers
the feedback speed Vieedback and acceleration torque Taccelerations W€ are able
to obtain the mechanical power transferred from the axle to the wheel Wpeel,
as well as the power loss due to rolling resistance Wy, the mechanical power
required for braking Wy eax, and the power loss due to wind resistance Wying-
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Fig. 2. Schematic of the EV model using Matlab/Simulink.

To summarize, these blocks are used to simulate the powertrain system and
vehicle dynamics of an electric vehicle. A schematic of the EV model is designed
and presented in Fig. 2. The mechanical power of the motor Wi otor, power trans-
ferred through the differential Wyiger, power transferred from axle to wheel
Wirheel, power loss due to rolling resistance Wy, power required for braking
Whreak, and power loss due to wind resistance Wy,inq will be output as a part
of the vehicle data. These components are widely recognized and utilized as
essential features within real-world automotive datasets.

2.2 Feature Analysis

In the previous section, we obtain various features of the electric vehicle model
including Winotor, Waitters Wiwheel, Wroll, Whreak, and Wying. However, it is impor-
tant to note that not all vehicle features are equally relevant to the battery SOC,
and the inclusion of irrelevant features in the dataset may result in overfitting.
Therefore, a feature analysis is necessary to identify the most relevant charac-
teristics for accurate SOC prediction.
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To analyze the features, we utilize the Spearman correlation coefficient [36],
which is ideal for SOC data that displays a monotonic decay. The coefficient
measures the strength and direction of the monotonic relationship between two
variables, as defined by the formula:

where d is the difference in ranks between the two variables, and n is the number
of data points. This method does not assume a linear relationship or a specific
distribution form, making it more suitable for evaluating the correlation between
features and battery SOC, especially when dealing with monotonic data.
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Fig.3. Spearman correlation coeffi- Fig.4. Spearman correlation coeffi-
cient between different features and cient of selected features.
SOC.

In Fig. 3, we observe that the Current in battery data and the power loss W
due to rolling resistance in vehicle data both have a low correlation coefficient
of 0.02 and 0.03. Hence, we drop these two irrelevant features from our dataset.
Then, we conduct a secondary correlation analysis on the remaining features,
and as shown in Fig. 4, select eight relevant features for SOC prediction. This
approach helps to eliminate irrelevant features and reduces the data size, thereby
avoiding the overfitting of the model.

2.3 Data Fusion

To integrate the battery data and simulated external vehicle condition data, we
employ a data fusion technique to match the spatial and temporal dimensions
of the datasets.
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For spatial matching, we use the vehicle parameters and driving cycle as the
connection link. Specifically, we input the driving cycles and vehicle parameters
used in the battery discharge tests (UDDS, US06 and LA92) into the simulation
model to ensure the consistency of the data in the test environment.

For temporal matching, we first interpolate the missing battery data as it is
collected in the laboratory using the sensor. We utilize the Lagrange interpolation
method [37]. Assuming that the battery dataset consists of n-time data points.
The Lagrange interpolation formula is:

n

T
b (Pmissing) = [ it — 2 (2)
J=1j#i v

where l; (Zmissing) 15 the Lagrange interpolation basis function:

n
Ymissing = Z Yi - l; (wmissing) (3)
i=1

By interpolating the missing data, we ensure that the battery data is a complete
sample with a fixed sampling frequency of 10 Hz. We then set the simulation
model’s vehicle data sampling frequency to match the same rate of 10 Hz. This
allows us to fuse the battery data and simulated vehicle data for SOC prediction.

2.4 Prediction Model

The KS-Autoformer module, as depicted in Fig. 5, is composed of three essential
parts: the decomposition architecture, the auto-correlation mechanism, and the
Kalman smoothing technique.
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Fig. 5. Structure of KS-Autoformer.

Decomposition Block. Decomposition can help to separate the seasonal
and trend components of our dataset. By doing so, we can better understand the
stable and fluctuating patterns of the electric vehicle’s behavior. Furthermore, it
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Fig. 6. Auto-Correlation (left) and Time delay aggregation (right).

simplifies the training process and reduces the risk of overfitting. For a Length
L time series X € RY*4 the decomposition can be expressed as:

X; = AvgPool(Padding(X))

4
X, =X - X, @

where X, X; € REX? represent the seasonal and trends part severally. Avg-
Pool(X) combined with a padding method is exploited as the moving average
operation. As a result, the whole process of decomposition can be expressed as:

Xs, Xt = SeriesDecomp(X) (5)

Auto-correlation Mechanism. The Auto-Correlation mechanism [38] is tak-
ing the place of the canonical self-attention mechanism which is shown in Fig. 6.
The historical sub-sequences of battery data often contain important informa-
tion about the current battery state. To model the similarities between the sub-
sequences, suppose a real-time discrete series { X} }, the auto-correlation Rx x (7)
is proposed, which can be expressed as:

RXX( = EEI}OO ZXtXt T (6)
where Rx x(7) measures the time lag similarities between {X;} and the lag 7
series {X;_,}. After the calculation process, the top k possible temporal series
T1,Ta,..., T, are selected and can be expressed as:

T, Tk = argTopk.ci... 1., (Rg,x (7)) (7)

To achieve sequence-level joins, similar subsequence information needs to
be aggregated. As shown in Fig. 6, according to the predicted cycle length, the
Roll(+) operation is first used for information alignment, and then the information
aggregation is carried out, and the form of query, key, and value are still used
here.
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]:ZQ,K (11),-- aRQ,K (1) = SoftMax (RQ,K (11),--- ,RQ,K (Tk)) (8)

k
Auto — Correlation (Q, K, V) = Z Roll (V, ) Rg.x () (9)

i=1

Kalman Smoothing. To enhance the time delay aggregation technique
described earlier, we employed Kalman smoothing, a mathematical method used
to reduce noise and preserve the original patterns in laboratory battery data.
The application of Kalman smoothing involves utilizing the following equation:

Tpjp—1& = FpZp_1p—1 + Brug (10)
Pyji—1& = Fp P11 F)L + Qx (11)
K& = Pyyp—1 Hj (Hp Pyj—1 Hy, + Ri) ™" (12)
T & = Tpjp—1 + Ki(yx — HpZpjp—1) (13)
P& = (I — KiHy) Py (14)

where zy;, is the a predict of the state, Fj is the state transition matrix, By
is the input matrix, uy is the input vector, Py;—; is the a priori predict error
covariance matrix, Qy is the process noise covariance matrix, K, is the Kalman
gain, y is the measurement vector. Hj is the observation matrix, Ry is the
measurement noise covariance matrix.

In Fig. 7, Kalman smoothing is shown to have improved the quality of labo-
ratory battery data by reducing noise while preserving temporal patterns. This
enhanced data can be used to improve time delay aggregation, a technique intro-
duced above to summarize temporal data. Kalman smoothing produces a more
accurate representation of the process, which leads to more precise aggregated
values. It also helps to reduce the impact of outliers and anomalies in the data,
improving the robustness of time delay aggregation results.
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Fig. 7. Kalman smoothing on [a] Voltage; [b] Current; [c] Temperature.

3 Experimental Evaluation

Dataset. We employed the LG Open Battery Dataset [39] and applied it within
the framework proposed in our research. Figure 8 displays the operational data
of a 3Ah LG 18650 battery under the UDDS driving cycle, accompanied by the
vehicle’s external data obtained using our framework. In order to more effectively
evaluate the extrapolation and adaptability of the model, we select specific driv-
ing cycles to form the training and validation sets and use the data from another
DC for testing. In this research paper, we employ the UDDS and US06 driving
cycles to form the training and validation sets. The UDDS and US06 driving
cycles are chosen due to their ability to represent typical urban driving condi-
tions, encompassing factors such as stop-and-go traffic and moderate acceleration
patterns. Additionally, the US06 driving cycle specifically captures aggressive
and high-speed/acceleration driving behavior, incorporating rapid speed fluctu-
ations. To assess the model’s performance on unseen data, we employ the LA92
driving cycle as the test dataset.
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Fig. 8. Illustration of battery and vehicle dataset.

Evaluation Metrics. SOC prediction can be evaluated using various metrics,
including MSE, RMSE, and MAE. These metrics provide quantitative measures
of how well an prediction algorithm is performing compared to actual SOC val-
ues.

MSE (Mean Squared Error) formula is:

N
1
MSE = — D (SOCes — SOChcr)? (15)

i=1

where SOC .4 is the predicted value, SOC,.; is the true value, and N is the

number of samples. MSE provides a simple and straightforward expression for

prediction error, but squaring the error value amplifies the impact of outliers.
RMSE (Root Mean Squared Error) formula is:

N
1 2
MSE = E - 1
RMS P (SOCest — SOCact) (16)

RMSE is essentially the square root of MSE, which helps to ensure that the
evaluation metric is consistent with the original value scale.
MAE (Mean Absolute Error) formula is:

N
1
MAE = + z; |SOCest — SOCact] (17)
=
MAE maintains consistency between the scale of the error metric and the
original values, and does not suffer from the issue of error amplification due to
squaring.

Implementation. To ensure fair and meaningful comparisons between the KS-
Autoformer model and other models, we employed consistent hyperparameter
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settings as foo: an initial learning rate of 0.0001, p = 0.05 dropout, and a batch
size of 32. The size of each input time series segment is 96, and the prediction
horizon is set to 24. The training process is terminated after six epochs, and we
repeat each experiment five times to ensure the reliability of the results. Also,
we compute the mean and standard deviation of the different datasets to nor-
malize all the data points. In the end, we conduct experiments on a workstation
equipped with a GeForce RTX 3070 GPU and an AMD Ryzen 7 5800 CPU.

Comparative Experiment. In our experiments, we conduct a comparative
analysis between KS-Autoformer and several baseline models, including Aut-
oformer, Informer, and Transformer. The results are displayed in Fig.9. This
experiment reveals that KS-Autoformer outperforms the baseline Autoformer
model in predicting the state of charge of electric vehicle batteries since our
model addresses sensor data noise and improves time delay aggregation in the
Auto-correlation mechanism. Moreover, our proposed model performs better
than other Transformer models, such as Informer and the original Transformer
model.

100

Informer
90 Transformer
Autoformer
KS-Autoformer

GroundTruth

SOC[%]

L 1 L L 1 L L 1 L ]
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

Time [s]

Fig. 9. Performance of different SOC prediction models.

Ablation Experiment. To demonstrate the validity of the proposed SOC pre-
diction framework, we conducted another ablation experiment. Specifically, we
compared our proposed model with three other baseline models under both the
original SOC prediction framework and the proposed SOC prediction framework,
as shown in Table 1 and Fig. 10. The results indicate that all four algorithms out-
performed the original SOC prediction framework.
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Table 1. Comparison of models in different frameworks.

Model Framework | MSE [%] | RMSE %] | MAE [%]
KS-Autoformer | Origin 0.0228 1.5099 0.7974
Proposed | 0.0083 |0.9149 0.7295
Autoformer [38] | Origin 0.0257 1.6061 0.6290
Proposed | 0.0157 |1.2540 0.7876
Informer [40] Origin 0.0698 | 2.6426 2.1114
Proposed | 0.0681 |2.6096 1.9711
Transformer [41] | Origin 0.0475 |2.1802 1.1241
Proposed | 0.0439 |1.9227 1.0886
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Fig. 10. Performance of different framework on [a] KS-Autoformer; [b] Autoformer; [c]|
Informer; [d] Transformer.

4 Conclusion

In this work, we propose a novel framework for predicting the state of charge
of electric vehicle batteries, incorporating external vehicle data and laboratory
battery data. After features analysis and data fusion, our high-frequency sam-
pling dataset can capture sufficient temporal information under complex operat-
ing conditions. Furthermore, we propose a KS-Autoformer prediction model to
address issues related to feature explosion and reduce sensor measurement errors.
In order to more effectively evaluate the extrapolation and adaptability of our
model, UDDS and US06 driving cycles are used for training and LA92 driving
cycle for testing. Results show that our proposed framework achieves superior
performance in predicting SOC, leading to more efficient battery utilization and
improved safety performance.
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