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Abstract. The electrical fault diagnosis and state estimation are curial tasks for
lithium-ion battery pack based electric drive system. The electrical fault of batter-
ies will lead to abnormal state estimation. Considering the computational cost and
limitedmemory sources of the on-board batterymanagement system, a framework
of online electrical fault diagnosis and low-cost state estimation for the lithium-
ion battery pack is proposed. Firstly, an available capacity based macro-selection
method is carried out to select a “representative cell” of the battery pack peri-
odically. Secondly, the correlation coefficient between “representative cell” and
non-representative cells is calculated based on an optimal moving window in dual
time-scale, then the electrical fault can be compensated based on the correlation
coefficient in time. Finally, the Kalman filter framework is adopted for robust
closed-loop state estimation for the lithium-ion battery pack, in which the Gaus-
sian process regression is developed for measurement equation and Ampere hour
counting is established for state equation, then the low-cost state estimation can
be achieved. Experimental tests on battery packs were carried out under several
dynamic load conditions considering user habits. The validation results demon-
strate the robustness and accuracy of the proposed approach even there exists
multiple disturbances.

Keywords: Electrical Fault Diagnosis · Dual time-scale · Correlation
Coefficient · State of Charge · Kalman filter

1 Introduction

Lithium-ion batteries (LIBs) arewidely used in electric drive systems [1], such as electric
vehicles (EVs), electric construction machineries (ECMs), and electric boats. Battery
management system (BMS) is designed for state monitoring, control, and fault diagnosis
for the LIBs [2]. Hundreds and thousands of LIBs need to be connected into a battery
pack to meet the power requirements before applying to the electric drive systems [3].
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Online electric fault diagnosis and state of charge (SOC) estimation are curial tasks,
which can ensure the safety and reliability of the electric drive systems.

At present, the SOC estimation for LIBs are mainly including the open-loop estima-
tionmethod and the closed-loop estimationmethod [4]. It is well known the robustness of
the open-loop estimation is limited, which further limited its industrial application value
[5]. For the closed-loop estimation method, multiple filters are applied in the existing
researches, including Kalman filters, partial filters, and H∞ filters. The state equation
and measurement equation need to be set in the closed-loop estimation method [6]. The
most widely used state equation of closed-loop estimation is the Ampere hour counting
(AHC) equation. However, the initial SOC errors and measurement noise of the cur-
rent sensor significantly limited the accuracy of the AHC equation [7], which means
a measurement equation with high robustness on initial SOC errors, and measurement
noise is needed for accurate SOC estimation. Due to the time-consuming experimental
test for model-based measurement equations, the data-based measurement equations
attracted much attention [8]. To accurately estimate the SOC of LIB pack, three kinds
of the method are introduced: the “big-cell” method, “mean-difference” method, and
“representative” method [9]. The “representative” method defines the battery pack as
two kinds of cells in the battery, which are “representative” cell and “non-representative”
cells, and the “representative” cell is further used for state monitoring for a battery pack.

However, the measurement noises and electric fault which may occur during the
operation of electric drive systems are ignored. Meanwhile, most of the researches on
BMS separately studied the mentioned two tasks. The electric fault of LIBs may cause
abnormal data collection, which will further cause abnormal SOC estimation for a bat-
tery pack. Furthermore, the existing researches rarely considered the actual engineering
application scenarios, which makes the results based on existing works questionable.

Therefore, we propose a framework of online electric fault diagnosis and state esti-
mation for LIBs packs based electric drive systems in this paper to address the afore-
mentioned limitations. The proposed framework is verified by the experimental dataset
considering the actual engineering application scenarios.

2 Workflow of Proposed Method

The workflow of proposed approach is shown in Fig. 1. The first stage is the dataset
preparation. The power data of a real loader under V-shape working condition was
collected in the real world, and the wavelet preprocessed power data were applied for
the battery pack test. The second step is the electric fault diagnosis of the battery pack.The
“representative” cell selection was carried out based on the available capacity of the cells
in-pack, and a backup cell was further selected as an alternative to the “representative”
cell. The third step is the state modeling of the LIB pack. A neural network combined
with the moving window is adopted for the open-loop estimation, and the closed-loop
estimation was further achieved based on the Kalman filter. Then, the evaluation of the
proposed method was carried out considering the real working conditions. Finally, the
discussion of the deployment was introduced.
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Fig. 1. Overall framework of the proposed method.

3 Data Preparation

The datasets of the charging-to-discharging of the LIB pack are shown in Fig. 2. A four
cells series battery pack is employed for the experimental test. All cells in-pack are the
same kind of battery, which is produced by the Panasonic with a normal capacity of 3
Ah.
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Fig. 2. Validation dataset of the designed battery pack: a Voltage curves of the cells in-pack;
b Current curves of the cells in-pack; c Partial enlarged detail of the voltage curves; d Partial
enlarged detail of the current curves.
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The electric system of the loader is more complicated than a normal electric vehicle.
As shown in Fig. 2 (c, d), the current pulses of the electric loader are at millisecond scale,
which means that the AHC method cannot be directly applied in the electric loader due
to the limitation of sample frequency. The two stage discharging test is employed to
simulate the user habits. Moreover, the thermal chamber is set to change the temperature
between 10 and 40 °C every twenty minutes to simulate the real temperature variation.
Note that the collected datasets are available upon reasonable request.

4 Theory of Proposed Method

The Pearson correlation coefficient is employed for online electric fault diagnosis for
the designed battery due to its low-cost calculation and effective results. To realize
the online calculation, the moving window is adopted to store the sequence data into
numerous segments. The calculation of the original Pearson correlation coefficient is
based on the formula below:

ρ =
∑n

i=1(Xi − X )(Yi − Y )
√

∑n
i=1 (Xi − X )

2 •
√

∑n
i=1 (Yi − Y )

2
(1)

In which, the X = 1
n

∑n
i=1 Xi, and the Y = 1

n

∑n
i=1 Yi. The (Xi,Yi) is the sample

from sequences (X ,Y ).
Based on the formula mentioned above, we can calculate the correlation coefficient

between the LIB by combining the moving window:

ρt =
∑wl

i=1(V1i − V1)(V2i − V1)
√

∑wl
i=1 (V1i − V1)

2 ·
√

∑wl
i=1 (V2i − V1)

2
(2)

where the wl represents the window length, the
∑wl

i=1 V1i represents the data of cell 1 in
one moving window, and the

∑wl
i=1 V2i represents the data of cell 2 in the corresponding

movingwindowof cell 1. Then the correlation coefficient ofρt at t time can be calculated.
The Gaussian process regression (GPR) is employed for the open-loop estimation

model in this paper. Based on the GP process, the GPR model shows superior perfor-
mance when measurement noise exists in the input data [10]. Due to the limitation of
the conference paper, the theory of GPR will be presented in the complete article later.

To further improve the robustness of the state monitoring for the battery pack, a
Kalman filter based closed-loop estimation is introduced, in which the GPR is employed
as the measurement equation, and the AHC method is adopted as the state equation.
The whole framework of the closed-loop estimation is shown in Fig. 3. The gain of the
Kalman filter can effectively compensate the measurement noise caused state estimation
error. The detailed procedure of the employed Kalman filter can be found in our previous
researches.
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Fig. 3. Whole framework of Kalman filter based closed-loop state estimation for LIB.

Fig. 4. Electric fault diagnosis results and the error compensation: a Voltage data with measure-
ment noise in all cells and stagnation in cell 2&3; b Correlation coefficient results of cell 2&4 in
macro-time scale and cell 3 in micro-time scale; c Error compensatory for cell 3; and d Current
data with measurement noise.

5 Experimental Validations and Discussion

The experimental validation results in this paper are all based on a PC equipped with an
Intel core-i7 9700 CPU and MATLAB 2021a.

There are four kinds of electric fault may occur in LIB pack, which are internal short
fault, external short fault, connection fault, and sensors fault. Among them, neither the
external short fault nor connection fault can make a complete electric circuit, and the
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internal short fault may occur in a long-time scale which shows little difference per unit
time. Therefore, the V1i and V will be the same value when stagnation occurs, which
makes the Pearson function cannot output results. Then, we can make an accurate fault
diagnosis without any unreliable threshold. The correlation coefficient results of cells
2&4 in the macro-time scale and cell 3 in the micro-time scale are shown in Fig. 4 (b).
As shown in Fig. 4 (b), the results of cell 3 in the micro-time scale show great fluctuation
due to the complex working conditions of the electric loader, which makes the choice of
a reliable threshold difficult. In contrast, the results of cells 2&4 in the macro-time scale
are smoother than that of cell 3. Then, the sensor’s fault can be compensated based on
the data of the cell which shows the best consistency with the fault cell in the battery
pack.
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Fig. 5. State estimation results of the designed battery pack based on “representative” cell: aGPR
based SOC estimation; b Closed-loop based SOC estimation; c GPR based state estimation error;
and d Closed-loop based state estimation error.

As the measurement noise is difficult to avoid in practical engineering application,
it must be compensated based on a robust state estimation model. The state estimation
results of the proposed method after sensor fault compensation is shown in Fig. 5. It
can be seen that the robustness of closed-loop based state estimation is much better than
that of open-loop based state estimation. As shown in Fig. 5(c, d), the error of GPR
based state estimation shows great fluctuation, while the error of closed-loop based state
estimation is smoother. The maximum error of the open-loop state estimation is greater
than 6%, while the maximum error of the closed-loop state estimation is less than 1.5%
after the fluctuation shown at the beginning of discharging.
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6 Conclusion

This paper proposes the online electric fault diagnosis method for LIB pack based on the
movingwindowandPearson correlation coefficient, and further low-cost state estimation
is presented based on the “representative” cell method and closed-loop state estimation.
The evaluation results show that the suggested electric fault diagnosis method can accu-
rately locate the sensor stagnation without any unreliable threshold, and the closed-loop
estimation shows greatly robustness when measurement noises occur in the collected
data. The maximum error of less than 1.5% can be obtained after sensor fault compen-
sation. Due to the limitation of the conference paper, further experimental validation on
the fault of the “representative” cell will be presented in the final article, and the speed
of the proposed fault diagnosis method will be further improved by using an optimized
moving window length.
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