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ABSTRACT

In order to realize the intelligent operation and maintenance of electrochemical energy storage power
station and make the working process of the power station battery more efficient, stable and safe, this
paper establishes a safety monitoring system of electrochemical energy storage power station through
multimodal fusion sensing technology. The multi-sensor fusion technology and multi-sensor
calibration process are proposed, and the Kalman joint filter fusion algorithm is obtained based on the
traditional Kalman filter extension, which fuses the collected multi-modal sensing data to realize the
real-time detection of the state information of each battery of the energy storage power station.
Simulation experiments are carried out to verify the reliability of the Kalman joint filter fusion
algorithm, and the deviation value of this algorithm in the filter fusion processing is only 0.1426, which
is lower than that of the comparative sliding average filtering algorithm. The RMSE values of X-axis
and Y-axis in the motion target tracking experiments are less than those of the comparative mean drift
algorithm 0.189 and 0.1412, and in the speed, they are less than those of 0.0062 and 0.0073, which
are better in terms of accuracy performance. And in the application practice of battery safety
monitoring system for electrochemical energy storage power station, the error between SOC
estimation and actual value is less than 5% in either DST condition or UDDS condition, and the internal
resistance R, change curve is similar to the actual value of the internal resistance, and the estimation
error is less than 4%.

Keywords: Multimodal fusion sensing technology, multisensory, Kalman filter, battery safety
monitoring

1. Introduction

With the transformation of the global energy structure and the large-scale development and utilization
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of renewable energy, the problems of volatility, intermittency and uncertainty of the power grid are
becoming more and more prominent [1-2]. In this context, electrochemical energy storage power
plants play an increasingly important role in stabilizing power grids, shaving peaks and filling valleys,
and regulating frequency and phase due to their characteristics of fast response, high efficiency energy
storage, and environmental protection and non-pollution [3-4]. Especially in the construction and
operation of large-scale energy storage power plants of 100 MW level, how to develop scientific and
effective scheduling and control strategies has become a hotspot and a difficult point of research in the
current energy field [5-6].

However, the development of scheduling and control strategies for large-scale electrochemical
energy storage power plants is not an easy task. On the one hand, the electrochemical energy storage
plant involves the integration and application of the knowledge of electrochemical principles, battery
management system, power electronics technology, automatic control system and other fields, which
is technically difficult, and on the other hand, the operation of the energy storage plant involves the
aspects of grid scheduling, market analysis, operation management, etc., which makes the real-time,
accuracy, and economy of the strategy more demanding [7-10]. Foreign countries started earlier in the
technological research and development and application of electrochemical energy storage power
plants, and have accumulated certain experience. Developed countries have achieved remarkable
results in the scheduling and control strategies of energy storage power plants, realizing the
transformation from theoretical research to practical application [11-13]. In contrast, China's research
and application in this field is still in its infancy, and although the national and local governments have
introduced a series of supportive policies in recent years to promote the construction and
development of energy storage power plants, the research on scheduling and control strategies still
faces many challenges [14-16].

With the continuous increase of the installed capacity of electrochemical energy storage power
stations, its safety risk and prevention and control issues are getting more and more attention.
Electrochemical energy storage can effectively reduce the impact of new energy generation on the
power grid by dissipating the impact of high wind and solar power generation through fast charging
and discharging when new energy generation is low [17-18]. The periodic maintenance strategy
commonly used in energy storage power stations is difficult to detect potential safety hazards in time
due to the relatively fixed maintenance cycle, while the number of energy storage components, fault
types, and the prevention and control methods of offline detection are time-consuming, costly, and
have a large amount of workload in operation and inspection, and low maintenance efficiency, which
also brings new safety risks in the process of promoting utilization [19-21]. Therefore, it is necessary
to reduce the safety risks of electrochemical energy storage power plants from the source to ensure
the scientific and reasonable operation of electrochemical energy storage power plants [22].

As the application scale of electrochemical energy storage systems/stations in electric power
systems continues to expand, the issues of safety, reliability, and economy are of great concern to the
industry [23]. Exploring and proposing the theoretical methods of digitalization and intelligence in the
application process of energy storage and its application technology will effectively improve the safe,
stable and economic operation level of energy storage, which is an important practical need [24-25].
However, there is a lack of more systematic analysis and discussion on the improvement of the digital
and intelligent level of electrochemical energy storage [26].

From a macro point of view, electrochemical energy storage plant is a very important link in the
stabilization of the power grid, so it is very important to understand the positioning of electrochemical
storage plant in the power grid and how to promote the further adaptation of the storage plant to the
smart grid. Literature [27] discusses the improvement of the cost and benefit of electrochemical
energy storage technology, which promotes the wide deployment of energy storage systems, which
also provides effective support for the stability of the power grid, and introduces in detail the process
of the development of the grid storage station and the energy management system (EMS) architecture,
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which provides a reference for further in-depth study of the EMS. Literature [28] affirms the
contribution of power storage systems to grid stability and efficiency improvement, and is well suited
to the operation and maintenance management model of the smart grid, and proposes strategies to
promote the further development of power storage systems, such as the implementation of research,
development, and demonstration (RD&D) policies to increase the experience of power storage system
operation and maintenance and thus reduce the cost of power storage system operation and
maintenance, and the investment of investment tax credits to expand the investment in the research
and development of power storage systems on the ground.

How to operate electrochemical storage plants stably, safely and efficiently has always been the
focus of research in this field, so the research around the battery module of the storage plant
(technology, safety management), energy optimization and management (intelligent), energy storage
technology is very popular. Literature [29] analyzed the performance of Ant-Lion Optimization
Algorithm (ALO), Gray-Wolf Optimization Algorithm (GWO), Krill Swarm Algorithm (KH), and JAYA
algorithm for electrochemical power storage (lead-acid (LA), lithium-ion (Li-ion), and nickel-cadmium
(Ni-Cd) three types of electrochemical battery technologies) and energy management optimization
based on the techno-economic optimization criterion and confirmed the performance of The
superiority of JAYA algorithm and pointed out that power cost reduction can significantly reduce the
unit power cost. Literature [30] systematically reviews several battery systems for electrochemical
energy storage power plants and focuses on the characteristics, materials, electrochemical
performance, and cost of these battery systems and emphasizes that the capacity and performance of
electrochemical storage power plants are determined by the battery system as well as the system of
power conditions. Literature [31] describes the importance of thermal management aspects in
electrochemical power storage, and the appropriate operating temperature helps electrochemical
power storage devices to perform optimally; therefore, an in-depth analysis of the research literature
on thermal management of electrochemical energy devices (including fuel cells, electrolysis tanks, and
supercapacitors) is conducted to summarize the physicochemical mechanisms of heat generation in
these electrochemical devices, which provides important references for the optimization and
management of electrochemical energy storage design. It provides an important reference for the
optimization and management of electrochemical energy storage design. Literature [32] discusses the
classification and practical application of energy storage technology based on renewable energy
power storage system, and explores the factors that affect the operation of the power storage system,
the state and the storage capacity, and finally discusses the feasibility of artificial intelligence
technology-enabled power storage system configuration and energy control strategy based on the
methodology of the literature review, which makes a positive contribution to the construction of digital
intelligence for the power storage system. Literature [33] for electrochemical power storage station
commonly used lithium-electronic batteries, carried out a battery safety assessment test, based on the
results of the study, we learned that the battery storage bin pressure relief plate is unknown, the
opening pressure as well as the surrounding obstacles will affect the safety of the battery.

Aiming at the operation and maintenance problems of electrochemical energy storage power
stations, this paper proposes multi-sensor fusion technology, an important component of multimodal
sensing technology, as the core of the technology, and utilizes Kalman filtering to improve and fuse the
multi-sensor data to develop a battery safety monitoring system for electrochemical energy storage
power stations. The data fusion function of the multi-sensor fusion technology is discussed in depth,
and the segmentation operation, global alighment process and precise alignment process steps are
proposed for the calibration problem of multiple sensor combinations. The mathematical model of
error covariance matrix and overall optimal estimate of the safety monitoring system of
electrochemical energy storage power station is obtained by Kalman joint filter fusion algorithm, and
the fusion of multi-sensor data in the health monitoring of energy storage battery is realized. The
battery safety monitoring system of electrochemical energy storage station is constructed by
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combining the ampere-time integration method with the open-circuit voltage method to estimate the
charge state of the battery, and the functions of user login screen and main monitoring screen are set
up according to the requirements. The reliability of the multi-sensor Kalman joint filter fusion
algorithm proposed in this paper is verified by using filter fusion processing and motion target
tracking simulation experiments, and the application of this paper's electrochemical energy storage
plant battery safety monitoring system is practiced under DST and UDDS conditions.

2. Application of multimodal sensing technology in substation equipment
monitoring

In the health condition monitoring of substation equipment, multimodal sensing technology can fuse
multiple sensor data such as vibration, temperature, sound and image to provide richer equipment
status information [34].

With the continuous expansion of the power grid scale and the continuous improvement of the level
of intelligence, the health condition monitoring of substation equipment is particularly important.
Traditional monitoring methods often rely on data from a single sensor, which can reflect the state of
the equipment to a certain extent, but it is difficult to comprehensively and accurately capture all the
state information of the equipment. In order to have a more comprehensive understanding of the
operating status of substation equipment and to detect and deal with potential faults in a timely
manner, multimodal sensing technology has emerged.

2.1. Vibration monitoring

Vibration monitoring is one of the important applications of multimodal sensing technology in
substation equipment monitoring. Through vibration sensors, the vibration signals of the substation
equipment can be monitored in real time, and then analyze the operating status and potential faults of
the equipment. The vibration signal contains a wealth of information about the operating status of the
equipment, such as the rotational speed of the equipment, the load condition, the degree of wear and
tear of the components and so on. Through the processing and analysis of vibration signals, the
abnormal state of the equipment can be effectively identified, and timely maintenance measures can
be taken to avoid the occurrence of failures.

2.2. Temperature Detection

Temperature monitoring is another important application of multimodal sensing technology in
substation equipment monitoring. Using infrared temperature measurement technology, the
temperature distribution of the equipment can be monitored in real time, and overheating parts can
be found, so as to effectively prevent equipment failure.

Infrared temperature measurement technology through the measurement of infrared radiation
energy emitted from the surface of the equipment, which will be converted into a temperature value,
to achieve non-contact temperature measurement. The technology has the advantages of fast response
speed, wide measurement range, high accuracy, etc., and is suitable for real-time monitoring of
substation equipment.

Temperature monitoring can not only find the existing overheating problems, but also predict the
future temperature trend of the equipment by analyzing the long-term monitoring data. Combined
with the monitoring data of other modes, such as vibration, sound, etc., it can evaluate the health status
of the equipment more comprehensively, so as to formulate more effective preventive measures.
Temperature monitoring can realize remote and real-time monitoring of equipment, reduce the
frequency and difficulty of manual inspection, avoid further expansion of failures, and improve
maintenance efficiency.
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2.3. Sound monitoring

Sound monitoring plays an important role in substation equipment monitoring. Through sound
sensors, sound signals can be captured in real time when the equipment is running, and then the
characteristics of these sounds can be analyzed to determine whether there is any abnormality in the
equipment. Sound monitoring mainly relies on sound sensors, which can capture the sound signals of
equipment operation with high sensitivity. These sound signals contain important information about
the operating status of the equipment, such as friction, collision and discharge of components. Through
the processing and analysis of these sound signals, the abnormal state of the equipment can be
effectively identified for timely maintenance measures to provide the basis.

Sound frequency is an important parameter reflecting the vibration state of equipment components.
By monitoring the sound frequency, it can determine whether the equipment components are loose,
wear and other abnormal states. Sound pattern is also one of the important contents of sound
monitoring. Sound pattern monitoring is important for the development of scientific maintenance
programs and replacement strategies. Through long-term monitoring and analysis of the sound
change trend, the wear trend and prediction of the remaining life of the equipment can be understood,
providing a scientific basis for the maintenance and replacement of the equipment.

2.4. Image monitoring

Image monitoring is another important application of multimodal perception technology in substation
equipment monitoring. Through the use of high-definition cameras or drone inspection technology,
the image information of the substation equipment can be obtained in real time, and then identify the
defects and abnormalities in the appearance of the equipment. This monitoring method is
characterized by intuition and accuracy, and can provide strong support for equipment maintenance
and overhaul.

3. Intelligent operation and maintenance of electrochemical energy storage
plant based on multi-sensor fusion

Multi-sensor fusion is an important part of multimodal fusion sensing technology [35]. In practical
applications, multimodal sensing technology often needs to rely on multisensor fusion technology to
achieve more efficient data processing and decision support.

With the changes in global energy development, more renewable energy sources are entering the
power sector, which brings more challenges to the grid connection in the power sector. One of the
effective ways to cope with this challenge is to adopt energy storage technology, in which
electrochemical energy storage has been rapidly developed with its unique advantages of high
efficiency and environmental adaptability. In order to make the working process of electrochemical
energy storage plant more efficient, stable and safe, this chapter will take the multi-sensor fusion
technology as the basis, combined with Kalman filtering algorithm, to build up the battery safety
monitoring system of electrochemical energy storage plant, and realize the intelligent operation and
maintenance of electrochemical energy storage plant.

3.1. Multi-sensor fusion technology

Multi-sensor data fusion problem is the basic research content to carry out this research, so it is
necessary to understand the basic principles of data fusion and the data fusion algorithms that are
currently used more [36]. Data fusion is a technique for comprehensively analyzing and processing
data from multiple sensor sources. This section firstly briefly introduces the basic principles and
advantages of multi-sensor data fusion, and secondly elaborates on the fusion center structure, data
abstraction level and data fusion functions respectively, so as to have a comprehensive understanding
of multi-sensor fusion.
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Data fusion is not a one-time process for heterogeneous information, but rather multiple and
layered, specifically, the main task of each level of processing is to refine the information on the basis
of the previous level. According to the degree of abstraction of the fusion method in the fusion system,
it can be summarized into the following three types, data level fusion, feature level fusion and decision
level fusion.

Data level fusion is the bottom level fusion, which is a coarse-grained fusion process on unprocessed
information, i.e., the step of extracting feature vectors is done after fusion. Data layer fusion requires
that the sensor data used for fusion must be homogeneous, i.e., the data is derived from the same type
of sensor. The unique feature of data layer fusion is that it preserves the most details of the data and
can harbor details that are not available in other fusion types. Since the loss of data information is
almost zero, it gives better fusion results than other methods. However, there are some disadvantages
of this method, such as high computational requirements for computers and poor stability of
information.

Feature layer fusion is also known as intermediate fusion, this level of fusion of feature value
extraction step before the fusion, that is, Mr. into feature vectors, and then the fusion of the groups of
information, and finally other processing of the target. The advantage of this level of fusion is to achieve
a certain degree of data compression, processing is faster, and is conducive to the system's
requirements for real-time processing. According to its different target sources are divided into two
kinds of features and state fusion, the specific methods of the former are K th-order nearest neighbor
algorithm and neural networks, etc., which belong to the scope of pattern recognition. The latter
mainly uses algorithms such as multi-hypothesis method and joint probabilistic data association
algorithms, which are more often reflected in the field of target tracking.

Decision layer fusion, also known as advanced fusion, after each sensor has completed all operations
on the original sensor information (including preprocessing, feature extraction, target recognition),
the final result is obtained by completing local decision layer fusion operations on the key points of
each sensor. Decision layer fusion has many benefits, such as fault tolerance, small computation, small
dependence on sensors (can be homogeneous sensors or heterogeneous sensors), real-time and so on.
The biggest disadvantage is the high loss of information and the performance is mainly dependent on
the preprocessing phase.

3.2. Multi-sensor calibration process

Perception systems should be highly robust in different environments, so the design of perception
systems is usually confronted with sensors that have several complementary information. Vision
sensors provide a lot of appearance information, while LiDAR sensors are characterized by high
accuracy in ranging and can provide 360-degree information, and the characteristics of these two
perceptual technologies make them suitable to be used as two parts of a perceptual system to provide
complementary information. However, the combination of these two sensors implies a tedious
calibration process.

To address this problem, a monocular camera-based calibration method is proposed, which uses
multiple planar checkerboards as calibration targets. The whole calibration step is divided into three
steps, the segmentation operation, the global alignment process and the precise alignment process.
1) Segmentation operation. This step calculates the normal vector of each point p.eP (P isthe
set of LiDAR sensor data points) by performing a principal component analysis on the K nearest
neighbors Ny » (p;) n' € R’ The set corresponding to each region is obtained by performing a
chunking operation on the greedily growing regions from the random seed points P’. When a point
p.eP isa neighbor of the seed and its normal vector is similar to that of the seed, then this point is
added into the set P’:

iT_j

B <Ny (1) < B AT 55 @
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Each region is expanded as described above until convergence, then removed from £,.. New seeds
are then selected and the above steps are repeated until there are no remaining pointsin £, . The final
step is to remove segments that are significantly smaller than the checkerboard.

2) Global Alignment. An initial set of transformations 7 = {Hj} is generated based on the point cloud
data {Pc} and {P,} from the vision and LIDAR sensors, respectively.Next, we iteratively randomly
select and associate three surfaces from the two sets, compute the transformations, and validate them
using a distance metric.

3) Precise Alignment. In the previous step the initial transformation set 7' was obtained based on the
center of mass and normal vector of the point clouds {PC} and {P,} . This is fast but not accurate
enough, so in this step all transformations &7 make the following error function refined by
gradient descent:

ﬁi _Nl,p[ (ﬂ:) 2

E@)=|

peel,

,P.=R-p.+t 2)

This minimizes the sum of the point-to-point distances to the nearest neighbors, which can be solved
using the well-known iterative nearest-point algorithm. The final result is a set of finely aligned
transformations 1.

The method ends up with six rigid transformation parameters 8= (rx,ry,rz,tx,ty,tz )T to represent
the coordinate system of the visual sensor relative to the LiDAR. The method can be used to transform
the coordinates p. of the data points of the visual sensors to the coordinates in the LiDAR by using

equation (3) »,.Where, is the corresponding rotation matrix and is the translation vector.
pr:RH.pc+t:9 (3)

This calibration method uses a randomized approach in the selection of seeds, which leads to a
strong randomness in the accuracy of the calibration results. Moreover, this calibration method
requires adjusting the angle of the board according to the parameters of the sensor, and the accuracy
of the results strongly depends on the parameters of the sensor or the structural nature of the
environment, and thus lacks a certain degree of generalization ability.

3.3.  Fusion method for multi-sensor Kalman filtering

3.3.1. Principles of Traditional Kalman Filtering Algorithm.Kalman filtering algorithm is an
algorithm that obtains observation information through sensors, makes optimal estimation of the
target, and obtains the state or real signal of the target system [37]. The state equation and the
measurement equation are the important components of the Kalman filtering algorithm. Most of the
information acquired by the energy storage battery health monitoring system is time series discrete
data, therefore, the target systems are all assumed to be discrete systems.

1) System model.In the traditional Kalman filtering algorithm, the linear differential equation of the
general discrete system state is expressed as:

Xk)=OR)Xk-1D)+GR)U (k)+W (k) (4)

where ®(k) denotes the target transfer matrix parameters at moments k—1 to &k, X(k),
X(k—=1) denote the target state at moments k& and k—1, G(k) denotes the target control matrix
parameters at moment k, U(k) denotes the known input signal, W (k) denotes the process
Gaussian white noise which satisfies a Gaussian distribution,and Q(k) is the noise covariance. There
are:

E[W (k)]=0 (5)
E[W kW (k)" | =003, (6)
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where 9, denotes the Kronecker delta function.
The measurement equation of the system is expressed as:

Z(k) = H (k)X (k)+V (k) (7)

where Z(k) denotes the measured value obtained by the sensor at moment k, (k) denotes the
measured system parameters, H (k) is the matrix when the measured system is a multi-sensor
system, and V (k) denotes the measured Gaussian white noise, which also satisfies the Gaussian
distribution, and similarly has:

E(V (k) =0 (8)
E[ V(Y (k)" |=R(k)5, (9)
E[W(kV (k) |=0 (10)

From the above equation, it can be seen that any moment process noise, any moment measurement
noise are independent of each other.
2) Algorithm flow.The next state prediction equation of the state is:

X(k|k=1)= D)X (k-1]k-1)+G(k)U (k) (11)
In turn, the next prediction equation for the quantitative measurements is obtained as:
Z(k|k-1)=H(k)X (k) (12)

The difference between the true value of the measure and the predicted value of the measure is
found to be:

y(k |k =1)=Z(k)-Z(k |k -1) (13)
The error covariance equation for one-step state prediction is:
Pk k-1)=®(k)P(k-1|k-1)D (k)" +Q(k) (14)

The state prediction covariance equation P(k[k—1) represents the uncertainty of the state
prediction, with smaller values indicating higher accuracy of the predicted state data.
The covariance equation of one-step measurement prediction is:

S(k)=H(k)P(k |k -1)H (k)" + R(k) (15)

The measurement prediction covariance equation S(k) indicates the uncertainty of the
measurement prediction, and the smaller its value, the higher the accuracy of the predicted
measurement data.

From equations (14) and (15), the filtering gain matrix is obtained as:

M (k)= P(k | k-1)H (k) S(k)" (16)
This in turn leads to the state update equation at moment k.
X(k|ky=X(k|k=1)+Mk)y(k|k-1) (17)

In order for the Kalman filter to keep updating, it is also necessary to find the covariance equation
for updating the next step:

P(k|k)=[1-M(k)H(K)]P(k |k -1) (18)

where / denotes a unit matrix with the same covariance dimension.
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3.3.2. Principles of Kalman Joint Filter Fusion Algorithm. On the basis of traditional Kalman filtering,
the Kalman joint filter fusion algorithm is obtained by extension. Multi-sensor data fusion technology
utilizes Kalman joint filter fusion algorithm to fuse the collected data of multi-sensors, and its main
algorithm derivation process is as follows.

1) System Model. When the system consists of N sensor, the sensors are independent of each other,
and the state linear differential dynamic equation of each sensor is expressed as:

X, (k)= Ok | k-1 X,(k-1)+Gk)U (k) + W (k) (19)

Eq. (19) is the state equation of the i nd sensor, where X;(k) denotes the system state atthe kth
moment of the ith sensor, ®(k|k—1) denotes the transfer matrix from the % —1th moment to the
kth moment, G(k) denotes the parameters of the target control matrix, U(k) denotes the control

matrix, and W (k) denotes the process Gaussian white noise sequence, whose mathematical-
statistical distribution is:

W (k) ~ N[0,0(k)] (20)

When the monitoring system is arranged with N sensor, the measurement equation of the sensor
is:

Z,(k) = H (k)X (k)+V,(k) (21)

where i=12,---,N, Z.(k) denote the observations collected by the ird sensor, #,(k) denotes the

measured system parameters of the ith sensor, and V;(k) denotes the measured Gaussian white
noise sequence of the i th sensor with the mathematical statistical distribution:

V,(k)~ N[0, R (k)] (22)

It is easy to see that the process noise at any moment and the measurement noise at any moment
are independent of each other.
The initial value of the target state is X (0), and its mean value is X,, which can be known:

E[X(0)]= X, (23)
E[(x©-x)][(x©-%,) =R, (24)

It is assumed that the measurement of Gaussian noise V,(k),V,(k),--,V, (k), process noise W (k)
and X(0) are equally independent from each other.

In summary, in order to represent the total measurement equations for all sensors uniformly, Eq.
(21) can be written as:

Z(k)=H (k)X (k)+V (k) (25)
Its mathematical and statistical distribution has:
V (k) ~ N[O, R(k)] (26)
Among them:
Z(ky=[Z! (k). ZL k) Zh (k) |
Hk)=[H (), H (k) H" (k)]
(k) =[ H] (k), H (k) (3] 27
V) =[ 17 (), V) (), Vi (B) ]
R(k) = diag [ R, (k), R, (k),-- Ry (k)]

2) Algorithm flow. After the overall optimal estimate X(k—-1|/k-1) and error covariance
P(k—1|k—=1) of the state at the moment k—1 of the previous step are known, when the measured
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values of all the sensors at the moment k are obtained, the error covariance matrix (28) and the
overall optimal estimate (29) and of the system are obtained by the basic algorithm of Kalman filtering
and there are [38]:
N
Pk |k) =P (k| k=D+ Y[ B ()~ B (k| k~D)] (28)
i=1

X(k|k)=P(k| k)P (k| k1) X (k | k-1)

PO R OX Gk )= G k=D Gk k=) 29
Among them:
X (k| k)= Xk | k=1)+M,(kyy, (k| k~1) (30)
Xk [k =1) =Dk | k-1 X (k1| k-1)+ GU (k) (31)
Bk k—1) = ®(k | k~DP(k | F)D(k | k-1 +0(k—1) (32)
M) = PGk k-0 H, () [ H, () PGk kD H, () + R ()] (33)
v (k| k=1)=Z.(k)—Z.(k | k-1) (34)
Bk 1K) =1~ M, () H,(BY] PGk K~ (35)

The above equations (30) to (35) can be calculated by the conventional Kalman filtering algorithm.

In the above Kalman joint filter fusion algorithm for multi-sensor data fusion, when the overall
optimal estimate X(k—1|k—1) and error covariance P(k—1|k—1) ofthe state at the moment k—1
of the previous step are known, and the measured values of all the sensors at the moment k are
obtained, the formulas of error covariance matrix and overall optimal estimate of the system are
obtained by the Kalman joint filter fusion algorithm, and the multi-sensor data of the energy storage
battery health monitoring is realized. Fusion.

Kalman joint filter fusion algorithm is assumed in various engineering industry applications:

P*l(k|k—1)=ie*(k|k—1) (36)

i=1

Equation (28) can be simplified as:
N
P (k)= (k] b)] (37)
i=1

There is:
N -1
P(k | k)= {Z[E'l(k | k)]} (38)
i=1
Therefore, equation (29) simplifies to have:

X (kl k)= P(kl k)ie*l(kl k)X, (k| k) (39)

i=1

3.4. Development of safety monitoring systems for electrochemical energy storage plants

The electrochemical energy storage power station safety monitoring system, also known as the
intelligent battery manager, plays the role of connecting the energy storage battery and the user.



RESEARCH ON INTELLIGENT OPERATION AND MAINTENANCE OF ELECTROCHEMICAL 4039

Through the real-time detection records of the system platform, the user can view and understand the
operation of each sub-cell in the battery cluster in real time, extend the service life of the battery,
reduce the probability of accidents that may occur in the course of the battery's work, and then ensure
that the entire power system works in a healthy and stable manner. With the in-depth development of
energy storage technology, safety monitoring system has become an indispensable part of the entire
power system. The key point in the development of battery safety monitoring system for energy
storage power station is how to monitor the status of each sub-cell in the energy storage battery
cluster in real time and manage it accordingly. Large-capacity battery clusters require higher
consistency for each battery, and in the real test, the performance of lithium batteries will have a
certain gap after many runs, which makes the performance of the whole battery system deteriorate,
affecting the battery's use time and the charge state of battery clusters SOC. The safety monitoring
system for energy storage plant developed in this paper mainly includes battery temperature
acquisition module, battery voltage acquisition module, battery current acquisition module,
environmental humidity acquisition module and ZigBee communication module.

Estimation of Battery State of Charge Using the Ampere-Time Integration Method SOC The
Ampere-Time Integration Method (ATIM) does not take into account the internal acting mechanism of
the battery, and estimates the state of charge of the battery by integrating the time and current, and
sometimes adding certain compensation coefficients, according to certain external characteristics of
the system such as the current, time, and temperature compensation to compute the total amount of
power flowing into/out of the battery. Currently the ampere-time integration method is widely used
in battery management systems, and its calculation formula is as follows:

1 ¢t
SOC = SOC, — o jo nl(t)dt (40)

Where SOC, is the initial power value of the battery charge state, C; is the rated capacity of the
battery, 77 is the charging and discharging efficiency coefficient, also known as the Coulomb
efficiency coefficient, represents the power dissipation inside the battery during the charging and
discharging process, with the charging and discharging multiplication rate and temperature correction
coefficients as the main factors, /(¢) is the charging and discharging current of the battery at the
moment of #,and 7 isthe charging and discharging time.

In order to make the accuracy of current measurement improved, high-performance current sensors
are usually used to measure the current, but this increases the cost. For this reason, in this paper, the
open-circuit voltage method is applied along with the ampere-time integration method to combine the
two. The open-circuit voltage method is used to estimate the initial state of charge of the battery, and
the ampere-time integral method is used for real-time estimation, and the relevant correction factor
is added to the equation to improve the calculation accuracy.

The program design of the upper computer of this system adopts VB6.0 visualization software, and
the main programs include hardware initialization, battery state information acquisition, information
transfer settings, over-limit alarm, and historical data storage. In order to facilitate further upgrading
of the program in the future and improve the readability and efficiency of the program, the
corresponding modules are divided according to the types of functions, and the specific software flow
is shown in Fig. 1.
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Fig. 1. System software process for battery safety monitoring

According to the functional needs of the system, the monitoring screen of this software includes the
user login screen, the main monitoring screen, the battery pack information screen, the alarm
information screen, the historical data screen, etc., as follows.

1) User login screen. After opening the control software, the user first clicks the “User Login” button
to enter the login screen. Only after correctly entering the user name and password to log in, the user
can enter the main monitoring screen of the software, and then utilize the system to realize monitoring,
operation or management.

2) Main monitoring screen. The main monitoring screen mainly shows the overall data of the battery
of the energy storage power station, and it can also set the relevant parameters and PLC control. The
overall data include system status, total voltage, current, maximum voltage, minimum voltage, average
voltage, maximum temperature, minimum temperature, maximum humidity, minimum humidity,
maximum charge state SOC | minimum charge state SocC.,

3) Battery pack information screen. The battery pack information screen is mainly used to display and
monitor the voltage, current, temperature, SOC and other information of each battery in real time.
4) Alarm information screen. Alarm information screen is mainly used to display the alarm condition
and specific fault information of the monitoring system, and the alarm information is output by default
in chronological order in the information summary for the administrator to view in real time.

5) Historical data screen. After opening the historical data screen window, you can query all the data
recorded after the activation of the detection system and display the change curve of voltage, current,
temperature, humidity;, SOC' with time for each battery.
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4. Multi-sensor filter fusion processing simulation experiment

In the previous chapter, this paper proposes Kalman filtering algorithm to fuse the collected data of
multi-sensors to improve the accuracy and fault tolerance of multi-sensor monitoring data. In this
chapter, the reliability of the multi-sensor Kalman joint filter fusion algorithm proposed in this paper
will be verified through filter fusion processing and motion target tracking simulation experiments.

4.1. Filter fusion processing simulation experiment

Sliding average filtering algorithm is selected as a comparison algorithm, respectively, its and this
paper's algorithm on a sinusoidal signal with noise filtering fusion processing, the use of three sensors
on the target to measure, to get the waveforms of signals with different fusion methods, as shown in
Figure 2. Figures (a) and (b) show the signal waveforms of the sliding average filtering algorithm and
this paper's algorithm, respectively.
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Fig. 2. Signal diagram

The estimation errors obtained by the sliding average filtering algorithm and the algorithm in this
paper were analyzed to derive the mean and variance of the error series of the two specifically as
shown in Table 1. Where the deviation is quantified as the degree of deviation of the calculated filtered
results from the true value. The deviation value of this paper's algorithm is only 0.1426, while the
deviation value of the sliding average filtering algorithm is 0.4152, which is significantly higher than
this paper's algorithm. It can be clearly seen that the fusion algorithm proposed in this paper is
significantly better than the general multi-sensor quantitative fusion method in terms of accuracy, and
can obtain relatively accurate estimation results.
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Table 1. Mean, variance and deviation

Algorithm Mean Variance Deviation
Sliding average filtering algorithm 0.0065 0.1428 0.4152
Algorithm of this article 0.0043 0.0224 0.1426

4.2. Motion target tracking simulation experiment

In this section, motion target tracking experiments will be carried out to further validate the
performance of the multi-sensor Kalman joint filter fusion algorithm proposed in this paper. The
comparison algorithm selected for this experiment is the mean-drift algorithm. The target tracking
trajectories of the mean-drift algorithm and the algorithm of this paper are obtained through
simulation as shown in Fig. 3. From the figure, it can be seen that due to the interference of noise, the
mean-drift algorithm can track the target, but the accuracy is not high.

22 1 . : .

s0d_..® Slidiﬁg average filtering algoﬁthm B ' 7777777 i i
A Algorithm of this article : :

18 +

—_— —_ —_
b =~ =)
| 1 |

Y-axis (km
=
1

X-axis (km)

Fig. 3. Target tracking trajectory

Further the root mean square error of the target on the axes and axes when using the mean drift
algorithm with the algorithm of this paper for target tracking are given respectively as shown in Fig. 4.
Figures (a) and (b) show the root-mean-square error of the position on the X and Y axes, respectively.
It can be seen that, with the increase of time, the root mean square error of the position on the axes
and axes of the method proposed in this paper is obviously smaller than the general tracking method,
which reflects a good anti-interference ability as well as high accuracy.
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Fig. 4. RMSE on the X-axis and Y-axis

In order to more clearly reflect the superiority of the improved algorithm proposed in this paper in
terms of target tracking accuracy, the root mean square error values of the position of the target as

well as the root mean square error values (RMSE values) of the velocity are given intuitively, as shown
in Table 2. As can be seen from the table, the RMSE values of X-axis and Y-axis of this paper's algorithm

are less than those of the mean drift algorithm by 0.189 and 0.1412 for position accuracy, and less than
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those of the mean drift algorithm by 0.0062 and 0.0073 for velocity, and it is obvious that the proposed
improved method is significantly better than the mean drift algorithm in terms of the accuracy of the
position and velocity of the tracking of the moving target.

Table 2. RSME

RMSE
Mean drift algorithm Algorithm of this article

X-axis 0.2538 0.0648
Position(km)

Y-axis 0.2225 0.0813

X-axis 0.0096 0.0034
Speed(km/s)

Y-axis 0.0139 0.0066

5. Application of battery safety monitoring systems for electrochemical energy
storage power stations

The battery type of electrochemical energy storage power plant is diverse, in which lithium-ion battery
becomes the main choice because of its performance advantages, and this chapter of electrochemical
energy storage power plant battery safety monitoring object therefore also takes lithium battery as an
example. In order to verify the intelligent operation and maintenance performance of the battery
safety monitoring system of electrochemical energy storage station constructed in this paper, this
chapter will build a simulation model in Matlab/Simulink and apply the system of this paper to
accurately detect the battery SOC and internal resistance “° of the electrochemical energy storage
station in real time, and carry out the experimental validation in the DST condition and UDDS condition,
respectively, and characterize the relationship between the definitions of SOH and internal resistance.
SOH of Li-ion batteries.The definitions of battery SOC and SOH correspond as follows.

1) SOC. That is, the battery body charging and discharging the battery charge state, the interval is
generally controlled to 20%-80%. Generally speaking, lithium battery SOC in the 20% - 80% of the
work between the charging and discharging resistance is small, heat is relatively small, resulting in a
lower probability of battery overcharge and overdischarge problems.

2) SOH. That is, the state of health of the battery, that is, the service life. General lithium battery SOH
decline of 80% must be replaced, too early or too late for battery replacement will have a bad effect,
so the battery health state SOH accurate estimation is particularly important. The SOH estimate in this
chapter is represented by the characterization parameter of internal resistance Ry increase.

5.1. Validation of DST working conditions

DST is a dynamic stress test condition obtained by simplifying from the U.S. federal city operating
condition FUDS. The equivalent circuit model built in Matlab's simulink is tested by cycling under the
DST condition with a step time of 250008, and the estimated SOC estimate and SOC estimation error
value of the estimated lithium battery are shown in Fig. 5, respectively. Figures (a) and (b) are the
corresponding SOC estimation and SOC estimation error value plots. SOC1 and SOC2 in Fig. (a) are the
actual measured voltage values and the voltage values measured by the detection system in this paper,
respectively. From the simulation result graph, it can be seen that in the whole time of simulation, the
beginning of the SOC estimation error is larger, is due to the initial value setting is not consistent with
the real value, after constantly updating the iteration, the estimated value of SOC is close to the actual
value, the error is only about 4%.
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Fig. 5. Lithium cell Soc under DST operating conditions

The estimated value of internal resistance and the error value of internal resistance estimation of
lithium battery are shown in Fig. 6. Figures (a) and (b) correspond to the internal resistance estimation
value and internal resistance estimation error value of the lithium battery. R,1 and R,2 in Fig. (a)
are the real internal resistance estimation value and the internal resistance estimation value measured
by the system in this paper, respectively. It can be seen that, at the beginning of the lithium battery
internal resistance R, estimation error is larger, but also due to the initial value set in the simulation
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experiment is not consistent with the real value, after continuous updating iteration, lithium battery
internal resistance R, estimated value is close to its true value, and can be seen in the figure in a
short period of time in lithium battery internal resistance R, no significant changes, but with the
increase in operating time, lithium battery internal resistance R, will slowly grow, lithium battery
internal resistance R, The change curve is similar to the actual value of internal resistance, and the
estimated error is about 3%.
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Fig. 6. Lithium battery internal resistance under DST operating conditions

5.2. Validation of UDDS working conditions

The UDDS condition is an urban road cycle condition developed by the U.S. Environmental Protection
Agency (EPA).The estimated SOC and SOC estimation error values of lithium battery under UDDS
condition are shown in Fig. 7, respectively. Figures (a) and (b), i.e., the corresponding SOC estimation
value and SOC estimation error value are plotted. From the simulation results, it can be seen that in all
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the time of simulation, the SOC estimation error is larger at the beginning, which is due to the
inconsistency between the initial value setting and the real value, and after continuous updating
iteration, the SOC estimation value is close to the actual value, and the error is only about 3%.
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Fig. 7. Lithium cell Soc under UDDST operating conditions

The estimated value of internal resistance and the error value of internal resistance R, estimation
of the lithium battery are shown in Fig. 8. Figures (a) and (b) correspond to the estimated value of
internal resistance and the estimated error value of internal resistance of lithium battery. At the
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beginning of the lithium battery internal resistance R, estimation error is larger, but also due to the
initial value set in the simulation experiment is not consistent with the real value, after continuous
updating iteration, the lithium battery internal resistance R, estimate is close to its real value, and
from the figure can be seen in a short period of time lithium battery internal resistance R, no
significant changes, but with the increase in working time, lithium battery internal resistance R, will
grow slowly, lithium battery internal resistance 6 change curve and the actual value of internal
resistance is similar to the estimated value. The curve of internal resistance R, is similar to the actual
value of internal resistance, and the estimated error is about 3%.
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Fig. 8. Lithium battery internal resistance under UDDST operating conditions
6. Conclusion

Multi-sensor data fusion technology utilizes Kalman joint filter fusion algorithm for multi-modal
fusion sensing of multi-sensor collected data to construct a safety monitoring system of
electrochemical energy storage power station and realize the intelligent maintenance goal of
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electrochemical energy storage power station.

In order to verify the reliability of the Kalman joint filter fusion algorithm proposed in this paper, a
multi-sensor filter fusion processing simulation experiment is carried out. In the filter fusion
processing experiment, the deviation value of the filtering result of this paper's algorithm is 0.142,
which is smaller than 0.2726 of the sliding average filtering algorithm, and it performs better in terms
of accuracy. This paper's algorithm also still performs well in the motion target tracking experiments,
the RMSE values of X-axis and Y-axis are 0.189 and 0.1412 less than the mean drift algorithm, and the
speeds are 0.0062 and 0.0073 less than the mean drift algorithm as a comparison, which significantly
outperforms the mean drift algorithm in terms of the accuracy of the position and speed of the motion
target tracking.

After completing the reliability verification of the Kalman joint filter fusion algorithm, the safety
monitoring system of electrochemical energy storage power station applying the algorithm is further
practiced to test the practical utility of the system. In the DST condition verification, the error of the
estimated value of SOC is only about 4% compared with the real value, and the error of the variation
curve of Li-ion battery internal resistance "¢ and the actual value of internal resistance is about
3%.In the UDDS condition verification, the error of the estimated value of SOC is only about 3%
compared with the real value, and the error of the variation curve of Li-ion battery internal resistance

o and the actual value of internal resistance is about 3%. Obviously, the safety monitoring system of
electrochemical energy storage power station constructed in this paper performs well in the
intelligent operation and maintenance of energy storage power station, and the practical utility is
excellent.
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