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ABSTRACT
The battery management system (BMS) can intelligently manage and maintain each
battery unit while monitoring its status, thereby preventing any possible overcharge
or over-discharge of the battery. In BMS research, battery state parameter collection
and analysis are essential. However, traditional data collection methods require per-
sonnel to be present at the scene, leading to offline data acquisition. Therefore, this
study aimed to develop a wireless BMS monitoring and alarm system based on socket
connection that would enable researchers to observe the operating parameters and
problem details of the battery pack from a distance. A device like this effectively raises
the battery’s level of cognitive control. In the study, the researchers first designed the
overall scheme of the BMS remote monitoring system, followed by building a wireless
BMS monitoring and alarm system. Performance evaluations of the system were then
conducted to confirm its effectiveness. A Long Short-Term Memory (LSTM) network
enhanced by the Batch Normalization (BN) technique was applied to the time series
data of battery parameters to solve the large accuracy inaccuracy in battery state of
charge estimate. Furthermore, the Denoise Auto Encoder (DAE) algorithm was uti-
lized to denoise the data and reduce the model’s parameter dependence. The accuracy
and robustness of the estimation are improved, and the model error is gradually stabi-
lized within 5%.

Subjects Algorithms and Analysis of Algorithms, Data Science, Security and Privacy
Keywords Wireless BMS, Socket communication, LSTM neural network, BN algorithm, DAE
algorithm, Automated Alarm System

INTRODUCTION
With the wide application of new energy electric vehicles, batteries’ capacity, safety,
health status and endurance have increasingly become the focus of attention (Zhang
et al., 2020; Hua & Dong, 2022). The battery management system (BMS) is a system
that monitors and controls the battery, feeds back the collected battery information to
users in real-time, and adjusts parameters according to the collected data to give full
play to the battery performance (Gabbar, Othman & Abdussami, 2021). A crucial part
of large-scale energy storage systems, the battery management system provides data
gathering, data transmission, battery condition estimation, equalization, and abnormal
warning operations (Ali et al., 2019). It effectively reduces the effects of overcharging,
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over-discharging, and temperature changes on the performance and life of energy storage
batteries, enhance the safety and dependability of the battery pack and lower the cost of
energy storage systems’ maintenance. To effectively guarantee safe and stable operation,
the BMS monitoring system monitors the battery voltage, current, State of Charge (SOC),
battery charging and discharging level, temperature, and other crucial factors in real
time (Strominger, 2014).

Considering the system structure design of the battery, AeroVironment Company of
the United States developed the Smart Guard system and proposed a highly integrated
charging and discharging BMS (MacDougall et al., 2000). Using distributed battery cells
allows some battery cells to release energy when the vehicle is running. In contrast,
other cells collect power for charging through photovoltaic technology or other meth-
ods (Ferguson, Baglino & Kalayjian, 2014). The BATTMAN system designed by Hauck
in Germany can be compatible with various battery packs. The management of different
battery packs is realized through the combination of software and hardware, dramatically
improving BMS’s universality (Wey & Jui, 2013). The BMS produced by Preh has an
independent protection chip, which can ensure the safety of the battery pack even if the
battery system operates under the limit state (Garcia et al., 2009).

In all functions of the battery management system, SOC online estimation is at the
core. Accurate online SOC estimation can provide a valuable reference for battery pack
energy balance and charging and discharging strategies, ensuring the system’s stable
operation and prolonging the system’s service life (Zhang et al., 2018). Currently, the
research on online estimation methods of battery pack SOC is the current research
hotspot, which roughly includes the open circuit voltage (OCV) method, ampere-
hour integration method, filtering algorithm, learning algorithm and some hybrid
algorithms (Zhou et al., 2021). In the actual use of the battery management system, the
central control unit is responsible for SOC online estimation. Therefore, the algorithm
complexity and algorithm estimation accuracy should be considered comprehensively
when selecting the SOC estimation algorithm to improve the online estimation perfor-
mance of battery SOC (Hu, Youn & Chung, 2012; Prabhu, Maheswari & Vigneshwaran,
2022).

The above research on the critical technologies of BMS has extensively promoted the
development of BMS. However, most traditional monitoring systems are wired, and the
wiring is complex. When managing multiple batteries, personnel must debug and set
them on-site, making inspection, maintenance and updating quite inconvenient. Once
staff leaves the equipment, they cannot monitor and meet the timeliness and mobility
requirements of the monitoring system. With the rise of the Internet of Things, cloud
platforms, artificial intelligence and other technologies provide ideas for BMS innovation.
The Internet of Things technology is used to complete the collection and upload of
battery pack-related data, effectively realizing the intelligent collaboration of batteries (Liu
et al., 2019). The cloud platform uses virtualization capabilities to transform the data
center into a cloud computing architecture. By building a cloud BMS and relying on
the cloud platform’s robust storage and computing capabilities, it can achieve relevant
functions that cannot be efficiently realized by the terminal and complete wireless
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monitoring of battery status (Bizeray et al., 2015). Therefore, with the development of
artificial intelligence technology, the method of deep learning can be used to estimate
the accuracy of battery state of charge, thus breaking through the key technology in BMS
design and significantly improving the calculation accuracy and system efficiency.

This article proposes a wireless BMS monitoring and alarm system based on Socket
communication and artificial intelligence technology. The main contributions of this
article are as follows:

This article designed the overall scheme of the BMS remote monitoring system and
built a wireless BMS monitoring and alarm system.

This article proposed an LSTM network improved by the BN algorithm to the time
series data of battery parameters to address the problem of significant accuracy error of
battery state of charge estimation.

The DAE algorithm is used to denoise and reduce the dependence of the model on
parameters.

RELATED WORKS
Currently, the research in BMS mainly focuses on battery state estimation, battery
equalization, battery thermal management and other technologies. Among them, the
research on battery state primarily focuses on the estimation of battery state of charge
(SOC), the prediction of battery state of health (SOH) and the prediction of remaining
useful life (RUL).

The online estimation of the battery state of charge is at the core of all the battery
management system functions. Shrivastava et al. (2019) believes that accurate online
SOC estimation can provide a practical reference for battery pack energy balance and
charging and discharging strategies, ensure the system’s stable operation, and prolong
the system’s service life. Currently, the research on online estimation methods of battery
pack SOC is the current research hotspot, including the open circuit voltage (OCV)
method, ampere-hour integration method, filtering algorithm, learning algorithm and
some hybrid algorithms (Meng et al., 2017). Among them, the traditional open circuit
voltage method is a battery pack SOC estimation method based on offline testing, which
requires a small amount of calculation. Still, the battery pack needs a long time to rest
fully, so it is difficult to be used for online SOC estimation of the battery pack (Xing et
al., 2014). The ampere-hour integration method obtains the charge or discharge quantity
of the battery by integrating the current with time. Still, the accuracy of SOC estimation
is easily affected by measurement error and noise and will cause a sizeable cumulative
mistake. The filtering algorithm can effectively overcome noise interference, measurement
error and initial error in battery pack SOC estimation but cannot guarantee numerical
stability (Zheng et al., 2018). The learning algorithm requires a large amount of historical
data to train the parameters of the SOC estimation model.

As for the estimation of battery health status, there are many definitions of battery
pack health status Li, Wang & Gong (2016) conducted experiments on the attenuation
rate of power batteries at different ambient temperatures, studied the battery capacity
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attenuation model with temperature as the accelerating stress, and studied the rela-
tionship between the battery capacity retention rate and the working time and ambient
temperature. Chen, Fu & Mi (2012) studied lithium-ion battery cells’ SOH evaluation
and life prediction methods and proposed a space application example of lithium-
ion battery SOH prediction. Lin, Liang & Chen (2012) first introduced the SOH with
degraded capacity, established the mapping relationship between AC resistance and ability
using support vector regression, proposed to estimate the SOH of two types of HIs, and
performed prediction fusion with capacity and internal resistance.

However, the stand-alone battery management implemented only at the device
terminals can no longer meet the growing demand for BMS. The BMS implemented
by combining technologies such as the Internet of Things and cloud platforms has
gradually received extensive attention at home and abroad (Chen et al., 2019). Li et al.
(2020) developed a cloud-connected BMS for the car battery pack. The results show that
cloud-connected BMS has high accuracy in simulating dynamic battery behavior. Li,
Yuan & Wang (2020) proposed a large-scale, cloud-based status monitoring platform for
lithium-ion BMS. This research uses Socket communication technology and LSTM neural
network to develop a wireless BMS monitoring and alarm system. The platform uses
IoT devices and cloud components to realize IoT components, including data collection
and wireless communication in the battery module. The results show that more accurate
battery status can be obtained by fully using the cloud platform’s storage and computing
resources. Nandakumar, Ponnusamy & Mishra (2023) proposed a cloud BMS to improve
battery systems’ computing power and data storage capacity through cloud computing.
Discusses the application of an equivalent circuit model in the digital twin system of
the battery system, which improves the computing power, data storage capacity and
reliability of BMS. Baumann, Rohr & Lienkamp (2018) proposed a recursive generation
countermeasure network to generate real energy consumption data by learning real
energy consumption data, which improved training stability and the quality of generated
data. The experiment shows that the data generated by recursive GAN can be used to train
the energy prediction model.

Various parameters of the battery are monitored. LSTM neural network is used to
estimate the accuracy of the battery charge state so that researchers can remotely view
the operating parameters and fault information of the battery pack, and support the
subsequent analysis of parameter data, to improve the intellectual control level of the
battery effectively.

ESTIMATION ALGORITHM OF BATTERY SOC BASED ON
BATTERY OPERATING STATE
Currently, most algorithms for estimating battery SOC have problems such as a small
amount of data and inability to represent all situations, poor model learning ability and
estimation accuracy, high parameter dependence and poor robustness. This research is
based on many actual battery operation state data, and after data transmission through
the Internet of Things technology, the data are labeled and standardized. At the same
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Figure 1 Schematic diagram of the overall structure of the LSTM-DAEmodel optimized by the DAE
algorithm.

Full-size DOI: 10.7717/peerjcs.1345/fig-1

time, we designed the SOC estimation model of the energy storage battery based on
the LSTM depth learning algorithm. We introduced the BN algorithm to optimize and
improve the model and used the DAE algorithm to denoise and adapt the model, thus
reducing the dependence of the model on parameters and improving the accuracy and
robustness of the estimation.

DAE adjusts the network structure parameter values of the intermediate nodes of the
encoder by performing a back-propagation algorithm on the error term, reduces the
reconstruction error through continuous iteration, and finally obtains the result after
feature extraction and denoising. Optimized reconstructed input samples to further
improve the robustness and adaptability of the SOC prediction model. Based on the
LSTMmodel optimized by the BN algorithm, the DAE algorithm is combined for
optimization, and the overall structure of the final LSTM-DAE model is shown in Fig. 1.

Based on the LSTM-BN algorithm, this research uses the DAE algorithm to optimize
and improve its network structure and obtain a better LSTM-DAE model. The BN
algorithm is used to pull the input value distribution back to the standard global distri-
bution to make the gradient larger and avoid the problem of disappearing gradients. The
classification model designs a two-layer network stack LSTM structure whose batch_size
is set as 128.

Network model construction based on LSTM
Neither the traditional Kalman filter for SOC estimation nor the support vector machine
regression method considers that SOC, as a battery state, cannot change and often
depends on the previous state of charge. As a variant of the recurrent neural network, the
LSTMmodel can effectively deal with nonlinear time series problems and have long-term
memory ability. LSTM network has a forgetting gate, an input gate and an output gate,
which can input valid or invalid information to its kernel state unit through the threshold.

First, by converting the voltage, temperature, current and estimated SOC characteris-
tics of the single battery in the previous state into time series characteristic data, a SOC
prediction network based on the short-term memory network LSTM is shown in Fig. 2 is
constructed and realized.

According to the operating state of the energy storage battery, such as voltage, current,
temperature, etc., collected by BMS in real-time and superimposed with the time char-
acteristics of a moment, an input data format conforming to the timing characteristics
is constructed. The size of the matrix is 1*7. After the input data is input into the LSTM
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Figure 2 Network structure of SOC prediction model of energy storage battery based on LSTM.
Full-size DOI: 10.7717/peerjcs.1345/fig-2

network, it first passes through a layer of the LSTM network, and the activation function
is RELU. After the dropout layer, it is learned by a layer of LSTM, Then connect the 1*50
dimension fully connected neural network, and through the learning and dimension
reduction of the following layers, finally obtain the 1-dimension output value, that is, the
predictive value of the energy storage battery SOC.

Optimization and improvement based on batch normalization
algorithm
Although the method of random gradient descent has simplified the training depth
network, it still has some drawbacks, such as more severe dependence on the initial set
learning rate, parameter initialization, weight attenuation coefficient, dropout ratio and
other parameters, so this topic uses BN (batch normalization) algorithm to optimize it.

As shown in Fig. 3, the BN algorithm first normalizes the dimensions output after each
full connection layer.

x̂(k)=
xk−E

[
xk
]√

var[xk]
(1) (1)

After the above normalization, to prevent the distribution shift of features, it is neces-
sary to transform and reconstruct the normalized data to restore the original features.

yk = γ k x̂k+βk(2) (2)

When γ k
=

√
var[xk],βk

= E
[
xk
]
, the transformed and reconstructed features are

consistent with the original features, by learning two parameters, the network realizes
batch normalization, solves the problems of gradient disappearance and gradient
explosion, and increases the robustness and error performance of the model.
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Figure 3 BN algorithm processing flow.
Full-size DOI: 10.7717/peerjcs.1345/fig-3

Model optimization of network structure combined with Denoising
AutoEncoder
To enhance the model’s robustness and stability under complex working conditions, this
study proposes to use the Denoising AutoEncoder (DAE) to extract features and denoise
the input data. This algorithm is based on the input data to denoise and extract features.
The extracted features do not discard some features but fuse and represent them as high-
level abstract low-dimensional features that reflect the nature of the data and have more
robustness and generalization capabilities.

DAE adds a certain amount of noise to the input data and then realizes the noise
removal function through the degradation process in the learning process. The DAE
obtains pure noise-free samples for input data with particular noise after encoding,
decoding and other operations.

Assume that the input sample data is x∈Rn×l, and DAE randomly sets it to 0 according
to a certain proportion, v, to obtain the degenerated input eigenvector x. Code them
based on degenerate input samples based on linear mapping and the nonlinear activation
function to complete the coding phase.

h= g(Wx+b1) (3)

Next, the decoder decodes the encoded feature data to obtain the optimal abstract
representation of the input data and complete the decoding phase.

z= g
(
WTh+b2

)
(4)

In the above formula, z is the reconstruction value of the input data; b2 is the node
offset term of the decoding layer; g(·) is the activation function set by the node.

X and Z are the input training data and the output reconstruction data, respectively.
Then the reconstruction error function between the reconstructed data samples and the
original input data is:

L(X,Z)=
1
2

m∑
i=1

‖zi−xi‖22 (5)
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DESIGN OF WIRELESS BMS MONITORING AND ALARM
SYSTEM
Presently, the informatization degree of BMS monitoring and alarm system in energy
management and storage is relatively low. There are high coupling degrees of informati-
zation systems, common system flexibility and scalability, unclear information display,
and lack of information on operation data. Related to analysis and utilization, it is
impossible to accurately predict the SOC in real time. This research builds a wireless BMS
monitoring and alarm system based on Socket communication. This effectively improves
the system’s highly flexible and controllable performance and enhances the system’s real-
time maintainability and intelligent prediction and early warning protection based on
visualization.

The BMS monitoring and alarm system designed in this study adopts the design
idea of separating the front and back ends. It is divided into a business, algorithm,
communication, and data layer. It has the characteristics of low coupling, high cohesion
and high scalability. The corresponding library table is designed, the data storage format
is standardized, and the data is intelligently analyzed and applied. Finally, it becomes
possible to detect and upload the status of energy storage systems, estimate energy
storage battery SOC intelligent algorithms, and visualize energy storage battery operation.
Performance and functionality tests were carried out.

Implementation of the business layer
The business layer of the BMS monitoring and alarm system is mainly responsible for
realizing the interaction and request distribution among the system modules, distributing
the algorithm business to the algorithm layer, and realizing the corresponding functions
by interacting with the data layer modules. This study uses the Spring MVC framework to
learn low-coupling system development. Spring Boot is used for automatic configuration,
which assists in simplifying the steps of project construction, and uses the Tomcat server
as a lightweight application server.

The business layer of this system uses the Spring MVC framework to realize the
construction of the business model. It implements a request-driven web framework
through the MVC design pattern implemented by Java.

Implementation of algorithm layer
The algorithm layer preprocesses the request message to extract valuable data features.
This system uses Tornado lightweight framework to complete. This technology’s asyn-
chronous, non-blocking IO processing method can use the HTTP protocol to pass
parameters to the server, including query strings and data sent in the request body (form
data, JSON, XML, etc.), URL regular expression interception, etc. The parameters are
preprocessed and transmitted to TensorFlow Serving. The TensorFlow Serving system
is well suited to serving multiple models that can dynamically change based on real-world
data. It presents a solution to apply the model to actual production. After receiving the
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Figure 4 Socket communication process.
Full-size DOI: 10.7717/peerjcs.1345/fig-4

parameter data preprocessed by Tornado, this study needs to train and deploy the deep
learning algorithm implemented in Chapter 3 to estimate the SOC of the energy storage
battery.

The TensorFlow Serving model is mainly used for deploying deep learning algorithm
modules, a service system with flexibility, high performance, and use in production
environments. New algorithms can be easily deployed through this service system, and
multi-model services and distributed APIs can be provided simultaneously. Using the
continuous integration framework based on TensorFlow Serving in the algorithm layer
is mainly divided into three steps: (1) Model training: including data collection and
cleaning, model training, evaluation and optimization; (2) Model online: import the
model trained in the previous step into TensorFlow Serving and go online; (3) Service
usage: The client communicates with the TensorFlow Serving side through gRPC and
RESTful API and obtains the service.

For TensorFlow serving multi-model deployment, you only need to modify the model
configuration file to serve the new model. Config, add model_version_policy, place the
model file of the new model in the corresponding path, and then start the corresponding
service.
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Implementation of the communication layer
Usually, Socket communication consists of two parts: the server side and the client side.
The server and client sides can send and receive data from each other by establishing a
network connection. The specific process is shown in Fig. 4.

The Server Socket class is the primary mechanism for implementing server-side
TCP/IP communication programs. When a Server Socket object is created, the program
provides services on the specified port on the server side and starts listening for possible
service requests from clients. When a client requests a connection and is accepted, the
server program will create a Socket object to connect with the remote client to implement
read-and-write communication operations. The accept() of this class is used to wait and
accept a connection from the client. When accept() is called, the server process or thread
will be blocked until it listens to a client process that makes a service request and succeeds
with its connection. Then accept() will return a newly created server-side Socket object.

Implementation of the data layer
The data layer is mainly responsible for storing the real-time operation status parameters
of the BMS monitoring and alarm system, alarm warning information, user logs and other
file data. This research uses the MySQL database management system to save the state
parameters of different single cells of the battery pack in separate tables, which increases
the operating speed and flexibility of the system. At the same time, the database is mapped
and configured using the MyBatis framework under the Spring framework.

This research uses the MyBatis framework to automatically generate the SQL statement
that meets the needs by providing the MyBatis mapping method. It can input parameters
into the Prepared Statement to achieve automatic input mapping. The query result
set can also be mapped to Java objects to meet the output requirements map. Figure 5
displays the workflow. The SqlSession Factory Builder is used by the data layer’s MyBatis
application to create the SqlSession Factory from the basis-config.xml configuration file.
Then, create a SqlSession instance using a SqlSession Factory instance that was previously
constructed. The final step involves making a Mapper object with the SqlSession instance
established in the previous step and using the SQL database operation statement that the
object has been assigned to complete database operations, such as transaction commit
operations or CRUD row operations. Finally, close the SqlSession instance after the
procedure is complete.

RESULT ANALYSIS AND DISCUSSION
This section analyzes the experimental results of the SOC estimation algorithm and the
wireless BMS monitoring alarm system.

Performance analysis of battery SOC estimation algorithm
This study first completed the training based on the extended short-term memory
network on the preprocessed data set and obtained the training model LSTM-origin.
Afterward, based on batch normalization, the learning and convergence capabilities of
the deep learning network were improved and optimized. The model LSTM-BN was
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Figure 5 Data layer MyBatis workflow.
Full-size DOI: 10.7717/peerjcs.1345/fig-5

obtained by retraining. Finally, the DAE compression autoencoder is used to optimize the
generalization ability and robustness of the model, and the model LSTM-DAE is obtained
by retraining. Models after training using the same training set are tested for performance
metrics on the same tests.

The three models—the original LSTM-origin model, the improved LSTM-BN model,
and the LSTM-DAE model—can be trained and tested using the same data set, and by
using the same initial and iteration round numbers, it is possible to compare the number
of iterations and error reduction of each model in the training and test sets. In Fig. 6,
this is displayed. It can be seen from Fig. 6 that under the same training set and test set,
the loss functions of the three model algorithms designed in this study for the SOC of
the energy storage battery tend to be stable after multiple rounds of iterations. Because
there is no longer a need to rely on the network initialization settings and learning rate,
the training set and test set errors based on the original long short-term memory network
are at their highest positions among the three models when the error tends to be stable.
The iteration speed of the LSTM-BN model is substantially faster than that of the LSTM-
origin model because of the model’s increased iteration efficiency, which also results
in a decrease in error. The LSTM-BN technique is then further optimized using the
DAE algorithm. The error is decreased to the lowest level among the three models with
additional feature extraction and denoising optimization, and the fluctuation is also
reduced to increase the model’s stability. The model’s resilience and generalizability are
also gradually increased due to its optimization.

After the training set is finished and the test set is anticipated, Fig. 7 compares the
accurate SOC with the SOC predicted by the model for the three models created in this
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Figure 6 Comparison of the number of iterations and the error reduction effect of each model in the
training set and test set.

Full-size DOI: 10.7717/peerjcs.1345/fig-6

study. Due to the significant number of samples in the test set, 115 sample points were
chosen for this image to illustrate the true SOC value and the SOC value projected by
each model to visually and unmistakably demonstrate the model’s predictive power.
The expected value of the model’s LSTM origin may be seen in the Fig. 7 to have a
similar trend to the actual value of SOC, but there is still a distinct inaccuracy. Between
them, there is a substantial amount of variability. Last but not least, the DAE algorithm-
optimized LSTM-DAE model can more closely track the real value with the least amount
of error. Because of the sharply decreased fluctuation, the LSTM-DAE model provides the
best resilience and predictive power. Figure 8 compares the values of the four evaluation
indicators of the three models designed in this study (including mean absolute error,
maximum error, mean square error, and R square). It can be seen that the performance
indicators of the LSTM-DAE model are significantly better than other models, and the
prediction accuracy and robustness have been substantially improved.

Function test of wireless BMS monitoring alarm system
This research tests and verifies the functions of the wireless BMS monitoring and
alarm system to ensure the BMS’s stable, reliable and accurate operation. The test plan
mainly includes the safety performance test, system working condition test and routine
performance test of the battery management system.
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Figure 7 Comparison of predicted and true values of each model on the same data segment.
Full-size DOI: 10.7717/peerjcs.1345/fig-7
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Figure 8 Comparison of the values of the four evaluation indicators of the three models designed in
this study (including mean absolute error, maximum error, mean square error, and R square).

Full-size DOI: 10.7717/peerjcs.1345/fig-8

Safety performance test
The safety performance test of the battery management system is mainly aimed at the sim-
ulation test of insulation resistance. According to GB/T 18384-2015 Safety Requirements
for Electric Vehicles, the insulation resistance of the BMS system shall not be less than 500
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Figure 9 Diagram of insulation monitoring resistance.
Full-size DOI: 10.7717/peerjcs.1345/fig-9

�/V (General Administration of Quality Supervision, 2015). This research monitors the
change of insulation resistance by testing the insulation performance of the positive and
negative poles of the high-voltage bus of the battery system. The results in Fig. 9 show that
the system has high safety performance.

System working condition test
Through the SOC estimation test, state quantity acquisition accuracy test, and fault
diagnostic test, this research evaluates the system’s operating condition performance in an
effort to decrease failure rates, enhance product quality and performance, and accelerate
the development cycle of BMS. Figure 10 shows the SOC estimation test and SOC error
chart. The test results show that when the SOC is>80%, the SOC estimation error can be
maintained within 4%. When the SOC is<80%, the estimation error can be maintained
within 5%, meeting the relevant requirements of the BMS design specification.

Routine performance test
Static and discharge equalization tests are the critical components of the BMS hardware’s
standard performance test. After the BMS is turned on, without starting the car model,
static equalization sets various initial battery voltages and waits for automatic equal-
ization. The BMS is configured to perform discharge testing under constant working
conditions thanks to discharge equalization. Due to the equalization approach, the
battery management system will carry out discharge equalization. This investigation
chooses twelve batteries in the same BMS port for testing. In Fig. 11, the equalization
image is displayed. Figure 11 shows the static equalization test and discharge equalization
test. According to the test results, the voltage difference between each cell decreases
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Figure 10 The (A) SOC estimation test and (B) SOC error chart.
Full-size DOI: 10.7717/peerjcs.1345/fig-10

0 500 1000 1500 2000 2500

2.8

2.9

3.0

3.1

3.2

3.3

3.4

3.5

3.6

3.7

V
o

lt
ag

e/
V

Time/second

 cell1

 cell2

 cell3

 cell4

 cell5

 cell6

 cell7

 cell8

 cell9

 cell10

 cell11

 cell12

(a) (b)

0 500 1000 1500 2000 2500

2.8

2.9

3.0

3.1

3.2

3.3

3.4

3.5

3.6

3.7

V
o

lt
ag

e/
V

Time/second

 cell1

 cell2

 cell3

 cell4

 cell5

 cell6

 cell7

 cell8

 cell9

 cell10

 cell11

 cell12

Figure 11 The (A) static equalization test and (B) discharge equalization test.
Full-size DOI: 10.7717/peerjcs.1345/fig-11

with time, totally realizing the equalization function test and satisfying the equalization
requirements.

CONCLUSIONS
In light of the continuous growth of electric vehicles, power batteries have gained
increasing prominence. In this regard, the present research delves into the theory and
methodology of battery remote monitoring and alarm. It proposes a wireless BMS
monitoring and alarm system based on Socket communication. The system enables
researchers to remotely view the electric vehicle battery pack’s operation parameters and
fault information and subsequently analyze the parameter data. The practical application
significance of the system is paramount in advancing the research of battery management
systems.

Zhang (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1345 15/19

https://peerj.com
https://doi.org/10.7717/peerjcs.1345/fig-10
https://doi.org/10.7717/peerjcs.1345/fig-11
http://dx.doi.org/10.7717/peerj-cs.1345


This study first applies the data-driven approach to enhance the estimation methodol-
ogy for the battery’s state of charge in the energy storage system. The research suggests a
short- and long-term memory network technique suitable for the time series data of bat-
tery characteristics to address the accuracy mistake in battery state of charge prediction.
The model’s error stabilizes under 5% thanks to data annotation, data standardization,
and processing of the LSTM input, forgetting, and output layers. The model is optimized
in this work using the batch normalization procedure, considering the model’s strong
reliance on initial set parameters, including learning rate, parameter initialization, weight
attenuation coefficient, and Dropout ratio. The approach increases the training speed and
improves the stability of the model.

Additionally, based on the estimation method of the energy storage battery’s state
of charge, the study puts a wireless BMS monitoring and alarm system into practice.
The system can be divided into four layers: business, algorithm, communication, and
data. The business layer is primarily in charge of implementing interaction and request
distribution between different system modules, storing business logic processing,
distributing algorithm services to the algorithm layer, and achieving the corresponding
functions via Socket communication and data persistence module interaction of the data
layer. The study performs safety performance testing, system working condition tests, and
routine performance tests for the system functions to guarantee BMS’s stable, dependable,
and accurate functioning.

However, this study is based on a data-driven method to accurately estimate the
state of battery charge accurately, mainly using voltage, current, temperature and
other characteristics. Suppose other sensors can collect some electrochemical change
characteristics inside the battery in the future. In that case, the change of battery SOC can
be better characterized, which will improve the accurate prediction of battery SOC.
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