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Abstract	

Under	 the	background	of	 large‐scale	development	of	new	 energy,	 the	operation	 and	
management	of	 lithium	battery	energy	 storage	 systems	 face	many	challenges.	Digital	
twin	 technology	 provides	 effective	 solutions	 for	 the	 intelligent	 upgrading	 of	 energy	
storage	 systems.	 This	 article	 focuses	 on	 the	 research	 of	 digital	 twin	 technology	 for	
lithium	battery	energy	storage.	Firstly,	it	clarifies	the	core	connotation	and	composition	
architecture	 of	 digital	 twin	 technology,	 and	 then	 focuses	 on	 sorting	 out	 its	 research	
achievements	 in	 key	 areas	 such	 as	 model	 construction,	 real‐time	 monitoring,	 life	
monitoring	and	management,	and	application	scenarios.	The	model	construction	adopts	
a	 "bottom‐up"	multi‐scale	modeling	 and	 hybrid	 driving	 strategy,	which	 can	 achieve	
accurate	simulation	of	multiple	physical	fields;	Real	time	monitoring	relies	on	the	"edge	
computing+5G+industrial	Ethernet"	architecture	and	hybrid	data	 fusion	algorithm	 to	
ensure	 the	 real‐time	 and	 reliability	 of	 data	 transmission;	 Establish	 a	 "assessment	
prediction	maintenance"	full	chain	control	mode	for	life	management;	This	technology	
has	been	successfully	applied	 in	multiple	practical	scenarios	such	as	power	grid	peak	
shaving	 and	 frequency	 regulation.	 Combined	 with	monitoring	 practice,	 it	 has	 been	
shown	that	the	core	indicators	of	the	constructed	system,	such	as	simulation	accuracy	
and	fault	warning	accuracy,	meet	the	design	standards,	which	can	significantly	improve	
the	operational	 efficiency	of	 energy	 storage	power	 stations	and	 reduce	maintenance	
costs.	Finally,	summarize	the	core	advantages	and	current	problems	of	this	technology,	
and	 look	 forward	 to	 future	 research	 directions	 such	 as	 multi‐scale	 modeling	
optimization	and	 cross	domain	 technology	 integration,	providing	 theoretical	 support	
and	practical	reference	for	the	large‐scale	promotion	and	application	of	lithium	battery	
energy	storage	digital	twin	technology.	
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1. Introduction	

Under the guidance of the goal of "carbon peaking and carbon neutrality", my country's new 
energy industry has achieved leapfrog development, and the installed capacity of intermittent 
renewable energy such as wind power and photovoltaics has continued to expand. Under this 
development trend, the imbalance between power supply and demand in the power grid has 
become increasingly prominent, the peak-valley difference has further increased, and problems 
such as the increased volatility of new energy access and the increased uncertainty of power 
grid peak and frequency regulation urgently need to be solved[1]. Lithium-ion battery energy 
storage technology, with its advantages of high energy density, fast response speed, and long 
cycle life, has been widely used in renewable energy grid integration and consumption, power 
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grid peak and frequency regulation, user-side energy storage and other scenarios, becoming a 
core supporting technology for improving the flexibility and intelligence level of the power 
system[2]. As the scale of lithium battery energy storage power stations continues to expand, 
they face numerous challenges during operation, such as uneven battery degradation, thermal 
runaway risks, and lagging condition monitoring. Traditional management models based on 
physical sensors and empirical models are no longer sufficient to meet the requirements for the 
safe and efficient operation of energy storage systems[3]. 
Digital twin technology, as an emerging technology integrating multi-physics modeling, data-
driven analysis, and real-time mapping interaction, can construct a full lifecycle mapping 
relationship between physical entities and virtual models, enabling real-time monitoring, 
condition assessment, fault early warning, and optimized control of physical systems[4]. 
Combining this technology with lithium battery energy storage systems to construct lithium 
battery energy storage digital twin systems can effectively overcome the limitations of 
traditional management models. Through virtual models, the operating status of energy storage 
systems can be accurately replicated and dynamically simulated, providing intelligent support 
for the entire process of energy storage system design optimization, operation management, 
and maintenance[5]. Currently, domestic and foreign scholars have conducted a series of 
studies on lithium battery energy storage digital twin technology, and the demonstration 
application of related technologies in energy storage power stations is gradually advancing. 
However, there are still shortcomings in multi-scale modeling accuracy, multi-source data 
fusion efficiency, and real-time interactive response speed[6]. 
In 2021, the National Energy Administration issued the "Blue Book on the Development of New 
Power Systems," which clearly proposed to accelerate the deep integration of digital technology 
and power systems and promote the intelligent upgrading of energy storage systems[7]. Driven 
by both policy guidance and technological demand, lithium battery energy storage digital twin 
technology has become a research hotspot in the energy storage field. This paper systematically 
conducts research on the construction and application of lithium battery energy storage digital 
twin systems, elucidates the core architecture and key technologies of digital twin systems, 
completes the construction of multi-scale virtual models, and designs multi-source data 
acquisition and fusion schemes. Through real-time monitoring and application analysis of the 
system's operating effect, it provides theoretical and practical support for the large-scale 
application of lithium battery energy storage digital twin technology. 

2. Digital	Twin	Technology	Foundation	

2.1. Development	Background	
The widespread use of fossil fuels has led to increasingly serious environmental problems, with 
frequent occurrences of climate change-related phenomena such as floods and droughts, 
further exacerbating global warming and its cascading effects. Shifting to renewable energy is 
an effective way to address this challenge, as it can provide sustainable energy with minimal 
environmental impact[8]. In recent years, the installed capacity of various renewable energy 
sources such as wind power and photovoltaics has rapidly increased to hundreds of megawatts, 
requiring the development of efficient energy storage systems to support this growth. Among 
various energy storage systems, battery energy storage systems (BESS) stand out due to their 
high efficiency, technological maturity, and capacity diversity, while lithium batteries, with 
their high energy density and fast response speed, have become the core component of battery 
energy storage systems[9]. 
The concept of digital twins has evolved over time, with different definitions and 
interpretations in different fields. In the aerospace engineering field, digital twins are 
considered an abstract concept influenced by artificial intelligence and Industry 4.0 trends; in 
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the manufacturing field, its technological applications are both flexible and have multiple 
interpretations[10]. Essentially, digital twin technology transforms data into effective 
information through multidisciplinary data methods such as algorithms, models, and 
simulations, constructing multiple adaptive models to achieve accurate replication of physical 
space in digital space. These models can acquire real-time data, predict potential problems in 
physical space, and formulate preventative measures to mitigate risks[11]. 
The ability of digital twins to acquire and retain data from physical units is crucial. Internet of 
Things (IoT) technology plays a central role in connecting physical units and virtual models in 
this process, while cloud computing provides the means for data storage and necessary 
computation, helping digital twins establish a closed-loop feedback mechanism between the 
physical and digital worlds[12]. Digital twins can accurately replicate physical systems and 
perform critical tasks throughout their design, production, and operation phases. Their core 
consists of a physical system, a digital model, and a connection layer. The connection layer 
ensures the smooth flow of data, information, and knowledge between the physical and digital 
systems, enabling the characterization of the operational performance of various physical 
units[13]. 
The core objective of developing digital twin technology for lithium battery energy storage 
systems is to address common challenges such as increased internal temperature, accelerated 
aging, and delayed fault warnings. The application of digital twin technology can prevent 
potential problems and extend system lifespan, specifically through operational optimization, 
accurate parameter estimation, early fault detection and diagnosis, and efficiency 
improvement[12]. Researchers have already designed digital twin systems for battery energy 
storage systems to improve efficiency and cooling capacity, and have proposed related 
technologies for accurate fault diagnosis and prediction[14]. This paper, based on the general 
principles of digital twin development, conducts research on the construction and application 
of a lithium battery energy storage digital twin system, focusing on the system architecture and 
core content at each level, providing support for early fault detection and operational 
optimization. 
The core value of lithium battery energy storage digital twin systems lies in accurately 
replicating and predicting the operating state of physical energy storage systems through 
virtual models, effectively reducing operational risks, improving operational efficiency, and 
extending equipment lifespan[15]. For example, battery thermal behavior simulation analysis 
can provide early warning of thermal runaway risks, and energy storage system operation 
strategy simulation optimization can improve the response accuracy of grid peak shaving and 
frequency regulation[16]. 

2.2. Technical	Basis	
The lithium battery energy storage digital twin system is a specific application of digital twin 
technology in the field of energy storage. Its core connotation is to construct a virtual twin 
corresponding to the physical energy storage system in terms of all elements, all processes, and 
all life cycle, so as to realize real-time data interaction, dynamic state mapping, accurate 
behavior simulation and intelligent decision optimization between physical entities and virtual 
models[17]. Compared with traditional energy storage monitoring systems, the lithium battery 
energy storage digital twin system has the significant characteristics of full-element mapping, 
real-time dynamic interaction, full life cycle management and intelligent autonomous evolution, 
which is highly consistent with the core meaning of digital twin technology of "accurate 
replication, real-time linkage and intelligent decision-making"[18]. 
Multiphysics modeling technology is the foundation for constructing virtual twins. It requires 
the integration of theories from multiple disciplines such as electrochemistry, thermodynamics, 
and electromagnetics to establish virtual models covering multiple scales, including individual 
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battery cells, battery modules, battery clusters, energy storage converters, and energy storage 
power stations, achieving accurate simulation of the coupling behavior of multiple physical 
fields such as electricity, heat, and force in energy storage systems[19]. Multi-source data 
acquisition and fusion technology is key to achieving real-time mapping between physical and 
virtual systems. By deploying various types of sensors such as voltage, current, temperature, 
humidity, and vibration, combined with edge computing technology, real-time acquisition, 
cleaning, fusion, and transmission of energy storage system operation data can be achieved[20]. 
Real-time communication and interaction technologies need to meet the requirements of high-
speed transmission and low-latency interaction of massive amounts of data. They typically 
employ technologies such as 5G, industrial Ethernet, and edge computing to construct a three-
tiered "terminal-edge-cloud" communication architecture[21]. Intelligent analysis and 
decision-making technologies are the core manifestation of the intelligence level of digital twin 
systems. They integrate algorithms such as machine learning, deep learning, and reinforcement 
learning to achieve functions such as state assessment, fault diagnosis, lifetime prediction, and 
operation optimization of energy storage systems[22]. 

3. Research	Progress	of	Lithium	Battery	Energy	Storage	Digital	Twin	
Technology	

3.1. Model	Construction	
In battery cell modeling, a pseudo-two-dimensional (P2D) model is adopted based on 
electrochemical theory to fully consider core electrochemical processes such as lithium-ion 
diffusion and charge transfer, accurately depicting the dynamic characteristics of battery 
voltage-current-temperature[23]. Extending to the battery module and cluster levels, 
thermodynamic characteristics such as heat conduction and heat convection are further 
integrated into the cell model to construct an electro-thermal coupling model, focusing on 
analyzing the temperature distribution and voltage equilibrium state within modules and 
clusters[24]. For energy storage converters, a switching function model is adopted, taking into 
account both the switching characteristics of power devices and the impedance characteristics 
of the filtering stage, to achieve high-precision simulation of output voltage and current. At the 
overall level of the energy storage power station, by integrating the models of various 
subsystems, a full-scale simulation model[25]covering the coupling of multiple physical fields 
including electricity, heat, and force is finally formed. 
To improve the accuracy and practical adaptability of the model, researchers generally adopt a 
hybrid modeling strategy that combines data-driven and model-driven approaches. Among 
them, the data-driven method includes techniques such as machine learning, data mining, and 
statistical analysis. For example, a battery state of health (SoH) prediction model is built using 
an LSTM neural network, a fault diagnosis model is built using a CNN+LSTM hybrid model, and 
formal concept analysis (FCA) technology is combined to optimize data classification 
efficiency[26]. Real-time monitoring results show that the constructed multi-scale multi-
physics model can accurately reproduce the operating characteristics of the energy storage 
system, with the battery SOC estimation error controlled within 2.0% and the temperature 
simulation error not exceeding 2.5%, which can meet the modeling accuracy requirements of 
the digital twin system. Combining the characteristics of lithium battery energy storage systems, 
this paper designs a four-layer architecture of "physical entity layer - network transmission 
layer - virtual twin layer - application service layer". The functions of each layer are 
interconnected and work together to form a complete digital twin closed-loop link. 
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Figure	1.	Digital Twin System Technical Architecture 

3.1.1. Physical	Entity	Layer	
The physical entity layer of a digital twin is a direct representation of the physical system and 
its component relationships, encompassing the target system, subsystems performing specific 
functions, sensors responsible for key data acquisition, controllers, and actuators. It is an 
important foundation for realizing real-time monitoring and analysis of the physical system[27]. 
After sensors and other devices collect data, the physical entity layer can provide feedback on 
the system's operating status, performance level, and health status, providing data support for 
system optimization, fault detection, and future behavior prediction[28]. Constructing a digital 
twin system for lithium battery energy storage requires the rational deployment of sensors 
within the physical system, the identification of core influencing parameters, and ensuring the 
comprehensiveness and accuracy of data acquisition[29]. 

 
Figure	2.	Schematic diagram of a BESS with sensors 
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The physical entity layer of a lithium battery energy storage system includes the actual battery 
pack, energy storage converter system, auxiliary system, and various sensors and control 
devices (Figure 2). Lithium batteries mainly consist of an anode, cathode, and electrolyte. The 
anode is typically lithium, while the cathode exhibits various redox coupling forms, with the 
core reaction being the intercalation reaction of lithium with metal sulfides and oxides[30]. 
Lithium-ion batteries may begin to experience capacity decay after 30 cycles, and their lifespan 
is typically 10-14 years, shorter than other energy storage systems, requiring close monitoring 
of system performance[31]. Operating temperature and pH value are key factors affecting 
system performance; voltage, resistance, capacity, power, and cycle effects are also crucial for 
system operation. 
Based on the characteristics of lithium battery energy storage systems, a digital twin system 
oriented towards early fault detection is constructed. The core parameters to be monitored 
include voltage (V), pH value (PH), resistance, capacity, power, operating temperature (Temp), 
cycle effect, load cycle, charging time, and discharging time[32]. Simultaneously, performance 
characterization parameters such as efficiency, state of charge (SoC), state of power (SoP), and 
state of health (SoH) need to be calculated and derived[33]. The physical layer sensor 
deployment scheme is as follows: one temperature sensor is placed on each side of the battery 
module to accurately monitor the temperature near the positive and negative electrodes, and 
to understand the internal temperature gradient of the battery to avoid safety risks[34]; a pH 
meter is deployed at the anode to obtain accurate readings of the pH value of the battery energy 
storage system[35]; a voltage sensor is installed on the circuit connecting the battery to achieve 
continuous voltage acquisition[36]; current sensors, insulation resistance sensors, vibration 
sensors, etc., are also configured to comprehensively cover the core parameter acquisition 
requirements[37]. 
3.1.2. Network	Transport	Layer	

Table	1. Comparison of Various Protocol Types Based on Data Transmission Rate, Data 
Format, and Security Functions 

Protocol 
Type 

Description Example 
Protocols Security Features Data 

TransferRate 
Data 

Format 

Internet 
Designed for 

communication 
over theinternet 

HTTP, HTTPS, 
MQTT, 

CoAP,AMQP, 
WebSocket 

SSL/TLS 
encryption,authentication, 

antivirus 

Moderate to 
High 

Text, 
JSON,XML 

Wireless 

Designed for 
wireless 

communication, 
often 

with low power 
devices 

Bluetooth Low 
Energy,Zigbee,Z-

Wave 

Encryption, 
authentication,secure 

pairing 

Moderate to 
High 

Binary, 
Text,JSON 

IoT 

Designed for 
devices to 

connect and 
exchange data 

with the internet 

MQTT, COAP, 
AMQP, XMPP 

Authentication, 
encryption, 

access control 

Moderate to 
High 

Binary, 
Text,JSON, 

XML 

 

The network transport layer, acting as a bridge between the physical entity layer and the virtual 
twin layer, is responsible for ensuring the smooth flow of data, information, and knowledge 
between the two layers. Its core is the selection of communication protocols and the 
construction of the transmission architecture[38]. The type of communication protocol needs 
to be determined according to the specific requirements of the application scenario, including 
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the data type to be transmitted, update frequency, latency requirements, reliability 
requirements, and compatibility with existing systems. Different protocols differ in data 
transmission rate, data format, and security functions (Table 1). This system adopts a three-
level communication architecture of "edge computing + 5G + industrial Ethernet", combining 
the advantages of multiple protocols to ensure the efficiency and reliability of data transmission. 
The core function of the network transport layer is to undertake the tasks of collecting, 
preprocessing, and transmitting operational data from the physical entity layer. Based on the 
operating characteristics of the energy storage system, the following data acquisition units are 
deployed: a battery status acquisition unit, which installs voltage and temperature sensors on 
each battery module and current and insulation resistance sensors on each battery cluster to 
collect parameters such as individual battery voltage, module voltage, cluster voltage, 
charging/discharging current, temperature, and insulation resistance, at a frequency of 
10Hz[39]; an equipment operation acquisition unit, which installs vibration, noise, and oil level 
sensors on key equipment such as the energy storage converter and transformer to collect 
equipment operation status parameters, at a frequency of 5Hz[40]; and an environmental 
acquisition unit, which installs environmental sensors such as temperature, humidity, wind 
speed, and rainfall inside and outside the energy storage compartment to collect environmental 
parameters, at a frequency of 1Hz[41]. 
 

Table	2.	Data Acquisition and Transmission Parameter Table 

Data Type Acquisition 
Parameters 

Acquisition 
Frequency 

Transmission 
Method 

Transmission 
Delay 

Data Accuracy 

Battery Status 
Data 

Individual Cell 
Voltage, Module 
Voltage, Cluster 

Voltage, 
Charge/Discharge 

Current, 
Temperature, 

Insulation 
Resistance 

10Hz 5G + Edge 
Computing 

≤200ms 

Voltage: 
±0.01V; 

Temperature: 
±0.1℃ 

Equipment 
Operation 

Data 

Vibration, Noise, 
Oil Fluid Index, 

Converter Output 
Power 

5Hz 5G + Edge 
Computing 

≤300ms 
Vibration: 

±0.01mm/s; 
Power: ±0.1% 

Environmental 
Data 

Temperature, 
Humidity, Wind 
Speed, Rainfall 

1Hz 5G ≤500ms 

Temperature: 
±0.2℃; 

Humidity: 
±1% 

Control 
Command 

Data 

Charge/Discharge 
Power Command, 

Cooling System 
Control 

Command, Fire 
Protection 

System Control 
Command 

Real-time Industrial 
Ethernet 

≤100ms Command 
Error: ±0.5% 

 
Data transmission adopts a hybrid transmission mode of "edge computing + 5G + industrial 
Ethernet": the raw data collected by the sensors is first transmitted to the edge computing node 
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for preprocessing such as data cleaning, noise reduction, and format conversion to remove 
abnormal data[42]; the preprocessed data is transmitted to the cloud platform through the 5G 
network for virtual twin modeling and simulation[43]; control command data with high real-
time requirements is transmitted through industrial Ethernet, using the TCP/IP protocol to 
ensure transmission reliability and control transmission latency of less than 100ms[44]. Data 
acquisition and transmission parameters are shown in Table 2. 
3.1.3. Virtual	Twin	Layer	
The virtual twin layer, also known as the digital layer of a digital twin, is responsible for 
receiving real-time data from the physical entity layer, completing data storage, analysis, and 
processing, and constructing a digital mirror of the physical system through various models to 
simulate, constrain, and characterize the behavior of the physical system[45]. This layer is the 
core of the digital twin system. Through multi-scale, multi-physics modeling technology, 
combined with a hybrid strategy of data-driven and model-driven approaches, it achieves 
accurate mapping of the physical energy storage system, providing support for simulation 
analysis, condition assessment, and fault early warning[46]. The virtual twin layer consists of 
four core modules: data storage module, model construction module, data fusion module, and 
simulation analysis module[47]. 
The data storage module is responsible for storing various types of data retrieved from the 
physical lithium-ion energy storage system. To ensure the standardization of data management 
and the efficiency of analysis, the data is classified and stored in three different relational 
databases. The relational databases are presented in the form of tables (entity sets), containing 
rows (entities) and columns (attributes). The databases are linked through primary keys 
(identifiable parameters) and foreign keys (related attributes)[48]. The first database stores 
operating parameters, covering raw data such as voltage, resistance, capacity, power, charging 
time, discharging time, operating temperature, cycle effect, load cycle, and pH value[49]; the 
second database stores performance characterization parameters, including derived data such 
as efficiency, state of charge (SoC), state of health (SoH), state of power (SoP), load cycle, and 
fault type[50]; the third database stores the normal range thresholds of all operating and 
performance parameters, providing a basis for fault judgment[51], as shown in Figure 3. 

 
Figure	3. Relationship Entity Graph (showing database, associations and parameters) 

 
The model building module adopts a "bottom-up" multi-scale modeling strategy, sequentially 
building a battery cell model, a battery module model, a battery cluster model, an energy 



Scientific	Journal	of	Technology																																																																																																																									Volume	8	Issue	3,	2026	

ISSN:	2688‐8645																								

211 

storage converter model, and an overall energy storage power station model. Through the 
integration of geometric models, behavioral models, and data-driven models, a complete mirror 
image of the lithium battery energy storage system is created in the digital space (Figure 4). 

 
Figure	4.	Digital Layer of BESS 

 
(1) Geometric Model: The geometric model is the foundation of digital twin technology, 
providing a detailed and accurate representation of the simulated physical system, reflecting 
key characteristics such as the geometric shape, size, component position and orientation of 
the physical system[52]. When constructing, it is necessary to clearly define the size, shape, 
assembly position and structure of the system to ensure the accuracy and readability of the 
model. Its purpose is to show the form of the physical system, while providing structural 
information that is crucial for design optimization, motion analysis and virtual interaction[53]. 
This system uses software such as 3DMax, AutoCAD, SolidWorks to construct a three-
dimensional geometric model covering battery cells, modules, clusters, energy storage 
converters and the entire power station, completely replicating the spatial structural features 
of the physical system. 
(2) Behavioral Model. The behavioral model belongs to the model-based approach, focusing on 
the performance of the battery energy storage system, covering input parameters, output 
parameters and their interrelationships. It needs to build a mathematical model based on the 
parameter information predefined in the physical layer[54]. The model-based approach 
requires prior knowledge of the characteristics of the system being modeled, such as equations, 
rules and system parameters. This prior knowledge is used to build mathematical or 
computational models for prediction or to generate insights[55]. The behavioral model 
explains how the lithium-ion battery energy storage system is controlled by different types of 
factors and variables, aiming to reflect the dynamic characteristics of the lithium-ion battery 
energy storage system under different conditions, and adding dynamic functional behavior to 
the geometric and static physical models[56]. The dynamic behavior of lithium-ion battery 
energy storage systems can be described by differential equations, which can be used to predict 
the future behavior of the entity[57]. Behavioral models aim to capture various behavioral 
patterns that lithium-ion battery energy storage systems may exhibit, including sequential, 
concurrent, periodic, random, and chained patterns. Behavioral models capable of capturing all 
these patterns are considered highly accurate; however, in practice, various uncertainties in 
lithium-ion battery energy storage systems threaten the accuracy of behavioral models, and 
inaccuracies in data collection from lithium-ion battery energy storage systems can also 
jeopardize the accuracy of behavioral models, thus affecting the accuracy of digital twin models 
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in simulating lithium-ion battery energy storage systems[58]. The control and performance 
accuracy of digital twins depend on the accuracy of behavioral models; detecting any anomalies 
in the collected data and addressing their root causes is crucial for building reliable behavioral 
models[59]. This system constructs charge-discharge characteristic models based on 
electrochemical theory at the individual battery cell level, electro-thermal coupling behavioral 
models at the module and cluster level, and output characteristic behavioral models at the 
converter level. 
(3) Data-driven model. Methods for studying systems and predicting future results can be 
divided into two main categories: model-based and data-based. Model-based methods can 
describe the known behavior of a system, but it is difficult to reveal the reasons behind the 
behavior and is difficult to implement; the hybrid strategy of integrating data-driven and 
model-based methods has significant advantages, and can use historical data to discover the 
patterns and relationships of system behavior, providing deep insights[60]. Data-driven 
methods include machine learning, data mining and statistical analysis. Machine learning 
algorithms are mainly divided into two categories: supervised learning and unsupervised 
learning. The former trains models through labeled data and is used for classification and 
regression tasks, such as predicting lithium-ion battery failures or estimating their remaining 
service life; the latter is suitable for unlabeled data and can discover unknown patterns and 
relationships. The main technologies include clustering and association rule mining[61]. 
Formal Concept Analysis (FCA) and Relational Concept Analysis (RCA) are representative 
techniques in association rule mining. They deduce relationships and rules by analyzing object 
attributes in data, focusing on identifying groups of objects with similar attributes and the 
relationships between these objects and attributes[62]. FCA constructs a hierarchical concept 
structure (Figure 5) to present complex data in an intuitive form, helping to classify data and 
identify patterns. RCA further processes multiple datasets, organizing multiple objects into 
different contexts through binary relations. Each context contains a set of objects, and a series 
of interconnected lattice structures are constructed based on the relationships between objects 
in different tables to analyze the data. These two techniques together improve the accuracy of 
fault prediction and lifespan estimation for lithium-ion battery systems in digital twin 
applications. This system uses an LSTM neural network to construct a battery SoH prediction 
model and a CNN+LSTM hybrid model to construct a fault diagnosis model, combining FCA 
technology to optimize data classification efficiency. 

 
Figure	5.	Schematic diagram of FCA 
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The battery cell model of this system is based on electrochemical theory and adopts a pseudo-
two-dimensional (P2D) model, considering electrochemical processes such as lithium-ion 
diffusion and charge transfer, to accurately describe the voltage-current-temperature 
characteristics of the battery; the battery module and cluster models, based on the cell model, 
incorporate thermodynamic characteristics such as heat conduction and heat convection to 
construct an electro-thermal coupling model, analyzing temperature distribution and voltage 
equalization characteristics; the energy storage converter model adopts a switching function 
model, considering the switching characteristics of power devices and the impedance 
characteristics of the filtering stage, to achieve accurate simulation of output voltage and 
current; the overall model of the energy storage power station integrates the models of each 
subsystem to construct a full-scale model covering the coupling of multiple physical fields such 
as electricity, heat, and force. The parameters of the multi-scale virtual model are shown in 
Table 3. 
 

Table	3.	Multi-scale Virtual Model Parameter Table 

Model Hierarchy 
Modeling 

Dimensions Core Parameters Modeling Tools 
Simulation 
Accuracy 

Cell Model Electrochemistry 

Diffusion 
Coefficient, 

Charge Transfer 
Resistance, Open 

Circuit Voltage 

COMSOL Multiphysics Voltage Error 
≤ 1.5% 

Cell 
Module/Cluster 

Model 

Electro-Thermal 
Coupling 

Thermal 
Conductivity, 
Specific Heat 

Capacity, Contact 
Thermal 

Resistance 

COMSOL 
Multiphysics+MATLAB 

Temperature 
Error ≤ 2.0% 

Energy Storage 
Converter Model 

Electromagnetism 

Switching 
Frequency, Filter 
Inductor, Filter 

Capacitor 

PSCAD/EMTDC 
Current Error 

≤ 1.0% 

Overall Energy 
Storage Power 
Station Model 

Multiphysics 
Coupling 

Line Impedance, 
Transformer 
Parameters, 

Cooling System 
Parameters 

PSCAD/EMTDC+COMSOL 
Power Error 

≤ 0.8% 

 
The data fusion module employs a hybrid fusion strategy combining a weighted average fusion 
algorithm and a Kalman filter algorithm to fuse multi-source sensor data with virtual model 
simulation data[63]. First, the weighted average fusion algorithm fuses multi-sensor data with 
the same parameter, reducing random errors. Then, the Kalman filter algorithm fuses the fused 
measured data with the virtual model simulation data, correcting parameter deviations in the 
virtual model and improving simulation accuracy[64]. 
The simulation analysis module, based on the multi-scale virtual model and the fused data, 
realizes real-time simulation, state assessment, and fault early warning of the energy storage 
system's operating status[65]. The real-time simulation function can replicate the operating 
status of the physical energy storage system in real time, outputting key parameters such as 
battery SOC, SOH, and converter output power; the status assessment function evaluates the 
operating status level of the energy storage system by comparing and analyzing simulation data 
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with measured data; the fault early warning function is based on machine learning algorithms, 
and builds a fault early warning model by training on historical fault data to achieve early 
warning of common faults such as battery over-temperature, over-voltage, and converter 
failure[66]. 
3.1.4. Application	Service	Layer	
Throughout the entire lifecycle of a lithium battery energy storage system, digital twin 
technology can achieve various advantageous functions such as fault detection, system 
optimization, and performance improvement, as shown in Figure 6. The application service 
layer addresses the operation and management needs of energy storage power stations, 
transforming the analysis results of the virtual twin layer into diversified application service 
functions. It is the core carrier for realizing the value of digital twins, mainly including five core 
functions: operation monitoring, status assessment, fault diagnosis, optimized control, and 
maintenance management[67]. 

 
Figure	6. Schematic diagram of BESS digital twin architecture 

The operation monitoring function displays the operating parameters, equipment status, and 
virtual model simulation results of the energy storage system in real time through a visual 
interface, enabling panoramic monitoring of the energy storage system and allowing operators 
to quickly locate abnormal equipment states; the status assessment function, based on the 
simulation analysis results of the virtual twin, regularly assesses the health status of key 
equipment such as energy storage batteries and energy storage converters, and outputs 
assessment reports; the fault diagnosis function combines virtual model simulation data and 
measured data to accurately locate fault locations, analyze fault causes, and output fault 
handling solutions to avoid major safety hazards such as fires and explosions; the optimized 
control function, based on grid dispatch commands and the operating status of the energy 
storage system, optimizes through virtual model simulation and outputs the optimal charging 
and discharging control strategy; the maintenance management function, based on the health 
status assessment results of the equipment, formulates personalized maintenance plans to 
achieve predictive maintenance of the energy storage system, reduce unnecessary maintenance 
operations, and lower maintenance costs[68]. 

3.2. Real‐time	Monitoring	
Real-time monitoring is a crucial prerequisite for achieving closed-loop management of 
lithium-ion battery energy storage digital twin systems. Its core technology lies in multi-source 
data acquisition and fusion. By deploying various sensors such as voltage, current, temperature, 
humidity, and vibration, combined with edge computing technology, real-time acquisition, 
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cleaning, fusion, and transmission of energy storage system operation data are achieved[69]. 
This technology system mainly consists of three core components: data acquisition, 
transmission architecture, and data fusion. 
In the data acquisition stage, acquisition units are deployed in conjunction with the operating 
characteristics of the energy storage system. The battery status acquisition unit is equipped 
with voltage and temperature sensors in each battery module and current and insulation 
resistance sensors in each battery cluster to acquire key parameters such as individual battery 
voltage, module voltage, cluster voltage, and charging and discharging current. The acquisition 
frequency is set to 10Hz. The equipment operation acquisition unit is equipped with vibration, 
noise, and oil level sensors for core equipment such as energy storage converters and 
transformers. The acquisition frequency is 5Hz. The environmental acquisition unit deploys 
sensors for temperature, humidity, wind speed, and rainfall inside and outside the energy 
storage compartment. The acquisition frequency is 1Hz[70]. 
The transmission architecture adopts a three-level communication scheme of "edge computing 
+ 5G + industrial Ethernet". The raw data collected by the sensors is first transmitted to the 
edge computing node for preprocessing. After removing abnormal data, it is uploaded to the 
cloud platform through the 5G network to provide data support for modeling and simulation; 
for control command data with high real-time requirements, it is transmitted through 
industrial Ethernet, and the TCP/IP protocol is used to ensure transmission reliability, with a 
control transmission delay of less than 100ms[71]. The data fusion stage employs a hybrid 
strategy combining a weighted average fusion algorithm and a Kalman filter algorithm. First, 
multi-sensor data with the same parameters are fused to reduce random errors. Then, Kalman 
filtering is used to correct the parameter deviations of the virtual model, further improving 
simulation accuracy[72]. Experimental results show that the improved hybrid data fusion 
algorithm reduces the fusion error by more than 35% compared to the traditional algorithm, 
and the data processing latency is controlled within 50ms, meeting the system's real-time 
requirements. 
Following the digital twin development guidelines, the core functions of lithium-ion battery 
energy storage digital twins can be realized by constructing a complete architecture of "physical 
entity layer - network transmission layer - virtual twin layer - application service layer"[73]. To 
monitor system performance, this study built a real-time monitoring platform and 
comprehensively tested the system's model accuracy, data fusion effect, fault early warning 
capability, and real-time response speed. 
3.2.1. Real‐time	Monitoring	Platform	Setup	
To monitor the performance of a lithium battery energy storage digital twin system, a real-time 
monitoring platform was built. The platform consists of four parts: a physical experimental 
system, a data acquisition system, a virtual twin system, and a communication system[74]. The 
physical experiment system employs a 100kWh lithium iron phosphate battery energy storage 
system, comprising four battery clusters, four 50kW energy storage converters, a thermal 
management system, and a fire protection system. The data acquisition system deploys over 
200 sensors to collect parameters such as battery status, equipment operating status, and 
environmental status. The virtual twin system utilizes tools like COMSOL, MATLAB, and PSCAD 
to construct multi-scale virtual models. The communication system adopts an "edge computing 
+ 5G + industrial Ethernet" architecture to achieve real-time data transmission[75]. Real-time 
monitoring indicators mainly include four core indicators: model simulation accuracy, data 
fusion accuracy, fault warning accuracy, and real-time response speed. Specific indicator 
requirements are shown in Table 4. 
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Table	4.	Real-time Monitoring Indicator Requirements 

Monitoring Indicators Indicator Requirements 

Model Simulation 
Accuracy 

Voltage Simulation Error ≤ 2.0%, Temperature Simulation Error ≤ 2.5%, 
Power Simulation Error ≤ 1.0% 

Data Fusion Accuracy Data Error After Fusion ≤ 1.0% 

Fault Early Warning 
Accuracy 

Common Fault Early Warning Accuracy ≥ 95% 

Real-time Response Speed 
Data transmission delay ≤ 500ms, control command response delay ≤ 

100ms 

3.2.2. Real‐time	Monitoring	Result	Analysis	
3.2.2.1	Model	Simulation	Accuracy	Monitoring	
The simulation accuracy of the virtual model is monitored at different charge/discharge rates 
(0.2C, 0.5C, 1C, 2C), and the battery voltage, temperature, and converter output power output 
by the virtual model are compared with measured data[76]. Table 5 shows the statistical results 
of the model simulation errors under different charge/discharge rates. As shown in Table 5, 
under different charge/discharge rates, the battery voltage simulation error is ≤1.8%, the 
temperature simulation error is ≤2.3%, and the converter output power simulation error is 
≤0.8%, all meeting the real-time monitoring requirements, indicating that the constructed 
multi-scale virtual model has high simulation accuracy[77]. 
 

Table	5.	Model Simulation Error Statistics under Different Charge/Discharge Rates 

Charge/Discharge Rate 
Voltage Simulation 

Error (%) 
Temperature 

simulation error (%) 
Power simulation error 

(%) 

0.2C 1.2 1.5 0.5 

0.5C 1.4 1.8 0.6 

1C 1.6 2.1 0.7 

2C 1.8 2.3 0.8 

3.2.2.2	Data	fusion	accuracy	monitoring	
The fusion accuracy of the multi-source data fusion algorithm was monitored. Three key 
parameters were selected: battery cell voltage, battery temperature, and converter output 
power. The data errors before and after fusion were compared[78]. The data fusion accuracy 
monitoring results are shown in Table 6. As shown in Table 6, the battery cell voltage error 
after fusion is ≤0.8%, the battery temperature error is ≤0.5%, and the converter output power 
error is ≤0.3%, all of which meet the real-time monitoring requirements, indicating that the 
proposed multi-source data fusion algorithm has high fusion accuracy[79]. 
 

Table	6.	Data fusion accuracy monitoring results 

Parameter type Error before fusion (%) Error after fusion (%) Error reduction rate 
(%) 

Battery cell voltage 2.5 0.8 68.0 

Battery Temperature 1.8 0.5 72.2 

Converter Output 
Power 

1.2 0.3 75.0 
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3.2.2.3	Fault	Warning	Accuracy	Monitoring	
The accuracy of the fault warning model was monitored by simulating four common faults: 
battery over-temperature, battery over-voltage, converter fault, and reduced insulation 
resistance[80]. Each fault was simulated 100 times, and the accuracy, false alarm rate, and 
missed alarm rate of the fault warning were statistically analyzed. The monitoring results are 
shown in Table 7. As shown in Table 7, the warning accuracy of the four common faults is ≥96%, 
the false alarm rate is ≤2%, and the missed alarm rate is ≤2%, which meets the requirements 
of real-time monitoring indicators, indicating that the constructed fault warning model has a 
high warning accuracy[81]. 
 

Table	7. Fault Early Warning Accuracy Monitoring Results 

Fault Type 
Early Warning 
Accuracy (%) False Alarm Rate (%) 

Missed Alarm Rate 
(%) 

Battery Overheating 98 1 1 

Battery Overvoltage 97 2 1 

Converter Fault 96 2 2 

Reduced Insulation 
Resistance 

97 1 2 

3.2.2.4	Real‐Time	Response	Speed	Monitoring	
Data transmission delay and control command response delay were tested, and the test results 
are shown in Table 8. As shown in Table 8, the battery status data transmission delay is ≤150ms, 
the equipment operation data transmission delay is ≤250ms, the environmental data 
transmission delay is ≤400ms, and the control command response delay is ≤80ms, all meeting 
the real-time monitoring requirements, indicating that the constructed real-time 
communication and interaction architecture has good real-time performance[82]. 
 

Table	8.	Real-Time Response Speed Monitoring Results 

Data / Command Type 
Transmission/Response 

Delay (ms) 
Requirements (ms) 

Does it meet the 
requirements? 

Battery Status Data 150 ≤200 Yes 

Equipment Operation 
Data 

250 ≤300 Yes 

Environmental Data 400 ≤500 Yes 

Control Command 80 ≤100 Yes 

3.3. Lifetime	Monitoring	and	Management	
Lithium-ion battery energy storage digital twin systems achieve precise monitoring and 
optimized management of battery life through full lifecycle state perception and intelligent 
analysis. The core objective is to slow down battery aging and extend equipment service life[83]. 
Its technical implementation path mainly includes three core components: lifespan status 
assessment, lifespan prediction, and predictive maintenance. 
Life status assessment is based on the results of virtual twin simulation analysis. Combined with 
measured data, the core indicators such as health status (SoH), state of charge (SoC), and state 
of power (SoP) of key equipment such as energy storage batteries and energy storage 
converters are assessed regularly. Detailed assessment reports are output to clarify the current 
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life loss level and remaining lifespan of the battery[84]. The life prediction process integrates 
artificial intelligence algorithms such as machine learning and deep learning. Through training 
and learning on historical operating data such as battery charging and discharging voltage, 
current, and temperature, a high-precision life prediction model is constructed[85]. Practice 
shows that the battery SoH prediction model based on LSTM neural network can control the 
prediction error within 3.0%, which can provide reliable data support for life management. 
Predictive maintenance is a core application direction of lifespan management. It develops 
personalized maintenance plans based on equipment health status assessment results, 
replacing the traditional scheduled maintenance model. Leveraging the real-time status 
monitoring and early warning functions of the digital twin system, potential fault hazards such 
as uneven battery degradation and component aging can be identified in advance, allowing for 
timely maintenance operations. This reduces unnecessary maintenance costs and avoids 
damage to equipment caused by over-maintenance[86]. Application data shows that after 
adopting predictive maintenance, energy storage system maintenance costs are reduced by 
more than 25%, and equipment failure rates are reduced by more than 30%. 

3.4. Application	Scenarios	
Lithium-ion battery energy storage digital twin technology, with its core advantages of precise 
replication, real-time linkage, and intelligent decision-making, has been implemented in 
multiple energy storage application scenarios, mainly including grid peak shaving and 
frequency regulation, renewable energy grid integration and consumption, user-side energy 
storage management, and the entire life cycle operation and maintenance of energy storage 
power stations[87]. 
In grid peak shaving and frequency regulation scenarios, the digital twin system optimizes 
charging and discharging control strategies through virtual model simulation, improving 
response accuracy. Application practice at a certain energy storage power station shows that 
after adopting the digital twin-optimized control strategy, the peak shaving and frequency 
regulation response accuracy is improved by more than 15%, the charging and discharging 
efficiency is improved by more than 5%, and approximately 2 million yuan in additional 
economic benefits can be generated annually. In renewable energy grid integration and 
consumption scenarios, the system dynamically adjusts the energy storage charging and 
discharging rhythm by real-time monitoring of the energy storage system's operating status 
and the fluctuations in renewable energy output, effectively smoothing out fluctuations in 
renewable energy output and improving grid-connected operation stability. 
In user-side energy storage management scenarios, digital twin systems enable panoramic 
monitoring and optimized operation of user-side energy storage equipment, and formulate 
optimal charging and discharging plans based on peak-valley electricity price differences, 
helping users reduce electricity costs[88]. For example, in the full lifecycle operation and 
maintenance scenario of energy storage power stations, the collaborative operation of 
functions such as operation monitoring, fault early warning, and predictive maintenance 
significantly improves operation and maintenance efficiency. Equipment anomaly location time 
is reduced from 30 minutes to less than 5 minutes, and fault handling time is reduced by an 
average of more than 40%[89]. 

4. Conclusion	and	Outlook	

Applying digital twin technology throughout the entire lifecycle of lithium battery energy 
storage systems can effectively detect faults, optimize system performance, and improve 
overall efficiency. It also alleviates problems such as temperature rise and accelerated aging 
within the system, extending battery life. This highlights the necessity of constructing digital 
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twins for lithium battery energy storage. This paper combines the general principles of digital 
twin development to complete the construction and application research of a lithium battery 
energy storage digital twin system. The main conclusions and prospects are as follows: 

4.1. Conclusion	
This paper focuses on the construction and application of a lithium battery energy storage 
digital twin system, completes the overall architecture design and key technology 
implementation of the lithium battery energy storage digital twin system, and analyzes the 
system's operation effect through real-time monitoring. The main conclusions are as follows: 
(1) A four-layer digital twin system architecture of "physical entity layer - network 
transmission layer - virtual twin layer - application service layer" is proposed, and the core 
functions and technical requirements of each layer are clarified. This architecture fits the core 
framework of digital twin "physical layer - digital layer - network layer". It ensures data flow 
through the network transmission layer, constructs a digital mirror of multi-model fusion 
through the virtual twin layer, and realizes value transformation through the application 
service layer, forming a complete digital twin closed-loop link, providing architectural support 
for the construction of a lithium battery energy storage digital twin system. 
(2) Develop core technologies such as multi-scale multi-physics modeling, multi-source data 
fusion, real-time communication and interaction, intelligent analysis and decision-making, and 
propose improved multi-source data fusion algorithms and intelligent optimization control 
algorithms to improve the modeling accuracy, data fusion accuracy and real-time response 
speed of the digital twin system. 
(3) Real-time monitoring results show that the simulation accuracy, data fusion accuracy, fault 
warning accuracy, and real-time response speed of the constructed digital twin system model 
all meet the design requirements. Among them, the battery voltage simulation error is ≤1.8%, 
the error after data fusion is ≤0.8%, the accuracy of common fault warning is ≥96%, and the 
control command response delay is ≤80ms. 
(4) The application results show that the digital twin system can effectively improve the 
efficiency of operation monitoring, fault early warning and diagnosis capabilities, operation 
optimization level and maintenance management effect. The equipment abnormality location 
time is shortened to less than 5 minutes, the fault handling time is shortened by an average of 
more than 40%, the charging and discharging efficiency is increased by more than 5%, and the 
maintenance cost is reduced by more than 25%, which has significant economic and social 
benefits. 

4.2. Outlook	
Although the lithium battery energy storage digital twin system constructed in this paper has 
achieved good results in real-time monitoring and application, there are still some 
shortcomings. Further research can be carried out in the following aspects in the future: 
(1) Improve the accuracy and efficiency of multi-scale modeling. The construction and solution 
of the current multi-scale model takes a long time. In the future, artificial intelligence algorithms 
can be introduced to realize the adaptive optimization of model parameters and the rapid 
solution of the model, thereby improving the modeling efficiency. At the same time, the multi-
physics coupling model can be further improved, and the model characteristics under extreme 
working conditions such as battery aging and harsh environment can be considered to improve 
the applicability of the model[90]. 
(2) Optimize the multi-source data fusion algorithm. Current data fusion algorithms mainly 
target structured data. In the future, we can study fusion methods for unstructured data (such 
as image and video data), and combine them with computer vision technology to achieve real-
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time identification and diagnosis of appearance defects of energy storage equipment, and 
expand the application scenarios of digital twin systems[91]. 
(3) Construct a collaborative digital twin system for multiple energy storage power stations. 
Current research mainly focuses on the digital twin system of a single energy storage power 
station. In the future, we can construct a collaborative digital twin system for multiple energy 
storage power stations to achieve collaborative scheduling and optimized control of multiple 
energy storage power stations and improve the support capability of energy storage clusters 
for the power grid. 
(4) Promote the integration of digital twin technology with emerging technologies such as 
blockchain and metaverse. Combine blockchain technology to achieve secure sharing and 
trusted storage of energy storage data; combine metaverse technology to construct an 
immersive virtual monitoring interface for energy storage power stations to improve the 
operating experience and management efficiency of operators. 
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