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Abstract: Digital twin (DT) is a useful tool for the remote monitoring, analyzing, control-
ling, etc. of industrial equipment in a harsh working environment unfriendly to human
workers. Although much research has been devoted to DT modeling methods, there are
still limitations. For example, (1) existing DT modeling methods are usually focused on
specific types of equipment rather than being generally applicable to different types of
equipment and requirements. (2) Existing DT models usually emphasize working con-
dition monitoring and have relatively limited capability for modeling the operation and
maintenance mechanism of the equipment for further decision making. (3) How to inte-
grate artificial intelligence algorithms into DT models still requires further exploration.
In this regard, a systematic and general DT modeling method is proposed for the remote
monitoring and intelligent maintenance of industrial equipment. The DT model contains
a multi-modal digital model, a multi-layer status model, and an intelligent interaction
model driven by a kind of human-readable/computer-deployable event-state knowledge
graph. Using the model, the dynamic workflows, working mechanisms, working status,
workpiece logistics, monitoring data, and intelligent functions, etc., during the remote mon-
itoring and maintenance of industrial equipment can be realized. The model was verified
through three different DT modeling scenarios of a robot-based carbon block polishing
processing line.

Keywords: digital twin; remote monitoring; equipment maintenance; industrial equipment;
event-state knowledge graph

1. Introduction
The support from industrial internet, Cyber-physical systems, big data, artificial

intelligence, Supervisory Control and Data Acquisition (SCADA), etc., enabled the rapid
development of the digital twin (DT) technique [1]. DT was originally proposed by NASA
in 2010, and it was focused on the mapping between the digital and physical systems
of aerospace equipment through virtualization, simulation, data interconnection, etc. It
was able to simulate the external shape, working mechanism, working status, etc., of the
modeling object. Thus, the operation, maintenance, and health status, etc., of the modeling
object can be monitored, analyzed, and even predicted in real-time [2]. In recent years, the
application of DT has gradually expanded from aerospace to a wide range of industrial
fields. The connotation and functions of DT have also evolved, including using multi-
dimensional parameters to establish digital models of the modeling objects and simulate
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their behaviors, properties, and working mechanisms, and furthermore integrating life-
cycle data of the modeling objects to reconstruct the objects in the digital world [3]. In short,
DT can dynamically present the historical and current external shapes, behaviors, working
processes, and operation mechanisms of the modeling objects in digital forms [4]. It can
establish a comprehensive and real-time interconnection between the physical and digital
worlds for remote monitoring, analyzing, controlling, and maintaining.

Generally speaking, DT can be divided into (1) geometric/mechanical model-driven
simulation DT, (2) data model-driven operational DT, and (3) hybrid DT. Simulation DT
mainly applies computer-aided simulation techniques to simulate the modeling objects in
the virtual working environment during the design stage; therefore, it is also referred to as
Pre-natal DT. Supported by this type of DT, the Research and Development (R&D) cycle
can be shortened and R&D costs reduced while ensuring design quality [5]. Operational
DT mainly applies industrial internet technologies for supporting real-time monitoring,
analysis, and early warning of the anomaly status of the modeling objects; therefore, it is
also referred to as Post-natal DT. This type of DT often binds monitoring data and analysis
results with the digital geometric models of the modeling objects and then visually displays
the modeling objects to engineers. It is particularly suitable for equipment monitoring in
remote, harsh environments that are inconvenient for human engineers to visit on-site [6].
The hybrid DT models reflect the characteristics of the simulation and operation DTs at
the same time. By combining equipment operating mechanisms and a relatively smaller
amount of monitoring data, a wider monitoring range and more accurate modeling effects
can be obtained [7]. On this basis, the DT model constructed in this paper is mainly estab-
lished for the remote monitoring of equipment working conditions, workpiece logistics,
workpiece quality, and related processing crafts, and then for providing operation and
maintenance decision-making assistance to engineers based on operation data collection
and analysis. It involves both the data model and the key operation and maintenance
mechanism model of modeling objects; thus, it belongs to the category of hybrid DT.

Currently, there is much research on DT-based remote monitoring and intelligent
operation and maintenance for industrial equipment, but it is still challenging to build DT
models for equipment with complicated operation and maintenance mechanisms. The
limitations of existing research are as follows. (1) Existing DT modeling methods are
usually experience-driven and focused on specific types of equipment or scenarios [8], yet
the characteristics and monitoring requirements of different equipment vary. Therefore, the
DT modeling method for a specific type of equipment is usually not generally applicable to
other types of equipment. (2) Current DT modeling methods mostly emphasize condition
monitoring [9], while there is limited exploration in modeling the event-state changing
mechanisms during equipment operation and maintenance. Thus, it limits the capability of
DT to represent the dynamic operation mechanism of the modeling object. (3) Building
intelligent DT models is a new research and industrial application trend, yet the method
for integrating advanced artificial intelligence algorithms into DT models for intelligent
operation and maintenance still requires further exploration [10].

In this regard, a multi-modal/multi-layer DT modeling method is proposed. The
method provides a systematic and step-by-step DT modeling guidance for general types of
modeling objects. A kind of event-state knowledge graph (KG) is proposed and applied
in the DT, and it is capable of modeling not only condition monitoring data but also the
dynamic workflow and the operation mechanism of the modeling objects. In addition,
the event-state KG can integrate artificial intelligence algorithm models to realize the
capability of intelligent reaction during the remote monitoring and maintenance of the
modeling objects.
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The rest of the paper is as follows. Section 2 reviews the literature related to the
establishment of the proposed modeling method. Section 3 details the modeling method.
Section 4 uses three cases to introduce the application of the proposed modeling method.
Section 5 concludes by discussing the contributions, limitations, and future works.

2. Literature Review
2.1. The Methods for DT Modeling

As introduced in Section 1, DT models can be roughly separated into (1) geomet-
ric/mechanical model-driven simulation DT, (2) data model-driven operational DT, and
(3) hybrid DT.

Geometric/mechanical model-driven simulation DT is good at guaranteeing high-
fidelity virtual models through numerical simulation, operation mechanism modeling,
equivalent modeling, etc. of the modeling objects. For example, Nguyen et al. [11] devel-
oped a DT model for nuclear water hydraulic systems based on physical information, and
the model improved the accuracy of fault diagnosis. VanDerHorn et al. [12] proposed a ship
fatigue damage monitoring method based on the combination of real operational data and
computational models. Klein et al. [13] investigated the integration of a three-dimensional
computational fluid dynamics component simulation in an overall engine performance DT
model. Li et al. [14] constructed an equivalent circuit model-based battery DT for battery
working status modeling. Li et al. [15] developed a DT model of continuous damping
control damper by establishing an accurate electro-mechanical model.

Data model-driven operational DT emphasizes operation monitoring by building
the matching relation between monitoring data and the DT model. For example, Brandt-
staedter et al. [16] developed an electric train DT for accurate operation monitoring and
fault prediction by applying data feature engineering and polynomial solving. Papachar-
alampopoulos [17] developed a Ho–Kalman calculation-based data-driven DT for order
estimation. Wang et al. [18] developed a fuzzy logic-based approach for monitoring the
key parameters of manufacturing systems in real time, such as machine operation status,
energy consumption, etc. He et al. [19] constructed a DT model of massage chairs based
on multi-sensor data fusion and Dempster/Shafer evidence theory, and it can support
real-time performance monitoring and optimization.

Hybrid DT models involve geometric/mechanical models and data models of the
modeling object at the same time, and it enables high fidelity, real-time updates, and
fast response at the same time. For example, Magargle et al. [20] created an automotive
braking system DT that can simulate different fault situations by integrating Modelica
models and sensor simulation models. Kapteyn et al. [21] developed a drone structural
DT using a component-based reduced order model and an interpretable machine learning
model. The DT could dynamically update to cope with structural damage, demonstrating
the efficient application of DT in complex system monitoring and maintenance. Pawar
et al. [22] developed a supervised machine learning and interface learning integrated DT
model, and it could improve the accuracy and generalization ability, particularly in wind
farm simulations. Kapteyn and Willcox [23] demonstrated a combination of data-driven
and physical modeling methods for creating, updating, and deploying evolving DT. The
work highlighted the importance of effective feedback loops between the DT model and the
monitoring data. Liu et al. [24] studied the application of data fusion during DT modeling
in the field of aviation, particularly in real-time monitoring and predictive maintenance of
aircraft, emphasizing the role of combining physical models and data analysis in improving
aircraft operational efficiency and life cycle extension.

It can be seen from above that hybrid DT is more suitable for the remote monitoring
and intelligent maintenance of industrial equipment with complicated operation and
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maintenance workflows. However, existing DT modeling methods were usually established
for their target types of equipment and thus may not be able to provide systematic guidance
for the DT modeling of general equipment, production lines, factories, etc.

2.2. The Methods for Modeling the Working Flows and Operation Mechanisms in DT

To date, much research has demonstrated the application of DT in modeling equipment
operation mechanisms and workflows, for improving production efficiency, supporting
predictive maintenance, and system optimization, etc. Tao et al. [25] developed a DT
model that combines the physical characteristics and behavioral patterns of equipment
to achieve virtual modeling and remote-control mechanisms of processing lines. Kritzler
et al. [26] developed a DT that emphasizes modeling the production process of the object
equipment and the resources required during the process. Botkina et al. [27] built a DT that
represents the working mechanism of cutting tools for modeling their real-time statuses and
performances during operation. Scaglioni et al. [28] developed a multi-domain simulation-
based machine tool DT, which can represent the working flows of the machine tool in
different operation scenarios. Chhetri et al. [29] proposed a production synchronous DT
of the production system, which can predict the quality of produced products according
to real-time processing craft data and built-in production mechanism algorithms. Zhang
et al. [30] developed a DT that can simulate the electromagnetic and thermal fields of
energy equipment, thus supporting real-time data-based analysis for equipment predictive
maintenance. Ayani et al. [31] developed an equipment debugging DT. The debugging DT
can model the working flow and maintenance mechanism of industrial equipment, thus
helping with the maintenance of the equipment.

It can be seen from above that existing DT models have explored the methods and
techniques for equipment working condition monitoring. However, the modeling of the
dynamic operation mechanisms and workflows of the components within complicated
industrial equipment, which are particularly important for the data fusion of real/virtual
data in DTs for advanced DT applications, still requires further exploration.

2.3. The Methods for Building Intelligent DT Models

Intelligent DTs mainly use intelligent algorithms to support certain types of intelligent
functions of the DT during the monitoring, operation, control, or maintenance of the
modeling object. For example, Luo et al. [32] used B-spline fuzzy neural networks in
a computer numerical control machine tool DT for fault prediction. Fan and Yao [33]
developed a manufacturing system DT with an intelligent algorithm that can support
logistics task scheduling. Xie et al. [34] developed a DT-based cutting tool condition
prediction model that applies long short-term memory networks to learn fault-related
data features for predicting the possible types of faults of the cutting tools. Jia et al. [35]
developed a factory DT that combines an ontology model with intelligent algorithms. The
entire factory DT was separated into several simple DTs. The ontology model was used
to organize the simple DTs, and each simple DT applied an intelligent algorithm for a
specific engineering task, such as tool wear prediction and spindle temperature prediction.
Piltan et al. [10] developed a bearing DT that can support vibration signal processing-based
anomaly detection. The core algorithms for the anomaly detection task are the Kalman
filter and adaptive fuzzy neural networks. Zhang et al. [36] proposed a generic knowledge-
driven DT framework under the context of big data, industrial internet of things, edge
computing, artificial intelligence, etc. The framework can support intelligent manufacturing
through its encoded intelligent functions.

It can be seen from above that the application of intelligent algorithms in DT models
has become an important research topic. However, how to integrate the separated algo-
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rithm models for different application scenarios in the bottom operation mechanisms and
workflow models of DTs for complicated intelligent operation and maintenance scenarios
of industrial equipment still has much to be desired.

3. The Generic DT Modeling Method
The generic method for building the DT for the remote monitoring and intelligent

maintenance of industrial equipment is illustrated in Figure 1, including the following:

• Industrial big data collection, which provides a data basis for the DT
• Digital/Status/Intelligent interaction models of the object equipment, which are the

core for representing the monitoring data, and the dynamic operation/maintenance
workflow and mechanisms of the DT

• Multi-screen-based front-end layout of the DT

3.1 Industrial big data collection 

Sensor network layer --> Lower computer layer --> Upper computer layer --> Application layer 

11-Supports 
Industrial big data collection/st�ring /transmission mechanisms 

! Provides monitoring data

3.2 Multi-modal digital model 3.3 Multi-layer status model Provides 3.4 Intelligent interaction model 

Core component identification Provides Raw industrial--> Data --> Front-end processed Dynamic interaction relation/intelligent 
big datofrom processing layer displaying layer � monitoring and maint�nance mechanism.t carrier 

3.1 Contains : � 
� 

modeling Digital model compression, � 
simplification, 

decomposition, slicing, etc. 
__________ ___,"'._ Provides ____ .J_Jupports 

" Icon �odel --> Card model --> Canvas model intelligent Event!state KG intelligence Algoritn'ms 
.... 

response --

Tvisualization 
3.5 Multi-screen frontend layout of the digital/status/intelligent interaction models 

Screen 1 r-> Icon Screen 2 - Screen N-1 Screen N 
Digital model : : Status model lntelli ent interaction model : Card -- -

: .!, • 
: Canvas ·---> • • -

__ J I r•> (•••• ,:, ' ' 

Multiple __ _: 
canvas 

• • 

Components interaction
representation 
Intelligent response 
mechanism representation

Figure 1. The overall architecture of the DT model.

3.1. Industrial Big Data Collection for Equipment Remote Monitoring and Intelligent Maintenance

Collecting the data on equipment working conditions, workpiece logistics, processing
crafts, processing quality, etc., is the basis for building the DT. In this subsection, a generic
data collection framework is established for acquiring high-frequency big data for the
remote monitoring and intelligent maintenance of industrial equipment. The framework
contains four layers, as illustrated in Figure 2.

3.1.1. Sensor Network Layer

This layer contains three types of devices or methods for data collection, which are
internal data perception modules of certain devices (e.g., electricity current data can be
read from servo motors), external sensors, and manual measuring devices/methods (e.g.,
manually checking the quality of workpieces). It is worth mentioning that the configuration
of the sensor network should be considered according to the remote monitoring and
intelligent maintenance requirements of the DT and the existing data collection capability
of the object equipment (i.e., the internal data perception modules of certain devices).
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Figure 2. A general framework of industrial big data collection for equipment remote monitoring
and intelligent maintenance.

3.1.2. Lower Computer Layer

In this layer, firstly, PLC collects and preprocesses the data from the sensor network
layer. Then, an industrial computer collects the preprocessed data from the PLC through
protocols such as Modbus using a Python program. Flow data processing tools such as
APACHE Kafka and ZooKeeper should be installed in the industrial computer for collecting in-
dustrial big data with the characteristics of high throughput, low latency, high concurrency,
etc., and then sending the data to the database server in the upper computer layer.

3.1.3. Upper Computer Layer

In this layer, a database server is for collecting/storing/managing the data from the
industrial computer through TCP/IP protocols. APACHE Kafka and ZooKeeper should be
installed on the database server for industrial big data processing, and database manage-
ment tools such as PostgreSQL should be installed. The data would be sent to a Web server,
which runs the back-end programs of the browser/server (B/S) architecture DT WebAPPs.
In addition, a backup database server should be built for collecting and storing the data
from the database server for data safety.

3.1.4. Application Layer

In this layer, the front-end program of the B/S architecture DT WebAPPs, which serves
as the user interface of the DT model, runs on computers, monitoring screens, industrial
personal digital assistant (PDA), etc. The contents of the DT WebAPPs will be introduced
in the next subsections.

3.2. Multi-Modal Digital Model

Building the corresponding digital model is an important step for building the DT of
the object equipment [37]. The digital model provides not only the intuitive visualization
of the equipment itself in the monitoring screens but also serves as the carrier of the status
model and intelligent interaction model established in Sections 3.3 and 3.4. For example,
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by adding an icon model (introduced in Section 3.3) at a certain location of a digital model,
engineers would be able to intuitively read the location of the corresponding sensor of the
icon mounted on the real equipment.

The digital model of an object’s equipment should be a simplified version of the
original CAD model of the equipment. This is because the original CAD models are usually
too large and would take too long to be loaded into the DT software program, and it is
usually not required to visualize all the shape details of the equipment in a DT. In this
regard, the digital model can be built in the following models according to the monitoring
and maintenance requirements of the object equipment. The examples of the digital models
are illustrated in Figure 3.

Figure 3. The classification of different models of the DT digital model.

3.2.1. Non-Modular Configurable Digital Models

This type of digital model represents the object equipment as an integration rather
than as separate parts. It can be further separated into the following two subtypes.

• Overall model: It represents the digital model of the entire equipment, and it can
be separated into (1) Simplified 3D models, which are compressed from the original
3D CAD models (such as .gltf or .draco files compressed through SolidWorks Visualize
software); (2) 2D image of the Simplified 3D model; (3) 2D schematic diagram, which is
further simplified from 2D image model and can be loaded even faster in the front-end
DT software program;

• Key partial model: It represents only part of the entire equipment that is important for
the monitoring and maintenance tasks. It can be further separated into (1) Simplified
partial 3D model, which is also the compressed and simplified version of the original
3D CAD model of the object equipment; (2) Simplified partial 2D model, which can be
either the surface image or cross-section image of the object equipment.

3.2.2. Modular Configurable Digital Models

By contrast, modular configurable digital models are more suitable for the digital
model of equipment with multiple configuration modules, processing lines, factories, etc.
This type of digital model can also be further separated as follows.
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• Simplified 3D configuration model: This subtype is also built from compressing and
simplifying the original 3D CAD model of the object equipment, but with separated
and configurable modules.

• Simplified 2D configuration model: As the name suggests, this subtype is similar to
the previous one but with (1) simplified 2D images or (2) simplified 2D schematic
diagrams. It is worth mentioning that the simplified 2D schematic diagram is actually
the traditional configuration user interface front-end of SCADA software [38], which
was established before the concept of DT.

3.3. Multi-Layer Status Model

Based on the digital models in Section 3.2, a kind of multi-layer status model is
established in this sub-section for processing and displaying the monitoring data collected
from the sensor network layer introduced in Section 3.1. The status model can be separated
into the following layers (illustrated in Figure 4).

 
Figure 4. The multi-layer DT status model.

The data processing layer is responsible for collecting raw industrial big data of
equipment working conditions, workpiece logistics, processing crafts, processing qualities,
etc. Here, these data would be processed with programs deployed in PLC/industrial
computers/servers, etc., to extract information related to remote monitoring and intelligent
maintenance. Mainly, three types of processing techniques would be conducted in this
layer, as listed below.

• Data preprocessing. It includes data cleaning, data format unifying, up/down sam-
pling, etc., and all the functions are for providing processed data more easily for
extracting valuable information from raw data.

• Statistical calculation. It indicates using statistical calculation to extract certain fea-
tures of the preprocessed data, such as standard deviations, peak values, and more
complicated features, such as continuously increasing by 7 points in statistical process
quality control algorithms.

• Intelligent algorithms. It indicates applying different types of intelligent algorithms
to extract monitoring and maintenance-related information from the preprocessed
data. For example, production rule-based reasoning can be used for basic working
condition separation, and deep learning-based anomaly detection algorithms can be
used for providing early alarms of working conditions/processing crafts/processing
quality anomalies.
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The Front-end displaying layer emphasizes displaying the processed data from the
Data processing layer, and the data would be displayed on monitoring screens in the
following three sub-layers.

• Icon layer. It is a kind of icon, each of which represents a source for data collection,
and the position where the icon was placed in the digital model indicates the position
of the corresponding sensor placed on the equipment.

• Card layer. By clicking an icon on the digital model, the corresponding card layer of
the icon would be displayed in a pop-up window. The card would display an abstract
of the corresponding data source and the sensor. For example, in Figure 4, the icon
of a thermometer in the front-end interface of a DT program can be placed at the
corresponding position of the thermometer on the real equipment. By clicking on the
icon, the name/type/location/real-time temperature data of the thermometer would
pop up in the front-end interface.

• Canvas layer. It would pop up after clicking on the card and present more detailed
descriptions of the monitoring data and the sensor. For example, the historical time
series temperature data collected by the thermometer would be displayed in the
canvas, and further functions such as anomaly alarm, short-term future temperature
prediction, and control/optimization suggestions can also be contained in the canvas.
It is worth mentioning that one icon model always corresponds to one card model,
and one card model always corresponds to one canvas model. However, one icon
model could correspond to one or multiple data sources. For example, a temperature
icon model corresponds to a thermometer, while the overall equipment effectiveness
(OEE) icon model corresponds to time activation rate data, performance rate data, and
qualified product rate data.

3.4. Event-State Knowledge Graph-Based Intelligent Interaction Model

Here, a new kind of event-state KG is developed from our previous work [39,40] for
providing an intelligent interaction model of the entire DT model. The event-state KG can
represent the interaction relations and operation mechanisms among the components of
the object equipment during its operation and maintenance. Specifically, the operation
mechanisms for monitoring data collecting/storing/utilization, the monitoring data, and
the time when the monitoring data were collected can be represented by the event-state
KG. In addition, the event-state KG can encapsulate algorithm models (e.g., trained deep
learning models, production rule models) in the KG as automatically running scripts of
the event-state KG to enable automatic reacting mechanisms of the object equipment. By
applying this kind of event-state KG as the back-end intelligent interaction model of the
front-end digital/status models, the DT model can represent the complicated operation
and maintenance mechanism of the object equipment. A kind of robot-based carbon block
polishing processing line [41] is used as the modeling object of the event-state KG as an
example in the rest of the paper.

3.4.1. The Nodes in the Event-State KG

Nine types of nodes are defined in the event-state KG for equipment remote monitor-
ing and intelligent maintenance mechanism representation, as listed below.

1. A component node represents the component in the original physical system, sensor
network, or status model of the equipment (e.g., in Figure 5, Visual detection module
A is a component).

2. A step node represents a step during the operation process of the equipment (e.g.,
Step 3.1 Polishing).
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3. A state node represents a possible state of a step node, which can be Not ready→
Ready→ In progress→Finished. It is worth mentioning how many states for step can be
determined according to the real situation.

4. A yes/no node indicates which one of the possible states of a step node is currently
activated (e.g., Yes → Not ready → Step 3.1 Polishing indicates that the state of Not
ready is currently activated, which means Step 3.1 Polishing is currently Not ready).

5. An event node represents an event that can trigger the updating of the state nodes
(e.g., Ready→ In position→ Not ready indicates that the occurrence of In position would
trigger the state changing of the event node from Not ready to Ready).

6. The datum node stores one piece of monitoring data collected by a sensor component
(e.g., Datum 1→ Sensor A).

7. An algorithm node represents an algorithm model (e.g., an anomaly detection (AD)
algorithm model) that can process the data collected from a sensor (e.g., Sensor A→
AD algorithm).

8. A calculation result node represents the calculation or analysis result of an algorithm
node (e.g., Calculation result 1→ AD algorithm).

9. A time node records the time of the incident of an event or the time when a piece of
monitoring data was collected (e.g., Time 1→ Datum 1).

Robot Polishing head

Step 2
Transporting 1

Step 3.1
Polishing

Step 4
Transporting 2

Not ready Ready In progress Finished

Step 3.2 Polishing head
temperature monitoring

Touching
(shared node)

Not ready
Ready
 In progress
 Finished

 Not ready
Ready
In progress
Finished

Step 1. Loading Step 5. Cleaning

Out of position

Time interval 
passed 

Datum 1

Datum 
collected

...

Touching DetachingIn position

FinishedIn progress

...

Time 3

Timer

Visual detection 
module A

Ready

Step 3.3 Polishing head 
temperature data back-end analysis

Not ready FinishedIn progressReady

Detaching
(shared node)

New analysis 
result generated

AD algorithm

Front-end
alarm updated

Datum collected
(shared node)

Datum 2
Sensor A

...

Not ready

Yes No No No

No
No

No
Yes

Yes
No
No
No

Yes No No No

Time 2
Time 1 Time 4

Calculation 
result 1

Figure 5. Event-state KG-based DT intelligent interaction model (the nodes marked with dashed
boxes can be automatically updated with the reasoning mechanisms in Section 3.4.3).

3.4.2. The Links in the Event-State KG

The nodes defined above could be connected using thirteen types of links defined
below for equipment monitoring and maintenance mechanisms representation.

1. A link that starts from step A to step B indicates that step A is the previous step of
step B (e.g., Step 2. Transporting 1→ Step 3.1 Polishing).

2. A link that starts from component A to component B indicates that component A is a
sub-component of component B (e.g., Polishing head→ Robot).
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3. A link starts from a state node to a step node indicates that the state is one of the
possible states of the step (e.g., Not ready→ Step 3.1 Polishing).

4. A link starts from a Yes/No node to a state node indicates that the state is currently
activated/inactivated (e.g., “Yes→ Not ready→ Step 3.1 Polishing” indicates that Step
3.1 Polishing is currently not ready).

5. A link starts from a component node to an event node indicates that the component is
the executor or the trigger of the event (e.g., “Timer→ Time interval passed” indicates
that the timer emits a signal at regular intervals, and it triggers the occurrence of the
event of “Time interval passed”).

6. A link starts from an event node to a component node indicates that if the event
occurred the component would be triggered to execute its function (e.g., “Time interval
passed → Sensor A” indicates that for each time the event of “Time interval passed”
Sensor A would collect a piece of monitoring datum).

7. A link that starts from a datum node to a component node indicates that the datum
recorded in the datum node was collected by the component. In addition, a component
may have collected several pieces of data and therefore be connected with several
datum nodes (e.g., Datum 1→ Sensor A← Datum2).

8. A link that starts from a time node to a datum node indicates that the datum was
collected at the time (e.g., Time 1→ Datum 1)

9. A link that starts from a time node to an event node indicates that the event occurred
at that time. In addition, an event may occur several times and therefore be connected
with several time nodes (e.g., Time 1→ Datum collected← Time 2).

10. A link starts from a component node to an algorithm node indicates that the data
collected by the component would be sent to the algorithm model as input (e.g., Sensor
A→ AD algorithm).

11. A link starts from an algorithm node to an event node indicates that every time the
algorithm generates a new calculation result, the event would occur (AD algorithm→
New analysis result generated).

12. A link that starts from a calculation result node to an algorithm node indicates that
the former records the newest calculation result of the latter (e.g., Calculation result 1
→ AD algorithm).

13. A link starts from a calculation result node to an event node indicates that the updating
of the calculation result would trigger the occurrence of the event (Calculation result
1→ Front-end alarm updated).

3.4.3. The Dynamic Automatic Updating Mechanisms of the Event-State KG

Based on the nodes and links in Section 3.4.2, reasoning functions can be defined
to enable dynamic automatic updating of the event-state KG, thus allowing the nodes
in the dashed boxes in Figure 5 to be automatically updated during the operation and
maintenance of the object equipment. The basis updating mechanisms are defined below.

1. The state-changing mechanism of a step node is triggered by the state(s) changing of
another (other) step node(s). It represents the working flow during the operation and
maintenance of the object equipment. An example of the state-changing mechanism
of Step 4 Transporting 2 triggered by the state-changing of its two previous steps (i.e.,
Step 3.1 Polishing and Step 3.2 Polishing head temperature monitoring) can be represented
with the pseudocode below.
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Assume that currently both Step 3.1 Polishing and Step 3.2 Polishing head temperature
monitoring are in the state of In progress, and Step 4 Transporting 2 is in the state of
Not ready.
If the current states of Steps 3.1 and 3.2 have been updated to Finished

The current state of Step 4 would be automatically updated to Ready
Else

The current state of Step 4 remains Not ready
2. The state-changing mechanism of a step node is triggered by the occurrence of an

event. For example, in Figure 5, the links of Yes → Not ready → Step 3.1 Polishing
indicate that Not ready is a possible state of Step 3.1 Polishing, and currently Not ready
is activated, i.e., Step 3.1 Polishing is currently not ready. The links of No → Ready
→ Step 3.1 Polishing indicate that Ready is another possible state of Step 3.1 Polishing,
and currently Ready is not activated. The links of Ready→ In position→ Not ready
indicate that In position is the event that could trigger the state changing from Not
ready to Ready for Step 3.1 Polishing, and the trigger mechanism can be realized with
the pseudocode below.

Assume that currently Step 3.1 is not ready
If the event of In position occurred

The current state of Step 3.1 would be automatically updated from Not ready to Ready
Else

The current state of Step 3.1 remains as Not ready
3. The state-changing mechanism within a step node. It guarantees that for each step

node, only one of its two states (i.e., Yes or No) can be activated at the same time.
Assuming that a step node has several states, then the mechanism can be represented
with the pseudocode below.

For all the state nodes of step node n
If state i is currently activated

The rest state node would be inactivated
4. Monitoring data recording mechanism. It supports the automatic updating of data

nodes. An example pseudocode for recording the monitoring data collected by Sensor
A is listed below.

For each time the event of the Time interval has occurred
A new piece of monitoring data would be collected by Sensor A, and the new datum would

be recorded in a newly generated datum node linked to Sensor A
The time when the new datum was collected would be recorded in a newly generated time

node linked to the newly generated datum node
5. Algorithm operation mechanism. It realizes the operation of the algorithm node for

updating the monitoring/maintenance-related contents of the event-state KG. Here, a
deep learning-based AD algorithm for predicting equipment anomaly according to the
monitoring data from Sensor A is listed below as an example. It is worth mentioning
that the mechanism here mainly defines how to integrate AI models into the event-
state KG. How to build or train the AI models is not the focus of the event-state KG.

For each time a new piece of monitoring data has been collected by the sensor connected to
the AD algorithm node

The trained AD model represented by the AD algorithm node would run with the new
datum as input

The Calculation result 1 linked to the AD algorithm would be updated according to the
new output
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3.5. Multi-Screen Front-End Layout of the Digital/Status/Intelligent Interaction Models

The front-end program interfaces of the digital/status/intelligent interaction mod-
els should be displayed in the monitoring screens deployed in the on-site control room,
central control room, industrial PDAs, etc. It is suggested to deploy one screen for the
digital model, multiple screens for the status models each of which focuses on working
conditions/processing crafts/processing qualities, and another screen for the intelligent
interaction model (i.e., the event-state KG) in the control room, as illustrated in the bottom
of Figure 1. However, the customer company can deploy fewer screens and self-define the
layouts of the contents displayed on the screens according to their specific requirements.
A few examples of monitor screen layouts are introduced in Section 4.

4. Case Study
In this section, the robot-based carbon block polishing processing line [41] developed

for replacing manual polishing work is used as the object equipment, as shown in Figure 6.
The processing line applies a robot with a polishing head to polish the slagging and
rough surfaces of carbon blocks, which are consumable materials for electrolytic aluminum
production. The working environment of the processing line is harsh and not suitable for
manual point/patrol inspection, thus making it a suitable object for DT application.

 
Figure 6. Robot-based carbon block polishing processing line, which is the case object for DT modeling.

According to the technique in Section 3.1, more than 40 types of monitoring data were
collected from the processing line, as shown in Table 1. On this basis, three real cases of
different types of DT models within the range of Section 3 are presented in Sections 4.1–4.3.
The different types of DT models were developed according to the personalized monitoring
and maintenance requirements and cost demands of different customer companies. The
DT models were encapsulated in a B/S architecture WebAPP developed with Python
web techniques.

Table 1. Part of the monitoring data collected from a processing line.

Items Items

1 Robot 1-Axis 1-Current 21 Robot 1-Plane polishing head-Pressure
2 Robot 1-Axis 2-Current 22 Robot 1-Bowl polishing head-Pressure
3 Robot 1-Axis 3-Current 23 Robot 1-Plane polishing head-Rotate speed
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Table 1. Cont.

Items Items

4 Robot 1-Axis 4-Current 24 Robot 1-Bowl polishing head-Rotate speed
5 Robot 1-Axis 5-Current 25 Dust cap-Temperature
6 Robot 1-Axis 6-Current 26 Dust cap-Air pressure
7 Robot 1-Axis 1-Torque 27 Dust cap-Dust concentration
8 Robot 1-Axis 2-Torque 28 Conveyor belt-Position signal 1
9 Robot 1-Axis 3-Torque 29 Conveyor belt-Position signal 2
10 Robot 1-Axis 4-Torque 30 Conveyor belt-Position signal 3
11 Robot 1-Axis 5-Torque 31 Conveyor belt-Position signal 4
12 Robot 1-Axis 6-Torque 32 Conveyor belt-Position signal 5
13 Robot 1-Axis 1-Rotate speed 33 Robot 1-on/off state
14 Robot 1-Axis 2-Rotate speed 34 Conveyor belt-on/off state
15 Robot 1-Axis 3-Rotate speed 35 Robot 1-Plane polishing head-on/off-state
16 Robot 1-Axis 4-Rotate speed 36 Robot 1-Bowl polishing head-on/off-state
17 Robot 1-Axis 5-Rotate speed 37 Robot 1-Visual module-on/off state
18 Robot 1-Axis 6-Rotate speed 38 Vacuum cleaner-on/off state
19 Robot 1-Body temperature 39 Counter
20 Robot 1-Polishing head-Temperature 40 Power meter

4.1. A DT with Configurable Module-Based Digital/Status Models but a Weak Intelligent
Interaction Model

This case emphasizes establishing a configurable module-based DT model of the
processing line, and the digital/status models of the DT can be configured through a
drag-and-drop operation in a DT configuration APP. The case is presented with two steps,
including constructing the configurable modules of the digital model of the processing line
DT, and configuring the digital/status models of the DT according to specific processing
line hardware.

4.1.1. Constructing the Configurable Modules of the Digital Model of the Processing
Line DT

As mentioned in Section 3.2, configurable module-based DT is particularly suitable
for equipment with large numbers of configurable variants. Therefore, firstly, the engi-
neers identified the configurable modules in the equipment according to configuration
design rules, e.g., high cohesion and low coupling, and also made sure that all the config-
urable variants of the processing line can be configured with the modules. The front-end
configuration interface is shown in Figure 7.

It can be seen on the left side of the interface that the configurable modules of the
processing line were separated into five categories according to their functions and assembly
positions, including Polishing devices, Robot body (i.e., mechanical arm), Dust control devices,
Sensors, and Auxiliary devices. The components within each category are listed below.

• Polishing devices: Top surface polishing, Side surface polishing, Bottom surface polishing.
• Robot body: IRB 5710, IRB 6700, IRB 7600.
• Dust control devices: Dust cover, Vacuum cleaner, Dust collector.
• Sensors: Thermometer, Vibrating sensor, Pressure sensor, Position sensor, etc.
• Auxiliary devices: Centering mechanism, Clamping mechanism, Conveyor belt, Con-

trol cabinet, etc.

4.1.2. Configuring the Digital and Status Model of the DT

Based on the configurable modules in Section 4.1.1, the digital model and its corre-
sponding status model of a processing line DT can be configured through a drag-and-drop
operation according to the hardware of a specific processing line and its monitoring and
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maintenance requirements. A three-robot processing line was configured as an example,
and the WebAPP interface of the configuration process is illustrated in Figure 7.

 

Figure 7. A DT with configurable module-based digital/status models but a relatively weak intelligent
interaction model.

For the digital model of the DT, suitable components from the configurable modules
(on the left side of the interface) were selected and dragged to the main window in the
middle of the interface. The components dropped in the main window would be saved
as components of the digital model of the processing line DT. The locations where the
components were dropped were determined according to the real layout of the corre-
sponding components of the processing line. Attribute input boxes would appear after
dropping the components to define the device parameters, supplier information, price, etc.,
of the components.

For the status model of the DT, sensor components were selected and dragged from
the left side and dropped in a suitable location on the digital model of the DT. For example,
a thermometer is put on the robot. After dropping the thermometer components, the back-
end addresses of the corresponding monitoring data would be defined in their input boxes,
thus the monitoring data would be displayed after the digital model has been configured
and deployed.

The DT in this case has a relatively weak intelligent interaction model. It mainly
displays monitoring information with non-intelligent calculations. For example, on the
right side of the interface, there is a status of Total power, and the total power is an
approximate value calculated by adding up the power of each component without further
advanced calculations.

4.2. A DT with Static 3D Digital Model, Multi-Layer Status Model, and Strong Intelligent
Interaction Model

In this case, the customer company deployed a DT with a static 3D digital model,
a multi-layer status model, and an event-state KG-enabled intelligent interaction model.
This type of DT, compared with the one in Section 4.1, is suitable for customers with
higher requirements on visualization effect, monitoring details, and intelligent reactions to
monitoring data.
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For the digital model, a static 3D model of the processing line was constructed, as
shown in Figure 8. Compared with the digital model of the DT in Section 4.1, the digital
model in this case can be rotated, flipped, and zoomed in/out to get a clear view of the
processing line. However, the real-time dynamic movements of the components of the
processing line cannot be indicated by this digital model. For example, it relies on the status
model to indicate the current positions of the carbon blocks on the conveyor belt.

 

Figure 8. A DT with a Static 3D digital model, multi-layer status model, and event-state KG-based
intelligent interaction model.

For the status model, the sensor network layer includes both external sensors (e.g.,
Thermometer, Vibrating sensor, Pressure sensor, Position sensor) and internal data perception
modules of certain devices (e.g., the torque monitoring module in a servo motor). All the
data monitored by these sensors can be displayed independently (e.g., Polishing head temper-
ature indicator) or combined into integrated indicators with more complicated engineering
meaning (e.g., OEE indicator). The Icons/Cards/Canvas of the two example indicators are
illustrated in Figure 8.

For the intelligent interaction model, the event-state KG represents the dynamic
interaction relations among the processing line components, together with the data collect-
ing/storing mechanisms of the sensor network. Based on predefined query algorithms,
the current/historical operation status of the processing line can be fetched and displayed
in the front-end interface of the DT. For example, the sub-graph of the current operation
steps in Figure 8 indicates that currently, the processing line is at the step of Polishing, and
this information is shown in the bottom left of the front-end interface. The event-state
KG also represents the data collecting/storing mechanisms and the data collected and
stored, as shown at the bottom right of Figure 8, where the polishing head temperature data
were collected by Sensor A (i.e., the 257 ◦C and 258 ◦C). In addition, an anomaly detection
algorithm model was embedded in the event-state KG for intelligently predicting whether
the temperature is currently normal or not according to the already collected temperature
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data, and the prediction result was displayed in the Canvas of the Polishing head temperature
indicator in the front-end interface (i.e., the Abnormal alarm in the top right of the Canvas).

4.3. A DT with Weak Digital Model but Strong Status/Intelligent Interaction Models Represented
with Split Screen

In this case, the object of the DT model was a two-robot processing line. The customer
company did not require a digital model, but they required applying the canvas model
for front-end visualization. They also required applying AD functions in the intelligent
interaction model. In addition, the company asked for displaying certain information
within one screen to provide a comprehensive and compact view of the most important
indicators. In this regard, a split-screen DT was applied, and the entire screen was split
into ten subareas, as illustrated in Figure 9 and introduced below.

• Robot 1/2—Current: displaying the current data of the six axes of Robot 1/2.
• Overall equipment effectiveness: displaying the OEE calculation result and its factors

of the processing line, including Qualification rate, Time activation rate, and Performance
efficiency. The monitoring object in this subarea can be constantly scrolling among
integrated indicators, e.g., OEE, Overall energy consumption, and Production tact.

• Polishing head compression force/rotation speed: including the compression
force/rotation speed data of polishing heads 1 and 2.

• Polishing head temperature: the temperature of a monitoring point on the polishing
head body.

• Dust cap temperature/pressure/dust concentration: the temperature, air pressure
(should be negative pressure), and dust concentration inside the dust cap.

• Processing line overall status: indicating whether the core functional components
of the processing line are working or halting, and the position of the carbon block
currently being processed. As the customer prepared only one screen for the DT, the
digital model is displayed in a subarea of the screen. However, the customers can click
on the digital model for an enlarged view similar to the case in Section 4.2.

• Abnormal records: logs recording abnormal alarms.

Figure 9. A DT with a relatively weak digital model but strong status/intelligent interaction models
represented with split-screen.
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5. Discussion and Conclusions
A generic method for building a hybrid DT model (i.e., the integration of geomet-

ric/mechanical model-driven DT and data model-driven DT) is established for supporting
remote monitoring and intelligent maintenance of industrial equipment. The DT model
is made up of a digital model, a status model, and an intelligent interaction model. The
characteristics, contributions, and future research directions are discussed as follows.

5.1. Characteristics and Contributions
5.1.1. From a Methodology Perspective

Compared with commonly applied experience-driven monitoring and maintenance,
the DT modeling method targeting a specific kind of object system, the proposed method
provides a relatively more systematic and operable way to build a DT model for an object
system. The proposed method can guide engineers to build their DT models step by step
according to their specific equipment monitoring and maintenance requirements. It is worth
mentioning that the method has been verified in building the DT models of equipment and
processing lines, but we believe it also has the potential for DT modeling of larger modeling
objects such as workshops and factories, as long as the modeling object has geometric
models, certain types of monitoring data with certain kinds of monitoring purposes, and
clear operation and interaction mechanisms among the components of the modeling objects,
thus makes the method not only suitable for certain kind of equipment but also a wider
range of modeling targets. It is also worth mentioning that the calculation complexity
is a critical issue when the modeling objects have complicated operation workflows and
interaction mechanisms.

5.1.2. From a Technique Perspective

The multi-modal digital model in Section 3.2 provides flexible options for engineers to
represent the geometric structures of the DT modeling objects according to specific monitor-
ing requirements and hardware conditions. Digital models using different modalities have
different modeling costs and visualization effects; therefore, different modalities could be
applied at the same time to build the digital model of an object to achieve a balance between
cost and effect. For example, a 2D schematic diagram of the overall equipment can be
combined with a simplified partial 3D model of certain components of the equipment when
the component is important for the monitoring task. In addition, the modular configurable
digital models are particularly suitable for the DT model of modularized equipment for
cost reduction. It is also worth mentioning that a digital model is not essential for building a
DT. In other words, a customer company may apply only status models for the monitoring
task without using digital models (as shown in the case in Section 4.3).

The multi-layer status model in Section 3.3 provides a systematic method for dis-
playing the monitoring data in the front-end interface of the DT model. It enables an
intuitive display of the monitoring data as required through the icon-card-canvas rather
than displaying all the data at the same time, which could cause delays between the front-
end interface and the back-end database. In addition, the data processing layer of the
status model can extract and merge high-value engineering information from the raw data
through statistical calculation or intelligence algorithm models developed according to
the monitoring and maintenance tasks. In this way, it can support the monitoring of the
indicators with complicated engineering meaning based on multiple raw data sources (e.g.,
the OEE indicator in Figure 4).

The event-state KG-based intelligent interaction model is the key to modeling the
operation/maintenance workflow and mechanisms of the object equipment. The most
prominent characteristic of applying the event-state KG in the intelligent interaction model
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is that it can record the dynamic workflow, interaction mechanisms, and historical/current
data in a computer-deployable and human-readable manner. It is worth mentioning that
the event-state KG provides a way for DT models to encapsulate algorithm models, such as
production rule models and trained deep learning models. By writing script programs of
the event-state triggering mechanisms encapsulating the algorithm models, the event-state
KG enables the DT model to automatically/intelligently react according to automatically
collected monitoring data, and then the reaction information would be transformed into
certain types of control instructions through the control PLC, and then the equipment
would act accordingly. In this way, the overall intelligence level of the DT model can
be improved.

5.2. Issue Worth Further Exploration

The digital models in Section 3.2 can also be upgraded into dynamic models. For
example, in the digital model of a processing line, the workpieces being processed can
be upgraded into dynamic models to indicate the real-time logistics of the workpieces.
However, compared with static digital models, dynamic digital models are more compli-
cated to build and would take more time to be loaded in the DT software program, which
may result in inferior real-time performance. Therefore, dynamic digital models are only
suggested for the application scenarios where the monitoring object cannot be effectively
represented with static digital models. On the other hand, how to build corresponding
status models and intelligent interaction models for dynamic digital models still requires
further exploration.

It is also worth mentioning that the most prominent characteristic of our DT modeling
method is enabled by the event-state KG-based intelligent interaction model. Compared
with commonly used methods for DT modeling on the operation stage, such as unified
modeling language (UML) based methods [42] and system modeling language (SysML)
based methods [43], the event-state KG has the advantage of enabling human readability
and computer deployability at the same time. Theoretically, the proposed method can
be applied to a range of modeling objects, from equipment, processing lines, workshops,
and even factories. However, the event-state KG also has its limitations, as it requires
modelers to represent the operation mechanisms among the components of the modeling
objects in the form of event-state triggering mechanism-based triplets. This makes the
time cost and modeling difficulty of the event-state KG-based method higher than those
of the UML-based and SysML-based methods. This makes the DT modeling of objects
with complicated operation mechanisms not as easy as we initially expected. On the other
hand, the computer deployability of the event-state KG is enabled by defining all the
automatically updating mechanisms in Section 3.4.3 into program scripts, thus improving
the calculation complexity of the DT model. In this regard, our future work would consider
firstly developing a method that can automatically generating the event-state KG based on
commonly existed industrial data of modeling objects and secondly consider simplifying
the overall calculation framework of the automatically updating mechanisms, and finally
we would consider building DT models of larger and more complicated objects to verify
the calculation efficiency and automatic updating effects of the event-state KG.
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