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Abstract

significant for developing intelligent machine tools.

Machine tools, often referred to as the “mother machines” of the manufacturing industry, are crucial in developing
smart manufacturing and are increasingly becoming more intelligent. Digital twin technology can promote machine
tool intelligence and has attracted considerable research interest. However, there is a lack of clear and system-

atic analyses on how the digital twin technology enables machine tool intelligence. Herein, digital twin modeling
was identified as an enabling technology for machine tool intelligence based on a comparative study of the charac-
teristics of machine tool intelligence and digital twin. The review then delves into state-of-the-art digital twin mode-
ling-enabled machine tool intelligence, examining it from the aspects of data-based modeling and mechanism-data
dual-driven modeling. Additionally, it highlights three bottleneck issues facing the field. Considering these problems,
the architecture of a digital twin machine tool (DTMT) is proposed, and three key technologies are expounded

in detail: Data perception and fusion technology, mechanism-data-knowledge hybrid-driven digital twin modeling
and virtual-real synchronization technology, and dynamic optimization and collaborative control technology for mul-
tilevel parameters. Finally, future research directions for the DTMT are discussed. This work can provide a foundation
basis for the research and implementation of digital-twin modeling-enabled machine tool intelligence, making it

Keywords Machine tool, Digital twin, Smart manufacturing, Synchronization

1 Introduction

1.1 Overview and Analysis of Machine Tool Intelligence
Smart manufacturing has become inevitable in the global
manufacturing industry. Major developed countries
have sequentially unveiled national strategies aimed at
fostering the innovative evolution of the manufacturing
industry toward smart manufacturing. The United States
proposed the “National Advanced Manufacturing Strat-
egy, Germany proposed the “Industry 4.0 Strategy” and
“National Industrial Strategy 2030,” and Japan proposed
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the “Industrial Value Chain Reference Architecture” As
the core of the new scientific and technical revolution,
smart manufacturing is identified as the main direction
of “Made in China 2025,” aiming to accelerate the devel-
opment of the manufacturing industry from automation
and informatization to digitalization-networked-intelli-
gence [1, 2].

Considered “mother machines” in the manufacturing
industry, machine tools are crucial in smart manufac-
turing. Improving the intelligence of the machine tool
industry and developing intelligent machine tools have
become the unanimous choices for developed countries
in the machine tool industry [3]. The rapid development
of emerging technologies such as new-generation artifi-
cial intelligence (AI), industrial big data, and the indus-
trial internet has provided key technological support for
machine tool intelligence. The deep integration of emerg-
ing technologies and machine tools is regarded as an
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important direction for seizing the commanding heights
of competition in intelligent machine tools.

Machine-tool intelligence has attracted significant
interest from researchers. The concept of a new-gener-
ation intelligent NC machine tool was introduced, and
the functional characteristics of intelligent machine tools
were elaborated upon. Self-healing is an important prop-
erty [4]. The development of machine tools was divided
into four stages: Machine tool 1.0, machine tool 2.0,
machine tool 3.0, and machine tool 4.0. By discussing
the typical features of intelligent machine tools, includ-
ing cyber-physical systems and horizontally and verti-
cally integrated machine tools, it was emphasized that
machine tool 4.0 represents an intelligent machine tool in
the era of Industry 4.0 [5]. To develop machine tools in
the era of Industry 4.0, the concept of a self-optimizing
machining system was proposed, which included the cat-
egory of intelligent machine tools and clarified their ideal
functional characteristics of intelligent machine tools
[6]. By analyzing the development of machine tools and
the evolution of key technologies, intelligence was dis-
covered to be one of the main development directions
of machine tools. Perception, interconnection, learning,
decision-making, and self-adaptation are the main func-
tional characteristics of intelligent machine tools [7].
These studies propose the concept of intelligent machine
tools, expound on their functional characteristics, and
provide a reference for machine tool intelligence.

A fog-computing-based cyber—physical machine tool
system was proposed in which the physical entities of
the machine tool, cyberspace, and human beings were
closely connected through the technologies of percep-
tion, calculation, interaction, and control. The collabora-
tion and intelligence of machine tools have significantly
advanced [8]. Based on the three paradigms of smart
manufacturing, the development of machine tools from
NC machine tools through Internet + machine tools to
intelligent machine tools was systematically expounded.
The deep integration of new-generation artificial intel-
ligence and manufacturing technology has been verified
as an effective method for developing intelligent machine
tools [9]. A conceptual framework for cyber-physical
machine tools was proposed, and key research directions
and challenges were discussed [10]. The aforementioned
studies explored the implementation methods of intelli-
gent machine tools and provided technological support
for developing intelligent machine tools.

As the “brain” of machine tools, the NC system is
the core driving force for the intelligent development
of machine tools. A cloud control system for intelli-
gent machine tools that combines cloud computing and
machine tool control was proposed by analyzing the
development and existing problems of machine tool
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control systems [11]. An intelligent control system archi-
tecture for machine tools was proposed, and the key
technologies of the intelligent control system were dis-
cussed. Intelligent control systems have also boosted the
development of machine tools [12].

Based on the above research, we believe that an intel-
ligent machine tool is a high-performance NC machine
tool with functional characteristics, including self-per-
ception, self-learning, self-decision, self-execution, self-
adaptation, and data and network, as shown in Figure 1.
Self-perception means that intelligent machine tools can
autonomously perceive multisource heterogeneous data
during operation, including displacement, speed, current,
voltage, cutting force, and vibration. Owing to the under-
lying evolution of machine tool performance, such as
machining precision and dynamic behavior, the perceived
data can be processed, analyzed, and trained to obtain
data-based models in self-learning using data preprocess-
ing, data fusion, and machine-learning techniques. The
obtained models and online data provide the foundation
for self-decision. Combined with condition monitoring,
fault diagnosis, performance prediction, and param-
eter optimization, the machine tool performance can be
dynamically predicted, and decision-making and optimi-
zation instructions are formed. Based on the instruction
data, the operation process of intelligent machine tools
can be autonomously controlled during self-execution
using technologies such as intelligent interpolation, servo
tuning, and error compensation. Intelligent machine
tools, equipped with historical and real-time data, data-
based models, and data for decision-making and execu-
tion, can adapt to variations in processing conditions and
machine tool states. This adaptability covers changes in
pose and load, tool wear, and machine failure, allowing
intelligent machine tools to maintain high performance.
Data and networks refer to the data interactions among
the five parts through networks. Based on data interac-
tion, intelligent machine tools can realize interconnec-
tion with hardware and software and two-way interaction
with virtual models, such as horizontal, vertical, and vir-
tual-real interconnections.

1.2 Origin and Development of Digital Twin

1.2.1 Origin of Digital Twin

The concept of twins first appeared in the National
Aeronautics and Space Administration (NASA) [13].
In this project, NASA built two identical aircraft, and
the one that remained on Earth was called a twin. In
various stages, such as flight preparation and mission
execution, the twin reflects and predicts the spacecraft
states through flight training and simulation experi-
ments and assists astronauts in making correct decisions
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Figure 1 Intelligent machine tool

during mission execution. At this point, a twin is a physi-
cal entity.

The digital twin prototype was first proposed by profes-
sor Grieves in 2003 and was called a virtual digital repre-
sentation equivalent to a physical entity. It is defined as
a digital replica of a specific device or group of devices.
It can abstractly represent real devices and be used as
a basis for testing under real or simulated conditions.
Although this concept was not currently called a digi-
tal twin, it had the main components of a digital twin,
namely the physical space, virtual space, and data inter-
face between the two [14]. Currently, the twin evolves
from a physical entity into a digital twin in a virtual space.

The concept of digital twins did not initially attract
attention. In 2011, digital twins ushered in new devel-
opment opportunities. In 2011, the Air Force Research
Laboratory (AFRL) of the United States proposed the
concept of a digital twin for the maintenance and life pre-
diction of aircraft under complex service environments.
The concept of “airframe digital twin” was proposed
in 2012 [15, 16]. In the same year, the AFRL and NASA
jointly proposed building a digital twin for a future air-
craft. A digital twin is defined as a highly integrated
multiphysics, multiscale, probabilistic simulation model
for an aircraft or systems. It can adopt physical models,
sensor data, and historical data to reflect the real-time
states of flight entities [17]. Additionally, in 2012, NASA
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released a roadmap titled “Modeling, Simulation, Infor-
mation Technology, and Processing,” officially introduc-
ing the concept of the digital twin to the public domain
[18]. The proposal of the digital twin concept is consid-
ered by researchers in the aerospace industry as one of
the pioneering studies on AFRL and NASA. This was
used as a reference to conduct application research on
digital twins in the aerospace industry.

1.2.2 Development of Digital Twin in Manufacturing

Considerable attention has been paid to the in-depth
implementation of digital twins in aerospace, expand-
ing from aerospace to energy, manufacturing, and other
fields. In manufacturing, the digital twin appeared ear-
lier in research on predictive manufacturing systems in
2013. The digital twin was a coupled model of an equip-
ment entity running on a cloud platform, which can use
a data-driven algorithm and integrated knowledge of
physical mechanisms to simulate and analyze the health
status of the equipment entity [19]. In 2014, a digital
twin was introduced to study the crack propagation
paths in machined parts. The crack propagation path of
a part was predicted based on changes in the geometric
dimensions during machining. This feature is the core
of the part digital twin [20]. Since then, research on the
digital twin in manufacturing has mainly been divided
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into two categories: The digital twin of manufacturing
systems and products.

In digital twin manufacturing systems, the concept of
an experimental digital twin is proposed by combining
a virtual test bench with a digital twin. A digital twin
model of a factory is established to guide the movement
of workers and robots [21]. The concept of a digital
twin workshop is proposed, and the system composi-
tion, operation mechanism, four characteristics, and
five key technologies of the workshop are expounded.
The basic theory and key technologies for realizing the
cyber—physical fusion of DT workshops are discussed
considering the four dimensions of physical fusion,
model fusion, data fusion, and service fusion. This
study provides a theoretical reference for implementing
a digital twin in a manufacturing workshop [22]. Since
then, research on the digital twin in manufacturing sys-
tems has grown exponentially.

The application modes and architectures of digital
twins in various scenarios have been explored, includ-
ing the intelligent management and control of manu-
facturing workshops [23, 24], dynamic scheduling and
optimization of production processes in workshops
[25-27], and design and commissioning of produc-
tion lines [28—-30]. Modeling methods and technologies
for digital twins in workshops have also been studied
[31-34]. To address the modeling requirements and
bottlenecks of digital twin workshops, a five-dimen-
sional digital twin model was proposed, which includes
a physical entity, virtual entity, twin data, service, and
connection [35]. The aforementioned studies provide
a theoretical, methodological, and technical basis for
the intelligent development of manufacturing work-
shops. Digital twins are considered a key technology for
achieving the intelligence of manufacturing workshops.

In the digital twin of products, the connotation and
architecture of a product digital twin was proposed and
its implementation approaches in the design, manu-
facturing, and service stages were presented [36]. A
comprehensive reference model of a product digital
twin was proposed and its application to the manage-
ment of product geometry changes during the design
and manufacturing phases was discussed [37]. Methods
for digital twin-driven product design, manufacturing,
and services have been proposed, with their frame-
works and implementation strategies detailed through
specific case studies [38]. These studies provide a theo-
retical and technical reference for the application of a
digital twin at various stages of the product life cycle.
Since then, research on the application of digital twins
in three stages of the product life cycle has been con-
ducted: Product design and optimization [39, 40],
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product processing and assembly [41-43], and product
maintenance and service [44, 45].

This model is the basis for completing the aforemen-
tioned application studies. Therefore, various modeling
methods and technologies for producing digital twins
have been studied [46—49] to achieve the synchronous
symbiosis of products in digital and physical spaces and
improve product intelligence.

1.3 Correlation Analysis between Machine Tool
Intelligence and Digital Twin

Digital twins have become key technologies in smart

manufacturing. Machine tools are the basis for intelligent

development in the manufacturing industry, and their

intelligence is closely related to digital twins.

Digital twin modeling methods mainly include mech-
anism-based, data-driven, and mechanism-data hybrid-
driven methods. Data- and hybrid-driven modeling
forms the basis of self-learning for intelligent machine
tools. Bidirectional mapping includes real-to-virtual
and virtual-to-real mappings. The real-to-virtual map-
ping implies that various types of data are perceived and
transmitted to the digital space. Virtual-to-real mapping
implies that decision-making and optimization instruc-
tions are sent from the digital space back to the physi-
cal space. The self-perception of intelligent machine
tools provides a database for bidirectional mapping,
and the data and network form its technological basis.
The dynamic prediction of physical entity performance
is an effective method for intelligent machine tools to
make self-decisions, and active intervention in the physi-
cal entity is an effective method for intelligent machine
tools to self-execute. When operating intelligent machine
tools, the digital twin model maintains synchronous
symbiosis with its physical entities or processes. When
the state and performance of intelligent machine tools
change, the digital twin model evolves accordingly, which
can improve the performance of the intelligent machine
tools. The synchronous symbiosis of digital and physical
spaces forms the basis for the self-adaptation of intelli-
gent machine tools.

Based on the above analysis, the digital twin is con-
sidered a key enabling technology for machine tool
intelligence. Digital twin modeling is one of the most fun-
damental technologies.

1.4 Research Methodology

The digital twin has received extensive attention in the
fields of machine tools [10] and machining [50]. How-
ever, there have been few comprehensive discussions on
digital twin modeling-enabled machine tool intelligence.
Therefore, this review attempts to demonstrate how the
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digital twin modeling technology can be integrated into
machine tools to promote machine tool intelligence.

This review focuses on journal and conference articles.
Literature retrieval on digital twin modeling-enabled
machine tool intelligence is conducted in the Web of Sci-
ence database. The first stage involved the screening of
relevant papers through a keyword search. Two keyword
combinations are used to retrieve papers, namely {“Digi-
tal twin” AND “Machine tool”} and {“Digital twin mod-
eling” AND “Machining”}. Based on the above search
conditions, 42 and 50 papers were obtained (accessed
July 31, 2023). A total of 82 papers were obtained by com-
bining the abovementioned studies. The second stage was
to determine high-quality research related to the con-
cept, frameworks, key enabling technologies, and case
studies of digital-twin modeling-enabled machine tool
intelligence, excluding research unrelated to digital twins
and machine tools. Finally, 68 studies were included in
the analysis. The statistics of the collected studies are
shown in Figure 2.

1.5 Structure and Overview of This Review

The remainder of this paper begins with a review of digi-
tal twin modeling-enabled machine tool intelligence in
Section 2, presenting the current bottleneck problems.
Section 3 details the architecture and key technologies of
the digital twin machine tool (DTMT). The development
trends of the DTMT are discussed in Section 4. Finally,
Section 5 concludes the study.

2 Digital Twin Modeling Approach Toward
Machine Tool Intelligence

Digital twin modeling is considered an important bot-
tleneck in digital twin-driven machine tool intelligence
and has attracted widespread attention. Combining the
six functional characteristics of intelligent machine tools,
this section reviews the digital twin modeling approach
toward machine tool intelligence from two aspects,
including data-based and mechanism-data dual-driven
approaches, and highlights the research gaps.

2.1 Data-Based Approach
2.1.1 Improvement of “Data & Network”

and “Self-Perception”
A scalable and flexible database was established to store
various machine tool data in a physical space, and a data-
based virtual twin of the machine tool was established.
Based on this, a cyber-manufacturing system with a
four-layer architecture was constructed to achieve infor-
mation transmission and interaction between digital
and physical spaces [51]. Subsequently, the concept of
a machine-tool information twin was proposed. Based
on the communication protocols of MTConnect and
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OPC-UA, data gathering, data fusion, and information
modeling were completed, and real-time interaction and
feedback between the physical space, information space,
and human beings were realized [52, 53]. Based on edge
computing, a cyber-physical machine tool was con-
structed to improve the real-time data transmission and
computational efficiency of the digital twin model. Long-
distance perception and real-time monitoring of machine
tool data during operation have also been successfully
realized [54]. These studies focus on improving the “data
and network” and “self-perception” of machine tools,
which is foundational for other functional characteristics
of intelligent machine tools.

2.1.2 Improvement of “Self-Perception” and “Self-Learning”

A biomimicry-based digital twin modeling method was
proposed, and a digital twin model of the machining pro-
cess of an aerospace part was established using offline
and real-time data. A consistency between the digital
twin model and the change in part during machining
was realized [55]. Accordingly, the multiscale evolution
mechanism of the digital twin model was investigated.
Based on the twin data, a quality knowledge model for
the machined part was established, enabling precise
characterization of the machining part quality [56]. An
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ontology-based information-modeling method was pro-
posed. By gathering and categorizing design data, pro-
cessing data, inspection data, and other relevant data
of a part, a digital twin model of the machined part was
established [57]. This provides engineers with a simple
and practical digital twin modeling method for machin-
ing parts.

A digital twin model for the entire lifecycle of a tool
was established through the interaction and fusion of
multisensor data in the digital and physical spaces. Real-
time monitoring and visualization of tool status have
been realized [58]. A sensor-information-based digital
twin modeling method was proposed. For historical, real-
time, and simulation information and delays in informa-
tion transmission, the construction and adaptive systems
of a digital twin were studied. With these systems, his-
torical information is self-learned, real-time information
interacts seamlessly, the semantic annotation dataset in
the cloud database is processed, and the delay in data
transmission is adapted. Finally, a digital twin model of
an intelligent machine tool was obtained, and autono-
mous construction and updates of the model were real-
ized [59].

In the research above, the collection, transmission,
and interaction of various data is the specific manifesta-
tion of the “self-perception” of intelligent machine tools.
The digital twin model of a machine tool or its operation
process is obtained by learning the perceived data, which
reflects the “self-learning” of intelligent machine tools.

2.1.3 Improvement of “Self-Learning” and “Self-Decision”
Using the data of the process parameters, tool wear,
and spindle power, a digital twin model of the machin-
ing process was established, which mainly included sup-
port vector machine models in the process planning and
machining preparation stages and a fully connected deep
neural network model in the machining stage. The part
roughness was predicted at various machining stages
[60]. Based on a data-driven method, a digital twin model
for the loaded contact pattern-based grinding of a spiral
bevel gear was established, which primarily included a
data-driven grinding simulation, contact analysis of the
gear teeth, and adaptive decision-making and control.
The collaborative machining of the geometric accuracy
and contact performance of a spiral bevel gear was real-
ized [61]. Based on the integration of simulation, histori-
cal, and process design data, a digital twin model of the
part machining process was established to optimize the
machining process [62].

An artificial neural network was trained using inter-
polation data and a digital twin model of the interpola-
tion process of the machining trajectory was established
to predict the feed rate curve and machining cycle time
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[63]. Using the command feed rate, acceleration, tool
path geometry, and measured feed rate, a neural network
model of each feed axis of a machine tool was trained,
which is called the digital twin model. By updating the
training dataset, the digital twin model was driven to
update synchronously with the physical process to real-
ize the dynamic prediction of the feed rate and machin-
ing cycle time [64]. Combined with the transfer learning
theory, an adaptive reconstruction method for the digital
twin model of a machining system was proposed. When
the machining conditions changed, the performance of
the reconstructed model exhibited certain advantages
[65]. The aforementioned studies emphasize the crucial
role of the digital twin in enhancing the “self-learning”
and “self-decision-making” capabilities of intelligent
machine tools.

2.1.4 Overall Improvement of “Self-Perception’,
“Self-Learning” and “Self-Decision”

By collecting and analyzing big data such as machine
tool processing tasks, processing resources, and machine
tool status, and mapping them with the NC code in real-
time, a digital twin model of an NC machining process
was established. Optimization of the processing param-
eters and health protection of the machine tool have
been achieved [66]. Real-time data during machining
were measured using sensors and a digital twin model
of the machining process was established using a seman-
tic modeling method. The cutting force and workpiece
roughness were then predicted [67, 68]. The collection
and processing of real-time data were completed using
multisensor fusion technology, and data transmission
and storage were completed using the MTConect proto-
col. A digital twin model of an intelligent machine tool
was obtained using data fusion and information mod-
eling technologies. Data analysis, visualization, and deci-
sion optimization were completed, providing a basis for
dynamic optimization and contour error compensation
of the machine tool [69].

Based on the collection and fusion of various data on
thin-walled part machining, a digital twin model for the
workpiece and machine tool was established. This model
was employed in the machining preparation, machin-
ing, and quality inspection stages, as shown in Figure 3
[70]. Machining preparation and process monitoring
were conducted, resulting in tool-path optimization and
reduced deformation of thin-walled parts. The twin
data were trained using a machine learning algorithm,
the mapping relationship between the milling param-
eters and machining results was established, and the
dynamic update of the digital twin model was driven by
the scene-aware data. Multi-objective optimization and
decision-making analysis of machining parameters were
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Figure 3 Digital Twin-driven machining process for thin-walled part manufacturing (Source: Adapted from Ref. [70])

performed, and real-time optimization of the machine
tool was achieved [71]. A digital twin model of a dedi-
cated machine tool was established based on standard
communication protocols, such as MTConnect and
OPC-UA. In this model, the spindle load and NC data
were synchronized. By analyzing the historical data, the
processing load was unified, the NC code was optimized,
and the processing efficiency was improved [72].

Using the NC system and external sensors, multi-
source heterogeneous data, such as equipment, tools,
and workpiece data, were collected in real-time. By
classifying, correlating, and aggregating real-time and
historical data, a digital twin model of the machining
process was established using a data-driven method.
Dynamic predictions of roughness and adaptive opti-
mization of the process parameters were realized [73].
Based on the collected static and dynamic data, the
pigeon heuristic optimization algorithm and support
vector machine were combined to establish a rough-
ness prediction model, which was the core of the digital

twin model. Based on the predicted roughness, the
machining parameters were dynamically optimized to
ensure that the workpiece roughness constantly sat-
isfied the requirements during machining [74]. Real-
time data during the five-axis milling of thin-walled
parts were measured using various sensors. The col-
lected data were transmitted to the digital space, and a
fusion of multisource heterogeneous information was
performed. A digital twin model of the milling process
for thin-walled parts was then obtained. Furthermore,
monitoring of the machine tool status and prediction of
machining deformation have been completed [75].

In the above studies, the important methods and key
technologies of digital twins in machine tool intelli-
gence were systematically studied, and the “self-percep-
tion,” “self-learning,” and “self-decision” of intelligent
machine tools were achieved simultaneously. The “self-
decision” includes not only the performance prediction
of machine tools but also the optimization of the opera-
tion parameters and performances.
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2.1.5 Overall Improvement of “Self-Perception’,
“Self-Learning’; “Self-Decision” and “Self-Execution”

A cloud-edge collaboration-based digital twin mode-
ling method was proposed for the thermal error control
of machine tools. By collecting, transmitting, storing,
and integrating multisource heterogeneous data during
machining, valuable datasets were created. These data-
sets were used to train an enhanced LSTM network at
the edge and cloud computing layers, enabling dynamic
prediction of thermal errors, as illustrated in Figure 4.
Compared to the other methods, the proposed method
showed the best prediction performance, achieving val-
ues of 96.94% for precision and 2.5248 for the RMSE. By
establishing a comprehensive machining error model,
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the thermal error was compensated for, and the machin-
ing error was effectively reduced, as shown in Figure 5.
The fluctuation range of machining errors is [—4.0 pm,
4.0 um] with the proposed CEDTS system [76]. Based on
realizing the “self-perception,” “self-learning,” and “self-
decision,” this work realizes the thermal error control of
machine tools, which represents the “self-execution” of
intelligent machine tools. Similarly, DT models of intel-
ligent machine tool swarms have been constructed based
on edge computing and knowledge graph technologies.
Using these models, real-time perception, high-fidelity
simulation, high-confidence decision-making, and the
control of machine tools in a swarm were realized and
implemented [77].
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Figure 5 Machining error reduction with thermal error control (Source: Adapted from Ref. [76])

2.1.6 Summary

In the above studies, various datasets were perceived
and learned, and the dynamically changing behaviors of
machine tools were characterized. That is, the “self-per-
ception” and “self-learning” of intelligent machine tools
were achieved. On this basis, the real-time monitoring
and dynamic optimization of the machine tool opera-
tion process were completed, which represents the “self-
decision” Owing to the opaque and unexplained nature
of Al [78], the inference mechanism of digital twin mod-
els constructed using data-based methods is not yet fully
understood or interpretable by physics. These digital twin
models are viewed as “black boxes,” because of their lack
of interpretability [79]. The difficulty in ensuring precise
intervention during machine tool operation makes it
challenging for data-driven digital twins to enable intel-
ligent machine tools to autonomously execute tasks.

2.2 Mechanism-Data Dual Driven Approach
Compared with the data-based approach, the mecha-
nism-data dual-driven approach has more potential for

improving the interpretability of digital twin models
[80]. The mechanism model depicts the physical attrib-
utes and behaviors of machine tools. For instance, a
frequency response function characterizes natural fre-
quencies [81], and a comprehensive model composed of
torque commands, cutting and friction loads, and multi-
body dynamic equations represents position-dependent
dynamic behaviors [82]. Hence, the mechanism-data
dual-driven approach is increasingly being studied to
construct digital twin models of machine tools to realize
the functional characteristics of intelligent machine tools.

2.2.1 Improvement of “Data & Network”
and “Self-Perception”

A digital twin model of the machine tool was developed
in the form of software. The digital twin model was com-
posed of CNC software, simulation software, 3D models,
and data interfaces. Based on 5G technology, a two-way
connection between the digital twin model and machine
tool entity was built to realize the real-time monitoring
of machine tool operation [83]. This research empowers
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machine tool intelligence through 5G technology, focus-
ing on the “data and network”

By combining a simulation-based virtual numerical
controller kernel with perceived machining data, a digi-
tal twin model of a machine tool was established, and
integrated software was developed to verify the NC code
syntax [84]. The characteristics and interrelations of mul-
tisource data during machining were combined to con-
struct an information model, which was integrated with
the mechanism models of the machine tool motion and
cutting force to establish a digital twin model. The tool
trajectory and cutting force were visualized based on the
digital twin model [85]. These studies established a high-
fidelity digital twin model based on the “self-perception”
of intelligent machine tools. To realize “self-learning,” the
synchronization between the digital twin model and the
physical entity is also required.

2.2.2 Improvement of “Self-Perception” and “Self-Learning”
Considering time-varying characteristics, a digital twin
model of a machine tool feed drive was identified with
the excitation of command signals. The digital twin
model is dynamically updated with its physical entity by
preprocessing the excitation signals [86]. To overcome
the shortcomings of the mechanism-based machining
simulation model in real-time simulations, process data
were transferred from the CAM software to a machining
simulation model, thereby realizing the synchronization
of the command and machining simulation trajectories.
A digital twin model was developed, featuring a machin-
ing simulation model that was updated dynamically.
Through the collaborative deployment of the digital twin
model on the edge and cloud, real-time simulations of
geometry [87], cutting force, and tool wear [88] were
performed. Considering the geometric changes in an in-
machining workpiece, a 3D model of the workpiece and
its STEP-data were integrated to establish a digital twin
model for the machining process. The workpiece geom-
etry during machining was characterized dynamically
[89].

The aforementioned studies not only establish high-
fidelity digital twin models but also collect various data
in real-time through the “self-perception” feature of
machine tools. The collected data were used to drive the
synchronous symbiosis of the digital twin models with
their physical entities. In other words, the “self-learning”
capability of intelligent machine tools was achieved.

2.2.3 Improvement of “Self-Perception” and “Self-Decision”

(1) Monitoring of machine tool status
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A digital twin model of a five-axis grinding machine
was established by integrating geometric, logical, and
other mechanisms and data models. Based on this, a
digital twin-based monitoring system was developed,
and real-time monitoring of the machine tool status was
achieved [90]. An external computer with a mechanism
simulation model was linked to the NC software with
real-time machining process monitoring and a control
model to obtain a digital twin model of the machining
process. The simulated cutting force and torque were
stored in a file and accessed using a real-time machining
process monitoring and control system, and tool failure
monitoring was realized [91]. A digital twin model of a
machine tool spindle system was established, including
geometric, physical, behavioral, and rule models. The
digital twin model was deployed on a workstation with a
database and professional software. Through the interac-
tive fusion of the digital twin model and its physical enti-
ties, real-time monitoring of the dynamic characteristics
of the spindle system was achieved [92].

These established digital twin models were mainly
composed of machine—tool mechanism models. Per-
ceived data were adopted to drive these digital twin
models to monitor the states of machine tools. The moni-
toring is one of the most important components of the
“self-decision”

(2) Prediction of machine tool performance

Sensor data and machining information were inte-
grated to construct profiles of the machining characteris-
tics. Using OpenGL, the machining characteristic profiles
were combined with structural models to establish a digi-
tal twin model of the machine tool. Given the digital twin
model, the online prediction of workpiece roughness
was achieved [93]. Similarly, real-time and simulation
data of the machine tools were collected and fused to
develop the data models. Using algorithms such as parti-
cle filters, data models were integrated with multidomain
mechanism models to obtain digital twin models. Using
digital twin models, the power, torque, and cutting force
of machine tools [94] and the remaining life of the tools
were accurately predicted [95].

Dynamic and thermal digital twin models of the
machine tools were established based on the geometry
and material properties of the machine tool structure.
By integrating these models, a comprehensive digital
twin model of the machine tool was developed, and its
parameters were identified. Using the integrated digi-
tal twin model, the thermal deformation and dynamic
cutting forces were accurately predicted [96]. A digi-
tal twin model of a machine tool was established using
a multidomain unified modeling method, which mainly
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comprised description, data mapping, and algorithm
models. Based on the digital twin model, fault prediction
of the machine tool was realized [97]. Based on the CNC
data, a digital twin model of a machine tool was estab-
lished using system identification and parameter estima-
tion. Considering a machining center [98], gear grinding
machine [99] and five-axis machine tool [100] as specific
objects, the following and contour errors were predicted.

In addition, mechanism models of machine tool
feed drives were established by considering nonlin-
ear dynamic characteristics. Through the fusion of the
mechanism and data models, such as a deep convolu-
tional neural network model, digital twin models were
obtained, with which the following errors [101, 102] and
contour errors [103] of machine tool feed drives were
accurately predicted.

These studies adopted traditional methods and
machine learning algorithms to establish the mecha-
nism and data models, respectively. Digital twin models
of machine tools and their components are obtained by
integrating these mechanisms and data models using
theoretical formulas, unified modeling languages, or
software development. Given the digital twin model, the
machine tool performance was predicted. Prediction is
another important component of the “self-decision”

(3) Optimization of machine tool performance

A digital twin model of the machine tool is estab-
lished by integrating the mechanism and data models.
These mechanism models include structural topology,
multibody kinematics, and dynamics models. These data
models involved a data interface model and a transfer
learning model. These models were uniformly deployed
into self-developed software and the process parameters
were optimized [104]. Using a similar method, the feed
speed of a machine tool was optimized [91]. Optimiza-
tion is also one of the most important components of the
“self-decision”

In the above studies, through the collection and inter-
action of data in digital and physical spaces, state moni-
toring, performance prediction, and optimization of
machine tools were achieved based on the established
digital twin model. This achieves the “self-decision” to
a certain extent. The state and performance of machine
tools vary over time during operation. The established
digital twin models have not yet achieved synchronous
symbiosis with physical entities or processes. The real-
time prediction and optimization are difficult to achieve.

2.2.4 Improvement of “Self-Learning” and “Self-Decision”
A method for maintaining dynamic consistency
between the digital twin model and the physical entity
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was proposed. The dynamic update of the digital twin
model was driven primarily by data management,
which provided a model basis for the online predic-
tion of machine tool failure [105]. Considering the
influences of servo dynamics, friction, and clearance,
a digital twin model of a machine tool feed drive was
identified using a particle swarm optimization algo-
rithm. The servo parameters were optimized, and the
performance degradation caused by changes in the
dynamic characteristics of the machine tool was pre-
dicted online [106]. An online prediction method for
machining quality was proposed based on a transfer-
able digital twin model for the machining process,
which was established through the fusion of mecha-
nisms and data models. The mechanism and data mod-
els were integrated to develop a digital twin system
for the drilling process, transfer learning theory was
employed to adaptively update the digital twin model
under variable working conditions, and the machining
quality was predicted online [107].

Considering the dynamic characteristics of the
machining process, a digital twin model for a machine
tool was established by integrating the mechanism and
data models. The mechanism model refers to the pro-
cess correlation interaction mechanism, and the data
model is considered the core driving model of the digi-
tal twin model. The digital twin model and operation
process were synchronized using intermediate data.
The dynamic optimization of cutting parameters and
online evaluation of machining stability have been real-
ized [108]. The Gaussian process regression algorithm
was embedded in a mechanism model to obtain a sur-
rogate model for processing thin-walled parts, which is
a digital twin model. The digital twin model was cali-
brated by considering the uncertainties in the cutting
forces and tool wear. The mapping relationship among
the machining parameters, machining position, and
machining error was established, and the machining
errors of thin-walled parts were dynamically predicted
[109]. Using a similar method and considering the in-
process workpiece dynamics, the time-varying natural
frequency and mode shape of a thin-walled structure
during milling were dynamically predicted [110].

Focusing on time-varying behaviors during machine
tool operation, these studies adopted real-time data to
drive the synchronous symbiosis of digital twin models
with their physical entities. This reflects the “self-learn-
ing” capability of intelligent machine tools. Based on
the established digital twin model, dynamic prediction
and optimization of machine tool performances are
completed, which reflects the “self-decision”
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2.2.5 Overall Improvement of “Self-Perception’,
“Self-Learning” and “Self-Decision”

A multilevel and multidomain electromechanical-
hydraulic integrated digital twin model of a machine
tool is established using Simscape. Mechanical, hydrau-
lic, control and electrical submodels were employed to
describe the operating mechanism of the machine tool,
and data in digital and physical spaces were adopted to
drive the dynamic update of the digital twin model. The
virtual commissioning of servo parameters was realized
based on the digital twin model [111]. A wear mechanism
model of a machine tool transmission system was estab-
lished based on meta-action theory, and a performance
degradation model was established using a particle filter
algorithm. A digital twin model of the transmission sys-
tem is obtained by integrating these two models. Real-
time and historical data were collected to update the
digital twin model, and the performance degradation
of the transmission system was dynamically predicted
[112]. A multiphysics digital twin model of the gear skiv-
ing process was established using the mechanism-data
dual-driven method. The dynamic consistency between
the digital twin model and the gear-skiving process was
driven by real-time data. A mapping relationship among
the skiving parameters, cutting force, and temperature
was established, and the cutting force and temperature
were predicted dynamically [113]. By integrating an
information model, a mechanism model, and a digital
thread, a digital twin model of a CNC system was devel-
oped. Based on edge intelligence technology, the digital
twin model was deployed using task partitioning and
model selection algorithms. As shown in Figure 6, real-
time monitoring and prediction of the tool status and
wear were achieved [114].

Based on the “self-perception,” the perceived data are
employed to update the digital twin model to ensure its
synchronous symbiosis with the physical entity, which
reflects “self-learning” The digital twin model is adopted
to complete the dynamic prediction and online optimiza-
tion of the machine tool performance, which reflects the
“self-decision” capability of intelligent machine tools.

2.2.6 Overall Improvement of “Self-Perception’,
“Self-Learning’, “Self-Decision” and “Self-Execution”

A mechanism model of burr generation was used as prior
knowledge to extract features from real-time data. A data
model for burr-height prediction was established using a
gated recurrent network. By integrating the mechanism
and data models, a digital twin model of the drilling pro-
cess was developed to realize real-time monitoring of the
drilling status. The machining parameters were optimally
controlled using a genetic algorithm and a nearest-neigh-
bor algorithm [115]. A virtual model of the machine tool
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feed drive was established based on lumped and non-
linear parameter models. The state data of the physical
entity were gathered in real-time, and a model param-
eter update method was proposed to achieve the adap-
tive synchronization of the virtual model with its physical
entity. Based on this, a digital twin-driven composite
control strategy was presented to improve the control
accuracy of the feed drive [116]. A similar method was
adopted to construct a digital twin model of a multi-axis
feed drive. The synchronization of the digital twin model
and its physical entity was driven by multigranularity
information in digital and physical spaces. Based on the
established multifactor dynamic influence relationship
of the contour error, dynamic prediction was realized. A
comprehensive contour error reduction method was pro-
posed to complete the interpolation of a multi-axis feed
drive system [117].

A method for controlling clamping force in the
machining of thin-walled parts, driven by digital twin
technology, was proposed. By combining an informa-
tion model with a 3D geometric model, clamping defor-
mation model, clamping force optimization model, and
other mechanism models, a digital twin model of a thin-
walled clamping system was obtained, and a digital twin-
based prototype system was developed. Optimal control
of the clamping force was achieved through the real-time
interaction of the digital twin model with its physical
entity [118]. The in-process physical and geometric data
of the workpiece and machine tool were collected and
integrated with a mechanism model to establish a time-
varying information model, namely, a digital twin model,
for the milling of thin-walled workpieces. A built-in intel-
ligent milling software system was developed using the
tool NXOpen C++ in an environment of NX UG11.0.
The process parameters of the next step were optimized
in real-time, and intelligent control of machining chatter
and error was realized [119]. A bionic digital brain (BDB)
was proposed as the intelligent core of a digital twin-
cutting process (DTCP). The BDB was built with digital
neurons (DNs), which output optimal control solutions
in real-time to ensure demand after the corpus callo-
sum fused the left and right brain information. A digital
twin-cutting process system was developed, as shown in
Figure 7, and real-time monitoring, prediction, optimi-
zation, and control of the cutting process were realized
[120].

Building upon the achievements in “self-perception,’
“self-learning,” and “self-decision,” these studies convey
the optimal decisions such as process parameters derived
from the digital twin model back to the physical space.
An adaptive control strategy is presented to control the
machine tool operation in real-time. This represents the
“self-execution” of the intelligent machine tools. The
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“self-perception,” “self-learning,” “self-decision” and “self-
execution” capabilities are overall achieved.

2.2.7 Summary

Similar to the data-based method, the mechanism-data
dual-driven method can establish a digital twin model
that is synchronized with its physical entity or pro-
cess and complete the state monitoring, performance

prediction, and optimization of the physical entity or
process. In addition, decision-making instructions
can be sent back to the physical space from the digital
space, the iteration and closed-loop control of the dig-
ital-physical space are formed, and adaptive control of
the physical entity or process is completed. The mecha-
nism model improves the interpretability of the model
output, and the data model guarantees a dynamic
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Figure 7 Bionic digital brain realizing the digital twin-cutting process (Source: Adapted from Ref. [120])

update of the digital twin model with its physical entity
or process [121, 122]. Driven by the mechanism and
data, the digital twin model better empowers machine
tools to be intelligent, achieving “self-perception,” “self-
learning,” “self-decision” and “self-execution.”

2.3 Existing Bottleneck Problems

Compared with traditional methods, such as analytical
modeling, virtual simulation, and system identification,
digital twin modeling can fuse various perceived data to
dynamically characterize the time-varying parameters
of machine tools. In addition, it can monitor the opera-
tional states of machine tools in real-time, dynami-
cally predict and optimize their performance, and
provide complete feedback control of machine tools.
The crucial role of digital twin modeling in facilitating
the integration of virtual simulations with real-world
operations is a significant factor in its recognition as an
essential technology for advancing intelligent machine
tools. However, there are still three bottlenecks in the
research on digital twin modeling for machine tool
intelligence.

(1) The virtual-real fusion of multisource heteroge-
neous data from machine tools lacks an effective
method. During the operation of machine tools
and their digital twin models, pose, force, deforma-
tion, vibration, temperature, and electrical data are
generated in the physical and digital spaces. These
data have the characteristics of various sources,
sampling frequencies, magnitudes, and transmis-
sion methods and are perceived in real time using
multi-sensing detection technology. Existing mul-
tisensor data fusion methods can be divided into
three categories: data-, feature-, and decision-level
fusion [123, 124]. In most studies on digital twin
modeling of machine tools, the adopted data fusion
methods belong to data-level fusion, such as Refs.
[55], [58], and [59]. It is difficult to achieve high-
precision, real-time, and robust virtual-real fusion
of perceived data.

(2) The theoretical methods of digital twin mod-
eling and synchronous mapping for machine tools
and their operational processes are insufficient.
A machine tool is a complex equipment that inte-
grates multiple disciplines, such as machinery, elec-
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tricity, hydraulics, and control. The geometry and
physical properties of the entire machine and its
components exhibited cross-scale characteristics.
During operation, the spatial pose, load, cutting
force, and dynamic characteristics of the machine
tool constantly change at high speeds. A nonlin-
ear external disturbance may excite the vibration
and deformation of the machine tool at any time,
resulting in a decline in the machine tool perfor-
mance. Existing modeling methods make it difficult
to establish a digital twin model that dynamically
characterizes the machine tool performance. In
addition, it is difficult to balance the high fidelity of
the digital twin model with its real-time synchroni-
zation using a physical machine tool.

Systematic research on real-time and collabora-
tive control strategies for machine tool operating
parameters is lacking. The operating parameters of
the machine tool comprise multilevel parameters
in the process, interpolation, and servo layers. The
parameters of each level are coupled with each
other and have a nonlinear dynamic relationship
with machine tool performance. Existing research
focuses on the adjustment of single-level param-
eters to achieve the optimal control of machine tool
performance. The dynamic relationship between
multilevel parameters and machine tool perfor-
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mance warrants further research. It is difficult to
achieve real-time and collaborative control of mul-
tilevel parameters and optimal control of machine
tool performance.

3 Architecture and Key Technologies of Digital
Twin Machine Tool
For the bottleneck problem of digital twin modeling for
machine tool intelligence, the architecture of a DTMT
is proposed based on the digital twin five-dimensional
model [35], and three key technologies are presented:
data perception and fusion, digital twin synchronous
modeling, and parameter optimization and control.

3.1 Architecture of Digital Twin Machine Tool

As shown in Figure 8, the architecture of the DTMT is
composed of a machine tool entity, a digital twin model,
decision and control, and data. The machine tool entity
provides the mechanism and data basis for the digi-
tal twin model. The digital twin model completes the
dynamic characterization of the machine tool entity
and its operation process and maintains its synchro-
nization update with the machine tool entity. Utilizing
the digital twin model, the decision and control process
encompasses visual monitoring, performance prediction,
parameter optimization, and feedback control of machine
tool operations. The data are composed of real-time data

Digital twin model

o Mechanism-data-knowledge
driven

o Multi spatial scales

o Multi tme scales

e Mulli physics dimensions

uondariag

Decision & control

Visudlization

« o 0
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Figure 8 Architecture of the DTMT
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from the machine tool entity (such as pose and electri-
cal signal data); simulation data from the digital twin
model (such as deformation and temperature data); and
status, performance, and control data from the decision
and control. The data not only completes the percep-
tion and fusion of multisource heterogeneous data of
machine tools, but also provides an effective dataset for
the machine tool entity, digital twin model, and decision
and control. These four parts of DTMT interact dynami-
cally, iterate in a loop, and form a closed loop of “percep-
tion-modeling-prediction-control” for the machine tool
operation process.

The machine tool entity is composed of the mechanical
structure, NC and servo systems, external sensors, and
time-varying coupling factors during machine tool oper-
ation, such as the time-varying dynamic characteristics
and cutting force. The mechanical structure was divided
into multiple scales, including the entire machine, com-
ponents, and parts. This is the specific objective of digi-
tal twin modeling. The NC and servo systems control the
machine tool motion and collect pose and electrical sig-
nal data (such as the displacement of the feed axes and
motor power) during machine tool operation. External
sensors were employed to collect force, vibration, and
temperature data. Time-varying coupling factors form
the basis of the digital twin modeling mechanism. The
machine tool entity provides the mechanism and data
basis, executes the optimized control instruction, and is
the basic carrier of the DTMT.

The digital twin model is a comprehensive digital
model with multiple spatial and time scales and physical
dimensions. Multi-spatial scales refer to the various spa-
tial scales of the entire machine, components, and parts
of a machine tool. Multiple time scales indicate different
time scales for tracing history, characterizing the present,
and predicting the future. The multi-physical dimen-
sions represent the different dimensions of geometry,
force, deformation, vibration, and motion control. This
complex digital twin model must be comprehensively
integrated using a mechanism-data-knowledge hybrid-
driven method. Using the digital twin model, simulation
data such as the deformation and temperature of the
machine tool structure can also be obtained. In other
words, the digital twin model dynamically characterizes
the machine tool operation process, completes the syn-
chronous symbiosis between itself and the machine tool
entity, and forms the basis of the DTMT.

Decision and control were based on the digital twin
model and combined with real-time data to complete
the visual monitoring of the machine tool operation
process. For example, the feed rate, spindle speed, and
acceleration of the feed axes can be visually monitored
in real-time [90]. Based on the measured and simulation
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data, a dynamic mapping relationship between the mul-
tilevel and performance parameters of a machine tool
is established to predict the machine tool performance
in real-time and offline. According to the performance
prediction results, the dynamic multi-objective optimi-
zation of the multilevel parameters was completed. The
collaborative control of multilevel parameters is realized,
and the control instruction is sent back to the machine
tool entity. Decision and control not only evolve with
changes in the digital twin model and data but also com-
plete the real-time and collaborative control of multilevel
parameters during the machine tool operation. This is a
complex dynamic process and is the key to successfully
implementing the DTMT.

First, the data must perceive multisource heterogene-
ous data from the machine tool entity, digital twin model,
and decision and control in real-time, and store and man-
age real-time data. In addition, we must fuse perceived
data to form a functional dataset. The data is then sent
back to the machine tool entity to control the machine
tool motion, to the digital twin model to train the data
model and drive the virtual-real synchronous symbio-
sis, and to the decision and control system to visualize
the machine tool status, predict the machine tool per-
formance online, and dynamically optimize the process
parameters. Overall, the data run through all aspects of
the DTMT and form its data foundation.

3.2 Key Technologies of Digital Twin Machine Tool

3.2.1 Data Perception and Fusion Technology

During the DTMT operation, multisource heterogene-
ous data are generated by the machine tool entity, digital
twin model, and decision and control. The transmission
protocols for these data include Modbus, NC Link, OPC-
UA, EtherCAT, and RS485. The sampling frequency was
10-10k Hz [125]. For instance, due to restricted cache
capacity, the motion control system’s data collection
capability constrains the sampling frequency of pose data
to tens of Hertz. With the acceleration transducer, the
sampling frequency of the vibration data was as high as
tens of thousands of Hertz. The magnitudes of these data
ranged from KB to GB, and their types included struc-
tured, semi-structured, and unstructured data. Owing to
these factors, there are local, one-sided, and inaccurate
problems in multisource heterogeneous data collected
using existing sensing technology. Therefore, multi-pro-
tocol compatibility technology, cross-frequency sampling
technology, transmission technology of multi-granu-
larity data, and storage technology of multi-type data
are needed as technical support to ensure the real-time,
accurate, and two-way perception of multisource hetero-
geneous data in the DTMT.
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Because of the above characteristics of multisource
heterogeneous data, it is first necessary to perform
data preprocessing on the perceived multisource het-
erogeneous data. The most common data preprocessing
technologies used in DTMT include data normalization
and data reduction. Data normalization was adopted
to convert the original measured values into dimen-
sionless values [126]. Typically used methods include
min-max normalization, Z-score normalization, and
decimal scaling normalization. For instance, Z-score
normalization is used to regularize the spindle speed,
cutting depth, feed rate, and maximum, mean, and
root-mean-square values of the cutting force [113].
Data reduction is adopted to minimize the amount
of data while maintaining the integrity of the original
dataset as much as possible to obtain a reduced repre-
sentation that is smaller than the original dataset but
maintains its integrity [126]. Commonly used methods
include principal component analysis, random pro-
jection, and partial least squares regression. Principal
component analysis was adopted to analyze the effects
of the machining and tool parameters on the cutting
force and temperature. Consequently, the number of
input features in the prediction model was reduced
[113]. In addition, data clean (such as splitting and fil-
tering methods) can be adopted when noisy data are
generated by replacing missing data, because the data
are outside the range of the measurement device [127].
Data integration should be used when different data
formats from various systems, including NC systems
with NC links and Internet of Things (IoT) devices with
Modbus, require an exchange [128].

Second, for a sample dataset with a large deviation
over time, these data are retrained to complete their
learning and update, which can be performed using the
deep reinforcement learning algorithm. A sample data-
set with numerous features and redundant attributes
was dimensionally reduced to maintain its integrity.
Principal component analysis and random projection
are ideal methods. In DTMT, the values of the process,
interpolation, and servo parameters change slightly dur-
ing a certain machining process. Real-time data on these
parameters are typically limited. In this case, data aug-
mentation methods such as virtual sample generation
[129] and generative adversarial net [130], can be adopted
to augment real-time data based on historical data. These
technologies are collectively referred to as data update,
reduction, and augmentation technologies.

Finally, according to the requirements of the machine
tool entity, digital twin model, and decision and control,
the classification, clustering, association rule, and predic-
tion were performed on the dataset. These technologies
are collectively referred to as data mining technologies
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and include artificial neural networks, deep learning,
k-means methods, and regression analysis methods.

In summary, data preprocessing technology, data
update, reduction and augmentation technology, and
data mining technology are required as technical sup-
port to realize high-precision, real-time, and robust vir-
tual-real fusion of multisource heterogeneous data in the
DTMT.

3.2.2 Mechanism-Data-Knowledge Hybrid-Driven Digital
Twin Modeling and Virtual-Real Synchronization
Technology

The machine tool entity involves multiple scales, such as
the entire machine, components, and parts, and includes
various physical properties, such as geometric structure,
statics, dynamics, and motion control. During the opera-
tion, the spatial pose, load, dynamic characteristics, and
cutting force change constantly at high speeds. Nonlinear
disturbances can cause the vibration and deformation of
machine tools at any time. For instance, the cutting force
near the resonant frequency leads to machine tool vibra-
tion [131], and the friction and inertial load can excite
the vibration of the machine tool feed drives [91, 132].
The prediction and optimal control of the machine tool
performance must be completed within milliseconds to
ensure high efficiency, high precision, and reliable opera-
tion of the machine tool entity. Currently, achieving both
high fidelity and real-time synchronization with the phys-
ical machine tool is challenging for the established digital
twin model. The dynamic prediction and control of the
machine tool performance within milliseconds are also
difficult to complete. Therefore, digital twin modeling
and virtual-real synchronization technology of mecha-
nism-data-knowledge hybrid-driven multiscale and mul-
tidimension is proposed to provide theoretical guidance
for the model construction of the DTMT.

A framework of the digital twin modeling and virtual-
real synchronization technology of the mechanism-data-
knowledge hybrid-driven multiscale and multidimension
is shown in Figure 9. Multi-spatial scale modeling implies
that the established model involves multiple spatial scales
of the entire machine, components, and parts, as well as
the topological relationship between models with differ-
ent scales.

In the dimensions of the geometric structure, the geo-
metric models of the entire machine tool, components
(such as the feed drive and spindle system), and parts
(such as the guide rail, screw, and bearing) are established
to characterize the topological relationship among these
components and parts. In the dimension of force and
deformation, the finite element model of the machine
tool, the mechanical model of components, and the cut-
ting force model of tool tip are established to characterize
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the force and deformation of the machine tool and its
components. In the vibration dimension, the dynamic
equation and state-space model of the machine tool
and its components are established to characterize their
modal shape, natural frequency, and frequency response
function. In the dimension of motion control, the trans-
fer function and servo control model of the machine tool
and its components are established to characterize the
following and contour errors of the machine tool. These
multi-dimensional models are classified as mechanism
models, capable of depicting the performance of machine
tools. However, to improve the computational efficiency
of these models, simplifications and assumptions are
typically made in mechanism modeling. For instance, a
machine tool part is typically simplified as having a few
degrees of freedom in a dynamic model, and a complex
mechanical system is simplified as a low-order system
in the transfer function. This makes it difficult for the
mechanism model to accurately represent machine tool
performance. Furthermore, the real-time synchronous
evolution of the model and entity cannot be guaranteed.
The perception data of the machine tool entity are com-
bined with its mechanism to drive the digital twin model
to characterize the machine tool performance accurately
and dynamically. They also drive the synchronous evo-
lution of the digital twin model with the machine tool
entity and improve real-time synchronous evolution. In
the dimensions of the geometric structure, parametric
geometry models of the machine tool and its components
are established using perceived data to dynamically rep-
resent the topological relationship between the machine
tool and its components. In addition, the pose data drive
the model to move synchronously with the machine tool
entity, and the real-time reaches the millisecond level. In
the dimensions of force and deformation, combined with
machine learning algorithms and mechanism models,
a surrogate model is trained using force and deforma-
tion data. Physics-informed machine learning represents
a potential method [79, 80]. The surrogate model can
dynamically characterize the force and deformation of
the machine tool and its components. It can also improve
the real-time synchronous evolution between the model
and machine tool entity. In the vibration dimension, the
dynamic mapping relationships of stiffness, natural fre-
quency, and mode shape with the machine tool pose and
load were established using the same method [79, 80].
The time-varying dynamic characteristics of the machine
tool and its components were dynamically character-
ized, and the real-time evolution of the model with the
machine tool entity was ensured. In the motion control
dimension, the surrogate model, dynamic mapping rela-
tionship, and control strategy are combined to establish
the control model of the machine tool. The contour and
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following errors are dynamically characterized, and the
synchronous evolution of the model with the machine
tool entity is driven by the perceived data.

A rule for the evolution of the digital twin model with
a machine tool entity is described based on knowledge.
The hidden knowledge in the mechanism and data is dis-
covered using data mining, and knowledge accumulation
is completed. Through knowledge modeling, knowledge
graphs, knowledge fusion, and other technologies, single-
point fragmented knowledge is processed to form a mul-
tipoint cross-fusion knowledge network that represents
the evolution rule of the digital twin model. Powered by
real-time data, the digital twin model achieves synchro-
nous symbiosis with the physical machine tool. In addi-
tion, a knowledge network is employed to characterize
the intrinsic associations between models with multiple
physical dimensions, thereby facilitating the comprehen-
sive integration of the digital twin model.

With the mechanism-data-knowledge hybrid drive, the
machine tool and its operation process are accurately and
dynamically characterized by the digital twin model, and
the synchronous symbiosis of the digital twin model with
a machine tool entity is realized. Additionally, the digi-
tal twin model simulates and traces the historical state
and performance of a machine tool entity to determine
the cause of failure. It also predicts the machine tool per-
formance and provides a reference for controlling the
machine tool operating parameters. The constructed
digital twin model can accurately characterize a machine
tool and its operation process at various timescales,
which is an important basis for machine tool intelligence.

3.2.3 Dynamic Optimization and Collaborative Control
Technology of Multilevel Parameters

The multilevel parameters of the machine tool include
parameters in the process, interpolation, and servo lay-
ers. The process layer parameters included the spindle
speed, cutting depth, and feed speed. The parameters in
the interpolation layer are the feed rate, acceleration, and
jerk of the machining path. The parameters in the servo
layer include the proportional gain of the position loop
(P,) and the proportional gain (P,) and integral gain (/)
of the velocity loop. These parameters were coupled with
each other. For instance, feed-rate scheduling is typically
constrained by the closed-loop performance of a servo
control loop. Servo control and parameter tuning primar-
ily consider the influence of the parameters in the process
and interpolation layers. In addition, these parameters
affect the machine tool performance, and there is a non-
linear dynamic relationship between them and the per-
formance parameters of the machine tool. Existing
methods focus on the control of single-level parameters,
the controlled parameters are relatively conservative, and
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machine tool efficiency has not yet been fully achieved.
A dynamic optimization and collaborative control tech-
nology for multilevel parameters is proposed to provide
technological support for implementing the DTMT.

The framework of the dynamic optimization and col-
laborative control technology for multilevel parameters
is shown in Figure 10. Using the measured and simu-
lated data, a dynamic mapping model of multilevel and
performance parameters is established. On this basis,
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the dynamic prediction of machine tool performance
is completed using the measured data of multilevel
parameters. Based on the dynamic prediction results,
a dynamic multi-objective optimization function-ori-
ented toward machine tool performance is established.
The Pareto solution, which refers to the optimal param-
eter sets in the process, interpolation, and servo lay-
ers, is calculated. These optimal parameter sets change
dynamically. This change period is consistent with that
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of prediction. Using the optimal parameter set from
the interpolation layer as a constraint, the machining
trajectory undergoes smoothing and feed rate sched-
uling, resulting in a set of smooth feed rate curves
that dynamically adapt. The smooth feed rate curve
set, coordinated with the dynamically changing opti-
mal parameter sets in the process and servo layers, is
employed as the control input to realize real-time con-
trol of the machine tool performance.

In the dynamic mapping model, data related to mul-
tilevel parameters, contour errors, cutting forces, tem-
peratures, and other factors are typically collected.
Data on deformation and dynamic characteristics can
be simulated when necessary.

The dynamic multi-objective optimization function-
oriented to machine tool performance is expressed as
follows:

minimize F(x,£) = {fi(%, ), f2(%, 1), ... fu(%,0) },
s.t,gi(x,t) >0,
hi(x,t) =0,
i=1,2.0pj=12..4q

(1)
where F(x, t) represents the objective vector that refers
to the machine tool performance, such as the contour
error and processing time. x represents the decision
vector, which refers to the multilevel parameters. g(x,
t) and h(x, t) represent the inequality and equality con-
straints, respectively, which refer to the constraints of
the time-varying coupling factors such as the constraints
of the time-varying dynamic parameters and cutting
forces. t represents the time variable. The decision vec-
tor, objective vector, and constraints change dynamically
over time. ¢ is used to quantify the change frequency.
The function in Eq. (1) is solved using dynamic multi-
objective optimization algorithms, such as the forward
forecasting strategy-based regularity-model-based multi-
objective estimation of distribution algorithm (RM-
MEDA) and steady-state and generational evolutionary
algorithm (SGEA). The obtained Pareto solution dynami-
cally changes, which includes dynamically changing
the parameters in the process, interpolation, and servo
layers.

Taking the feed rate, acceleration, and jerk of the
machining trajectory in each change period as con-
straints, the trajectory curve for each change period is
segmented, and the constraints of the segmented curves
and scheduling parameters are obtained. The conven-
tional method is adopted to smooth the curve corner
and schedule the feed rate curve to obtain a smooth
feed rate curve for each change period, which com-
prises the smooth feed rate curve set. The dynamically
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changing spindle speed, cutting depth, and feed speed;
dynamically changing smooth feed rate curve; and
dynamically changing P,, P,, and [, are matched and
coordinated in each change period. These collabora-
tively controlled parameters are used as the control
inputs to realize real-time control of the machine tool
performance.

In summary, during the DTMT operation, the machine
tool performance is continuously predicted in real-time.
Dynamic multi-objective optimization of the multilevel
parameters is performed according to the prediction
results, and the optimal multilevel parameter sets for
each change period are obtained. Real-time control of
machine tool performance is achieved by matching and
coordinating the dynamically changing parameter sets
of the process, interpolation, and servo layers. The above
process is dynamic and is accompanied by an entire
machine-tool operation process. This is key to imple-
menting machine tool intelligence.

4 Development Trend of Digital Twin Machine Tool
With the improvement of computing power of computer
software and hardware, the enrichment of intelligent
algorithm, and the advances in industrialized integration
of new-generation information technology, DTMT is
developing toward full life cycle, cloud-fog-edge collabo-
ration, and deep integration with new-generation infor-
mation technology.

4.1 Full Life Cycle

As machine tool intelligence evolves, the DTMT should
encompass the entire life cycle of machine tools, cover-
ing design, manufacturing, and service phases. In the
design stage, the digital twin model is established based
on machine tool design information, operating data of
similar machine tools, and experience in machine tool
manufacturing and service. Normally, design informa-
tion includes a three-dimensional model, material prop-
erties, and control algorithm, which involves precision,
failure, and reliability, and experience knowledge refers
to the manufacturing process, maintenance informa-
tion, and customer suggestions [38, 77, 133]. With the
digital twin model and software platform, the design flaw
was identified through high-confidence simulation and
optimization and improvement were suggested [134].
When the design requirements change, the machine
tool is quickly reconfigured and designed to respond.
In the manufacturing stage, the dynamic update of the
digital twin model is driven by the data and knowledge
of machining and assembly, whose process is monitored
in real-time. Based on the simulation of the digital twin
model, the quality and performance problems of process-
ing and assembly were identified, and the processing and
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assembly processes were optimized to achieve high-pre-
cision and high-efficiency manufacturing. In the service
stage, the proposed architecture of the DTMT completes
the smooth and reliable operation of the machine tool.

In the complete life cycle of the DTMT, various stages
interact. The design result is an important basis for the
manufacturing process, manufacturing quality provides a
basic guarantee for service performance, and the knowl-
edge of manufacturing and service is a reference for
design optimization and improvement. The design, man-
ufacturing, and service of the DTMT comprise a closed
loop of iterative optimization and cyclic progression.

4.2 Cloud-Fog-Edge Collaboration

The large-scale and real-time transmission and manage-
ment of data, integration and real-time synchroniza-
tion of digital twin models, and real-time calculation of
optimization and control algorithms have become key
challenges for DTMT implementation. The cloud-fog-
edge collaboration is being introduced into the DTMT
to give full play to the advantages of cloud services, fog
computing, and end-to-end transmission, which facili-
tates the successful implementation of the DTMT. In the
edge layer, multisource heterogeneous data are perceived
in real-time through the NC system, sensors, and other
data-acquisition devices. Using Modbus, EtherCAT, and
other protocols, the perceived data are transmitted to the
fog layer for the collection and low-latency transmission
of machine tool data. A digital twin model is established
at the fog layer based on the mechanism-data-knowl-
edge hybrid-driven method. Supercomputing power is
employed to complete the efficient calculation of the
intelligent algorithm, real-time simulation of the digi-
tal twin model, and real-time control of the machine
tool entity. In the cloud layer, the simulated and meas-
ured data are received from the fog layer through proto-
cols such as OPC-UA and TCP/IP. Using the integration
and fusion capabilities of the cloud, data are processed
using knowledge accumulation, knowledge fusion, and
knowledge graphs. Customized services are provided for
various requirements such as data visualization, process
optimization, and health monitoring.

4.3 Deep Integration with New-generation Information
Technologies Such as 5G and Augmented Reality/
Mixed Reality

In the DTMT, the transmission of multisource heteroge-

neous data runs through the machine tool entity, digital

twin model, and decision and control. Data transmission
among the design, manufacturing, and service stages and
the cloud, fog, and edge layers is the basic guarantee for

DTMT implementation. The transmission of vast, var-

ied data types using different methods poses significant
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challenges to maintaining data integrity, real-time per-
formance, and efficiency, often surpassing the capabilities
of current techniques. The 5G technology has high band-
width and low latency. Therefore, the deep integration of
5G technology with all aspects of the DTMT can greatly
improve the efficiency of data transmission, reduce delay,
and ensure integrity. This guarantees the reliable opera-
tion of the DTMT.

The most notable features of the DTMT are virtual-
real integration and synchronous symbiosis. Augmented
reality/mixed reality (AR/MR) technology integrates vir-
tual and real spaces into a seamless virtual-real world by
introducing a virtual scene into a real environment, in
which the physical entity and digital model coexist and
interact in real-time. AR/MR technology coincides with
the DTMT characteristics. The deep integration of AR/
MR technology and virtual-real fusion algorithms is a
major challenge for future research. The deep integra-
tion of AR/MR technology with digital twin modeling
and synchronization methods will enhance the realism
of human-machine interaction and is also a major chal-
lenge. AR/MR technology is set to elevate DTMT devel-
opment, enhancing the integration of virtual and real
environments to new heights.

5 Conclusions

Digital twin technology is foundational for the devel-
opment of machine tool intelligence. However, there is
a lack of clear and systematic analyses of digital twin-
based machine tool intelligence. Therefore, according
to an analysis of the correlation between machine tool
intelligence and digital twin, digital modeling has been
identified as a key enabling technology for machine tool
intelligence. A digital twin modeling-enabled machine
tool intelligence survey was conducted. The main conclu-
sions are as follows.

(1) The survey was conducted from two perspectives:
data-based and mechanism-data dual-driven mode-
ling. Based on this, three bottleneck problems were
presented, which include virtual-real fusion of mul-
tisource heterogeneous data, digital twin modeling
and synchronous mapping of machine tools and
their operation processes, and real-time and col-
laborative control of machine tool operating param-
eters. This provides a theoretical guide for research
on machine tool intelligence.

(2) Aiming at the three bottleneck problems, a DTMT
architecture was proposed, and its three key tech-
nologies were elaborated, which include data per-
ception and fusion technology, digital twin mod-
eling and virtual-real synchronization technology
with a mechanism-data-knowledge hybrid drive,
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and dynamic optimization and collaborative control
technology of multilevel parameters. This provides
technological support for implementing machine
tool intelligence.

(3) The full life cycle, cloud-fog-edge collaboration, and
deep integration with new-generation information
technology are considered three important direc-
tions for the future development of the DTMT,
which provides a reference for future research on
machine tool intelligence.

Acknowledgements
Not applicable.

Authors’ Contributions
LZ was in charge of the material preparation, data collection, and analyses,
and wrote the manuscript. All authors read and approved the final manuscript.

Funding
Supported by Tianjin Municipal University Science and Technology Develop-
ment Foundation of China (Grant No. 2021KJ176).

Data availability
The data used to support the fndings of this study are included within the
article.

Declarations

Competing Interests
The authors declare no competing financial interests.

Received: 5 August 2023 Revised: 15 April 2024 Accepted: 25 April 2024
Published online: 19 May 2024

References

[11 J Zhou. Intelligent manufacturing--main direction of “Made in China
2025". China Mechanical Engineering, 2015, 26(17): 2273-2284. (in
Chinese)

[2] JZhou, P G Li,Y H Zhou, et al. Toward new-generation intelligent
manufacturing. Engineering, 2018, 4(1): 11-20.

[3] LWang, B H Lu. Research on the development of machine tool industry
in China. Strategic Study of CAE, 2020, 22(2): 29-37. (in Chinese)

[4] S Mekid, P Pruschek, J Hernandez. Beyond intelligent manufacturing:
A new generation of flexible intelligent NC machines. Mechanism and
Machine Theory, 2009, 44: 466-476.

[5] X Xu. Machine tool 4.0 for the new era of manufacturing. Interna-
tional Journal of Advanced Manufacturing Technology, 2017, 92(5-8):
1893-1900.

[6] HC Mohring, P Wiederkehr, K Erkorkmaz, et al. Self-optimizing machin-
ing systems. CIRP Annals - Manufacturing Technology, 2020, 69: 740-763.

[7] Q Liu. Development history and future trend of CNC machine tools.
China Mechanical Engineering, 2021, 32: 757-770. (in Chinese)

[8] Z D Zhou,J M Hu, Q Liy, et al. Fog computing-based cyber-physical
machine tool system. IEEE Access, 2018, 6: 44580-44590.

[9] JHChen, P CHu, HC Zhou, et al. Toward intelligent machine tool.
Engineering, 2019, 5(4): 679-690.

[10] ClLiu, P Zheng, X Xu. Digitalisation and servitisation of machine tools
in the era of Industry 4.0: A review. International Journal of Production
Research, 2021, 61(12): 4069-4101.

[11] Y Huang, B H Lu, W H Zhao. Application and analysis of cloud comput-
ing in intelligent machine tool control system. Journal of Mechanical
Engineering, 2018, 54(8): 210-216. (in Chinese)

(32]

[33]

Page 23 of 26

BY Meng, MY Li, X L Liu, et al. Research progress of machine tool
intelligent control system architecture and key technologies. Journal of
Mechanical Engineering, 2021, 57(9): 147-166. (in Chinese)

R Rosen, GV Wichert, G Lo, et al. About the importance of autonomy
and digital twins for the future of manufacturing. IFAC-PapersOn Line,
2015,48:567-572.

M Grieves. Product lifecycle management: The new paradigm for enter-
prises. International Journal of Product Development, 2005, 2: 71-84.

E JTuegel, AR Ingraffea, T G Eason, et al. Reengineering aircraft
structural life prediction using a digital twin. International Journal of
Aerospace Engineering, 2011: 154798.

E JTuegel. The airframe digital twin: some challenges to realization.
53rd AIAA/ASME/ASCE/AHS/ASC Structures, Structural Dynamics, and
Materials Conference, Honolulu, Hawaii, April 23-26, 2012: 1-8.

E H Glaessgen, D S Stargel. The digital twin paradigm for future NASA
and U.S. air force vehicles. 53rd AIAAZ/ASME/ASCE/AHS/ASC Structures,
Structural Dynamics, and Materials Conference, Honolulu, Hawaii, April
23-26,2012: 1-14.

M Shafto, M Conroy, R Doyle, et al. Modeling, simulation, information
technology & processing roadmap. USA: NASA, 2012.

J Lee, E Lapira, B Bagheri, et al. Recent advances and trends in predictive
manufacturing systems in big data environment. Manufacturing Letters,
2013, 1(1): 38-41.

A Cerrone, J Hochhalter, G Heber, et al. On the effects of modeling
as-manufactured geometry: Toward digital twin. International Journal of
Aerospace Engineering, 2014, (3): 1-10.

M Schluse, J Rossmann. From simulation to experimentable digital
twins: Simulation-based development and operation of complex tech-
nical systems. 2016 IEEE International Symposium on Systems Engineering,
2016: 1-6.

FTao, M Zhang. Digital twin shop-floor: A new shop-floor paradigm
towards smart manufacturing. IEEE Access, 2017, 5: 20418-20427.

C B Zhuang, J H Liu, H Xiong. Digital twin-based smart production man-
agement and control framework for the complex product assembly
shop-floor. International Journal of Advanced Manufacturing Technology,
2018, 96: 1149-1163.

G H Zhou, C Zhang, Z Lj, et al. Knowledge-driven digital twin manufac-
turing cell towards intelligent manufacturing. International Journal of
Production Research, 2020, 58(4): 1034-1051.

Y L Fang, C Peng, P Lou, et al. Digital-twin-based job shop scheduling
toward smart manufacturing. IEEE Transactions on Industrial Informatics,
2019, 15(12): 6425-6435.

H F Guo, M S Chen, K Mohamed, et al. A digital twin-based flexible cel-
lular manufacturing for optimization of air conditioner line. Journal of
Manufacturing Systems, 2020, 58: 65-78.

AVillalonga, E Negri, G Biscardo, et al. A decision-making framework for
dynamic scheduling of cyber-physical production systems based on
digital twins. Annual Reviews in Control, 2021, 51: 357-373.

C Scheifele, A Verl, O Riedel. Real-time co-simulation for the virtual com-
missioning of production systems. Procedia CIRP, 2019, 79: 397-402.
JW Leng, M Zhou, Y Xiao, et al. Digital twins-based remote semi-physi-
cal commissioning of flow-type smart manufacturing systems. Journal
of Cleaner Production, 2021, 306: 127278.

J KTouckia, N Hamani, L Kermad. Digital twin framework for reconfigur-
able manufacturing systems (RMSs): Design and simulation. Interna-
tional Journal of Advanced Manufacturing Technology, 2022, 120 (7-8):
5431-5450.

CLiu, PY Jiang, W L Jiang. Web-based digital twin modeling and
remote control of cyber-physical production systems. Robotics and
Computer-Integrated Manufacturing, 2020, 64: 101956.

W Terkaj, Q F Qi, M Urgo, et al. Multi-scale modelling of manufacturing
systems using ontologies and delta-lenses. CIRP Annals-Manufacturing
Technology, 2021, 70(1): 361-364.

CB Zhuang, T Miao, J H Liu, et al. The connotation of digital twin, and
the construction and application method of shop-floor digital twin.
Robotics and Computer-Integrated Manufacturing, 2021, 68: 102075.

H Zhang, Q L Qi, F Tao. A multi-scale modeling method for digital twin
shop-floor. Journal of Manufacturing Systems, 2022, 62: 417-428.

FTao, WR Liu, J H Liu, et al. Digital twin and its application explora-
tion. Computer Integrated Manufacturing Systems, 2018, 24(1): 1-18. (in
Chinese)



Zhang et al. Chinese Journal of Mechanical Engineering

(49]

[50]

(2024) 37:47

C B Zhuang, J H Liu, H Xiong, et al. The connotation, architecture and
development trend of product digital twin. Computer Integrated Manu-
facturing Systems, 2017, 23(4): 1753-1768. (in Chinese)

B Schleich, N Anwer, L Mathieu, et al. Shaping the digital twin for design
and production engineering. CIRP Annals-Manufacturing Technology,
2017, 66: 141-144.

FTao, JF Cheng, Q L Qi, et al. Digital twin-driven product design, manu-
facturing and service with big data. International Journal of Advanced
Manufacturing Technology, 2018, 94(9-12): 3563-3576.

KY H Lim, P Zheng, CH Chen, et al. A digital twin-enhanced system

for engineering product family design and optimization. Journal of
Manufacturing Systems, 2020, 57: 82-93.

Y F Dong, R HTan, P Zhang, et al. Product redesign using functional
backtrack with digital twin. Advanced Engineering Informatics, 2021, 49:
101361.

R Soderberg, K Warmefjord, J S Carlson, et al. Toward a digital twin

for real-time geometry assurance in individualized production. CIRP
Annals-Manufacturing Technology, 2017, 66: 137-140.

FY Guo, J H Liu, F Zou, et al. Research on the status quo and key realiza-
tion technology of assembly process design driven by digital twin.
Journal of Mechanical Engineering, 2019, 55(17): 110-132. (in Chinese)
KWang, D X Liu, ZY Liu, et al. An assembly precision analysis method
based on a general part digital twin model. Robotics and Computer-
Integrated Manufacturing, 2021, 68: 102089.

FTao, M Zhang, Y S Liy, et al. Digital twin driven prognostics and health
management for complex equipment. CIRP Annals-Manufacturing
Technology, 2018, 67: 169-172.

P Aivaliotis, K Georgoulias, G Chryssolouris. The use of digital twin for
predictive maintenance in manufacturing. International Journal of
Computer Integrated Manufacturing, 2019, 32(11): 1067-1080.

J A Erkoyuncu, I F Amo, D Ariansyah, et al. A design framework for adap-
tive digital twins. CIRP Annals-Manufacturing Technology, 2020, 69(1):
145-148.

M Glatt, C Sinnwell, Y Li, et al. Modeling and implementation of a digital
twin of material flows based on physics simulation. Journal of Manufac-
turing Systems, 2021, 58: 231-245.

P Zheng, A S Sivabalan. A generic tri-model-based approach for
product-level digital twin development in a smart manufacturing
environment. Robotics and Computer-Integrated Manufacturing, 2020,
64:101958.

SWang, X N Lai, X W He, et al. Building a trustworthy product-level
shape-performance integrated digital twin with multifidelity surrogate
model. Journal of Mechanical Design, 2022, 144(3): 031703.

S Liu, J Bao, P Zheng. A review of digital twin-driven machining: From
digitization to intellectualization. Journal of Manufacturing Systems,
2023,67:361-378.

A Angrish, B Starly, Y S Lee, et al. A flexible data schema and system
architecture for the virtualization of manufacturing machines (VMM).
Journal of Manufacturing Systems, 2017, 45: 236-247.

C Liu, HVengayil, RY Zhong, et al. A systematic development method
for cyber-physical machine tools. Journal of Manufacturing Systems,
2018, 48:13-24.

CLiu, HVengayil, Y Q Lu, et al. A cyber-physical machine tools platform
using OPC UA and MTConnect. Journal of Manufacturing Systems, 2019,
51:61-74.

JZhang, CY Deng, P Zheng, et al. Development of an edge computing-
based cyber-physical machine tool. Robotics and Computer-Integrated
Manufacturing, 2021, 67: 102042.

SMLiu, JSBao, Y Q Ly, et al. Digital twin modeling method based on
biomimicry for machining aerospace components. Journal of Manufac-
turing Systems, 2020, 58: 180-195.

SMLiu, Y Q Lu, JLi, et al. Multi-scale evolution mechanism and
knowledge construction of a digital twin mimic model. Robotics and
Computer-Integrated Manufacturing, 2021,71:102123.

S Dai, G Zhao, Y Yu, et al. Ontology-based information modeling
method for digital twin creation of as-fabricated machining parts.
Robotics and Computer-Integrated Manufacturing, 2021, 72: 102173.

Y Xie, KL Lian, Q Liu, et al. Digital twin for cutting tool: Modeling, appli-
cation and service strategy. Journal of Manufacturing Systems, 2020, 58:
305-312.

(771

[78]

[79]

[80]

Page 24 of 26

AKGhosh, AS Ullah, RTeti, et al. Developing sensor signal-based digital
twins for intelligent machine tools. Journal of Industrial Information
Integration, 2021, 24: 100242.

V S Vishnu, K G Varghese, B Gurumoorthy. A data-driven digital twin
of CNC machining processes for predicting surface roughness. Proce-
dia CIRP, 2021, 104: 1065-1070.

K'B Rong, H Ding, X N Kong, et al. Digital twin modeling for loaded
contact pattern-based grinding of spiral bevel gears. Advanced Engi-
neering Informatics, 2021, 49: 101305.

J Liu, XWen, H Zhou, et al. Digital twin-enabled machining process
modeling. Advanced Engineering Informatics, 2022, 54: 101737.

M Endo, B Sencer. Accurate prediction of machining cycle times by
data-driven modelling of NC system’s interpolation dynamics. CIRP
Annals-Manufacturing Technology, 2022, 71(1): 405-408.

CSun, J D Caballero, R Ward, et al. Machining cycle time prediction:
Data-driven modelling of machine tool feedrate behavior with neural
networks. Robotics and Computer-Integrated Manufacturing, 2022, 75:
102293.

S Liu, Y Lu, P Zheng, et al. Adaptive reconstruction of digital twins

for machining systems: A transfer learning approach. Robotics and
Computer-integrated Manufacturing, 2022, 78: 102390.

JH Chen, J ZYang, H C Zhou, et al. CPS modeling of CNC machine
tool work processes using an instruction-domain based approach.
Engineering, 2015, 1(2): 247-260.

A S Ullah. Modeling and simulation of complex manufacturing phe-
nomena using sensor signals from the perspective of Industry 4.0.
Advanced Engineering Informatics, 2019, 39: 1-13.

A K Ghosh, A S Ullah, A Kubo, et al. Machining phenomenon twin
construction for industry 4.0: A case of surface roughness. Journal of
Manufacturing and Materials Processing, 2020, 4(1): 11.

XTong, Q Liu, SW Pi, et al. Real-time machining data application and
service based on IMT digital twin. Journal of Intelligent Manufacturing,
2020, 31(5): 1113-1132.

Z X Zhu, X L Xi, X Xu, et al. Digital Twin-driven machining process for
thin-walled part manufacturing. Journal of Manufacturing Systems,
2021, 59: 453-466.

CGGong, TLHu,YXYe. Dynamic multi-objective optimization strategy
of milling parameters based on digital twin. Computer Integrated
Manufacturing Systems, 2021, 27(2): 478-486. (in Chinese)

E Heo, N Yoo. Numerical control machine optimization technologies
through analysis of machining history data using digital twin. Applied
Sciences, 2021, 11(7): 3259.

L L Liu, XY Zhang, X Wan, et al. Digital twin-driven surface roughness
prediction and process parameter adaptive optimization. Advanced
Engineering Informatics, 2022, 51: 101470.

ZY Zhao, S BWang, Z HWang, et al. Surface roughness stabilization
method based on digital twin-driven machining parameters self-
adaption adjustment: A case study in five-axis machining. Journal of
Intelligent Manufacturing, 2022, 33(4): 943-952.

CXYue, JT Zhang, X L Liu, et al. Research progress on machining
deformation during milling of thin-walled parts. Acta Aeronautica et
Astronautica Sinica, 2022, 43(4): 525164.

J L Liu, C Ma, H Q Gui, et al. A four-terminal-architecture cloud-edge-
based digital twin system for thermal error control of key machin-
ing equipment in production lines. Mechanical Systems and Signal
Processing, 2022, 166: 108488.

C Zhang, G Zhou, J Li, et al. A multi-access edge computing enabled
framework for the construction of a knowledge-sharing intelligent
machine tool swarm in Industry 4.0. Journal of Manufacturing Sys-
tems, 2023, 66: 56-70.

E Zio. Prognostics and health management (phm): Where are we and
where do we (need to) go in theory and practice. Reliability Engineer-
ing & System Safety, 2022, 218: 108119.

W Deng, K Nguyen, K Medjaher, et al. Physics-informed machine
learning in prognostics and health management: State of the art and
challenges. Applied Mathematical Modelling, 2023, 124: 325-352.
JWang, Y Li, R Gao, et al. Hybrid physics-based and data-driven models
for smart manufacturing: Modelling, simulation, and explainability.
Journal of Manufacturing Systems, 2022, 63: 381-391.



Zhang et al. Chinese Journal of Mechanical Engineering

(2024) 37:47

D Bilgili, E Budak, Y Altintas. Multibody dynamic modeling of five-axis
machine tools with improved efficiency. Mechanical Systems and Signal
Processing, 2022, 171: 108945.

H Huynh, Y Altintas. Multibody dynamic modeling of five-axis machine
tool vibrations and controller. CIRP Annals-Manufacturing Technology,
2022, 71(1): 325-328.

J Mertes, M Glatt, C Schellenberger, et al. Development of a 5G-enabled
digital twin of a machine tool. Procedia CIRP, 2022, 107: 173-178.

J Schmid, A Schmid, R Pichler, et al. Validation of machining operations
by a virtual numerical controller kernel based simulation. Procedia CIRP,
2020, 93: 1478-1483.

A Hanel, T Schnellhardt, E Wenkler, et al. The development of a digital
twin for machining processes for the application in aerospace industry.
Procedia CIRP, 2020, 93: 1399-1404.

R Neugebauer, S Ihlenfeldt, A Hellmich, et al. Modelling feed drives
based on natural excitation—improving accuracy. CIRP Annals-Manu-
facturing Technology, 2017, 66: 369-372.

X Cao, G Zhao, W Xiao. Digital twin—oriented real-time cutting simula-
tion for intelligent computer numerical control machining. Proceedings
of The Institution of Mechanical Engineers Part B: Journal of Engineering
Manufacture, 2022, 236: 5-15.

W Xiao, X Cao, G Zhao, et al. The intelligent manufacturing connota-
tion of digital twin and its application in CNC machining. Intelligent
Manufacturing, 2021, 5: 30-46. (in Chinese)

S Haag, R Anderl. Automated generation of as-manufactured geometric
representations for digital twins using STEP. Procedia CIRP, 2019, 84:
1082-1087.

T Xiao, H Jiang, G Ding, et al. Research on digital twin modeling and
monitoring of five-axis grinder. Journal of System Simulation, 2021, 33:
2880-2890. (in Chinese)

Y Altintas, D Aslan. Integration of virtual and on-line machining process
control and monitoring. CIRP Annals-Manufacturing Technology, 2017,
66:349-352.

YTan,Y Zhang, L Liy, et al. Spindle system digital twin for dynamic
characteristic monitoring. China Mechanical Engineering, 2020, 31:
2231-2238. (in Chinese)

Y Cai, J Zhang, B Starly, et al. Sensor data and information fusion to con-
struct digital-twins virtual machine tools for cyber-physical manufactur-
ing. Procedia Manufacturing, 2017, 10: 1031-1042.

M Armendia, F Cugnon, L Berglind, et al. Evaluation of machine tool
digital twin for machining operations in industrial environment. Proce-
dia CIRP, 2019, 82: 231-236.

W Luo, T Hu, Y Ye, et al. A hybrid predictive maintenance approach

for CNC machine tool driven by digital twin. Robotics and Computer-
Integrated Manufacturing, 2020, 65: 101974.

N Irino, A Kobayashi, Y Shinba, et al. Digital twin based accuracy com-
pensation. CIRP Annals-Manufacturing Technology, 2023, 72 (1): 345-348.
W Luo, T Hu, C Zhang, et al. Digital twin for CNC machine tool: Mod-
eling and using strategy. Journal of Ambient Intelligence and Humanized
Computing, 2019, 10: 1129-1140.

GTsenga, C Chena, K Erkorkmaz, et al. Digital shadow identification
from feed drive structures for virtual process planning. CIRP Journal of
Manufacturing Science and Technology, 2019, 24: 55-65.

M Turhan, G Tseng, K Erkorkmaz, et al. Dynamic model identification for
CNC machine tool feed drives from in-process signals for virtual process
planning. Mechatronics, 2020, 72: 102445.

CWang, K Erkorkmaz, J McPhee, et al. In-process digital twin estimation
for high-performance machine tools with coupled multibody dynam-
ics. CIRP Annals-Manufacturing Technology, 2020, 69: 321-324.

C Chou, M Duan, C Okwudire. A linear hybrid model for enhanced
servo error pre-compensation of feed drives with unmodeled nonlinear
dynamics. CIRP Annals-Manufacturing Technology, 2021, 70: 301-304.

J Zhang, J Ding, N Sugita, et al. A sample construction method in
kinematics characteristics domain to identify the feed drive model.
Precision Engineering, 2021, 68: 82-96.

Y Jiang, J Chen, H Zhou, et al. Residual learning of the dynamics model
for feeding system modelling based on dynamic nonlinear correlate
factor analysis. Applied Intelligence, 2021, 51: 5067-5080.

H Jiang, G Ding, T Xiao, et al. Digital twin evolution model and its
application in intelligent manufacturing. Journal of Southwest Jiaotong
University, 2022, 57(6): 1386-1394. (in Chinese)

[105]

[106]

[107]

[108]

[109]

[110]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

Page 25 of 26

Y Wei, THu, T Zhou, et al. Consistency retention method for CNC
machine tool digital twin model. Journal of Manufacturing Systems,
2020, 58:313-322.

K Lee, C Lee. Virtual feed drive system of machine tools development
and applications in diagnosis and servo-tuning. Asian Journal of Control,
2020, 22:2167-2182,

H Shen, S Liu, M Xu, et al. Adaptive transfer method of digital twin
model for machining field. Journal of Shanghai Jiaotong University, 2022,
56(1): 70-80. (in Chinese)

Z Liang, SWang, Y Peng, et al. The process correlation interaction
construction of digital twin for dynamic characteristics of machine tool
structures with multi-dimensional variables. Journal of Manufacturing
Systems, 2022, 63: 78-94.

H Sun, F Peng, L Zhou, et al. A hybrid driven approach to integrate sur-
rogate model and Bayesian framework for the prediction of machining
errors of thin-walled parts. International Journal of Mechanical Sciences,
2021,192:106111.

YYang, Y Yang, M Xiao, et al. A Gaussian process regression-based sur-
rogate model of the varying workpiece dynamics for chatter prediction
in milling of thin-walled structures. International Journal of Mechanical
System Dynamics, 2022, 2: 117-130.

Y Wei, T Hu, P Yue, et al. Study on the construction theory of digital twin
mechanism model for mechatronics equipment. International Journal of
Advanced Manufacturing Technology, 2022. doi: https://doi.org/10.1007/
s00170-022-09144-w.

XYang, Y Ran, G Zhang, et al. A digital twin-driven hybrid approach for
the prediction of performance degradation in transmission unit of CNC
machine tool. Robotics and Computer-Integrated Manufacturing, 2022,
73:102230.

L Zhang, J Liu, X Wu, et al. Digital twin-based dynamic prediction of
thermomechanical coupling for skiving process. International Journal of
Advanced Manufacturing Technology, 2022. doi:https://doi.org/10.1007/
500170-022-08908-8.

HYu, D Yu, CWang, et al. Edge intelligence-driven digital twin of CNC
system: Architecture and deployment. Robotics and Computer-Inte-
grated Manufacturing, 2023, 79: 102418.

M Xu, S Liu, H Shen, et al. Burr control of weak rigid drilling process
driven by digital twin. Computer Integrated Manufacturing Systems, 2023,
29(4): 1115-1126. (in Chinese)

X Jiang, L Chen, J Zheng, et al. High-precision control method of direct-
drive components based on digital twin model. Journal of Mechanical
Engineering, 2021, 57: 98-109. (in Chinese)

L Zhang, J Liu, C Zhuang, et al. Contour error suppression method of
multi-axis CNC machine tool based on digital twin. Computer Integrated
Manufacturing Systems, 2021, 27: 3391-3402. (in Chinese)

G Wang, Y Cao, Y Zhang. Digital twin-driven clamping force control for
thin-walled parts. Advanced Engineering Informatics, 2022, 51: 101468.

X Zhao, L Zheng, Y Wang, et al. Services-oriented intelligent milling for
thin-walled parts based on time-varying information model of machin-
ing system. International Journal of Mechanical Sciences, 2022, 219:
107125.

J Chen, S Li, X Leng, et al. Bionic digital brain realizing the digital twin-
cutting process. Robotics and Computer-Integrated Manufacturing, 2023,
73:102591.

J Osho, A Hyre, M Pantelidakis, et al. Four Rs framework for the develop-
ment of a digital twin: The implementation of representation with a
FDM manufacturing machine. Journal of Manufacturing Systems, 2022,
63:370-380.

A Rasheed, O San, T Kvamsdal. Digital twin: Values, challenges and ena-
blers from a modeling perspective. IEEE Access, 2020, 8: 21980-22012.

Z Duan, TWu, S Guo. Development and trend of condition monitor-
ing and fault diagnosis of multi-sensors information fusion for rolling
bearings: A review. International Journal of Advanced Manufacturing
Technology, 2018, 96: 803-819.

L Kong, X Peng, Y Chen. Multi-sensor measurement and data fusion
technology for manufacturing process monitoring: A literature review.
International Journal of Extreme Manufacturing, 2020, 2: 27-54.

R Lynn, W Louhichi, M Parto, et al. Rapidly deployable MTConnect-
based machine tool monitoring systems. Proceedings of the 2017
Manufacturing Science and Engineering Conference, Los Angeles, USA,
July 17-20,2017:1-11.


https://doi.org/10.1007/s00170-022-09144-w
https://doi.org/10.1007/s00170-022-09144-w
https://doi.org/10.1007/s00170-022-08908-8
https://doi.org/10.1007/s00170-022-08908-8

Zhang et al. Chinese Journal of Mechanical Engineering (2024) 37:47

[126] Q Liu. Introduction to intelligent manufacturing. Beijing: China Machine
Press, 2021.

[127] Y Cui, S Kara, K Chan. Manufacturing big data ecosystem: A systematic
literature review. Robotics and Computer-Integrated Manufacturing, 2020,
62:101861.

[128] KLee, E Song, P Gu. Integration of MTConnect and standard-based
sensor networks for manufacturing equipment monitoring. Proceed-
ings of ASME 2012 International Manufacturing Science and Engineering
Conference, Notre Dame, USA, June 4-8, 2012: 1-8.

[129]1 D Li, Y Lin. Using virtual sample generation to build up management
knowledge in the early manufacturing stages. European Journal of
Operational Research, 2006, 175: 413-434.

[130] M Patel, XWang, S Mao. Data augmentation with conditional GAN
for automatic modulation classification. Proceedings of the 2nd ACM
Workshop on Wireless Security and Machine Learning, Linz, Austria, July
13,2020: 31-36.

[131] HYang, ZWang, T Zhang, et al. A review on vibration analysis and
control of machine tool feed drive systems. International Journal of
Advanced Manufacturing Technology, 2020, 107: 503-525.

[132] XLiu, Y Li,Y Cheng, et al. Sparse identification for ball-screw drives con-
sidering position-dependent dynamics and nonlinear friction. Robotics
and Computer-Integrated Manufacturing, 2023, 81: 102486.

[133] Y Wei, T Hu, Y Wang, et al. Implementation strategy of physical entity for
manufacturing system digital twin. Robotics and Computer-Integrated
Manufacturing, 2022, 73: 102259.

[134] FTao, X Sun, J Cheng. MakeTwin: A reference architecture for digital
twin software platform. Chinese Journal of Aeronautics, 2024, 37(1): 1-18.

Lei Zhang bornin 1987, is currently a lecturer at School of Mechani-
cal Engineering, Tianjin University of Commerce, China. He received his
Ph.D. degree from Tianjin University, China, in 2018. His research inter-
ests include the motion control of CNC machine tools and digital
twins.

Jianhua Liu  was born in 1977 and is currently a professor at School
of Mechanical Engineering, Beijjing Institute of Technology, China. He
received his Ph.D. degree from Bejjing Institute of Technology, China, in
2005. His research interests include digital manufacturing.

Cunbo Zhuang born in 1991, is an associate researcher at School
of Mechanical Engineering, Beijing Institute of Technology, China. He
received his Ph.D. degree from Beijing Institute of Technology, China,
in 2018. His research interests include digital twin and intelligent
manufacturing.

Page 26 of 26



	Digital Twin Modeling Enabled Machine Tool Intelligence: A Review
	Abstract 
	1 Introduction
	1.1 Overview and Analysis of Machine Tool Intelligence
	1.2 Origin and Development of Digital Twin
	1.2.1 Origin of Digital Twin
	1.2.2 Development of Digital Twin in Manufacturing

	1.3 Correlation Analysis between Machine Tool Intelligence and Digital Twin
	1.4 Research Methodology
	1.5 Structure and Overview of This Review

	2 Digital Twin Modeling Approach Toward Machine Tool Intelligence
	2.1 Data-Based Approach
	2.1.1 Improvement of “Data & Network” and “Self-Perception”
	2.1.2 Improvement of “Self-Perception” and “Self-Learning”
	2.1.3 Improvement of “Self-Learning” and “Self-Decision”
	2.1.4 Overall Improvement of “Self-Perception”, “Self-Learning” and “Self-Decision”
	2.1.5 Overall Improvement of “Self-Perception”, “Self-Learning”, “Self-Decision” and “Self-Execution”
	2.1.6 Summary

	2.2 Mechanism-Data Dual Driven Approach
	2.2.1 Improvement of “Data & Network” and “Self-Perception”
	2.2.2 Improvement of “Self-Perception” and “Self-Learning”
	2.2.3 Improvement of “Self-Perception” and “Self-Decision”
	2.2.4 Improvement of “Self-Learning” and “Self-Decision”
	2.2.5 Overall Improvement of “Self-Perception”, “Self-Learning” and “Self-Decision”
	2.2.6 Overall Improvement of “Self-Perception”, “Self-Learning”, “Self-Decision” and “Self-Execution”
	2.2.7 Summary

	2.3 Existing Bottleneck Problems

	3 Architecture and Key Technologies of Digital Twin Machine Tool
	3.1 Architecture of Digital Twin Machine Tool
	3.2 Key Technologies of Digital Twin Machine Tool
	3.2.1 Data Perception and Fusion Technology
	3.2.2 Mechanism-Data-Knowledge Hybrid-Driven Digital Twin Modeling and Virtual-Real Synchronization Technology
	3.2.3 Dynamic Optimization and Collaborative Control Technology of Multilevel Parameters


	4 Development Trend of Digital Twin Machine Tool
	4.1 Full Life Cycle
	4.2 Cloud-Fog-Edge Collaboration
	4.3 Deep Integration with New-generation Information Technologies Such as 5G and Augmented RealityMixed Reality

	5 Conclusions
	Acknowledgements
	References


