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Abstract

As key equipment in the manufacturing industry, computer numerical control (CNC)
machines need to meet the ever-increasing demands for high automation, intelligence,
and integration. Since its introduction in 2003, digital twin (DT) has seen its broad ap-
plications in various areas, such as product design, process monitoring, quality control,
and fault diagnosis. A DT creates a virtual replica of the physical system by integrating
real-time data with simulation technologies, providing new possibilities to make CNC
machining more intelligent. In the past decade, extensive research has been conducted
on the implementation of CNC machining DTs (CNCDTs). This paper focuses specifically
on multisensor data fusion-driven CNCDTs by introducing key technologies including
sensors, data fusion, and CNCDT architecture. A comprehensive survey is conducted
on existing studies of CNCDTs according to their application areas, followed by critical
analysis on existing challenges. This review summarizes the current progress of CNCDTs
and provides guidance for further development.

Keywords: multisensor data fusion; digital twin; CNC machining

1. Introduction

A digital twin (DT) is a digital replica of a real-world physical process or system that
serves as an effectively indistinguishable digital counterpart of it for practical purposes,
such as simulation, integration, testing, monitoring, and maintenance [1]. The idea of using
virtual models to simulate physical systems can be traced back to 1970 when NASA used
complex modeling and simulation techniques to replicate the spaceship in the Apollo 13
mission [2]. In 2003, Michael Grieves introduced the concept of DT during a presentation
at the University of Michigan on product lifecycle management development centers [3],
which was called “information mirroring model” at that time. He defined it as a virtual
model of a physical object, emphasizing the integration of physical and digital systems for
real-time monitoring, simulation, and optimization. Before 2010, DT generally remained
a pipe dream since the required computing power, connectivity, and data storage were
far too expensive for most industries to implement. In 2010s, along with the advances
in computation capabilities and network technologies, DT has gained wide adoption in
various industries such as manufacturing, construction, energy, and automotive indus-
tries [4-9]. These industries started using DTs not only for design and simulation but also
for continuous monitoring, predictive maintenance, and process optimization.

Computer numerical control (CNC) machines are core resources in the manufacturing
industry. CNC machining is a subtractive manufacturing process that produces parts by
removing material from workpiece stocks. It is critical to modern manufacturing for its
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ability to produce accurate, reliable, and affordable parts. However, CNC machines are very
complicated and require expert knowledge in their operation and maintenance. Incorrect
cutting settings, worn tools, or improper maintenance not only deteriorate product quality,
but can also lead to unscheduled downtime and even catastrophic failures. Traditionally,
process monitoring and quality control in CNC machining have been done manually by
either in-process observation or offline measurement. These methods are either restricted
by limited accessibility during machining or require a lot of time for dismantling and tool
setup. Since the 1960s, computer-aided design (CAD), computer-aided manufacturing
(CAM), and computer-aided engineering (CAE) have represented the earliest virtual tools
that were used to assist product design, manufacturing, and engineering analysis processes.
Although these virtual models are not DTs in the modern sense, they laid the foundation
and were later integrated as essential components in the implementation of DTs in the
manufacturing sector. In the 2000s, as computing power and sensor technologies kept
advancing, machine tool manufacturers like Siemens and FANUC started integrating
more advanced software and sensors into CNC machines, allowing for better monitoring
and optimization of machining processes. Early efforts began to align with some of the
principles of the DT concept: creating a digital replica of the physical CNC machine that
could simulate, monitor, and optimize its behavior [10-12]. The introduction of Internet of
Things (IoT) marked a major turning point for the use of DTs in CNC machining. Multiple
sensors were deployed on CNC machines to collect real-time machining signals, such as
cutting forces, torques, vibrations, acoustic emission (AE), motor current, temperature.
These signals were fused together to provide more precise and reliable information about
machine status, machining process, and part quality.

Nowadays, smart manufacturing is becoming a major trend, which requires increas-
ing adoption of digital technologies and artificial intelligence (AI) to enhance machining
process speed, efficiency, quality, and safety [13,14]. As an important enabling technology
for the successful implementation of smart machining [15], DTs provide a high-fidelity
digital model of the physical machine, thus providing an effective solution to make CNC
machining more efficient and intelligent. A milestone chart that shows the development of
DT technologies in CNC machining is presented in Figure 1. Hence, the major motivation
of this paper is to conduct a survey of the state of the art of multisensor-based DTs in CNC
machining, thus providing insights for transitioning from multisensor DTs to systematic
and intelligent DTs. The remainder of this paper is organized as follows. Section 2 intro-
duces the sensors that are commonly used in CNC machining for data collection. Section 3
discusses three levels of data fusion technologies, Section 4 illustrates the architecture of
CNC machining DTs (CNCDTs), and Section 5 presents recent studies on CNCDT applica-
tions. Finally, Section 6 concludes the article by presenting existing challenges and future
research directions.
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Figure 1. Milestone chart that shows the development of DT technologies in CNC machining. Bottom:
key milestone events associated with the development of DT from concept proposal, technical
breakthrough, to industrial applications. Top: key technologies that supported the development
of CNCDTs.

2. Sensors Commonly Used in CNC Machining Monitoring

A sensor is a transducer that converts a physical phenomenon into an electrical signal.
Sensors are indispensable components in CNCDTs as they collect real-time data from
the physical system, which serves as the foundation to simulate, analyze, and optimize
the machining process. Commonly used sensors in CNC machining monitoring include
dynamometers, accelerometers, AE sensors, temperature sensors, displacement sensors,
and machine vision cameras. A comparison of different types of these sensors is provided
in Table 1.

2.1. Dynamometer

Cutting forces are one of the most sensitive indicators of machining performance and
tool condition [16,17]. A triaxial dynamometer is usually used to measure cutting forces
and torque during machining operations. Dynamometers are generally based on either
strain gauges or piezoelectric materials, with the latter being considerably more expensive.
A major difference between strain-gauge dynamometers and piezoelectric dynamometers is
their sampling rates. The typical sampling frequency range of strain-gauge dynamometers
is 1500 to 2500 Hz, whereas piezoelectric dynamometers can work at a sampling rate
up to 10,000 Hz [18]. Hence piezoelectric dynamometers are more favorable in high-
speed dynamic applications. Depending on their configurations, dynamometers can also
be categorized into stationary dynamometers and rotating dynamometers. Stationary
dynamometers are mounted between the workpiece and machining worktable to measure
XYZ cutting forces acting on the workpiece. Rotating dynamometers are inserted into a
machine’s spindle and follow its rotation; hence, they can directly measure the cutting
forces acting on tool cutting edges. Once the cutting force data is obtained, proper signal
processing techniques are needed to analyze it in both time and frequency domains.
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Table 1. Comparison of different types of dynamometers, accelerometers, and displacement sensors.

Types Working Principle Maximum Sampling Frequency Cost Limitations Application Scenarios
Measures strain in a Limited frequency . -
. C 1 . response Static or slow force variations
Strain-gauge material via changein A few kHz Low e o
Dynamometer . Low sensitivity Long-term monitoring
resistance. ) ;
Drift and noise
Cannot measure static
Measures dynamic force forces Dvnamic and hieh-frequenc
Piezoelectric via charge generated in ~ Tens kHz High Sensitive to Y & 4 Y
. ¢ measurements
piezoelectric crystals. temperature
High cost
rs Temperature drift and
Uses capacitive or .
iezoresistive sensing to noise Static or low-frequency
MEMS P . A few kHz Low Low sensitivity
Accelerometer detect motion of a o measurements
- Limited frequency
minijature proof mass.
response
Uses piezoelectric Cannot measure static High-frequency,
Piezoelectric materials that generate  Hundreds kHz High acceleration high-accuracy dynamic
charge when stressed. Bulky and expensive = measurements
. Requi hysical
Electromagnetic Cc)er?;f’ce R Contact-based applications
Displ LVDT induction via a moving  Tens kHz Moderate Limited frequenc Static or slow mggement
isplacement ferromagnetic core. d y
sensor response
Eddy currents induced Only wqus with
. . conductive targets Non-contact measurement of
in a conductive target Sensitive to metallic targets
Eddy current when it is exposed to an  Tens MHz Moderate . . & .
- . temperature drift and  High-speed dynamic
oscillating magnetic . L
. target material applications
field. .
variations
Highly sensitive to High-precision and
Measures distance surface reflectivity non-contact measurements
Laser using reflected laser Hundreds kHz High and texture Applications requiring long

beam (triangulation or
time of flight).

Needs precise
alignment and clean
optical path

range
Measuring on non-metallic
or delicate surfaces
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2.2. Accelerometer

CNC machines consist of various mechanical parts, with each exhibiting specific vi-
bration characteristics. The vibration signal in CNC machining has not only been proven
to be very useful in monitoring tool conditions [19-22], controlling part quality [23,24],
but is also essential for detecting and diagnosing abnormal conditions [25]. Accelerome-
ters are commonly used to sense vibration signals. Two widely used accelerometers are
piezoelectric accelerometers and microelectromechanical system (MEMS) accelerometers.
When a piezoelectric accelerometer is subject to vibrations, a mass applies a force to the
piezoelectric material, which causes it to output a charge that is proportional to the accel-
eration. The charge output is then converted into a low impedance voltage with the help
of electronics. When a MEMS accelerometer undergoes acceleration, force applied to the
proof mass causes it to be displaced. This displacement changes the gap between a pair
of parallel electrode plates, leading to a capacitance or resistance change, which is then
converted to an appropriate voltage signal [26].

2.3. Acoustic Emission Sensor

AE, also known as stress wave emission, is the production of sound and ultrasound
wave radiation of a material when it undergoes deformation and fracture processes [27].
AE sensing is a noncontact method of detecting elastic energy generated from mechanical
deformation induced in the machining process. Thus, detection and analysis of these
stress waves can be used to locate and identify damage, fractures, and cracks. Since
its discovery in the early 1950s, AE sensing has seen tremendous growth in the use of
machinery condition monitoring, fault diagnosis, and quality control in manufacturing
processes [28-30]. AE signals during metal cutting process can be generally classified into
either continuous AE signals or burst-type AE signals [31]. Continuous AE signals are
associated with plastic deformation of the workpiece as well as tool flank wear, while burst-
type AE signals are often observed during crack growth in material, tool fractures, or chip
breakage. The key to successful AE sensor applications is to eliminate unwanted noise and
extract feature signals that are related to the targeted process parameters [32]. Piezoelectric
AE sensors are the most commonly used AE sensors due to their high sensitivity and
rapid response. The frequency range of AE sensors varies from 20 kHz to 1 MHz and
the meaningful information of AE signals in the machining process is mostly above 100
kHz [33]. Another common type of AE sensors is microphone, but its frequency range is
limited to 100 kHz [34].

2.4. Temperature Sensor

Temperature sensors are mainly used for thermal error compensation in CNC machin-
ing. Thermal errors due to internal and external heat sources are one of the main factors
affecting CNC machining accuracy. Internal heat sources include the cutting process, spin-
dle motors, friction in bearings, etc. External heat sources refer to the ambient environment.
According to relevant studies [35,36], thermal deformations are responsible for 40-70%
of geometric inaccuracies of machine tools. Although using thermally stable materials in
the construction of CNC machine tools is a good practice to reduce these deformations,
they are very expensive and can lead to other problems such as increased vibration or
lower acceleration [37]. Another technique is to reduce thermal errors through numerical
compensation. This approach deploys a temperature sensor network on a CNC machine
and establishes a model between temperature readings and thermal deformation. Thermal
error compensation is done by adjusting the position of a machine’s axes according to the
predicted thermal deformation errors [37-39].
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2.5. Displacement Sensor

Displacement sensors are precision sensors used to measure the distance or movement
of an object from a reference position, usually in terms of linear or angular displacement.
These sensors play a crucial role in displacement measurement and position detection
in CNC machining, such as to measure geometric error, surface quality, and thermal
deformation of CNC equipment. While there are various types of displacement sensors, the
displacement sensors used in CNC machining need to have high accuracy and are generally
limited to contact sensors or probes such as linear variable differential transformers (LVDTs)
or non-contact sensors such as eddy current sensors and laser displacement sensors. LVDTs
convert linear displacement into a proportional electrical signal using electromagnetic
induction. Eddy current sensors measure change in impedance that is related to the
distance between the sensor and a conductive target, while laser displacement sensors use
laser triangulation or time of flight to measure distance.

2.6. Machine Vision

Machine vision has been widely used in monitoring tool condition and workpiece
surface roughness [40,41]. Cutting tool flank wear is generally measured offline using
an optical microscope, in which the tool needs to be dismantled from the tool holder. In
modern manufacturing, online monitoring using machine vision technology is preferred
as it does not cause machine downtime. Traditionally, part surface roughness assessment
has been done using a stylus profilometer, which requires the part to be removed from
the machining equipment, so called offline measurement. Due to the advances of image
processing and analysis technologies, noncontact online assessment of surface roughness
can be accomplished by machine vision [40,42-44]. Evaluation of surface roughness using
machine vision is based on the principle of surface texture characterization of machined
surface images using texture analysis techniques to establish the relationship between these
parameters with surface roughness values [45].

3. Multisensor Data Fusion

Multisensor data fusion refers to the acquisition, processing, and synergistic combi-
nation of information gathered by various sensors to provide a better understanding of
a phenomenon [46]. In recent years, multisensor data fusion technology has been widely
used in both military and civilian fields. Based on the level of source information being
processed, data fusion can generally be categorized into data-level fusion, feature-level
fusion, and decision-level fusion [47,48]. A comparison of them is provided in Table 2.

3.1. Data-Level Fusion

Data-level fusion refers to the direct fusion of various types of raw data obtained
through multiple sensors. A common data-level fusion method is image fusion. For
instance, Wang et al. [49] used a signal-to-image conversion method to fuse vibration
signals from three channels of an accelerometer. Vibration signals from three channels
during the same time segment were sampled and then converted into a grayscale image
by using an image processing function. The grayscale image then underwent a deep
convolutional neural network (CNN) to generate output that provided fault recognition
information for rotating machinery. Azamfar et al. [50] proposed a CNN-based data-level
multisensor data fusion framework for multiple current sensors. Specifically, raw frequency
domain data from multiple current sensors were stacked row by row to form a matrix as
the input to a CNN architecture. As the convolutional filters moved across the input matrix,
information from multiple sensors was fused together for gearbox faults diagnosis.
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Table 2. Comparison of data-level, feature-level, and decision-level data fusion.

Advantages Disadvantages

Application Scenarios

Example Algorithms

Data-level

Feature-level

Decision-level

High bandwidth and
Highest information granularity =computation requirements
Minimal information loss Highly sensitive to noise and
sensor failures

Requires domain expertise in
feature engineering and data
representation

Strikes a balance between
information richness and
processing complexity

Hard to reconcile conflicting

Strong flexibility and robustness system outputs

Homogeneous sensors and
real-time monitoring needs

Feature extraction is reliable
Retain significant information
without dealing with raw data
To be used with machine
learning algorithms

High-level control and strategic
decisions when component
systems are mature and reliable

Simple and weighted averaging
Kalman filter
CNN

Fuzzy inference
Machine learning algorithms

Majority and weighted voting
Bayesian probabilistic inference
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Data-level fusion provides the highest granularity of information with minimal infor-
mation loss, allowing downstream algorithms to exploit all the primitive data. However,
the high data volume imposes challenges on bandwidth and computational requirements.
Meanwhile, it is highly sensitive to noise and sensor failures [48]. Thus, data-level fusion is
better suited for applications with homogeneous sensors and real-time monitoring needs.

3.2. Feature-Level Fusion

Feature-level fusion extracts feature information from raw data sources and fuses
them using appropriate calculations and algorithms for subsequent decision analysis. A
common practice in feature-level multisensor data fusion is that statistical features such
as average, peak-to-peak, variance, maximum, kurtosis, and root mean square of original
signals are extracted and used as inputs for a machine learning algorithm. For instance,
Tangjitsitcharoen et al. [51] developed an in-process monitoring system of the tool wear
and cutting states in CNC turning process by utilizing multisensor fusion technology. The
system consisted of a dynamometer, an accelerometer, an AE sensor, and a sound sensor.
Energy spectrum densities of signals from the dynamometer, AE sensor, and sound sensor,
the average variance of the acceleration signals, and cutting parameters were used as inputs
for a two-layer neural network, and the output was the level of tool wear. Garcia et al. [52]
used multiple sensors to predict part surface roughness in turning operations. Features of
signals from these sensors were extracted by using different methods, such as time direct
analysis, power spectral density, singular spectrum analysis, and wavelet packet transform.
These features were then fused together as inputs for multiple regression and artificial
neural networks. Duro et al. [34] developed a CNC machining monitoring system that
was composed of three microphones. The three microphones had been positioned around
the workpiece. Signals from the three microphones were filtered, normalized, and then
combined by a weighted summation method. Wang et al. [53] presented a multisensor data
fusion technique to predict tool wear for a milling machine. Sensor signals were obtained
by a dynamometer and three accelerometers. Statistical features in time and frequency
domains were extracted and fed as inputs for various machine learning algorithms to
predict tool wear.

Feature-level fusion strikes a balance between information granularity and abstraction.
It is a popular approach in predictive maintenance, quality control, and fault diagno-
sis. The advantages of feature-level fusion are, after feature extraction, the amount of
data to be processed is reduced and the real-time performance is improved [48]. How-
ever, its performance depends heavily on domain expertise in feature engineering and
data representation.

3.3. Decision-Level Fusion

Decision-level fusion is a high-level data fusion technique that involves integration
of preliminary decisions from different sensors or methods. A common approach in
decision-level data fusion is weighted summation. For example, Tian et al. [54] used
decision-level data fusion for porosity prediction in laser-based additive manufacturing.
High-speed thermal images of the melt pool were captured. A PyroNet based on CNNs
and an IRNet based on recurrent convolutional networks were used to correlate sequential
thermal images with layer-wise porosity. Predictions from PyroNet and IRNet were fused
at decision-level using a weighted summation method to obtain more accurate results.
Safizadeh and Latifi [55] used an accelerometer and a load cell for vibration fault diagnosis
of rolling element bearings. The two sensors were used independently to obtain decision-
making. Then k-nearest neighbor (KNN) classifier was used to choose the class with the
highest probability. Wei et al. [56] developed a decision-level data fusion approach to predict



Machines 2025, 13, 921

90f23

the surface roughness of additively manufactured components. Low-level preliminary
decisions based on temperature and vibration sensor data were transformed into high-level
decisions integrated by a convex optimization model.

Decision-level fusion has strong flexibility and robustness [57], which represents a
feasible fusion approach when other fusion methods are not practical. It is ideal for high-
level control and strategic decisions when component systems are mature and reliable, but
would encounter challenges to reconcile conflicting system outputs.

4. Architecture of CNCDTs

By establishing a digital replica of a physical entity, DTs can achieve real-time inter-
active mapping with the physical entity and provide useful information and guidance in
its full life cycle. The two key requirements of CNCDTs are real-time response and high-
fidelity. Real-time DTs mean the continuous, low-latency data transmission and processing
between a physical system and its digital replica, enabling dynamic updates and analytics
without noticeable lag. High-fidelity refers to the degree of accuracy, detail, and realism
with which the DT replicates the physical system, including accurate modeling, rich data,
realistic simulation, and accurate prediction. As shown in Figure 2, a CNCDT typically
consists of five components:

(1) Physical space contains all the physical manufacturing resources, including CNC
machines, sensors, electronics, and robotics.

(2) Digital space is the digital counterpart of the physical space. By utilizing real-time
manufacturing data obtained from the physical space and relevant models and al-
gorithms in the knowledgebase, digital space can realize multiple functions such as
process monitoring, process optimization, tool wear prediction, quality control, and
fault diagnosis.

(3) Communication represents the data exchanging between the physical space and
digital space. Communication from physical space to digital space includes data from
the CNC machine, such as process parameters, machine condition data, and data
obtained via sensors. Communication from the digital space to the physical space is
mainly feedback control signal used to optimize the machining operation.

(4) Database is a container of massive manufacturing data that is related to both the
physical and digital spaces. It is a support system to realize various DT-enabled
applications.

(5) Knowledgebase acts as the brain of a CNCDT by integrating models and algorithms
with various DT applications. Machine descriptive models are models that are used
to describe the mechanical, electrical, and hydraulic subsystems of machining equip-
ment. Machining process models are used to understand the cutting process and
achieve fault diagnosis. Tool models can be used to understand the tool wear pro-
cess and achieve proactive tool changes. Part quality models are used to establish
the relationship between machining process and part quality, such as dimensional
accuracy and surface roughness. Most models have the capabilities of self-learning
and self-improving based on new data. Algorithms are machine learning approaches
to solve practical DT problems, such as linear regression, artificial neural networks,
random forest, support vector machines (SVMs), etc.
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Figure 2. Architecture of CNCDTs.

5. Applications of DTs in CNC Machining

In CNC machining, DTs fuse real-time data from the physical system with digital
intelligence, providing a comprehensive platform to improve machining operations. This
section provides an overview of existing studies that have leveraged DTs in CNC machining
applications, including machining process monitoring, machining quality control, machin-
ing process optimization and adaptive control, tool wear monitoring and prediction, and
fault diagnosis and predictive maintenance (shown in Figure 3 and summarized in Table 3).

5.1. Machining Process Monitoring

Modern machining equipment is getting more automated with less dependance on
human labor. The success of an automated machining system relies on a robust monitoring
system for online supervision of key process parameters. Although machining simulation
has been utilized in the manufacturing sector for decades, it is limited to machining process
validation and toolpath generation—so called CAM. However, this offline simulation mode
cannot reflect real-time process conditions, limiting its applications in intelligent machining
process monitoring. The advances of DT, along with other information technologies such
as IoT and augmented reality (AR), create new possibilities for real-time machining process
monitoring [58]. For instance, Liu et al. [59] proposed a machining process monitoring
system based on DT and AR. The system utilized AR technology to fuse virtual information
with real-time physical data, promoting cooperation between operators and the DT system.
Guo et al. [15] developed a DT-driven machining simulation and monitoring system based
on perception-monitoring-feedback framework. Using CNC code as the simulation object,
the system could monitor the cutting process, avoid tool collisions, and predict tool wear.
In the machining process, many phenomena affect machine conditions and product quality,
such as tool wear, chatter, and tool breakage. Many of these cutter-related failures can
be detected using DT technology. For instance, chatter is a kind of self-excited vibrations
that frequently occurs during machining operations, which induces severe damage to both
spindle tools and workpieces [60-62]. Jauhhari et al. [63] developed a DT virtual machining
system for detecting chatter by using the variational mode decomposition method, wavelet-
based synchro-squeeze transform, and transfer learning application. Different features were
extracted from the raw data and then fed as inputs of neural networks. The system showed
94.04% classification accuracy in the experiments. Bakhshandeh et al. [64] presented a
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DT-assisted online monitoring and control system for CNC machining. The CNC and
external sensor data were synchronized online with the DT data by mapping the actual tool
center positions from the CNC machine to the positions in the virtual machining system.
The machining process monitoring and control system was demonstrated for various
applications including adaptive cutting, tool wear progression, tool breakage detection,
and chatter detection. Similarly, Bai et al. [65] developed a DT-based tool wear monitoring
and chatter detection system, in which cutting forces and vibration data were used to
estimate tool wear and detect chatter, respectively.

Compared with traditional machining process monitoring that highly relies on manual
inspection and operator experience, DT-based machining process monitoring combines
sensor data, machine parameters, historical data, CAD/CAM models, and optimizes
machining systems in a more automated and proactive manner. Despite these advan-
tages, several limitations persist. Most notably, the accuracy of DTs depends heavily on
high-quality, real-time data and robust modeling techniques. Challenges such as data
integration across heterogeneous systems, high computational requirements, and limited
interoperability with legacy CNC machines hinder widespread deployment. Many ex-
isting implementations are tailored to specific machines or processes, limiting scalability
and generalizability.

5.2. Machining Quality Control

In-process quality monitoring and assurance plays a significant role in intelligent
manufacturing. One of the most critical quality characteristics in CNC machining is geo-
metric accuracy. In CNC machining, dynamic error refers to the difference between the
commanded tool path and the actual tool path, which could arise from the servo system
or caused by external factors such as machine structure flexibility, vibrations, and thermal
deformation. DT offers a possibility to achieve online monitoring of these variations and
utilize online adjustments to eliminate post-process quality control. This is crucial for
improving productivity and reliability, and reducing production times and costs [66]. For
example, Irino et al. [67], Zhang et al. [68], and Zheng et al. [69] utilized DT technology to
compensate for dimensional errors caused by thermal deformation in CNC machining. Luo
et al. [70] presented a predictive DT-driven dynamic error control approach for accuracy
control in slow-tool-servo ultraprecision diamond turning. The total dynamic error was
predicted using in-line acceleration data near the tool and a feedforward controller was
used to mitigate the total dynamic error. Recently, digital threads have emerged as a
promising solution to integrate multi-dimensional and multi-process data [71]. In multi-
process machining, error propagation between different processes presents challenges to
current DT systems. To address this issue, Lin et al. [72] developed digital threads to
identify machining states and analyze error evolution and implement effective closed-loop
control. DT-based adaptive control to ensure geometric accuracy is essential for thin-walled
parts such as impellers and blisks, among others in the aerospace industry. Machining
thin-walled or slender parts is challenging because the cutting forces causes excessive
part deformation that significantly influences machining accuracy. Therefore, it is of great
significance to develop an effective online deformation detection and compensation method
to ensure machining quality and accuracy. Zhang et al. [73] built a DT-based online optimal
control method for milling deformation of thin-walled parts. Multidimensional DT model-
ing, knowledge-driven milling deformation simulation, and milling deformation optimal
control were introduced as the three key technologies. The framework took into considera-
tion both deformation and force data and could realize real-time deformation perception,
high-fidelity and low-latency simulation, and online optimal process control to improve
machining accuracy of thin-walled parts. Abed et al. [74] introduced a feedback loop
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that integrated DT to adjust toolpath to correct machining errors in milling low-stiffness
structures. When milling a low-rigidity structure, the cutting forces and vibrations lead to
dimensional errors that significantly impair parts” geometric accuracy. Traditional methods
either use lower material removal rate or post corrective run to correct geometric errors.
The proposed approach utilized DT to estimate 3D deformations by fusing cutting force
signal in XYZ directions and corrected the toolpath automatically. As a case study, the
DT-in-the-loop method was tested on an end milling operation of low-stiffness component.
Experimental results showed that the proposed method significantly reduced geometric
errors by 78.96%. Li et al. [75] considered both the milling force and the time-varying
effect of tool wear in the dynamic error compensation in the machining of impeller blades,
where features were extracted and fused from multiple sensors. Similarly, Lu et al. [76]
utilized DT technologies to monitor the surface quality of slender parts in turning op-
erations. Quality and productivity are usually two competing factors in manufacturing.
Utilizing an uncertainty-aware DT, Kim et al. [77] proposed an intelligent feed rate op-
timization that maximized productivity while maintaining quality under desired servo
error constraints and stringency. The DT was able to incorporate known uncertainty from
physics-based models and learn unknown uncertainty using an online data-driven model
to predict contour error’s distribution. Based on the uncertainty estimation from the DT,
the intelligent feed rate optimization framework was capable of maximizing feed rate while
accurately constraining contour error under desired tolerance and stringency. Other than
geometric accuracy, surface roughness is another important quality characteristic in ma-
chining operations. Liu et al. [78] developed a DT-based surface roughness prediction and
process parameter adaptive optimization method for CNC machining. A DT containing
machining elements was first constructed to monitor the machining process and served
as a data source for process parameter optimization. Then a prediction model based on
a hybrid machine learning technique was used to realize surface roughness prediction
by feeding cutting conditions and sensor data as inputs. The DT system could perform
adaptive optimization of cutting parameters based on the predicted surface roughness.
Zhao et al. [79] proposed a surface roughness prediction model based on pigeon-inspired
optimization and SVM. Machine parameters, along with average cutting force, were fed as
inputs. The model had self-learning ability to keep increasing the prediction accuracy by
feeding more training data. A machining parameter self-adaptation adjustment method
based on DT was proposed to stabilize the machined surface quality.

Although DT-based machining quality prediction can reduce reliance on post-process
inspection, its accuracy is often compromised by sensor noise or limited model generaliza-
tion across different machining equipment, cutting conditions, or materials. High-fidelity
quality prediction requires extensive computational resources and accurate physical mod-
els, which are often not feasible in small and medium-sized enterprises (SMEs). These
DT models may not capture subtle machine tool degradation or environmental factors
that affect part quality. Any practical DT-based quality control system needs to support
closed-loop control, where in-process quality predictions trigger real-time adjustments
to machining parameters (e.g., feed rate, spindle speed, cutting depth) to maintain part
quality. Despite the theoretical advantages, real-world implementations of closed-loop
DTs for quality control are rare. Lack of standardized integration between DTs and CNC
controllers poses a significant barrier.

5.3. Machining Process Optimization and Adaptive Control

In traditional machining practice, cutting parameters are pre-determined and stay
constant during the machining process. Recently, there has been a desire for adaptive
machining in which cutting parameters are adjusted dynamically according to variable pro-
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cess conditions, in order to maintain constant spindle load. Benefits of adaptive machining
include improved surface quality, reduced manufacturing cycle times, and prevention of
tool breakage [80]. In addition, a tool monitoring adaptive control system can adjust feed
rate based on the tool wear condition. DTs can be utilized in both spindle load-based and
tool wear-based adaptive machining. For example, Tong et al. [81] proposed a DT-driven
cutting force adaptive control approach for milling process. A virtual machining system
was developed to predict cutter-workpiece engagement conditions. The actual cutting
force was estimated based on the feed driven current and other machine parameters, and
the feed rate was adjusted accordingly to maintain the cutting force at the desired value.
Besides spindle load, other objectives that are considered in adaptive machining include
energy consumption [82] and machine-induced residual stress [80]. Vishnu et al. [82] built
a DT model to predict two key performance indicators, energy consumption and surface
roughness, in CNC machining. Various machine learning methods, including SVM, fully
connected deep neural network, and gaussian process regression, were used to establish
the relationship between process parameters and performance indicators. The built models
can be used to optimize process parameters to improve key performance indicators. Ward
et al. [80] used DT technology for adaptive feed rate control in a CNC machining center
to achieve stable cutting conditions. Instead of relying on real-time external sensor data,
the DT model utilized internal data such as position information and cutting parameters
from the machine to estimate real-time cutting force and spindle power. The limitation of
this method is that the simulation of the cutting force was based upon a theoretical model,
therefore accuracy is not guaranteed.

DTs turn machining from a rule-based, pre-planned activity into an intelligent, self-
adjusting process. Compared with traditional manufacturing practice that follows pre-
programmed parameters, DT-assisted process optimization and adaptive control generally
strike a better balance between conflicting objectives such as cycle time vs. surface quality,
tool life vs. cutting speed, and energy consumption vs. productivity. Nonetheless, existing
applications of DTs in machining process optimization and adaptive control are often built
using simplified physics-based models or data-driven models that cannot capture the full
complexity of dynamic machining processes. Meanwhile, integration with existing CNC
controllers and legacy systems remains a challenge. Introducing adaptive control strategies
to existing CNC equipment can cause instabilities if the DT model is not precisely calibrated
or if sensor latency is significant.

5.4. Tool Wear Monitoring and Prediction

Many tool issues affect product quality, such as tool wear, chatter, and tool breakage.
These issues degrade the quality of machined parts and cause unscheduled machine
downtime, and even lead to catastrophic tool failures [83]. Conventionally, tool changes
have been conducted regularly at a frequency that is determined by operators. Early
replacement of a workable tool wastes resources and increases downtime, while late
replacement of a worn tool results in lower quality workpieces. Certain types of downtime
that are caused by excessive tool wear during the machining operations can be avoided
by implementing a tool condition monitoring (TCM) system. TCM systems are developed
to monitor tool conditions and predict tool life by acquiring appropriate in-process signal
and utilizing pattern recognition techniques, thereby reducing machine downtime by
implementing scheduled tool changes. TCM in machining processes has been studied for
over 30 years, which generally can be categorized into either direct methods or indirect
methods [21,41]. Direct methods use optical equipment and machine vision technology to
directly observe the tool. For example, a microscope can be used to capture tool images
which are then evaluated by image analysis technology. Direct methods have a high degree
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of accuracy [84] because they can directly measure the tool geometry. Despite its popularity,
direct assessment of cutting tools using machine vision remains a challenge since the cutting
area is not always accessible during the machining operation, in addition to the presence of
coolant and cutting chips [85]. In contrast to direct methods, indirect methods are based on
the relevance of sensor signals (e.g., cutting forces, vibration signals, and AE) for tool wear
conditions [86]. In this method, a variety of sensors are deployed to continuously monitor
machining signals, such as cutting forces, vibrations, AE, and so on. DT combines physical
knowledge with data-driven intelligence, providing a new paradigm for implementing
TCM [87]. Kumar et al. [88] developed a DT model to monitor the tool condition of a lathe.
Several sensors including thermocouples, dynamometers, acoustic sensors, speed sensors,
and vibration sensors were used for data collection, which was fed to an Arduino based
data acquisition platform. The raw data was then fused by different machine learning
algorithms such as KNN, SVM, random forest, multilayer perception, and CNN. This
model was then used for analyzing and detecting tool condition changes. Zi et al. [89]
proposed a DT-based cutter wear monitoring system for milling operations. Feature signals
of the machining process were gathered through sensors in real-time, which were combined
with a DT system to predict the tool wear state. Natarajan et al. [90] proposed a DT-driven
TCM system for milling processes. It collected sensor data from an accelerometer and a
microphone. Features extracted from sensor data were fed as inputs to different machine
learning algorithms to predict tool wear values. Zhuang et al. [91] presented a DT-driven
tool wear monitoring and prediction model for turning processes. A virtual cutting tool
model was built to simulate the cutting process, and data fusion technologies (feature
extraction and selection) were utilized to ensure the agreement between physical and
virtual systems. Tool wear classification and prediction were presented based on various
machine learning algorithms. Liu et al. [92] built a DT-based TCM system consisted of three
parts: the physical product, the virtual product, and data flow connections. The physical
product represents the machining processes; The virtual product provides real-time tool
condition monitoring based on vibration data collected during the machining processes as
well as its model frequency features. The data flow connections involve vibration data and
machine tool numerical controller signals, which are fused at the data level.

DT-based TCM systems often suffer from over-reliance on labeled training data, which
is scarce and costly to generate for every tool-workpiece combination. Most existing re-
search was based on specific tool types, cutting conditions, and materials, while lacking
generalizability when transferred to other situations. The accurate monitoring and predic-
tion of tool wear relies heavily on machine learning algorithms. These algorithms learn from
extensive and reliable data collected under real industrial conditions. Hence, the challenges
to achieve reliable and robust data acquisition and processing, and algorithm selection and
tuning must be resolved before DTs can be implemented widely in TCM systems.

5.5. Fault Diagnosis and Predictive Maintenance

CNC machine tools are complex with highly coupled structures, variable working
environments, and different failure modes. The relationship between machine signal and
fault causes is intricate and implicit. The long diagnosis and repairing time significantly
reduces machining efficiency and productivity. Therefore, it is critical to implement reli-
able online fault diagnosis of CNC machine tools using DT technologies. Xue et al. [93]
developed a DT system consisted of a mechanical subsystem, an electrical control subsys-
tem, and a heat transfer subsystem. In practice, it is hard to accurately reflect the state of
these physical systems since they are constantly changing due to variations in working
conditions, machining processes, and material properties. Therefore, this study developed
a DT model library in which each model mapped one possible state of the physical system.
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Additionally, a model selector was trained using the DT dataset, and sensor data was
used as input to determine the model that best matched with the monitoring data. Finally,
the built model was used to effectively diagnose the stiffness deterioration of the spindle
during CNC operations. Predictive maintenance is an effective method to avoid faults and
improve the reliability of CNC machines. The transition from reactive repairing to proac-
tive maintenance minimizes machine downtime, extends machine lifetime, and improves
enterprise profitability and competitiveness [94]. Nowadays, predictive maintenance has
become a new trend of prognostic and health management for complex equipment [95].
Based on multisensor data fusion, utilizing real-time model-based simulation models with
live process data has demonstrated improved performance. Luo et al. [96] proposed a
hybrid predictive maintenance method for CNC machine tools. A DT model was first built
to simulate the actual working conditions, and DT data was gathered by different types
of sensors. Then the simulated data and sensing data were fused by a particle filtering
algorithm for reliable predictive maintenance. Aivaliotis et al. [97] presented a DT model
to calculate the remaining useful life (RUL) of machinery equipment for predictive mainte-
nance. The resources and properties of the machinery equipment were first modeled in a
DT environment that could simulate the real machine’s behavior. Data was gathered by
machines’ controllers and external sensors to be used for the synchronous tuning of the
DT model.

The success of fault diagnosis and predictive maintenance largely relies on a high-
fidelity modeling of the physical system. However, most existing research has focused on
individual components of the CNC machine tools with oversimplified models that over-
looked the coupling between different components, which could lead to inaccurate results.
Creating a high-fidelity DT is computationally intensive and requires deep domain knowl-
edge. Inaccurate modeling—either due to oversimplification or incorrect assumptions—can
lead to misleading diagnostics or predictions. Moreover, many existing DT systems are
overly reliant on historical data and lack adaptability to new materials, cutting conditions,
or unforeseen operational anomalies.
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Table 3. Applications of DTs in CNC machining.

Applications Sensors Used Data Fusion Key Performance Limitations Refs
. AR was utilized to fuse virtual
Accelerometer, dynamometer, strain . . R . . .
auge, temperature sensor, laser Data-level information with real physical No deep integration or [59]
. sause, ! information to monitor product human—computer interaction. .
Machining process scanner quality
monitoring Chatter detection with an -
e The model needs pre-training and has
Accelerometers Feature-level average classification accuracy of . . ; [63]
o high computational complexity.
94.04%.
Adaptive cutting force control,
tool wear tracking, tool breakage = Most functions were not evaluated for
Accelerometer, current sensor Data-level . - [64]
detection, chatter detection and accuracy and robustness.
avoidance.
Dvnamometer. accelerometer The proposed method could Study was based on laboratory
y ! ! Data-level accurately estimate tool wear and ~ conditions and lacked deep data [65]
microphone . -
detect chatter. processing and fusion.
CAOfrtlfr zﬁz;ﬁjjlerifmetric More than 20 sensors were used. The
Temperature sensors, dynamometer Data-level P '8 experiment was based on certain [67]
accuracy was enhanced from +15 : re
cutting conditions.
pm to +3 pm.
After thermal error
Machining quality control Temperature sensors, displacement Data-level compensation, geometric The model was bas.ed ona spec1f1c. .CNC [68]
Sensors accuracy was enhanced from 30  machine and certain cutting conditions.
um to +3 um.
. Achieved over 90% accuracy in Stu(fly was done. m Stable lab.o ratory
Displacement sensors, temperature . o environment. Did not investigate how
Data-level predicting thermal error and 72% . . . . [69]
sensors . ; . cutting forces impact spindle heating
increase in machining accuracy.
and thermal error.
Successfully ensured that the Cannot capture highly nonlinear or
Accelerometer, temperature sensor, errors in 1280 processes of the chaotic error behaviors. Error
Data-level . o . . [72]
current sensor case study remained within the propagation modeling cannot be
tolerance range. applied across different domains.
Achieved low-latency milling
. deformation simulation and Performance of the model was not
Force sensor, displacement sensor Data-level . . 1 . [73]
online optimal control of milling  rigorously evaluated.
deformation.
Dynamometer, displacement sensor Datalevel Dlmen51§)nal errors were reduced ~ The model has} high system complexity (74]
by 78.96%. and computational requirements.
Dimensional errors were reduced Other processing factors such as surface
Accelerometer, AE sensor Feature-level by 20°% roughness and tool life were not taken [75]
y £ into account.
Synchronous monitoring of the
Displacement sensor, microphone Data-level diametrical errors and early Only surface quality monitoring was [76]

chatter vibrations in turning of a
slender workpiece.

achieved, without feedback control.
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Table 3. Cont.

Applications Sensors Used Data Fusion Key Performance Limitations Refs.
1 0,
Accelerometers, optical linear Cycle time was re(;h%ced by 38% Several assumptions were made in the
Data-level without compromising error [77]
encoders methodology.
tolerances.
Machining process None (internal sensors) N/A Close_d-lo_op control o_f Simulation of the cutting force was [80]
NS . machine-induced residual stress.  based upon a theoretical model.
optimization and adaptive .
control Cutting forces were accurately The average force was controlled, not
Current sensor Data-level controlled around the desired peak force. The stability of the control [81]
value of 120 N. system needs improvement.
The processing time and prediction
Temperature sensor, dynamometer, . .
Cutting forces and tool wear results were strongly influenced by the
AE sensor, accelerometer, Data-level . . . [88]
could be predicted in real-time. frequency of the sensors, processors,
o speedometer . -
Tool wear monitoring and and selection of algorithms.
prediction Tool wear prediction with an The experiments were conducted in
Dynamometer, accelerometer Feature-level accuracy of 96% and prediction laboratory environment with less [89]
time was below 0.1 s. variations.
Tool wear prediction accuracies
Accelerometer. microphone Feature-level of five machine learning The experiments were based on fixed [90]
! P algorithms varied from 83% to cutting conditions, material, and tool.
91%.
The model has simplified the physical
Dynamometer, accelerometer, Tool wear classification and system, without considering variations
Feature-level . . . [91]
thermal camera prediction were achieved. caused by the environment and
working conditions.
Accelerometers Datalevel A DT—basgd anomaly detection Slow mpdehng a}r’falysm and simple [92]
and real-time TCM. machining conditions.
Displacement sensors, speed sensor, The stiffness deterioration of the ~ Adaptive interaction based on fault
. . temperature sensors, force sensors, Data-level spindle during operation was diagnosis information was not [93]
Fault diagnosis and : . ;
redictive maintenance accelerometers effectively diagnosed. achieved.
P A DT model was built to predict ~ Only the predictive maintenance of
Accelerator, dynamometer, AE sensor ~ Feature-level . ! . [96]
the RUL of cutting tools. cutting tools was realized.
. - A DT model was built to - .
Photoelectric sensors, proximity Data-level calculate the RUL of machinery Only the predictive maintenance of [97]

Sensors, vision sensors

equipment.

cutting tools was realized.
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Figure 3. Applications of DTs in CNC machining. (a) Machining process monitoring [64];
(b) machining quality control [74]; (¢) machining process optimization and adaptive control [80];
(d) tool wear monitoring and prediction [89]; (e) fault diagnosis and predictive maintenance [97].

6. Conclusions and Future Directions

This paper reviews the state of the art of DT research in CNC machining. Sensors that
are commonly used in CNCDTs for data collection are introduced, multisensor data fusion
technologies at different levels are explained, architecture of CNCDTs is illustrated, and
various applications of DTs in CNC machining are reviewed in detail. Based on the review,
existing issues and possible future research directions of CNCDTs are summarized below.
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Standardization: Numerous DT frameworks have been proposed for CNCDTs, but
very few have gained industrial adoption. One of the major setbacks is that there is
no widely agreed standard on the technology architecture of CNCDTs. Other simi-
lar issues include communication protocols between different systems, integration
technologies with existing CAD/CAM/CAE, and manufacturing execution systems
(MESs) and enterprise resource planning (ERP) systems. Although various commu-
nication protocols such as Ethernet/IP [64,81,89], Open Platform Communications
Unified Architecture (OPC-UA) [64,65,78,82,98], and MTConnect [73,82,98] have been
utilized in CNCDT applications, they are not universally supported by CNC equip-
ment. Standardization of CNCDT architecture and protocols is extremely important
for its wide applications. There should also be standards to assess DTs since high-
fidelity modeling is the foundation for reliable applications.

System integration: The majority of existing CNCDT research has been focused on
individual machining tools and discrete functions, e.g., process monitoring, tool
wear prediction, quality control. These DTs can hardly meet the requirements of
modern highly integrated and interconnected manufacturing systems. Future re-
search should focus on implementing system-level DTs, integrating multiple DTs
together, and constructing comprehensive DT platforms that can provide entire
lifecycle services ranging from product design and the manufacturing process to
post-manufacturing maintenance.

Data accessibility: Data is the foundation for CNCDTs. Most CNC machines, especially
legacy ones, are isolated manufacturing resources that have limited communication
with external systems and need expensive retrofitting. The available data is often
very limited and highly heterogeneous, making it challenging to synchronize and
integrate with modern systems. More studies need to be done on sensor deployment,
communication protocols, data acquisition, and data fusion in order to facilitate data
accessibility in implementing CNCDTs.

Artificial intelligence: Machining data is becoming more and more abundant thanks
to the continued development of sensor and network technologies. Nonetheless,
deep fusion and utilization of data to obtain valuable information is still limited.
Al is essential in the implementation of DTs so that the digital replica effectively
mirrors the status of the physical machine, thus enabling more efficient and intelligent
manufacturing. Despite the maturity of Al technologies, many manufacturers are
still hesitant to entirely rely on Al and machine learning algorithms, due to their
lack of interpretability and transparency. Under these circumstances, explainable
Al (XAI) [99,100] could provide a promising solution to make the decision-making
processes and outcomes of Al systems more understandable and interpretable.
Human-machine interactions: Humans play a crucial role in DTs even in highly
automated and intelligent manufacturing systems. In most existing DT studies,
humans are still not considered systematically. By integrating humans into DTs, we
ensure these systems are not only technological advanced, but also user-friendly, safe,
and aligned with human needs and behaviors.

Cybersecurity: There are a lot of digital assets and sensitive data in DTs, which often
interconnect with other IoT devices and cloud services. Protecting these assets and
systems from cyberattacks is essential to ensure the security, reliability, and integrity
of the DT systems. Hence, more research needs to be conducted in cybersecurity
strategies, enhanced encryption, and secure communication protocols.
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