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A B S T R A C T   

Digital twins can assist machine tools in performing their monitoring and troubleshooting tasks autonomously 
from the context of smart manufacturing. For this, a special type of twin denoted as sensor signal-based twin 
must be constructed and adapted into the cyber-physical systems. The twin must (1) machine-learn the required 
knowledge from the historical sensor signal datasets, (2) seamlessly interact with the real-time sensor signals, (3) 
handle the semantically annotated datasets stored in clouds, and (4) accommodate the data transmission delay. 
The development of such twins has not yet been studied in detail. This study fills this gap by addressing sensor 
signal-based digital twin development for intelligent machine tools. Two computerized systems denoted as 
Digital Twin Construction System (DTCS) and Digital Twin Adaptation System (DTAS) are proposed to construct 
and adapt the twin, respectively. The modular architectures of the proposed DTCS and DTAS are presented in 
detail. The real-time responses and delay-related computational arrangements are also elucidated for both sys-
tems. The systems are also developed using a Java™-based platform. Milling torque signals are used as an 
example to demonstrate the efficacy of DTCS and DTAS. This study thus contributes toward the advancement of 
intelligent machine tools from the context of smart manufacturing.   

1. Introduction 

Manufacturing has rapidly been transforming under the umbrella of 
the fourth industrial revolution, known as Industry 4.0 [1] or smart 
manufacturing [2]. This transformation diligently utilizes the Informa-
tion and Communication Technologies (ICT) to bring about automation 
and autonomy among the manufacturing enablers (e.g., machines, tools, 
sensors, physical networks among computing devices, actuators, robots, 
computers, CAD/CAM systems, and alike). As a result, the relevant en-
ablers must perform high-level cognitive tasks, such as monitoring, 
understanding, predicting, deciding, and adapting in real-time [3,4]. 
The embedded systems such as Cyber-Physical Systems (CPS) and the 
Internet of Things (IoT) empower the enablers toward performing the 
abovementioned high-level tasks. Many authors have embarked on CPS 
and IoT’s implications in Industry 4.0 or smart manufacturing. For the 
sake of better understanding, some of the recent articles are briefly 
described below. 

Zhou et al. [4] described the conceptual framework of 
new-generation intelligent manufacturing systems. They proposed a 
basic mechanism of human-cyber-physical system, consisting of human 

domain, cyber system, and physical system. The cyber system hosts a 
self-growing knowledge base that integrates expert knowledge and 
machine intelligence through new-generation artificial intelligence. 
Morteza [5] reviewed the extant literature of the Industry 4.0 ecosystem. 
The entities involved in the ecosystem are simulation and modeling, 
CPS, semantic technologies, IoT, Internet of Service (IoS), Internet of 
Data (IoD), cloud computing, big data analytics, blockchain, cyberse-
curity, augmented reality, automation and industrial robotics, and ad-
ditive manufacturing. The proximal and distal relationships among 
these entities achieve personalized product, corporate social re-
sponsibilities, smart factory, smart product, interoperability, modulari-
zation, decentralization, virtualization, real-time capacity, vertical 
integration, and horizontal integration. Rossit et al. [6] presented a 
dynamic scheduling architecture based on data-driven procedures in 
smart manufacturing environments. Both vertical and horizontal data 
integration in the CPS to make the dynamic scheduling achievable. The 
vertical allows establishing direct contact between the physical and 
decision-making levels and horizontal integrations of CPS-driven busi-
ness functions traditionally carried out independently. Big data and 
other relevant technologies become the backbone of dynamic 
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scheduling architecture due to its data dependency. Lu [7] presented a 
state-of-the-art survey of the ongoing research on Industry 4.0, eluci-
dating its content, scope, and findings. This study emphasizes that the 
symbiosis of machine-to-machine communication and 
machine-to-human collaboration will emerge in Industry 4.0. The inte-
gration of engineering processes, business processes, and service pro-
cesses creates a new enterprise information system architecture for 
Industry 4.0. Oztemel and Gursev [8] provided a literature review on 
Industry 4.0 and related technologies. They have emphasized the 
harmonized roles of humans and machines in Industry 4.0—machines 
perform monotonous and recurrent tasks, opening more opportunities 
for humans to perform creative tasks. Developing a taxonomy is a 
pressing need in Industry 4.0. Monostori et al. [9] elucidated the 
structure, functions, and roles of the CPS in manufacturing science and 
technology. They emphasized that CPS evolve due to the advent of 
computer science and information and communication technologies. It 
will bring all stakeholders and aiding manufacturing systems into a 
networked type of integration, breaking the hierarchies. Further 
research, development, and implementation activities are needed to 
give a concrete shape to manufacturing CPS where the socio-ethical 
aspects must not be neglected. Yao et al. [10] described the 
eight-tuple structure of CPS with the characteristics of real-time data 
access, reconfiguration, interoperation, decentralized decision-making, 
intelligence, and proactivity to overcome the limitations of existing in-
tegrated manufacturing systems. They have also emphasized that the 
eight-tuple structure must be upgraded to a nine-tuple structure, adding 
the concept of wisdom manufacturing, incorporating the functionalities 
of social computing, community, crowdsourcing, custom-
ization/personalization, innovation, and sustainability. Lee et al. [11] 
provided a pragmatic 5C architecture of the CPS in manufacturing 
consisting of hierarchically organized five layers called connection, 
conversion, cyber, cognition, and configuration. This architecture helps 
develop more intelligent and resilient manufacturing equipment and 
helps achieve better product quality and system reliability. Lu and Cecil 
[12] outlined the IoT-based collaborative framework, which serves as 
the foundation for cyber-physical interactions and collaborations in In-
dustry 4.0. They have introduced a language called engineering enter-
prise modeling language to materialize the exchange of data and 

information among the IoT embedded devices. Pang et al. [13] devel-
oped a data-driven intelligent decision-making method for facilitating 
quality control in CPS. Different machine learning techniques (e.g., 
artificial neural network) must be incorporated to perform the quality 
control tasks in a predictive way. Nakayama et al. [14] described how 
Industry 4.0 evolves its predecessor (Industry 3.0). They have empha-
sized that achieving vertical and horizontal integration with the aid of 
Industrial Intent of Things (IIoT), service systems, semantic web, arti-
ficial intelligence, and collaborative networks can transform Industry 
3.0 to Industry 4.0. Morgan et al. [15] revisited reconfigurable 
manufacturing from the context of Industry 4.0. The developed a 
three-layer modularity framework of cyber-physical and IIoT frame-
work, consisting of physical control, cyber control and artificial intelli-
gence. Physical control (edge) and cyber control (fog) layers are 
connected by industrial network wherein digital twins play their roles. 
Cyber control and artificial intelligence (cloud) are connected by en-
terprise network where services play their roles. 

Nevertheless, CPS hosts the constituents of smart manufacturing 
systems as schematically illustrated in Fig. 1. As seen in Fig. 1, CPS 
consists of four basic elements, (1) IoT embedded manufacturing en-
ablers, (2) cloud-based data storage and management system, (3) an 
ever-growing knowledge-base, and (4) arrangements regarding Digital 
Twins (DTs). 

The remarkable thing is that different types DTs [17–19] supply the 
knowledge for the ever-growing knowledge-base (see Fig. 1). A DT is a 
computable virtual abstraction of a real-world entity, which must 
respond in real-time [17]. There are three types of DT: (1) object twin, 
(2) process twin, and (3) phenomenon twin [16]. Here, an object twin 
means the DT of a real-world object (e.g., workpiece, cutting tool, ma-
chine tool, sensor, and alike) used in a given manufacturing environ-
ment. A process twin means the DT of a process sequence in a given 
manufacturing environment. A phenomenon twin means the DT of a 
machining phenomenon (e.g., surface roughness, cutting force, tool 
wear, cutting torque, and alike) in a given manufacturing environment. 
These twins collectively recreate the real-world manufacturing envi-
ronment in the cyber space, supply the relevant pieces of knowledge, 
and drive the abovementioned high-level cognitive tasks (monitoring, 
understanding, predicting, deciding the right course of actions, and 

Fig. 1. Role of DTs in CPS [16].  
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adapting). Now, DTs are not readily available. They must be con-
structed. As such, two systems denoted as DT Construction System 
(DTCS) and DT Adaptation System (DTAS) must exist—DTCS constructs 
the relevant DTs and DTAS uses constructed DTs for functionalizing the 
cognitive tasks. 

Many authors have been embarked on DTs’ conceptualization, sys-
tematization, construction, and adaptation from the context of Industry 
4.0 and beyond. DT can be understood with respect to digital model and 
shadow, as described by Aheleroff et al. [17]. The digital model has no 
real-time connectivity with its physical counterpart, but the digital 
shadow has limited or one-directional connectivity with its physical 
counterpart. On the other hand, DT has bi-directional real-time con-
nectivity with its physical counterpart. It has been stressed that DT needs 
semantically annotated content for fulfilling its bidirectional real-time 
connectivity. There is another relevant concept known as a digital 
thread. This concept is synonymous with the digital model or digital 
shadow where the model is product-life-cycle-aware, that is, the model 
is semantically annotated in terms of its role in the product-life-cycle. 
However, many authors have studied DTs. For example, Fuller et al. 
[20] reviewed the recent developments regarding DTs from different 
viewpoints (manufacturing, healthcare, and smart cities). They 
described that a DT incorporates data analytics, artificial intelligence 
(AI)-based modeling, simulation, and visualization for decision-making. 
They suggested that the DT might include validation measures to ensure 
the trustworthiness of the AI-generated models before putting them into 
practice. Kaur et al. [21] mentioned that a DT machine learns from 
real-time sensory data for forecasting the future of the corresponding 
physical counterparts. Jiang et al. [22] described that the DTs drive 
value-added services (intelligent operation and maintenance, moni-
toring, and optimization of assets) in IoT embedded industrial envi-
ronment. For this, they proposed a data-model-service (DMS)-based 
framework for developing the DTs. The Industrial Internet Consortium 
(IIC) [23] articulated that the DTs can be designed discretely (relevant to 
a single entity in a real-life manufacturing environment) for monitoring 
purposes. The discrete DTs can also be composed to create a composite 
DT for realizing the overall manufacturing environment. Nevertheless, 
the DTs acquire data (physical objects’ data, time-series data, historical 
data, and alike) for modeling physical entities. The models represent the 
behavior of those entities by incorporating machine learning and 
simulation techniques. The IIC highlighted that the DTs might contain a 
set of human-comprehensive interfaces for putting them (DTs) into 
practice in industrial applications and making them available to other 
stakeholders whenever required. Tao et al. [24] have presented a 
DT-driven approach for product development. The approach in-
corporates information related to developing a product (design, design 
requirements, process, historical data in the form of big data, and other 
associated factors such as environmental factors, market review, and 
customer feedback). It improves the product design and optimizes 
relevant production and process plans. Ruppert et al. [25] described that 
the real-time sensory data-driven DTs can be integrated with the CPS for 
monitoring the status of the enablers and relevant decision-making. 
They also introduced a DT framework called real-time locating sys-
tems (RTLS)-based DT for production scheduling. Aheleroff et al. [26] 
stressed the role of DT for Mass Personalization Manufacturing (MPM). 
They described that DT promises a high degree of personalization with 
the aid of IoT, artificial intelligence (AI), additive manufacturing (AM), 
and cloud-based technologies in the smart manufacturing paradigm. 
They also proposed a three-dimensional DT reference model consisting 
of DT architecture, agile product development, and DT integration 
hierarchy. 

However, DTs can make a machine tool intelligent [27–29]. As a 
result, DT-embedded machine tools monitor and troubleshoot their ac-
tivities autonomously. For this purpose, sensor signal-based DTs (phe-
nomenon twins) must be constructed and adapted into the CPS apart 
from other types of DTs. Sensor signal-based DTs can be built in many 
ways. One of the pragmatic ways is to consider the issue of data 

transmission delay [30,31]. Sensor signals are subjected to delay while 
being transmitted among different systems in the CPS. When this delay is 
considered, the signal analyses (e.g., time and frequency domains-based 
analyses) may not adequately capture the dynamics of the underlying 
phenomenon. Instead, a domain called the delay domain [32,33] can be 
considered for capturing the dynamics of the underlying phenomenon. 
This is explained in detail in the next section, where an arbitrary signal is 
analyzed in time, frequency, and delay domains, showing that the delay 
domain-based analysis is perhaps the most pragmatic approach for 
capturing the dynamics of the underlying phenomenon. Therefore, 
sensor signal-based DTs built based on delay domain are important for 
developing intelligent machine tools. There have been fewer studies in 
this direction. This study fills this gap. Based on the above consideration, 
this study proposes a DTCS for constructing delay-dependent sensor 
signal-based DTs and a DTAS for adapting the constructed DTs in a 
real-life manufacturing environment. The proposed DTCS and DTAS are 
developed using a Java™-based platform, and their efficacy is also 
investigated. Thus, the rest of this article is organized as follows. Section 
2 presents the analyses of an arbitrary signal in time, frequency, and 
delay domains and demonstrates the importance of delay domain from 
the context of sensor signal-based DTs. Section 3 presents the architec-
ture of the DTCS and DTAS from the viewpoint of intelligent machine 
tools. Section 4 presents the developed DTCS and DTAS, and demon-
strates their efficacy. Section 5 provides the concluding remarks of this 
study. 

2. Delay and its implication 

As mentioned in the previous section, sensor signals are subjected to 
delay while being transmitted among different systems in the CPS. When 
this delay is considered, the signal analyses (e.g., time and frequency 
domains-based analyses [34]) may not adequately capture the dynamics 
of the underlying phenomenon. Instead, a domain called the delay 
domain [32] can be considered for capturing the dynamics of the un-
derlying phenomenon. Based on this consideration, the first half of this 
section describes some of the selected studies on delay-based signal 
processing. The last half of this section presents the implication of delay 
using an arbitrary signal, proving some guidelines showing how to 
accommodate the delay in constructing sensor signal-based DT. 

2.1. Delay-related studies 

Many researchers active in communication and control engineering 
have been working on delay from the context of Industry 4.0-relevant 
communication networks, focusing on its impacts and compensation 
mechanisms. Some of the recent articles are briefly described below. 

Raptis et al. [35] reviewed the data delivery delay and its compen-
sation for the sake of data management (coordination and computation 
of data) in Industry 4.0. Zoppi et al. [36] developed a Quality of Service 
(QoS) framework for mitigating end-to-end delay in industrial wire-
d/wireless sensor networks (WSN). Mo et al. [37] focused on the per-
formance of the networked control systems (NCS) due to delay. They 
showed how the delay impedes the reliability of NCS. Zhang et al. [38] 
proposed a delay compensation algorithm for the NCS using a method 
called Controller Area Network (CAN)-buses. Guck et al. [39] intro-
duced a Software-defined Networking (SDN)-based function split 
framework for reducing delay. It (SDN-based framework) meets the 
end-to-end delay requirements, guaranteeing the real-time QoS of data 
exchange. Yagi and Sawada [40] articulated that delay underlying a 
communication network is random. It causes instability in the feedback 
systems. They also designed a Kalman filter to reduce the effect of the 
random delay. Fan et al. [41] articulated that a random delay underlying 
the NCS degrades the control performance, making the system unstable. 
In this regard, they presented a control scheme called Networked Pre-
dictive Control (NPC). It mitigates the effects of transmission delay and 
achieves desired control performance using two components: Network 
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Delay Compensator (NDC) and Control Prediction Generator (CPG), 
respectively. Wu et al. [42] described sensor-to-actuator and 
controller-to-actuator delays using Markov chains. They also proposed a 
control scheme that compensates these delays and makes the NCS stable. 
Sun and Huo [43] developed a switching control approach called 
Markovian Jump Linear System (MJLS). It models the random delays as 
a Markov process and makes the NCS stable. Guo and Gu [44] described 
that random time delay is the cause of instability and poor performance 
in the NCS. They also suggested a model to improve stability. Baillieul 
and Antsaklis [45] referred to delay as unavoidable and one of the 
challenges of modern networked control systems composed of hetero-
geneous systems and applications. They also mentioned that the sensors 
might fail to transmit data immediately, and data loss may occur due to 
communication delays. They considered that distributed control systems 
perform better in overcoming delay-related issues compared to the 
centralized ones. Bijami and Farsangi [46] described that communica-
tion delay—underlying distributed networked systems composed of 
heterogeneous sub-systems—causes random data loss and makes the 
system unstable. They also developed a control framework for stabiliz-
ing the networked systems. Zunino et al. [47] mentioned that delay 
compensation is needed to transmit data at a higher update rate for 
materializing the real-time behavior of Industry 4.0. They also empha-
sized that systems and applications in Industry 4.0 need to be 
delay-aware for addressing the time-related performance and reliability 
requirements. Ferrari [31] identified different types of delays in an 
IoT-based environment, such as end-to-end delay, round-trip-time, and 
jitter. These delays cause low data delivery rate, data loss, and failure of 
the control systems. The author provided a hardware-independent 
methodology for measuring delays in an industrial IoT-based environ-
ment. Jhaveri et al. [30] presented a delay-aware framework to measure 
the end-to-end delay in real-time SDN-based networks. Kontogiannis 
and Kokkonis [48] proposed a protocol called Fuzzy Real-Time haPticS 
protocol (FRTPS) for alleviating the impacts of delay in real-time ap-
plications. It (FRTPS) alleviates data loss and low data delivery for 
achieving better synchronization and reliability of the systems. Xia et al. 
[49] proposed an algorithm called Mixed-Criticality Relative-execution 
Deadline (MCRD) for managing delay, scheduling of data transmission, 
and reducing data loss in the industrial internet of things (IIoT)-based 

environments. Basir et al. [50] mentioned that fog computing performs 
better than cloud computing for compensating delay-related issues. It 
also achieves low latency data delivery and reliable real-time commu-
nication among heterogeneous systems in the IIoT-based environments. 
They also mentioned that the systems and applications in the IIoT need 
to be delay-aware to limit different types of delays (e.g., processing, 
propagation, transmission, and computation delay) while achieving 
real-time communication. Wang et al. [51] emphasized that communi-
cation delay needs to be considered while designing controllers to 
monitor and control in the NCS. 

2.2. Implication of delay in signal processing 

As described above, delay causes data loss and system instability in a 
given communication and data transmission network. This is true for the 
networks in CPS. Accordingly, this section presents the implication of 
delay using an arbitrary signal, proving some guidelines showing how to 
accommodate the delay in constructing sensor signal-based DT. 

Consider an arbitrary signal denoted as S(i) | i = 0,1,… that follows 
Eq. (1). In Eq. (1), a1,…,a4 and f1,…,f4 are the amplitude and frequency 
components, respectively, where a1 = 15, a2 = 10, a3 = 5, a4 = 10, f1 =

0.08, f2 = 0.03, f3 = 0.06, and f4 = 0.045. As seen in Fig. 2, S(i) (denoted 
as A) is the source signal. When S(i) is transmitted from the source and 
received at a receiver-end, how delay impacts it (S(i)) is the research 
question here. Say, a constant delay is occurred in this process, denoted 
as c, where c = 5. As a result, the receiver-end receives a constant delay- 
driven signal denoted as T(j), where T(j) = S(i + c) | j = 0,1,…, as shown 
in Fig. 2 (denoted as B). On the other hand, say, a random delay is 
occurred, denoted as rl, where rl=1,…,5 ∈ {1,2,3,4,5}. As a result, the 
receiver-end receives a random delay-driven signal denoted as U(k), 
where U(k) = S(i+rl) | k = 0,1,…, as shown in Fig. 2 (denoted as C). 

S(i) = a1sin(2πif1) + a2cos(3 × 2πif2) + a3sin(2πif3) + a4cos(3 × 2πif4)

(1) 

As seen in Fig. 2, when a delay occurs whether it is constant or 
random, the characteristic of the source signal (here S(i)) gets affected. 
However, from visual inspection, the time series of the signals (S(i), T(j) 
and U(k)) are not so insightful for understanding the underlying 

Fig. 2. Implication of delay in S(i).  
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dynamics. For this reason, the abovementioned signals (S(i), T(j), and U 
(k)) are processed in the frequency domain (using Fast Fourier Trans-
formation (FFT)). The corresponding results are shown in Fig. 3(a)–(c), 
respectively. As seen in Fig. 3(a), the frequency domain represents the 
frequencies underlying S(i) as expected. As seen in Fig. 3(b), the fre-
quencies underlying T(j) are not the same compared to that of S(i) (see 

Fig. 3(a)). This means that the constant delay can change the frequency 
information associated with the source signal, S(i). As seen in Fig. 3(c), 
the frequencies underlying U(k) are jumbled. This means that the 
random delay can change the frequency information associated with the 
source signal, S(i) (see Fig. 3(a)), significantly. 

In addition, the abovementioned signals (S(i), T(j), and U(k)) are 

Fig. 3. Frequency domain representations (FFT) of: (a) S(i), (b) T(j), and (c) U(k).  

Fig. 4. Delay maps of: (a) S(i), (b) T(j), and (c) U(k).  

Fig. 5. Construction and use of DT in intelligent machine tools.  
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Table 1 
Functional requirements of the modules underlying the DTCS.  

Modules Fundamental 
Purposes 

Functional Requirements 

Ontology Semantic Web 
Compatibility 

Real-time 
Response 

Data 
Management 

Modeling Machine 
Learning 

Simulation Validation 

Input Signal Acquisition ○ ○ ○ ○     

Modeling Knowledge Extraction   ○  ○ ○   

Simulation Signal Simulation   ○    ○  

Validation Characteristic 
Comparison   

○     ○ 

Output Transferring DT to 
DTAS 

○ ○ ○ ○      

Fig. 6. Modular architecture of the Input module.  

Fig. 7. Modular architecture of the Modeling module.  
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transferred to the delay domain, which is often recommended for 
chaotic signals. The corresponding results are shown in Fig. 4(a)− 4(c), 
respectively. Fig. 4(a) shows the delay map of S(i) consisting of points (S 
(i),S(i + 1)). It is seen that the returns from one point to another follow a 
very systematic pattern. This means S(i) is not chaotic. As seen in Fig. 4 
(b), the delay map of T(j) consisting of points (T(j),T(j + 1)), is somewhat 
distorted compared to that of S(i) (see Fig. 4(a)). This means that the 
constant delay has affected the systematic behavior of the S(i). As seen in 
Fig. 4(c), the delay map of U(k) consisting of points (U(k),U(k + 1)), is 
distorted compared to that of S(i) (see Fig. 4(a)) and T(j) (see Fig. 4(b)). 
The returns from one point to another does not follow a systematic 
pattern anymore. This means that the random delay makes the signal 
chaotic. 

The abovementioned example shows that the dynamics underlying a 
signal becomes complex due to delay, particularly due to random delay. 
In such cases, the delay domain is more informative than the frequency 
domain. However, in CPS, a random delay is most likely to be associated 
with the sensor signals. As a result, while constructing and adapting the 
sensor signal-based DTs, the relevant systems (DTCS and DTAS) must 
accommodate delay domain-based signal processing technique. Based 
on this consideration, the following section presents an architecture of 

DT for intelligent machine tools, where the sensor signal is processed in 
the delay domain subjected to a random delay. 

3. DT-driven intelligent machine tools 

This section presents an architecture of sensor signal-based DT for 
intelligent machine tools. The proposed architecture is schematically 
illustrated in Fig. 5. As seen in Fig. 5, the interplay of a DT and a machine 
tool undergoes two phases. In the first phase, the DT is constructed using 
the DTCS. In the other phase, the DTAS injects the constructed DT into 
the knowledge base. As seen in Fig. 5, the injected DT produces out-
comes (a simulated sensor signal) whenever necessary. On the other 
hand, the machine tool produces a sensor signal while operating. These 
two signals (simulated and real) are compared to decide the course of 
action while performing the intelligent machine tool’s monitoring and 
troubleshooting activities. As described before, when the DT is in the use 
phase (in this case monitoring phase, as shown on the left-hand side in 
Fig. 5), it is subjected to delay as denoted by “d” in Fig. 5. Therefore, the 
DT must be constructed based on a delay-embedded signal processing 
method. Otherwise, the comparison does not make any sense. Based on 
this contemplation, this study proposes a DTCS and DTAS. For better 
understanding, this section first presents the proposed DTCS and its 
functional requirements. Afterward, the modular architectures of the 
DTCS and DTAS are presented in detail. 

3.1. DTCS and its functional requirements 

As seen on the right-hand side in Fig. 5, the DTCS consists of five 

Fig. 8. Modular architecture of the Simulation module.  

Fig. 9. Modular architecture of the Validation module.  

Fig. 10. Modular architecture of the Output module.  
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modules: (1) Input, (2) Modeling, (3) Simulation, (4) Validation, and (5) 
Output modules [16]. These modules collectively constitute the DT. The 
fundamental purpose of these modules are: (1) Acquiring the right piece 

of sensor signal data from a given data repository, (2) Extracting 
knowledge underlying the acquired sensor signal, (3) Simulating sensor 
signal(s) relevant to the acquired one based on the extracted knowledge, 

Fig. 11. Modular architecture of the DTAS.  

Fig. 12. Screen-print of Data import submodule.  
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(4) Comparing the characteristics between the real (acquired) and 
simulated signals, and (5) Transferring the constructed DT to the DTAS, 
respectively. For this, these modules collectively carry out the functional 
requirements called Data Management, Ontology, Machine Learning, 
Modeling, Simulation, Validation, Real-time Response, and Semantic 
Web Compatibility. Note that the function called Data Management 
means to collect and manage data from a data storage system (e.g., 
cloud-based data storage system, see Figs. 1 and 5). Ontology means the 
high-level descriptions of the datasets and associated entities (e.g., 
machining process, machining conditions, sensor, sensor signal, work-
piece, cutting tool, and machines) in the form of user-defined semantic 
annotations, making the contents compatible with semantic web and 
concept maps [52,53]. Modeling means to model the relevant phe-
nomenon, making the machine learning from sensor signal possible. 
Machine Learning means to learn rules for simulation using a suitable 
machine learning approach (e.g., neural networks, deep learning, 
DNA-based computing, and Markov chain). Simulation means to simu-
late a signal on demand using a suitable approach (e.g., discrete 
event-based Monte Carlo simulation and deterministic simulation). 
Validation means to validate the simulation outcomes using a suitable 
approach (e.g., possibility distribution [54], entropy [55], DNA-based 
computing [56], Decisional DNA [57], and phenomenon-dependent 
parameters [16]), ensuring the trustworthiness of the simulation pro-
cess. Real-time Response means reconfiguring the relevant modules 
responding to real-time signal data updates [17,27]. Semantic Web 
Compatibility means to make the whole process of digital twining 
compatible with the semantic web [58], which will dominate Industry 

4.0 and beyond. The relationship among the abovementioned functional 
requirements and the modules of the DTCS are shown in Table 1. 

As seen in Table 1, Real-time Response is associated with all the 
modules. Apart from it (Real-time Response), the Input module is 
associated with the Ontology, Semantic Web Compatibility, and Data 
Management functional requirements. Similarly, the Modeling module 
is associated with the Modeling and Machine Learning functional re-
quirements. The Simulation module is associated with the Simulation 
functional requirement. The Validation module is associated with the 
Validation functional requirement. The Output module is associated 
with the Ontology, Semantic Web Compatibility, and Data management 
functional requirements. If the modules can execute the above-
mentioned functional requirements, then the DT is said to be con-
structed properly. This means that relationships shown in Table 1 are the 
design guidelines for constructing a DT. 

Recall the functional requirement called Real-time Response, which 
is involved with all the modules. In particular, this functional require-
ment is subjected to delay. Therefore, it (delay) needs careful consid-
eration. Otherwise, when the DT is in use (see the left-hand side scenario 
in Fig. 5), it may not produce the desired outcome. Nevertheless, the 
modular architectures of the abovementioned DTCS and DTAS are pre-
sented, as follows. 

3.2. Modular architecture of DTCS 

As mentioned in the previous section, the proposed DTCS consists of 
five modules: Input, Modeling, Simulation, Validation, and Output 

Fig. 13. Screen-print of Data export submodule.  
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modules. These modules collectively construct the DT. The modular 
architecture of these modules is presented as follows. 

3.2.1. Input module 
The Input module is the first module of the proposed DT. The asso-

ciated functional requirements are Ontology, Semantic Web Compati-
bility, Data management, and Real-time Response. Therefore, the Input 
module must deal with semantically annotated contents. The ideal case 
would be to link it to a semantic web-embedded data repository. In re-
ality, this may not be the case. As such, the Input module must be linked 
to an ontology-embedded repository. Besides, it must respond to any 
content update in real-time. Since the goal here is to create a DT based 
on sensor signal data, the Input module must provide a facility to search 
and select the relevant sensor signal data. 

Based on the above consideration, a repository is created where 
signal data of different machining phenomena (e.g., cutting force, cut-
ting torque, surface roughness, and alike) are stored using Extensible 
Markup Language (XML) file format. The contents are semantically 
annotated where the relevant concepts (e.g., machining process, cutting 
conditions, sensor, sensor signal datasets, cutting tool, and alike) and 
their relationships are defined. Thus, the content takes the form of 
concept maps. The relevant node of each concept map contains the 
numerical datasets of a phenomenon. The Input module interacts with 
the repository using two submodules, denoted as Data import and Data 
export submodules. 

Fig. 6 schematically illustrates the modular architecture of this 
module. As seen in Fig. 6, the Data import submodule imports seman-
tically annotated contents from the repository based on a user-defined 
keyword and delivers the contents to the Data export submodule. For 
this, it operates based on search-show-select functions. The Data export 
submodule exports the imported contents to the desired location (e.g., 
Modeling module). For this, it operates based on display-select-export 
functions. 

3.2.2. Modeling module 
The Modeling module is the second module of the proposed DT. The 

associated functional requirements are Modeling, Machine Learning, 
and Real-time Response. It (Modeling module) first acknowledges the 
signal data (exported by the Input module) and then models the un-
derlying phenomenon using a predefined machine learning approach. 
One of the approaches (e.g., neural networks, deep learning, semantic 
modeling, DNA-based computing, or Markov chain) can be used to 
create a model. Besides, the module must rebuild the model responding 
to any update in the exported signal in real-time. 

Since the delay is an inherent characteristic of the systems where the 
DT is supposed to work (see Fig. 5), a model created from a given delay 
map of a signal is perhaps the best option. As such, the Modeling module 
uses Markov chain-based modeling approach since it highly correlates 
with delay maps [59,60]. 

Fig. 7 schematically illustrates the modular architecture of this 
module. As seen in Fig. 7, the Modeling module consists of three sub-
modules, denoted as Data import, Delay Settings, and Markov chain- 
based modeling submodules. The Data import submodule imports the 
dataset exported by the Input module, and displays its (dataset) time 
series and delay map. The Delay settings submodule allows the user to 
set a delay out of three choices (default, constant, random), and thereby, 
constructs delay-driven dataset. It also displays the delay-driven dataset 
(time series and delay map) for the sake of user comprehensibility. As 
such, the user may reset the delay if required. The Markov chain-based 
modeling submodule extracts knowledge underlying the delay map 
(obtained from the Delay settings submodule) in the form of a Markov 
chain. For this, the user may use a set of default or customized latent 
states. Note that the relevant mathematical formulations for Markov 
chain-based modeling are beyond the scope of this study. Refer to 
Ref. [61] for the details. 

Fig. 14. Screen-print of Modeling module.  
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3.2.3. Simulation module 
The Simulation module is the third module of the proposed DT. The 

associated functional requirements are Simulation and Real-time 
Response. It (Simulation module) first acknowledges the model 
created by the Modeling module and then simulates the phenomenon 
using a predefined simulation approach (discrete event-based Monte 
Carlo simulation or deterministic simulation). Besides, the module must 
respond to the model update on a real-time basis. Since the Modeling 
module uses the Markov chain, the Simulation module uses a discrete 
event-based Monte Carlo simulation approach. The module first simu-
lates the latent states (states defined in the Modeling module) and 
translates the states into their numerical counterpart based on a pre-
defined probability distribution. Note that the relevant mathematical 
formulations and simulation algorithms are beyond the scope of this 
study. One may refer to the work described in [61] for the details. 

Fig. 8 schematically illustrates the modular architecture of this 
module. As seen in Fig. 8, the module operates based on define-execute- 
display functions. The user defines the Monte Carlo simulation approach 
by selecting a probability distribution and setting the distribution- 
relevant parameters. The user also decides how many times the same 
simulation process should run. Based on these, the module executes the 
simulation process and displays the simulation outcomes in time series 
and delay maps. 

3.2.4. Validation module 
The Validation module is the fourth module of the proposed DT. The 

associated functional requirements are Validation and Real-time 
Response. It (Validation module) verifies the simulation outcomes’ 
appropriateness, using one or more pre-defined validation approaches 
(e.g., possibility distribution, entropy, DNA-based computing, Deci-
sional DNA, and phenomenon-dependent parameters). It then selects 
and stores some of the validated simulation outcomes for re-use. Besides, 
the module must respond to any update in the simulation outcomes on a 
real-time basis. 

Fig. 9 schematically illustrates the modular architecture of this 
module. As seen in Fig. 9, the module consists of two submodules, 
denoted as Computation and Selection submodules. The Computation 
submodule is responsible for executing the validation process. In this 
study, it (Computation submodule) uses possibility distribution (fuzzy 
numbers) [54] for the sake of validation. Note that other parameters can 
be integrated if required. On the other hand, the Selection submodule is 
responsible for selecting and storing some of the validated outcomes 
based on some user inputs. 

3.2.5. Output module 
The Output module is the last one. The associated functional re-

quirements are Ontology, Semantic Web Compatibility, Data manage-
ment, and Real-time Response. It (Output module) acts as the connecting 
point between the DTCS and DTAS. As such, it must interact with the 

Fig. 15. Screen-print of Simulation module.  
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other modules (Input, Modeling, Simulation, and Validation modules), 
acknowledge their contents, and export them to the DTAS whenever 
required. Besides, it must respond to any update in any of the modules 

mentioned above in real-time. 
Fig. 10 schematically illustrates the modular architecture of this 

module. As seen in Fig. 10, the module operates based on select-export 

Fig. 16. Screen-print of the Computation submodule.  

Fig. 17. Screen-print of the Selection submodule in the Validation module.  
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functions. As such, the module transfers the constructed DT to the DTAS 
whenever required. 

3.3. Modular architecture of DTAS 

The DTAS uses the constructed DT for monitoring a real-life 
machining process. Fig. 11 schematically illustrates the modular archi-
tecture of the DTAS. As seen in Fig. 11, it acknowledges the DT- 
generated signals and uses the signals to monitor a real-life machining 
process in real-time. For this, it uses a user-defined error threshold (%). 
It displays the monitoring results so that the user can decide the right 
course of action. 

Based on the abovementioned architectures, the DTCS and DTAS are 
developed using a Java™-based platform, as presented in the following 
section. 

4. Constructing DT 

This section presents a DT that is constructed using a Java™-based 
platform. The constructed DT consists of two integrated systems (DTCS 
and DTAS) presented in the following two sections, respectively. The 
scenario here is to monitoring a machining process. In addition, the 
efficacy of the constructed systems is also described. 

4.1. DTCS 

Consider a machining phenomenon called cutting torque created due 
to a machining process (e.g., milling). In this case, the user can use the 
Data import submodule of the Input module (Fig. 12) to search 
semantically annotated contents based on a keyword (here, cutting 
torque). The submodule provides a facility (‘Show’ button in Fig. 12) to 
visualize the fetched content. It also provides a facility (‘Select’ button in 
Fig. 12) to import the desired content and deliver it to the Data export 
submodule of the Input module. 

Fig. 13 shows the user interface of the Data export submodule. It first 
displays the imported content in the form of a concept map, a list of 
propositions, and graphical plots of numerical datasets. The submodule 
then provides a facility (‘Plot’ button in Fig. 13) to visualize and select 
the datasets. It also provides a facility (‘Export’ button in Fig. 13) to 
export the selected dataset to the Modeling module or any other data 
storage systems. One of the remarkable aspects of this Input module is its 
scalability with user-defined ontology. For example, the contents shown 
in Fig. 13 (concept map and underlying propositions) can be represented 
in various ways in the repository. The module can respond to such 

variability. This means that the module does not depend on strict 
ontological formalism. Rather, it provides a flexible way of annotating 
machine and human-readable content. 

Fig. 14 shows the user interface of the Modeling module when a 
Markov chain is created from a delay map of a cutting torque signal 
(imported from the Input module, see Fig. 13). The map corresponds to a 
random delay, that is, 1 ± 0.02 ms. Five latent states, namely Very Low 
(VL), Low (L), Moderate (M), High (H), and Very High (VH) are used. The 
transition probabilities of these states are calculated and displayed. As 
such, the transition matrix serves as the model (Markov chain) of the 
given torque signal. If a user prefers, the other labels and the number of 
latent states can be used for modeling. The preferences can be set using 
the user interface (not visible in Fig. 14). 

Fig. 15 shows the user interface of the Simulation module. Here the 
user sets a probability distribution to simulate the numerical counter-
parts of latent states. The user can choose a probability distribution out 
of normal, uniform, triangular distributions and set the corresponding 
parameters. In addition, the user can set the number of simulation in-
stances. In the case shown in Fig. 15, the user has chosen the normal 
distribution and set the standard deviation equal to 0.02. Other values 
can be used if preferred. In addition, the user has set the number of 
simulation instances equal to 100. As such, the system runs the same 
simulation process 100 times and creates 100 sets of torque signals. The 
simulation outcomes (time series and delay map) are shown in the user 
interface. The user can scroll the time series and delay maps to see the 
consistency of the simulation process. 

Fig. 16 shows the user interface of the Computation submodule of the 
Validation module. It displays the time series and delay map used to 
construct the model in the Modeling module (black-colored plots). It 
also displays the simulated time series and delay map created in the 
Simulation module (blue-colored plots). (In Fig. 16, the simulated time 
series and delay map correspond to simulation number 21.) Whether or 
not the simulated outcomes correspond to the real one, the Computation 
submodule induces possibility distributions (fuzzy numbers) [54], 
quantifying the uncertainty in the real and simulated outcomes. The 
submodule displays the corresponding possibility distributions for the 
visual inspection. The user can scroll the number of simulations and see 
the corresponding results. In the graphs of possibility distributions, the 
induced triangular fuzzy numbers are also displayed (purple-colored 
curves). Apart from visual inspection, four parameters, denoted as Area, 
Average, Core, and Support, are used to quantify the similarity between 
the possibility distributions, as shown on the right-hand side in Fig. 16. 
This results in a single error measure, defined as Error (see Appendix A). 
The instance shown in Fig. 16 corresponds to the Error of 4%. 

Fig. 18. Screen-print of Output module.  
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Fig. 17 shows the user interface of the Selection submodule of the 
Validation module. It first displays the error summary in the form of a 
scatter plot between the Error and the number of simulations (shown on 
the left-hand side in Fig. 17). It then provides a facility to select some of 
the simulation outcomes based on a user-defined maximum allowable 

Error. The case shown in Fig. 17 corresponds to the maximum allowable 
Error of 10%. As such, the submodule retrieves 23 simulation outcomes 
and displays corresponding results in the form of time series and delay 
maps (shown on the right-hand side in Fig. 17). The user can scroll the 
retrieved outcomes and see the corresponding results. The user can store 

Fig. 19. Use of constructed DT in monitoring: (a) no abnormality detected, (b) an abnormality detected.  
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all or some of the retrieved outcomes in a repository for reuse. In the case 
shown in Fig. 17, five (5) of the retrieved simulation outcomes are 
stored. As such, these five simulation outcomes can be exported to other 
stakeholders (e.g., DTAS) on-demand via the Output module. 

Fig. 18 shows the user interface of the Output module. The module 
exports the other module(s) to the DTAS based on user selection. In the 
case shown in Fig. 18, all the modules are exported. This means that all 
the five torque simulation results (available in the Validation module) 
and the relevant contents (available in other modules) are exported to 
the DTAS. Therefore, the DTAS utilizes those simulation results for 
monitoring a real-life machining process, as presented in the next 
section. 

4.2. DTAS 

Fig. 19 shows the user interface of the DTAS. The DTAS acknowl-
edges all the five DT-generated cutting torque signals (visible one signal 
at a time) and uses them in monitoring. As seen in Fig. 19(a), the 
interface displays the time series of one of the DT-generated torque 
signals (blue-colored plot) and the torque signal from a machine tool 
(black-colored plot). The user can scroll to see the other DT-generated 
torque signals. The system measures the errors between the signal 
from the machine tool and the DT-generated signals to detect an ab-
normality. For this, the DTAS considers a user-defined error threshold. 
In the case shown in Fig. 19(a), an error threshold of 15% is used. As 
seen on the top right-hand side in Fig. 19(a), the maximum error (12%) 
lies under the threshold (green-colored region). This means that the 
torque signal from the machine tool shows no abnormality. Apart from 
the maximum error, the error distribution related to all the DT- 
generated signals can also be seen in the form of a scatter plot, as 
shown on the bottom right-hand side in Fig. 19(a). On the other hand, 
the system detects abnormality when any of the error values exceed the 
threshold. This scenario is shown in Fig. 19(b). Note that the error 
computation follows the mathematical formulations described in 
Appendix A. 

5. Concluding remarks 

Futuristic machine tools need the assistance of the DTs to perform 
their monitoring and troubleshooting tasks. These twins are not readily 
available. Systems are needed to construct and adapt these DTs. Two 
computerized systems are developed on the Java™-based platform, 
denoted as DTCS and DTAS. The first system constructs a DT, and the 
other adapts the constructed DT. 

The DTCS consists of five modules: Input, Modeling, Simulation, 
Validation, and Output modules. These modules collectively construct 
the DT. These modules’ functional requirements are Data Management, 
Ontology, Machine Learning, Modeling, Simulation, Validation, Real- 
time Response, and Semantic Web Compatibility. 

The Input module can search semantically annotated datasets stored 
in a remote data storage facility and select the appropriate signal data-
sets. This module handles both human-comprehensible contents 
(concept maps) and machine-readable contents (XML format). This 
arrangement ensures effective data mining because signal datasets 
accompany other relevant information (e.g., machining process, ma-
chine tools, machining conditions, sensors, and alike), making it 
meaningful to different stakeholders. 

The Modeling module machine learns the dynamics underlying the 
Input module-supplied sensor datasets. In this case, numerous machine 
learning methods can be used. In this article, a Markov chain-based 

machine learning method is used. This method works well when the 
signal datasets are sampled from a delay map, acknowledging the un-
derlying delay (random or deterministic). Delay is unavoidable, as 
described in Section 2. The Modeling module supplies the machine- 
learned model of the signal datasets to the Simulation module. This 
module simulates the signal using the modeling information received. In 
this case, a discrete event stochastic simulation process is recommended, 
as shown in Section 4. Whether or not the simulation module has 
simulated the signal datasets faithfully can be tested in the Validation 
module. Thus, the Valuation module is equipped with some quantitative 
measures. In this article, a possibility distribution-based approach is 
used for validation. This method works well, as shown in Section 4. The 
Output module transfers the contents generated in other modules for 
reuse. The user can select the contents of the Input, Modeling, Simula-
tion, and Validation modules for transferring them to a data storage 
facility in the XML format. One of the default locations is DTAS. Thus, 
the Output module is the connecting point between the DTCS and DTAS. 
Though the DTAS can adapt all the contents generated in DTCS, it uses 
only the simulated signal datasets tested positive by the Validation 
module while monitoring a process. It receives real-time signals from a 
machine tool for monitoring purposes. Therefore, it is equipped with a 
user interface showing the monitoring results, as shown in Section 4. 
Any update in the DTCS will change the contents. Therefore, DTAS also 
updates itself, acknowledging the changes made in DTCS in real-time. 
These real-time updating capabilities make these two systems highly 
coupled. 

In this article, milling torque signals are used as an example. Other 
signals also show promising results. Thus, the DTCS and DTAS can be 
used to ensure machine tools’ ability to perform their monitoring and 
troubleshooting tasks autonomously. This way, the finding of this study 
contributes to the advancement of Industry 4.0 or smart manufacturing. 

Nevertheless, a DT can improve the cyber-physical integration of 
industrial IoT. In most cases, the twin must machine-learn the required 
knowledge from the historical sensor signal datasets and seamlessly 
interact with the real-time sensor signals. While doing so, the DTs must 
handle the semantically annotated datasets stored in clouds and 
accommodate the data transmission delay. The presented DTCS and 
DTAS fulfill these requirements of DTs. Therefore, these can be used as 
general tools for information integration in smart manufacturing. 
Further research can be conducted in this direction. 
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Appendix A. Parameters to quantify a possibility distribution (fuzzy number) 

Let {x(t) ∈ ℜ | t = 0, Δt, 2Δt,…, n × Δt} be a real sensor signal collected from a manufacturing process. Here, Δt is the delay. As such, the delay map 
of the real signal consists of the ordered pairs {(x(t),x(t+Δt)) | t = 0, Δt, 2Δt,…, n-1 × Δt)}. Let {s(t) ∈ ℜ | t = 0, Δt, 2Δt,…, n × Δt} be a DT generated 
signal (i.e., simulated signal). As such, the delay map of the simulated signal consists of the ordered pairs {(s(t),s(t+Δt)) | t = 0, Δt, 2Δt,…, n-1 × Δt)}. 
From a given return map, a possibility distribution (fuzzy number) can be induced following the mathematical formulations described in [54]. Thus, 
the point cloud of the real signal induces a possibility distribution denoted as Poss(x) ∈ [0,1] and a triangular fuzzy number (TFN), as schematically 
illustrated in Fig. A1(a). The core of the TFN is one of the cores of Poss(x). The support of the TFN is the support of Poss(x). Similarly, the point cloud of 
the simulated signal induces a possibility distribution denoted as Poss(s) ∈ [0,1] and a triangular fuzzy number (TFN), as schematically illustrated in 
Fig. A1(b). 

Now, a set of four parameters denoted as Pi, i = 1,…,4, can be considered to quantify a possibility distribution and a TFN. Here, P1 is the area under 
the possibility distribution, and P2 is the average possibility, as schematically illustrated in Fig. A2. On the other hand, P3 and P4 are the core and the 

Fig. A1. Possibility distributions and TFNs of: (a) real signal and (b) simulated signal.  

Fig. A2. P1 and P2 from a given possibility distribution.  

Fig. A3. P3 and P4 from a given TFN.  
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range calculated from the support of TFN, respectively, as schematically illustrated in Fig. A3. In Figs. A2, A3, ∃X∈ {x, s} and ∃Y ∈ {Poss(x), Poss(s)}. 
Let {(Xj,Yj) | j = 1,…,N + 1} be the points on the possibility distribution. Therefore, P1 and P2 can be calculated using the following expressions. 

P1 =
∑N

j=1
Aj (A1)  

P2 =

∑N
j=1Aj

(
Xj+1+Xj

2

)

∑N
j=1Aj

(A2) 

Here, the expression of Aj is as follows. 

Aj =

⃒
⃒
(
Xj+1 − Xj

)⃒
⃒
(
Yj+1 + Yj

)

2
(A3) 

Let (uX,wX) and vX be the core and support of TFN, respectively. Therefore, P3 and P4 can be calculated using the following expressions. 

P3 = vX (A4)  

P4 = wX − uX (A5) 

Let Pi(real) denote the values of Pi, i = 1,…,4, for the possibility distribution and TFN corresponding to the real signal. Let Pi(simulated) denote the 
values of Pi, i = 1,…,4, for the possibility distribution and TFN corresponding to the simulated signal. This results in a measure of error denoted as ei. 
This error can be calculated as follows. 

ei =

⃒
⃒
⃒
⃒
Pi(simulated) − Pi(real)

Pi(real)

⃒
⃒
⃒
⃒ (A6) 

The effect of ej can be aggregated by calculating the average error denoted as Error (E). Thus, the following expression holds. 

E =

∑4
i=1ei

4
(A7) 

The simulated signal exhibiting the minimal E matches the real signal as closely as possible. Therefore, E can be used in monitoring a 
manufacturing process. This is implemented in the proposed DT. 
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