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a b s t r a c t
An intelligent manufacturing system is a composite intelligent system comprising humans, cyber systems, and physical systems with the aim of achieving specific manufacturing goals at an optimized level.
This kind of intelligent system is called a human–cyber–physical system (HCPS). In terms of technology,
HCPSs can both reveal technological principles and form the technological architecture for intelligent
manufacturing. It can be concluded that the essence of intelligent manufacturing is to design, construct,
and apply HCPSs in various cases and at different levels. With advances in information technology, intelligent manufacturing has passed through the stages of digital manufacturing and digital-networked
manufacturing, and is evolving toward new-generation intelligent manufacturing (NGIM). NGIM is
characterized by the in-depth integration of new-generation artificial intelligence (AI) technology (i.e.,
enabling technology) with advanced manufacturing technology (i.e., root technology); it is the core
driving force of the new industrial revolution. In this study, the evolutionary footprint of intelligent
manufacturing is reviewed from the perspective of HCPSs, and the implications, characteristics, technical
frame, and key technologies of HCPSs for NGIM are then discussed in depth. Finally, an outlook of the
major challenges of HCPSs for NGIM is proposed.
Ó 2019 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction
Intelligent manufacturing is a general concept that has been
continuously evolving with the development and integration of
information technology and manufacturing technology. In general,
intelligent manufacturing has passed through the stages of digital
manufacturing and digital-networked manufacturing, and is evolving toward new-generation intelligent manufacturing (NGIM), due
to the recent fast-paced development and influential breakthroughs that have been occurring in the internet, big data, and
artificial intelligence (AI) [1–14]. Although the intelligent manufacturing is constantly evolving [15–24], its fundamental goals remain
the same: namely, to improve quality, increase efficiency, reduce
costs, and enhance competitiveness through unrelenting efforts
toward optimization. From the perspective of system constitution,
⇑ Corresponding authors.
E-mail addresses: yhzhou@hust.edu.cn (Y. Zhou), wangbaicunzju@zju.edu.cn
(B. Wang).

an intelligent manufacturing system is always a human–cyber–
physical system (HCPS)—that is, a kind of composite intelligent system comprising humans, cyber systems, and physical systems with
the aim of achieving specific goals at an optimized level [25–28]. In
other words, the essence of intelligent manufacturing is to design,
construct, and apply HCPSs in various cases at different levels.
NGIM is characterized by the in-depth integration of newgeneration AI technology with advanced manufacturing technology, and is the core driving force of the new industrial revolution.
In order to promote the development of NGIM, this work presents
an examination of the implications, characteristics, technical
frame, and key technologies of HCPSs for NGIM, along with an outlook of the major challenges of HCPSs for NGIM.
The rest of this paper is organized as follows: Section 2 reviews
the evolution and development of manufacturing systems, and
Section 3 analyzes the implications of HCPSs for NGIM from system
and technology perspectives. A technical framework and key technologies of HCPSs for NGIM are presented in Section 4. Finally,
major challenges are outlined in Section 5.
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2. Evolution of HCPSs for intelligent manufacturing
2.1. Phase I: Human–physical systems for traditional manufacturing
Humans first learned to make and use tools more than two million years ago [29]. Progressing from the Stone Age through the
Bronze Age to the Iron Age, these early simple production systems
lasted for over a million years, powered by human and animal
labor. With the development of the First Industrial Revolution,
which was marked by the invention of the steam machine, and
the Second Industrial Revolution, which was marked by the invention of the electric motor, humans have continually invented, created, and improved various machines and applied them to
manufacture all kinds of goods [13]. These traditional manufacturing systems, which were comprised of humans and physical
machines, replaced a significant amount of manual labor and substantially increased manufacturing quality, efficiency, and societal
productivity.
A traditional manufacturing system consists of two major components—namely, humans and physical systems such as machines—and is therefore a human–physical system (HPS), as shown
in Fig. 1. In an HPS, physical systems, through which working tasks
are completed, act as the ‘‘executing body,” while humans are the
‘‘master.” Humans are both the creators of physical systems and
the managers and users of physical systems. In an HPS, many of
the activities required to complete the working tasks—such as perception, cognition, learning, analysis, decision-making, control, and
operation—must be supplied by humans. For example, in machin-

ing with traditional machine tools, operators must carefully
observe, analyze, manipulate, and control the machining process.
A general schematic of an HPS is shown in Fig. 2.

2.2. Phase II: HCPS1.0 for digital manufacturing
The manufacturing sector entered the era of digital manufacturing in the middle of the 20th century, driven by the development
and wide application of information technologies including computers, communication, and numerical control [30–33]. The information revolution, which was marked by digitalization, led and
promoted the Third Industrial Revolution [34–36].
Compared with traditional manufacturing systems, digital
manufacturing systems are characterized by the emergence of a
cyber system between the human and physical system, transforming
the previous binary HPS into the ternary HCPS, as shown in Fig. 3. A
cyber system consists of software and hardware; its main function
is to complete various tasks that were previously performed by
human operators, including sensing, analysis, decision-making,
and control. For example, in machining with a computer numerical
control (CNC) machine tool, which is equipped with a cyber system
called the CNC system, the CNC system can automatically direct
the machine tool to complete the machining processes according
to digital machining programs provided by the operators [37].
Digital manufacturing can be defined as first-generation intelligent manufacturing, and the HCPS for digital manufacturing will be
referred to herein as HCPS1.0. Compared with the HPS, HCPS1.0 has
substantially enhanced capabilities—especially in computation,

Fig. 1. An HPS for traditional manufacturing.

Fig. 2. Schematic of an HPS.

Fig. 3. HCPS1.0 for digital manufacturing.
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analysis, precision control, and perception—due to its integration
of the strengths of humans, cyber systems, and physical systems.
The result is remarkable: Manufacturing systems based on HCPS1.0
have significant improvements in aspects such as automation,
efficiency, quality, stability, and the ability to solve complicated
issues. In addition, not only can the manual labor of operators be
further reduced, but also some of the mental work can be
performed by cyber systems, thus effectively increasing the
efficiency of knowledge dissemination and utilization. A schematic
for HCPS1.0 is shown in Fig. 4.
As shown in Fig. 4, the upgrade from binary HPS to ternary HCPS
generated two new binary subsystems: the human–cyber system
(HCS) and the cyber–physical system (CPS) [26,38,39]. The CPS theory was first proposed by American scholars at the beginning of the
21st century [40,41] and has been employed as a core technology
of Industry 4.0 in Germany [42,43].
In addition, the introduction of cyber systems has fundamentally transformed the feature of machines by transforming them
from unary physical systems to binary CPSs (i.e., intelligent machines). In this sense, the Third Industrial Revolution can be regarded
as the beginning of the Second Machine Age [13].
In the context of HCPS1.0, while physical systems continue to
act as the ‘‘executing body,” cyber systems perform a significant
amount of analysis, computation, and control work previously performed by humans. Humans are still the ‘‘master.” First, both physical systems and cyber systems are designed and created by
humans. The underlying analysis, computation and control models,

Fig. 4. Schematic of HCPS1.0. HCS: human–cyber system; CPS: cyber–physical
system.

methods, and rules are all developed by humans by drawing upon
theoretical knowledge, experience, and experimental data and programming these into the cyber systems. In addition, the operation
of HCPS1.0 relies on the knowledge and experience of the operator
to a significant extent [44]. For example, when machining with
CNC machine tools, as mentioned above, operators must program
the machining process appropriately according to their knowledge
and experience, monitor the process, and make adjustments where
necessary.
2.3. Phase III: HCPS1.5 for digital-networked manufacturing
By the end of the 20th century, the rapidly developing internet
technology had been widely applied to the manufacturing
industry, driving a transformation from digital manufacturing to
digital-networked manufacturing [17,45–47]. Digital-networked
manufacturing is, in essence, ‘‘internet + digital manufacturing”
and can be defined as second-generation intelligent manufacturing. The digital-networked manufacturing system remains an
HCPS; however, it is referred to herein as HCPS1.5, since it has fundamental differences compared with HCPS1.0 for digital manufacturing, as shown in Fig. 5. The most significant difference lies in the
cyber system. In the cyber system of HCPS1.5, the Industrial Internet and the cloud platform are critical components that can connect relevant cyber systems, physical systems, and humans, thus
serving as a tool for system integration. Information exchange
and coordinated and integrated optimization have become important parts of the cyber system. Meanwhile, the humans in HCPS1.5
have become a network-connected community with common
value-creation goals, and include the people from the enterprise
hosting the system along with its suppliers, sales agents, customers, and so on. These changes transform the manufacturing
industry, both from a product-centric model to a customercentric model and from a production manufacturing pattern to a
production–service manufacturing pattern.
The essence of digital-networked manufacturing is the realization of extensive connections of humans, processes, data, and
things through networks, and the reshaping of the manufacturing
value chain through in-enterprise and inter-enterprise integration,
cooperation, sharing, and optimization of various resources. For
example, CNC machine tool manufacturers and their suppliers can
engage in remote-operation maintenance of their own products

Fig. 5. HCPS1.5 for digital-networked manufacturing.
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through networks, in order to jointly create values with the enterprises using their products. Enterprises using CNC machine tools
can also create added value through the integration and optimization of in-enterprise sources regarding design, production, service,
and management [37,48,49].

2.4. Phase IV: HCPS2.0 for NGIM
Modern manufacturing enterprises generally face strong
demands for improvement in quality, efficiency, and quick market
response. These demands have raised an urgent need for a revolutionary industrial upgrade for the manufacturing industry. On a
technical level, it is still difficult for digital-networked manufacturing to overcome the huge difficulties faced by the manufacturing
industry; thus, further manufacturing technology innovation and
upgrades are greatly desired.
Since the beginning of the 21st century, huge progress has been
made in information technologies such as the internet, cloud
computing, and big data [12,50–52]. The integration of these
technological advances is leading to the strategic breakthrough of
new-generation AI, which has become the core technology of a
new round of scientific and technological revolution [2,5,53–55].
The in-depth integration of new-generation AI technology with
advanced manufacturing technology is leading to NGIM [1]. Breakthroughs and broad applications of NGIM will reshape the technological architecture, production mode, and industrial pattern of the
manufacturing industry. The information revolution, which is
marked by AI, is leading and promoting the Fourth Industrial
Revolution.
The NGIM system remains an HCPS; however, it is referred to
herein as HCPS2.0, since it has essential differences in comparison
with HCPS1.5 for digital-networked manufacturing, as shown in
Fig. 6. As in the shift from HCPS1.0 to HCPS1.5, the most distinct
changes occur in the cyber system. A new component is introduced
to the cyber system of HCPS2.0, enabling it to perform self-learning
and cognition by using new-generation AI technology; this leads to
greater power in aspects such as perception, decision-making, control, and—most importantly—the capability to learn and generate
knowledge. The knowledge base in the HCPS2.0 cyber system is
jointly built by humans and by the self-learning and cognition
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module of the cyber system; thus, it contains not only the
knowledge provided by humans but—more importantly—the
knowledge learned by the cyber system itself, and particularly
the knowledge that is difficult for humans to describe and process.
Moreover, the knowledge base is able to constantly upgrade,
improve, and optimize itself through self-learning and cognition
during the application process. To use a metaphor, the relationship
between humans and cyber systems has fundamentally changed
from one of ‘‘giving fish” to one of ‘‘teaching how to fish” [1,2,6].
A schematic of HCPS2.0 is shown in Fig. 7.
HCPS2.0 for NGIM can not only bring about revolutionary
changes in the means and efficiency of creating, accumulating, utilizing, imparting, and inheriting manufacturing knowledge, but
also significantly increase the ability of manufacturing systems to
handle uncertain and complicated problems, thereby leading to
vast improvements in manufacturing system modeling and
decision-making. For example, in machining with intelligent
machine tools, a digital model of the entire machining system
can be built through sensing, learning, and cognition, and can then
be used to optimize and control the machining process in order to
obtain high machining quality and efficiency as well as low energy
consumption [48,49,56].
The role of humans as ‘‘master” is even more prominent in
HCPS2.0 for NGIM [28,57–61]. As the creators, managers, and operators of intelligent machines, humans’ abilities and skills will be
greatly improved and their intellectual potential will be fully
unleashed for further emancipation of the productive forces.
Knowledge engineering will free humans from a significant
amount of intellectual and manual labor and allow them to engage
in more valuable creative work.
In summary, intelligent manufacturing will better serve
humans. Having evolved from HPS to HCPS1.0 and then from
HCPS1.0 to HCPS1.5, intelligent manufacturing is evolving from
HCPS1.5 to HCPS2.0, and will advance stage by stage, spiraling
up and expanding in an infinite process, as shown in Fig. 8.
3. Implications of HCPS2.0 for NGIM
HCPS2.0 is a system architecture and technical framework for
NGIM, which can offer a guide to effectively solve various problems
in the upgrading of manufacturing industry. The implications of

Fig. 6. HCPS2.0 for NGIM.
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HCPS2.0 for NGIM may be described from both system and technology perspectives.

3.1. The system perspective
HCPS2.0 for NGIM is a composite intelligent system that comprises relevant humans, AI-capable cyber systems, and physical
systems, with the aim of achieving specific manufacturing goals
at an optimal level. In this paradigm, physical systems, which execute the energy and material flows of manufacturing activities and
complete the manufacturing tasks, act as the ‘‘executing body.” AIcapable cyber systems act as the core of the information flows of
the manufacturing activities, and help humans to complete the
necessary perception, cognition, analysis, decision-making, and

Fig. 7. Schematic of HCPS2.0.

control of the physical systems for their optimized operation.
Humans play the role of the ‘‘master”; they are the creators of
physical systems and cyber systems, so the intelligence of cyber
systems—no matter how powerful—comes from humans. In addition, humans are the operators and users of physical systems and
cyber systems, so humans remain in the central position and possess the highest right to make decisions and enact control.
HCPS2.0 for NGIM should be geared to comprehensively
upgrade all manufacturing activities, including research and development (R&D), production, sales, service, management, and system
integration, in order to substantially increase quality, efficiency,
and competitiveness. In other words, the essence of NGIM is to
construct and apply different HCPS2.0 systems serving different
purposes and integrate them as a network of HCPS2.0 systems in
order to deliver a revolutionary improvement of societal productivity. In general, HCPS2.0 for NGIM possesses three main characteristics: intelligence, grand systems, and ubiquitous integration.
First, intelligence is the primary characteristic of HCPS2.0 for
NGIM, as HCPS2.0 systems can always keep their status and behavior optimal through autonomous learning and adjustment.
Second, HCPS2.0 for NGIM can establish grand systems through
system integration. In general, HCPS2.0 for a manufacturing enterprise includes three functional systems—intelligent products, intelligent production, and intelligent services—and two supporting
systems—the intelligent manufacturing cloud and the Industrial
Internet [52,62,63].
Third, HCPS2.0 for NGIM presents the unprecedented feature of
ubiquitous integration [4,64–66]. From one perspective, internally
dynamic integration in an enterprise is pursued for intelligent

Fig. 8. Evolution of HCPS-based intelligent manufacturing.
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design, production, sales, services, and management processes,
resulting in vertical integration. The Industrial Internet and the
intelligent manufacturing cloud enable integration, sharing, collaboration, and optimization among enterprises, resulting in horizontal integration. From another perspective, externally deep
integration should be promoted between manufacturing, financial,
and upstream and downstream industries. This integration will
result in the new commercial co-development of service-oriented
manufacturing and production-based services. In addition, NGIM
has the potential to integrate with intelligent cities, intelligent
transportation, intelligent healthcare, and intelligent agriculture
to form a giant system of intelligent ecosystems—an ‘‘intelligent
society.”
3.2. The technology perspective
In HCPS2.0, the cyber systems are equipped with powerful
intelligence by leveraging new-generation AI, thereby enabling
three major technological characteristics [6,67].
The first, most critical, characteristic is that the cyber systems
have the ability to solve uncertain and complex problems; furthermore, problem-solving methods shift from the traditional model of
emphasizing causality to an innovative model of emphasizing correlation, and further toward an advanced model of deeply integrating correlation with causality. This shift will lead to fundamental
improvements in the modeling and optimization of manufacturing
systems [5–7,13].
The second most important characteristic is that the cyber systems have capacities such as learning, cognitive skills, and the generation and better utilization of knowledge [2,53–55,68–70]; these
will lead to revolutionary changes in the efficiency of knowledge
generation, utilization, importation, and accumulation, and to the
significant promotion of the marginal productivity of knowledge
as a core productive element [2,53–55,68–70].
The third characteristic is the formation of human–machine
hybrid-augmented intelligence, which gives full scope to and
synergistically integrates the advantages of human intelligence
and machine intelligence. This will result in the innovation potential of humans being fully unleashed and the innovation capacities
of the manufacturing industry increasing tremendously [2,5,8].
Overall, HCPS2.0 is currently in the stage of weak AI or narrow
AI (ability to accomplish a narrow set of goals, e.g., play chess or
drive a car) and will gain rapid development as AI advances from
narrow AI to strong AI or general AI (ability to accomplish virtually
any goal, including learning) [2,5,71].
HCPS2.0 can be regarded as a universal solution that will effectively solve the challenges occurring in the transformation and
upgrading of the manufacturing industry, and that can be widely
applied for product innovation, production innovation, and service
innovation in discrete manufacturing and process-oriented manufacturing. HCPS2.0 is expected to progress as follows:
HCPS2.0 will enable manufacturing systems with newgeneration AI technology. While there are many approaches to
the innovation-driven development of manufacturing engineering,
two are particularly important. The first of these approaches is
original innovation in manufacturing technology, which is fundamental and of the utmost importance. The second approach is
the application of common enabling technologies to promote manufacturing technology, which can result in the development of
innovative manufacturing technology through the integration of
the two technologies, and which can be used to upgrade various
manufacturing systems. This kind of innovation is revolutionary,
integrative, and universal. The common enabling technologies of
the last three industrial revolutions were the steam engine, electric
motor technology, and digital technology, respectively; in the
Fourth Industrial Revolution, the common enabling technology is
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AI technology [1]. The in-depth integration of these generic
enabling technologies with manufacturing technologies drives
revolutionary transformation and upgrading of the manufacturing
sector. Therefore, NGIM based on HCPS2.0 will be the main driver
of the innovation-driven development of the manufacturing sector
and the main roadmap of its transformation and upgrading.
However, new-generation AI technology must be thoroughly
integrated with technologies in the manufacturing domain to create NGIM technologies. Because manufacturing is the foundation
and enabling technologies are used to upgrade manufacturing,
enabling technologies can give full scope only through in-depth
integration with manufacturing technologies. To sum up, manufacturing technologies are the fundamental technology, while intelligent technologies are the enabling technology; thus, there should
be dialectical unity and integrative development between these
technologies. From a perspective that focuses on intelligent technology, NGIM can be seen as the endeavor to promote and apply
advanced information technologies. From a perspective that
focuses on manufacturing technology, however, NGIM can also
be seen as the endeavor to employ generic enabling technologies
to promote innovation in and the upgrading of manufacturing systems in different industries.
4. Technical framework of HCPS2.0 for NGIM
4.1. Overall architecture of HCPS2.0
The overall architecture of HCPS for intelligent manufacturing
can be described from the three dimensions of intelligent manufacturing: the value dimension, the technical dimension, and the
organizational dimension [72,73], as shown in Fig. 9.
4.1.1. The value dimension of intelligent manufacturing and the
functional properties of the HCPS
The fundamental goal of intelligent manufacturing is to achieve
value creation and value optimization by the construction and
application of HCPSs. The value of intelligent manufacturing is
mainly reflected in product innovation, intelligent production,
intelligent services, and system integration [74,75], which correspond to product (R&D) HCPS, production HCPS, service HCPS,
and integrated HCPS, respectively.
When products are made to be digital, networked, and intelligent through innovation, their product functions and performance

Fig. 9. Overall architecture of intelligent manufacturing based on HCPS. SoS:
system of systems.
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are enhanced, which increases their added value and market competitiveness. Meanwhile, it is important to increase product quality
and efficiency in product design by applying innovative processes
via digital, networked, and intelligent technologies [76]. Product
innovations can be further divided into categories such as product
design innovation, evaluation and validation innovation, and their
integration. Product (R&D) HCPSs can likewise be further divided.
Intelligent production will realize high-quality, flexible, efficient, and sustainable product manufacturing by comprehensively
enhancing production and management innovation via digital, networked, and intelligent methods [75,77]. In general, production
activity can be divided into process design, process engineering,
quality assurance, production management, and their integration.
Some of these links can be further divided. For example, process
engineering can be divided into multiple production lines and their
integration, and a production line can be further divided into
equipment and their integration. Likewise, production HCPSs can
be further broken down into sub-layers.
Intelligent services include user-centric services that are provided throughout the life-cycle of products via digital, networked,
and intelligent technologies [63,74,78,79]; such services include
customization and remote operation and maintenance, which
extend to service-oriented manufacturing and production-based
services. In this way, intelligent service HCPSs can be divided into
customization service HCPSs and remote operation and maintenance HCPSs, among others.
As a key characteristic of NGIM, deep integration is an important aspect of the way in which NGIM delivers its value [4]. Given
the functional properties of HCPSs, their deep integration will lead
to multifunctional, integrated, and complex HCPSs.
4.1.2. The technical dimension of intelligent manufacturing and the
technical properties of HCPS
The technology of intelligent manufacturing has evolved from
digital manufacturing (HCPS1.0) to digital-networked manufacturing (HCPS1.5), and then to NGIM (HCPS2.0), as shown in Fig. 10 [1].
Digital manufacturing is the foundation of intelligent manufacturing, and has evolved through three basic paradigms. Digitalnetworked manufacturing provides the necessary network infrastructure for intelligent manufacturing while integrating the business value chain. On the basis of previous two paradigms, NGIM
makes manufacturing capable of true AI by integrating advanced
manufacturing technology with new-generation AI technology
and is a core technology of a new round of industrial revolution.
The three basic paradigms of HCPS-based intelligent manufacturing reflect the intrinsic patterns of the development of intelligent manufacturing. These three paradigms have unfolded

Fig. 10. Three basic paradigms of intelligent manufacturing [1].

progressively—each with its own characteristics and each solving
problems in its respective stage—thus reflecting the progression
of the integrated development of advanced information technology
and manufacturing technology. However, the three basic paradigms are not entirely independent; rather, they are iterative and
correlated with each other, thereby reflecting a fusion in the characteristics of intelligent manufacturing development [35].
4.1.3. The organizational dimension of intelligent manufacturing and
the systematic properties of HCPS
The organization of intelligent manufacturing consists of three
levels—intelligent unit, intelligent system, and intelligent system
of systems (SoS)—which correspond to unit-level HCPS, systemlevel HCPS, and SoS-level HCPS, respectively [39,80,81].
An intelligent unit is the smallest functional unit of intelligent
manufacturing. It is comprised of humans, cyber systems, and
physical systems. An intelligent system integrates multiple intelligent units through the industrial network to achieve automated
data flow in a larger scope and across broader areas. It helps to
improve the breadth, accuracy, and depth of manufacturing
resource allocation across production lines, workshops, and businesses to form a system-level HCPS. An intelligent SoS is a system
that integrates multiple intelligent systems through IndustrialInternet-based integration across systems and platforms. It creates
an open, coordinated, and shared industrial ecosystem, thus forming an SoS-level HCPS. The three-level architecture model of HCPS
for intelligent manufacturing is shown in Fig. 11.
In summary, the overall architecture of HCPS2.0 for NGIM can
be described using the multi-level hierarchical structure shown
in Fig. 12.
4.2. Key technologies of unit-level HCPS2.0
For a unit-level HCPS2.0, regardless of its purpose (whether a
design system, production equipment, etc.), the critical technologies can be divided into the three categories of manufacturing
domain technologies, machine intelligence technologies, and
human–machine collaboration technologies, as shown in Fig. 13.
4.2.1. Manufacturing domain technologies
Manufacturing domain technologies are the technologies
involved in the physical systems of an HCPS; they include generic
manufacturing technologies and specialized domain technologies
[9]. Intelligent manufacturing has its roots in manufacturing.
Therefore, manufacturing technologies are a basic technology of
HCPS for intelligent manufacturing. Meanwhile, intelligent
manufacturing not only involves discrete manufacturing and

Fig. 11. Three-level architecture model of HCPS for intelligent manufacturing.
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Fig. 12. Hierarchical levels of HCPS2.0 for NGIM.

Fig. 13. Technology diagram of unit-level HCPS2.0.

process-oriented manufacturing, but also covers all of the product
life-cycle. Therefore, it encompasses a broad range of manufacturing
domain technologies [9], which can be grouped according to
different perspectives. From the perspective of production
processes, for example, these technologies can be divided into
cutting technology, casting technology, welding technology,
plastic-forming technology, heat treatment technology, and additive manufacturing technology, among others [82–86].
4.2.2. Machine intelligence technologies
Machine intelligence technologies are the technologies involved
in the cyber systems of an HCPS2.0. These technologies are based
on the in-depth integration of AI technology with manufacturing
domain knowledge, and are capable of achieving specific HCPS
goals. Cyber systems direct HCPSs by helping humans with the
necessary perception, cognition, analysis, decision-making, and
control of HCPSs so that their physical systems can run optimally.
Machine intelligence technologies are mainly divided into the following four groups: intelligent sensing, autonomous cognition,
intelligent decision-making, and intelligent control.
(1) Intelligent sensing. Sensing is the foundation and precondition of cognitive learning, decision, and control. Here, the task is to

effectively acquire all kinds of internal and external information,
including the acquisition, transmission, and processing of information. Critical technologies include sensing plan design, highperformance sensors, and real-time and intelligent data collection
[87,88].
(2) Autonomous cognition. The task of cognition is to effectively acquire the knowledge that is required for the system to
achieve its goals; this task is key to effective decision-making
and control. The cognitive tasks of HCPS2.0 are generally completed based on collaboration between cyber systems and humans.
Therefore, it is necessary to solve problems related to the autonomous cognition of intelligent machines and human–machine collaboration. The core task of the autonomous cognition of
intelligent machines is system modeling (including parameter
identification); key technologies involve the self-learning of model
structure, self-learning of model parameters, and model evaluation
and self-learning optimization [85].
(3) Intelligent decision-making. The task of intelligent decisionmaking is to assess the system status and determine the optimized
action. The decision-making tasks of HCPS2.0 are generally completed based on collaboration between cyber systems and humans.
Therefore, it is necessary to solve problems related to the intelligent
decision-making of machines and human–machine collaborations.
Key intelligent decision-making technologies involve the accurate
assessment of system status, optimization of the decision-making
model, and the predictive analysis of decision risk [73].
(4) Intelligent control. The task of control is to adjust the system based on decisions in order to achieve the system’s goals. This
task is necessary in order to solve the problems of division of labor
and coordination of human–machine collaboration and the autonomous control of machines. The core issue of intelligent control is to
deal with the uncertainty of the system itself and the environment,
and to develop intelligent control technology such as adaptive control [85,89].
4.2.3. Human–machine collaboration technologies
Intelligent manufacturing presents many uncertain and complex problems that cannot be solved by human intelligence or by
machine intelligence alone. Human–machine hybrid-augmented
intelligence is a typical characteristic of new-generation AI [70].
It is a core critical technology of HCPS2.0 for NGIM that involves
human–machine collaboration at the cognition, decision, and control levels, as well as human–computer interaction technology
[60,61].
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Fig. 14. Unit-level HCPS2.0 and intelligent machine tools. CAD: computer-aided design; CAM: computer-aided manufacturing; NC: numerical control; PID: proportional–
integral–derivative. i-code stands for intelligent code, which is a new adaptive intelligent controlling code.

Unit-level HCPS2.0 is the foundation of NGIM. Fig. 14 shows the
schematic of an intelligent machine tool as a unit-level HCPS2.0:
an advanced cyber system capable of intelligent sensing, autonomous cognition and intelligent decision-making, and intelligent
control implementation of the machine tool (i.e., physical system)
[56].
4.3. Key technologies of system-level HCPS2.0 and SoS-level HCPS2.0
Integration is the essential characteristic of system-level and
SoS-level HCPSs, which are geared to integrate information and
achieve optimal resource allocation with a larger scope [4]. Integration can take place at different levels of breadth and depth,
and thus deliver an open, coordinated, and shared ecosystem at
the level of a production line, shop floor, enterprise, or industry.
While HCPSs at different levels vary in terms of the content integrated and functions delivered, they have basically the same structure and implementation architecture. Fig. 15 presents the system
structure and implementation architecture of an enterprise-level
HCPS2.0. This is a system of HCPSs that includes an intelligent

product HCPS, intelligent production HCPS, and intelligent service
HCPS, which are integrated through the Industrial Internet and
cloud platform and controlled by an enterprise-level intelligent
management and decision-making system.
In addition to the enabling technologies of the abovementioned
unit-level HCPS2.0, system-level HCPS2.0 and SoS-level HCPS2.0
have their own critical technologies, which are mainly system integration technologies. These include generic technologies such as
the Industrial Internet, cloud platforms, and industrial big data
[12,51,52,71,79,90], as well as technologies that are required to
achieve system integration, management, and decision-making,
such as enterprise-level intelligent decision-making technologies
and systems, intelligent production scheduling technologies and
systems, intelligent security management technologies and systems, and so forth.
Fig. 16 illustrates the schematic of the commercial COSMOPlat
platform as a system-level HCPS [91]. This HCPS platform allows
users to be involved in the entire process from idea to design to
order to ownership. Its quintessence is ‘‘user-centricity,” and its
core is ‘‘user connections”: connection between user and all elements, connection between user and machine, and connection
between user and the entire process, thus, ultimately, achieving
mass customization for better business benefits and customer service level.
5. Major challenges in HCPS2.0 for NGIM

Fig. 15. Enterprise-level HCPS2.0.

As a core technology of the Fourth Industrial Revolution, NGIM
is unprecedented in terms of the sectors involved, issues to be
studied, and challenges to be overcome [20,40,73,92–99]. Corresponding to the three major technological advancements discussed
in Section 3.2, NGIM faces three major challenges: system modeling, knowledge engineering, and human–machine symbiosis.
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Fig. 16. System-level HCPS in the COSMOPlat.

5.1. System modeling: In-depth integration of mathematical modeling
and big-data-driven intelligent modeling
System modeling is key to CPSs and to digital twin technology
[22,42,49,74,77,100–102]. The effective establishment of models
of manufacturing systems at different levels is the foundation of
optimal decision-making and the intelligent control of manufacturing systems. Although mathematical modeling can ably reveal
the objective laws of the physical world [103], it is inadequate to
handle the highly uncertain and complex issues in intelligent
manufacturing systems [49,75,104]. Big-data-driven intelligent
modeling could solve these issues [5,53]. In theory, a hybrid modeling method based on the in-depth integration of mathematical
modeling and big-data-driven intelligent modeling could fundamentally improve the modeling of NGIM systems based on
HCPS2.0; however, such a method presents the following major
challenges:
(1) In big data intelligent modeling, how can industrial big data
be acquired and managed with greater efficiency? How can the
effective learning of knowledge in big data be enabled? How can
the ability to solve uncertain and complex problems be further
improved [50,93,97,105–107]?
(2) In hybrid modeling, how can full scope be given to the
strengths of each of the two modeling methods, and how can they
be integrated synergistically into hybrid modeling? For example,
how can manufacturing system dynamic models be effectively
established [11,67,75,103,108]?
5.2. Knowledge engineering: In-depth integration of manufacturing
technology (root technology) and intelligent technology (enabling
technology)
In essence, NGIM is an advanced manufacturing knowledge
engineering activity, in which manufacturing systems in different
industries are enabled by digital-networked intelligent technologies to bring about revolutionary changes in how manufacturing
domain knowledge is generated, utilized, and shared. These
changes will lead to even more advanced forms of intelligent manufacturing [21,109] that will drive a new round of industrial revolution. Advanced manufacturing knowledge engineering involves
the integration of manufacturing technology (root technologies)

and intelligent technology (enabling technologies). It presents the
following three major groups of challenges:
(1) A challenge in manufacturing domain technology (root technology) development is the question of how to continue to achieve
innovation in the diverse aspects of this technology, such as design,
process, materials, and industrial form [86,110,111].
(2) Challenges in intelligent technology (enabling technology)
development include how to achieve steady improvements in universality, stability, and security, and how to advance from weak AI
to strong AI [2,53,54,70].
(3) Even more significant challenges are presented by the crossover from the in-depth integration of manufacturing technology
and intelligent technology [112–114]. These include: How can
manufacturing technology be effectively enabled with intelligent
technology? How can intelligent technology be utilized in the
manufacturing sector to develop and advance manufacturing
domain knowledge? How can dynamic digital twin models be
established and optimized to enhance different manufacturing systems? How can the enormous gaps be bridged between manufacturing technology and digital technology, between different
academic disciplines, between enterprises, and between experts?
How can entrepreneurs, technologists, and skilled workers grow
into champions for NGIM in the manufacturing sector?
5.3. Human–machine symbiosis: In-depth integration of humans and
CPSs (intelligent machines)
Intelligent manufacturing based on HCPS calls for humans to
take on a greater role in order to form a human–machine symbiosis
[2,8,28,38,57–60,70,73,115,116] that will bring diverse challenges,
including the following:
(1) How can the effective division of work and cooperation
between humans and intelligent machines be better achieved?
How can the individual advantages of human intelligence and
machine intelligence be fully utilized and inspired by each other
in order to simultaneously grow [53,70]?
(2) How can human–machine hybrid-augmented intelligence
be achieved [70]?
(3) How can safety, privacy, ethical, and other issues that may
be introduced by AI and intelligent manufacturing be addressed
[2,99]?
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In line with the ancient Chinese concept of harmony between
humans and nature, there should be close cooperation and indepth integration between humans and CPSs (i.e., intelligent
machines) in order to realize NGIM systems as a harmonious state
of human–machine symbiosis, and in order to move these technologies forward for the benefit of humankind.
Acknowledgements
The authors would like to thank Lu Yongxiang, Li Peigen, Pan
Yunhe, Zhu Gaofeng, Wu Cheng, Li Bohu, Liu Baicheng, Wang Tianran, Lu Bingheng, Tan Jianrong, Yang Huayong, Li Dequn, Duan
Zhengcheng, Jiang Zhuangde, Lin Zhongqin, Ma Weiming, Ding
Rongjun, Gao Jinji, Liu Yongcai, Feng Peide, Chai Tianyou, Sun
Youxian, Yuan Qingtang, Qian Feng, Qu Xianming, Shao Xinyu,
Dong Jingchen, Chen Jing, Zhu Sendi, Cai Weici, Zhang Gang, Huang
Qunhui, Lv Wei, Yu Xiaohui, Ning Zhenbo, Zhao Min, Guo Zhaohui,
Li Yizhang, Zhu Duoxian, Theodor Freiheit and other experts for
their contributions.
Our thanks should also be given to Yan Jianlin, Hu Nan, Gu
Yishana, Yang Xiaoying, Meng Liu, Liu Yufei, Xu Jing, Liu Mo, Liu
Lihui, Wei Sha, Ma Yuanye, Zhang Xin, Hong Yifeng, and other
colleagues for their contributions.
This work was supported by a strategic research project from
the Chinese Academy of Engineering (2017-ZD-08) and the International Postdoctoral Exchange Fellowship Program (20180025),
to which we would like to express our gratitude.
Compliance with ethics guidelines
Zhou Ji, Zhou Yanhong, Wang Baicun, and Zang Jiyuan declare
that they have no conflict of interest or financial conflicts to
disclose.
References
[1] Zhou J, Li P, Zhou Y, Wang B, Zang J, Meng L. Toward new-generation
intelligent manufacturing. Engineering 2018;4(1):11–20.
[2] Pan Y. Heading toward artificial intelligence 2.0. Engineering 2016;2
(4):409–13.
[3] Zhong RY, Xu X, Klotz E, Newman ST. Intelligent manufacturing in the context
of Industry 4.0: a review. Engineering 2017;3(5):616–30.
[4] Chen Y. Integrated and intelligent manufacturing: perspectives and enablers.
Engineering 2017;3(5):588–95.
[5] The Project Group of the Strategic Research on Artificial Intelligence 2.0 in
China. Strategic research on artificial intelligence 2.0 in China. Hangzhou:
Zhejiang University Press; 2018. Chinese.
[6] Lee J, Qiu BH, Liu ZC, Wei MH. Cyber–physical system: the new generation of
industrial intelligence. Shanghai: Shanghai Jiao Tong University Press; 2017.
Chinese.
[7] Wu J. Age of intelligence: big data and AI redefine the future. Beijing: CITIC
Press; 2016. Chinese.
[8] Hu H, Zhao M, Ning ZB, Guo ZH, Chen ZC, Zhu DX, et al. Three-body
intelligence revolution. Beijing: China Machine Press; 2016. Chinese.
[9] National Manufacturing Strategy Advisory Committee, Center for Strategic
Studies, CAE. Intelligent manufacturing. Beijing: Electronic Industry Press;
2016. Chinese.
[10] Tan JR, Liu DX, Liu ZY, Cheng J. Research on key technical approaches for the
transition from digital manufacturing to intelligent manufacturing. Eng Sci
2017;19(3):39–44. Chinese.
[11] Li BH, Chai XD, Zhang L, Li T, Qing DZ, Lin TY, et al. Preliminary study of
modeling and simulation technology oriented to new-type artificial
intelligent systems. J Syst Simul 2018;30(2):349–62. Chinese.
[12] Kusiak A. Smart manufacturing must embrace big data. Nature 2017;544
(7648):23–5.
[13] Brynjolfsson E, McAfee A. The Second Machine Age: work, progress, and
prosperity in a time of brilliant technologies. New York: W.W. Norton &
Company; 2014.
[14] Marsh P. The new industrial revolution: consumers, globalization and the end
of mass production. New Haven: Yale University Press; 2012.
[15] Kusiak A. Intelligent manufacturing systems. Old Tappan: Prentice Hall Press;
1990.

[16] Yang SZ, Ding H. Development and research on intelligent manufacturing
technology and intelligent manufacturing systems. China Mech Eng
1992;2:15–8. Chinese.
[17] Yan JQ. Digitalization and networked manufacturing. Ind Eng Manage
2000;1:8–11. Chinese.
[18] Xiong YL, Wu B, Ding H. The theory and modeling for next generation
manufacturing system. China Mech Eng 2000;11(1):49–52. Chinese.
[19] Lu YX. Toward green manufacturing and intelligent manufacturing—
development road of China manufacturing. China Mech Eng 2010;21(4):
379–86,399. Chinese.
[20] Bonvillian WB. Technology. Advanced manufacturing policies and paradigms
for innovation. Science 2013;342(6163):1173–5.
[21] Yao XF, Liu M, Zhang JM, Tao T, Lan HY, Ge DY. The past, present and future of
intelligent manufacturing from perspective of artificial intelligence. Comput
Integr Manuf Syst 2019;25(1):19–34. Chinese.
[22] Tao F, Zhang M, Nee AYC. Digital twin driven smart manufacturing.
Pittsburgh: Academic Press; 2019.
[23] Rong LR. Intelligent manufacturing for 21st century. Mechatronics 2006;12
(4):6–10. Chinese.
[24] Koren Y. The global manufacturing revolution: product–process–business
integration and reconfigurable systems. Hoboken: John Wiley &
Sons; 2010.
[25] Nunes D, Silva JS, Boavida F. A practical introduction to human-in-the-loop
cyber–physical systems. Hoboken: John Wiley & Sons; 2018.
[26] Krugh M, Mears L. A complementary cyber–human systems framework for
Industry 4.0 cyber–physical systems. Manuf Lett 2018;15(Pt B):89–92.
[27] Schirner G, Erdogmus D, Chowdhury K, Padir T. The future of human-in-theloop cyber–physical systems. Computer 2013;46:36–45.
[28] Sowe SK, Zettsu K, Simmon E, de Vaulx F, Bojanova I. Cyber–physical human
systems: putting people in the loop. IT Prof 2016;18(1):10–3.
[29] Harari YN. Sapiens: a brief history of humankind. Toronto: McClilland &
Stewart; 2014.
[30] Brown RG. Driving digital manufacturing to reality. In: Proceedings of 2000
Winter Simulation Conference; 2000 Dec 10–13; Orlando, FL, USA. Washington,
DC: IEEE; 2000. p. 224–8.
[31] Chryssolouris G, Mavrikios D, Papakostas N, Mourtzis D, Michalos G,
Georgoulias K. Digital manufacturing: history, perspectives, and outlook.
Proc Inst Mech Eng Part B 2009;223(5):451–62.
[32] Chen D, Heyer S, Ibbotson S, Salonitis K, Steingrímsson JG, Thiede S. Direct
digital manufacturing: definition, evolution, and sustainability implications. J
Clean Prod 2015;107:615–25.
[33] Yoshikawa H. Manufacturing and the 21st century—intelligent
manufacturing systems and the renaissance of the manufacturing industry.
Technol Forecast Soc Change 1995;49(2):195–213.
[34] Wiener N. Cybernetics, or control and communication in the animal and the
machine. 2nd ed. Cambridge: MIT Press; 1961.
[35] Zang JY, Wang BC, Meng L, Zhou Y. Brief analysis on three basic paradigms of
intelligent manufacturing. Eng Sci 2018;20(4):13–8. Chinese.
[36] Freeman C, Louca F. As time goes by: from the industrial revolutions to the
information revolution. Oxford: Oxford University Press; 2002.
[37] Xu XW, Newman ST. Making CNC machine tools more open, interoperable and
intelligent—a review of the technologies. Comput Ind 2006;57(2):141–52.
[38] Fonseca F, Marcinkowski M, Davis C. Cyber–human systems of thought and
understanding. J Assoc Inf Sci Technol 2019;70(4):402–11.
[39] The Development Forum of Cyber–Physical Systems. [White paper on cyber–
physical systems (2017)]. Beijing: China Electronics Standardization
Institute; 2017. Chinese.
[40] Lee EA. Cyber physical systems: design challenges. In: Proceedings of the 11th
IEEE International Symposium on Object and Component-Oriented Real-Time
Distributed Computing; 2008 May 5–7; Orlando, FL, USA. Washington, DC:
IEEE; 2008. p. 363–9.
[41] Lee EA. Cyber–physical systems—are computing foundations adequate?
[position paper]. In: NSF Workshop on Cyber–Physical Systems: Research
Motivation, Techniques and Roadmap; 2006 Oct 16–17; Austin, TX, USA;
2006. p. 1–9.
[42] Monostori L, Kádár B, Bauernhansl T, Kondoh S, Kumara S, Reinhart G, et al.
Cyber–physical systems in manufacturing. CIRP Ann 2016;65(2):621–41.
[43] Lee J, Bagheri B, Kao HA. A cyber–physical systems architecture for Industry
4.0-based manufacturing systems. Manuf Lett 2015;3:18–23.
[44] Zhang B, Wang J. Knowledge information and human function in
manufacturing systems. Chin J Mech Eng 1994;30(5):61–5.
[45] Yang SZ, Wu B, Hu CH, Cheng T. Networked manufacturing and enterprise
integration. China Mech Eng 2000;(Z1):45–8. Chinese.
[46] Mittal S, Khan MA, Romero D, Wuest T. Smart manufacturing: characteristics,
technologies and enabling factors. Proc Inst Mech Eng Part B 2019;233
(5):1342–61.
[47] Wang B. The future of manufacturing: a new perspective. Engineering 2018;4
(5):722–8.
[48] Xu X. Machine tool 4.0 for the new era of manufacturing. Int J Adv Manuf
Technol 2017;92(5–8):1893–900.
[49] Chen J, Yang J, Zhou H, Xiang H, Zhu Z, Li Y, et al. CPS modeling of CNC
machine tool work processes using an instruction-domain based approach.
Engineering 2015;1(2):247–60.
[50] Evans PC, Annunziata M. Industrial Internet: pushing the boundaries of minds
and machines. Boston: General Electric; 2012.

J. Zhou et al. / Engineering 5 (2019) 624–636
[51] John Walker S. Big data: a revolution that will transform how we live, work,
and think. Int J Advert 2014;33(1):181–3.
[52] Li BH, Zhang L, Wang SL, Tao F, Cao JW, Jiang XD, et al. Cloud manufacturing: a
new service-oriented networked manufacturing model. Comput Integr Manuf
Syst 2010;16(1):1–7,16. Chinese.
[53] Zhuang Y, Wu F, Chen C, Pan Y. Challenges and opportunities: from big data to
knowledge in AI 2.0. Front Inf Technol Electron Eng 2017;18(1):3–14.
[54] Li W, Wu W, Wang H, Cheng X, Chen H, Zhou Z, et al. Crowd intelligence in AI
2.0 era. Front Inf Technol Electron Eng 2017;18(1):15–43.
[55] Zhu J, Huang T, Chen W, Gao W. The future of artificial intelligence in China.
Commun ACM 2018;61(11):44–5.
[56] Chen J, Zhang K, Zhou Y, Liu Y, Li L, Chen Z, et al. Exploring the development of
research, technology and business of machine tool domain in new-generation
information technology environment based on machine learning.
Sustainability 2019;11(12):3316.
[57] Nunes DS, Zhang P, Silva JS. A survey on human-in-the-loop applications
towards an Internet of all. IEEE Comm Surv and Tutor 2015;17(2):944–65.
[58] Trentesaux D, Millot P. A human-centered design to break the myth of the
‘‘magic human” in intelligent manufacturing systems. In: Borangiu T,
Trentesaux D, Thomas A, McFarlane D, editors. Service orientation in
holonic and multi-agent manufacturing. Heidelberg: Springer; 2016. p.
103–13.
[59] Romero D, Stahre J, Wuest T, Noran O, Bernus P, Fast-Berglund Å, et al.
Towards an operator 4.0 typology: a human-centric perspective on the fourth
industrial revolution technologies. In: Proceedings of International
Conference on Computers & Industrial Engineering; 2016 Oct 29–31;
Tianjin, China; 2016.
[60] Romero D, Bernus P, Noran O, Stahre J, Fast-Berglund Å. The operator 4.0:
human–cyber–physical systems & adaptive automation towards human–
automation symbiosis work systems. In: Proceedings of IFIP International
Conference on Advances in Production Management Systems; 2016 Sep 3–7;
Iguassu Falls, Brazil. Heidelberg: Springer; 2016. p. 677–86.
[61] Romero D, Noran O, Stahre J, Bernus P, Fast-Berglund Å. Towards a humancentred reference architecture for next generation balanced automation
systems: human–automation symbiosis. In: Proceedings of IFIP International
Conference on Advances in Production Management Systems; 2015 Sep 7–9;
Tokyo, Japan. Heidelberg: Springer; 2015. p. 556–66.
[62] Zhang P, Liu HY, Li WJ, Zhou FQ. Intelligent industrial network: a
development and upgrade from industrial Internet. J Commun 2018;39
(12):134–40. Chinese.
[63] Tao F, Cheng Y, Xu LD, Zhang L, Li BH. CCIoT-CMfg: cloud computing and
Internet of Things-based cloud manufacturing service system. IEEE Trans
Industr Inform 2014;10(2):1435–42.
[64] Taki H. Towards technological innovation of society 5.0. J Inst Electr Eng Jpn
2017;137(5):275.
[65] Xiong G, Zhu F, Liu X, Dong X, Huang W, Chen S, et al. Cyber–physical–social
system in intelligent transportation. IEEE/CAA J Autom Sin 2015;2(3):320–33.
[66] Cassandras CG. Smart cities as cyber–physical social systems. Engineering
2016;2(2):156–8.
[67] Wang J, Ma Y, Zhang L, Gao RX, Wu D. Deep learning for smart
manufacturing: methods and applications. J Manuf Syst 2018;48(Pt
C):144–56.
[68] Li B, Hou B, Yu W, Lu X, Yang C. Applications of artificial intelligence in
intelligent manufacturing: a review. Front Inf Technol Electron Eng 2017;18
(1):86–96.
[69] Peng Y, Zhu W, Zhao Y, Xu C, Huang Q, Lu H, et al. Cross-media analysis and
reasoning: advances and directions. Front Inf Technol Electron Eng 2017;18
(1):44–57.
[70] Zheng N, Liu Z, Ren P, Ma Y, Chen S, Yu S, et al. Hybrid-augmented
intelligence: collaboration and cognition. Front Inf Technol Electron Eng
2017;18(2):153–79.
[71] Tegmark M. Life 3.0: being human in the age of artificial intelligence. New
York: Alfred A. Knopf; 2017.
[72] Wang CX, Wang CC, Wang S. Comparative study of intelligent manufacturing
reference model. Instrum Stand Metrol 2017;4:142–7. Chinese.
[73] Ma M, Lin W, Pan D, Lin Y, Wang P, Zhou Y, et al. Data and decision
intelligence for human-in-the-loop cyber–physical systems: reference model,
recent progresses and challenges. J Signal Process Syst 2018;90(8–
9):1167–78.
[74] Tao F, Cheng J, Qi Q, Zhang M, Zhang H, Sui F. Digital twin-driven product
design, manufacturing and service with big data. Int J Adv Manuf Technol
2018;94(9–12):3563–76.
[75] Vogel-Heuser B, Wildermann S, Teich J. Towards the co-evolution of
industrial products and its production systems by combining models from
development and hardware/software deployment in cyber–physical systems.
Prod Eng 2017;11(6):687–94.
[76] Liu SX, Liu H, Zhang Y. The new role of design in innovation: a policy
perspective from China. Des J 2018;21(1):37–58.
[77] Uhlemann THJ, Lehmann C, Steinhilper R. The digital twin: realizing the
cyber–physical production system for Industry 4.0. Procedia CIRP
2017;61:335–40.
[78] Hu SJ. Evolving paradigms of manufacturing: from mass production to mass
customization and personalization. Procedia CIRP 2013;7:3–8.
[79] Lee J, Ardakani HD, Yang S, Bagheri B. Industrial big data analytics and cyber–
physical systems for future maintenance & service innovation. Procedia CIRP
2015;38:3–7.

635

[80] China Electronics Standardization Institute. [White paper on standardization
of industrial Internet platforms (2018)]. Beijing: China Electronics
Standardization Institute; 2018. Chinese.
[81] China Electronics Standardization Institute. [White paper on the industrial
Internet of Things]. Beijing: China Electronics Standardization Institute; 2017.
Chinese.
[82] Csikor FF, Motz C, Weygand D, Zaiser M, Zapperi S. Dislocation avalanches,
strain bursts, and the problem of plastic forming at the micrometer scale.
Science 2007;318(5848):251–4.
[83] Byrne G, Dornfeld D, Denkena B. Advancing cutting technology. CIRP Ann
2003;52(2):483–507.
[84] Pattnaik S, Karunakar DB, Jha P. Developments in investment casting
process—a review. J Mater Process Technol 2012;212(11):2332–48.
[85] Günther J, Pilarski PM, Helfrich G, Shen H, Diepold K. Intelligent laser welding
through representation, prediction, and control learning: an architecture
with deep neural networks and reinforcement learning. Mechatronics
2016;34:1–11.
[86] Frazier WE. Metal additive manufacturing: a review. J Mater Eng Perform
2014;23(6):1917–28.
[87] Paulovich FV, De Oliveira MCF, Oliveira ON Jr. A future with ubiquitous
sensing and intelligent systems. ACS Sens 2018;3(8):1433–8.
[88] Fujishima M, Mori M, Nishimura K, Takayama M, Kato Y. Development of
sensing interface for preventive maintenance of machine tools. Procedia CIRP
2017;61:796–9.
[89] Li H, Si H. Control for intelligent manufacturing: a multiscale challenge.
Engineering 2017;3(5):608–15.
[90] Zhang L, Luo Y, Tao F, Li B, Ren L, Zhang X, et al. Cloud manufacturing: a new
manufacturing paradigm. Enterp Inf Syst 2014;8(2):167–87.
[91] Cao YF. Haier’s COSMOPlat platform: empowering ecosystem. Tsinghua Bus
Rev 2018;11:28–34. Chinese.
[92] Chen B, Wan J, Shu L, Li P, Mukherjee M, Yin B. Smart factory of Industry 4.0: key
technologies, application case, and challenges. IEEE Access 2017;6:6505–19.
[93] Li JQ, Yu FR, Deng G, Luo C, Ming Z, Yan Q. Industrial Internet: a survey on the
enabling technologies, applications, and challenges. IEEE Comm Surv Tutor
2017;19(3):1504–26.
[94] Bonvillian WB. Advanced manufacturing: a new policy challenge. Ann Sci
Technol Policy 2017;1(1):1–131.
[95] Shi W, Cao J, Zhang Q, Li Y, Xu L. Edge computing: vision and challenges. IEEE
Internet Things J 2016;3(5):637–46.
[96] Sadeghi AR, Wachsmann C, Waidner M. Security and privacy challenges in
industrial Internet of Things. In: Proceedings of the 52nd ACM/EDAC/IEEE
Design Automation Conference; 2015 Jun 8–12; San Francisco, CA,
USA. Washington, DC: IEEE; 2015.
[97] Lee I, Lee K. The Internet of Things (IoT): applications, investments, and
challenges for enterprises. Bus Horiz 2015;58(4):431–40.
[98] Fitzgerald J, Larsen PG, Verhoef M. From embedded to cyber–physical
systems: challenges and future directions. In: Fitzgerald J, Larsen PG,
Verhoef M, editors. Collaborative design for embedded systems. New
York: Springer; 2014. p. 293–303.
[99] Weber RH. Internet of Things—new security and privacy challenges. Comput
Law Secur Rev 2010;26(1):23–30.
[100] Rosen R, von Wichert G, Lo G, Bettenhausen KD. About the importance of
autonomy and digital twins for the future of manufacturing. IFACPapersOnLine 2015;48(3):567–72.
[101] Tao F, Liu WR, Zhang M, Hu TL, Qi QL, Zhang H, et al. Five-dimension digital
twin model and its ten applications. Comput Integr Manuf Syst 2019;25
(1):1–18. Chinese.
[102] Tao F, Qi Q, Wang L, Nee AYC. Digital twins and cyber–physical systems
toward smart manufacturing and Industry 4.0: correlation and comparison.
Engineering. Forthcoming 2019.
[103] Fowler JW, Rose O. Grand challenges in modeling and simulation of complex
manufacturing systems. Simulation 2004;80(9):469–76.
[104] Sterman JD. System dynamics modeling: tools for learning in a complex
world. California Manage Rev 2001;43(4):8–25.
[105] Li S, Xu LD, Zhao S. 5G Internet of Things: a survey. J Ind Inf Integr
2018;10:1–9.
[106] Mourtzis D, Vlachou E, Milas N. Industrial big data as a result of IoT adoption
in manufacturing. Procedia CIRP 2016;55:290–5.
[107] O’Donovan P, Leahy K, Bruton K, O’Sullivan DTJ. Big data in manufacturing: a
systematic mapping study. J Big Data 2015;2(1):20.
[108] Negahban A, Smith JS. Simulation for manufacturing system design and
operation: literature review and analysis. J Manuf Syst 2014;33(2):
241–61.
[109] Hedberg TD Jr. Hartman NW Rosche P, Fischer K. Identified research
directions for using manufacturing knowledge earlier in the product
lifecycle. Int J Prod Res 2017;55(3):819–27.
[110] Esmaeilian B, Behdad S, Wang B. The evolution and future of manufacturing:
a review. J Manuf Syst 2016;39:79–100.
[111] Busnaina AA, Mead J, Isaacs J, Somu S. Nanomanufacturing and sustainability:
opportunities and challenges. In: Diallo MS, Fromer NA, Jhon MS, editors.
Nanotechnology for sustainable development. New York: Springer; 2013. p.
331–6.
[112] Liang S, Rajora M, Liu X, Yue C, Zou P, Wang L. Intelligent manufacturing
systems: a review. Int J Mech Eng Rob Res 2018;7(2):324–30.
[113] Tao F, Qi Q, Liu A, Kusiak A. Data-driven smart manufacturing. J Manuf Syst
2018;48(Pt C):157–69.

636

J. Zhou et al. / Engineering 5 (2019) 624–636

[114] Jeschke S, Brecher C, Meisen T, Özdemir D, Eschert T. Industrial Internet of
Things and cyber manufacturing systems. In: Jeschke S, Brecher C, Song H,
Rawat DB, editors. Industrial Internet of Things. New York: Springer; 2017. p.
3–19.
[115] Pacaux-Lemoine MP, Berdal Q, Enjalbert S, Trentesaux D. Towards humanbased industrial cyber–physical systems. In: Proceedings of 2018 IEEE

Industrial Cyber–Physical Systems; 2018 May 15–18; St. Petersburg,
Russia; 2018 p. 615–20.
[116] Pacaux-Lemoine MP, Trentesaux D, Rey GZ, Millot P. Designing
intelligent manufacturing systems through human–machine cooperation principles: a human-centered approach. Comput Ind Eng
2017;111:581–95.

