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Abstract: Rapidly developed information technologies (IT) have continuously empowered manu-
facturing systems and accelerated the evolution of manufacturing system paradigms, and smart
manufacturing (SM) has become one of the most promising paradigms. The study of SM has attracted
a great deal of attention for researchers in academia and practitioners in industry. However, an
obvious fact is that people with different backgrounds have different expectations for SM, and this
has led to high diversity, ambiguity, and inconsistency in terms of definitions, reference models,
performance matrices, and system design methodologies. It has been found that the state of the art
SM research is limited in two aspects: (1) the highly diversified understandings of SM may lead to
overlapped, missed, and non-systematic research efforts in advancing the theory and methodologies
in the field of SM; (2) few works have been found that focus on the development of generic design
methodologies for smart manufacturing systems from the practice perspective. The novelty of this
paper consists of two main aspects which are reported in two parts respectively. In the first part, a
simplified definition of SM is proposed to unify the existing diversified expectations, and a newly
developed concept named digital triad (DT-II) is adopted to define a reference model for SM. The
common features of smart manufacturing systems in various applications are identified as functional
requirements (FRs) in systems design. To model a system that is capable of reconfiguring itself to
adapt to changes, the concept of IoDTT is proposed as a reference model for smart manufacturing
systems. In the second part, these two concepts are used to formulate a system design problem, and
a generic methodology, based on axiomatic design theory (ADT), is proposed for the design of smart
manufacturing systems.

Keywords: smart manufacturing; information technologies (IT); system of systems (SoS); digital
manufacturing (DM); digital twins (DT-I); digital triad (DT-II); cyber-physical systems; Internet of
Things (IoT); Internet of Digital Triad Things (IoDTT); big data analytics (BDA); cloud computing
(CC); axiomatic design theory (ADT)

1. Introduction

Manufacturing creates products for customers, and the demand for new and advanced
products has been increasing monotonically due to (1) the rise of the global population,
(2) an increase in the standards of living, and (3) the way of consumption in “throwaway”
societies. Accordingly, manufacturing technologies have been greatly advanced to meet the
needs of consumers’ markets [1–5]. In the 2020s, traditional manufacturing systems face
strong pressure to enhance their capabilities in handling the growing complexity and scale
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of—and changes to—the manufacturing environment, and the manufacturing industry
has entered the digital era, due to the adoption of advanced information technologies and
operation technologies [6].

The historical advancement of manufacturing technologies has been widely dis-
cussed [7,8], and the following trends have become common sense to researchers in manu-
facturing: (1) products become increasingly advanced, diversified, and with fragmented
demand; (2) global manufacturing capabilities become saturated in comparison to cus-
tomers’ needs, and manufacturing enterprises face ever-increasing competitions regionally
and globally; (3) the scope and complexities of manufacturing businesses are continuously
increased, and this forces enterprises to adopt more advanced technologies to automate
manufacturing operations and decision making in various domains and levels of business;
(4) the boundaries of manufacturing systems become vague and dynamic, since enterprises
have to collaborate with others to make complex products or systems; (5) manufactur-
ing systems are expected to be optimized against more performance metrics, including
functionality, quality, productivity, cost, lead-time, personalization, adaptability, and sus-
tainability; (6) the businesses of manufacturing systems are gradually extended to cover
all the stages of product lifecycles, from raw materials to the disposal of used products;
(7) manufacturing technologies have advanced from human operation to automation, from
disciplinary to multidisciplinary, from standalone to integrated and comprehensive, and
from sophisticated to adaptable and reconfigurable.

Since the advances in manufacturing technologies can be characterized by the degree
of automation (of either (1) manufacturing processes or (2) the decision making support
at different domains and levels of system operations), information technologies (IT) have
played indispensable roles in advancing manufacturing technologies. Every leap in the
manufacturing paradigms was triggered by the corresponding IT; to name a few, mech-
anization and electronic and electrical controls for mass production, numerical controls
(NC) or computer NC (CNC), networking, and group technologies (GT) for flexible manu-
facturing systems (FMS), computer aided design and manufacturing (CADM), material
resource planning (MRP), and enterprise resource planning (ERP) for computer integrated
manufacturing (CIM), quality control (QC) and total quality management (TQM) for lean
production (LP), product data management (PDM), product lifecycle management (PLM),
and enterprise systems (ES) for agile manufacturing (AM), business process management
(BPM), service-oriented architecture (SoA), and agent-based techniques for virtual manu-
facturing (VM), and Internet of Things (IoT), radio frequency identification (RFID) [9–11],
cyber-physical systems (CPS), human-cyber-physical systems (HCPS), blockchain technol-
ogy (BCT), big data analytics (BDA), and cloud computing (CC) for digital manufacturing
(DM) and smart manufacturing (SM) [3,4]. The studies in DM have attracted a great deal
of attention recently. For example, Dey et al. [12,13] investigated the impacts of optimized
autonomation policies on the control variables in the inventory management of a smart
production system. In the digital era, the digitization of manufacturing businesses has pro-
gressed exponentially, and the increasing adoption of digital technologies in our economy
has reshaped the way we live and work. The trend of digitization has brought new oppor-
tunities and challenges for manufacturing enterprises to gain business competitiveness
over their strategical competitors in the globalized market [14,15]. The further develop-
ment of the digital economy in the near future will be characterized by four dimensions of
smartness: smart manufacturing, smart products and services, smart supply chains, and
smart processes [16].

SM or DM have become the frontier in advancing manufacturing technologies [17].
However, today’s manufacturing systems are, in fact, systems of systems, due to the
high-level of system complexity, the large variety of manufacturing assets and enabling
technologies, and the dynamics of systems over time. This causes diversity and confu-
sion for practitioners in understanding SM and its relevant concepts, reference models,
performance matrices, and the selection of design methodologies. On the one hand, any
manufacturing system should be a sophisticated system tailored to the given manufactur-
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ing resources, markets, and business environment, and there is no universal SM solution
for enterprises. On the other hand, manufacturing businesses are involved with the trans-
formation of materials, values, information, and knowledge of multiple disciplines, and
system performances are assessed very differently in these disciplines. In other words, the
stakeholders of one manufacturing system have different expectations of SM, which might
be correlated, coupled, or even conflicted with each other.

The authors are highly motivated to gain a thorough understanding of the state of
the art development of smart manufacturing (SM) systems and to identify the direction of
future research in the field of SM. The main contributions from the reported work are as
follows:

(1) It is found that the existing works on SM show the limitations of at two aspects, i.e.,
(a) the highly diversified understandings of the functionalities and expectations of SM
that may result in overlapped, missed, or non-systematic research efforts in advancing
the theory and methodologies in the field of SM; (b) few works have been published
that propose a generic design methodology for the design of smart manufacturing
systems in practice.

(2) The definition of SM is simplified to unify the diversified expectations. A newly
developed concept, digital triad (DT-II), is adopted to define a reference model for
SM; it reflects all of the main characteristics of digital solutions at the different levels
and domains of system operations.

(3) The common features of various smart manufacturing systems are identified; par-
ticularly, the concept of IoDTT is proposed as a reference model to represent the
need for system reconfiguration in the event of uncertainties and changes in business
environments.

(4) The generality and specialty in designing and implementing various smart manufac-
turing systems are discussed, to illustrate the need for developing a general design
methodology to guide the design of a smart manufacturing system from a practical
perspective.

The remainder of paper is organized as follow. In Section 2, an overview of SM
and its development is provided, to understand the limitations of the existing works. In
Section 3, the concept of SM is refined, and the corresponding reference model is proposed,
using the concept of digital triad (DT-II). In Section 4, the design of a modular robotic
system is used as an example to illustrate the system design problems at different phases,
and the generality of designing and implementing tailored smart systems is discussed, to
highlight the need for generic design methodologies. In the following part II of this work,
two proposed concepts are adopted for formulating system design problems, and ADT is
suggested as the generic design methodology for SM. Three case studies are introduced
to illustrate the application of the proposed design methodology, and the future research
directions regarding SM are discussed as a summary.

2. Overview of Smart Manufacturing (SM)
2.1. Original Definition and Variations

Smart manufacturing (SM) is also commonly referred to as “Industry 4.0” in Europe
and “Made in China 2025” in China, as the latest iteration of the industrial revolution
that began 260 years ago. The recent development of information technologies (IT) has
provided the concrete foundation to revolutionize manufacturing in the form of SM [18].
The concept was coined by the National Science Foundation (NSF) at its workshop on
cyberinfrastructure in 2006 [19]. SM was originally defined as a fully integrated and collab-
orative manufacturing system that responds in real time to meet the changing demands
and conditions in the factory, the supply chain, and customer needs [20,21]. The vision
and goals of SM were then developed by the Smart Manufacturing Leadership Coalition in
2011 [22]. The roadmaps and standards for Industry 4.0 and SM were firstly developed by
the German Commission for Electrical, Electronic & Information Technologies [23] in 2014
and the National Institute of Standards and Technology (NIST) in 2016 [20], respectively.
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The clean energy smart manufacturing innovation institute (CESMII) was created to pro-
mote SM as a sustainable driving force for manufacturing in the United States to adopt
smart sensors, controls, platforms, and models in 2016. The closely related concept, Made
in China 2025, was initialized to advance the independent manufacturing technologies
in China in 2015 [24]. From the perspective of applications, SM refers to an IoT-based
application to automate manufacturing processes and utilize data analytics tools to im-
prove the performances of manufacturing systems. SM uses information technologies,
computer-integrated technology, flexible workforces, and digital technology to improve
the system adaptability for the changes and uncertainties in system operations [25]. SM
was treated as an application of Industry 4.0 in manufacturing, where advanced IT, such as
the Internet of Things (IoT), cyber physical systems (CPS), machine learning (ML), additive
manufacturing (AM), and robotics, were used in process automation and decision making
support [26]. It should be noted that Industry 4.0 refers to a system in which automated
facilities are networked, so that data can be collected, processed, and utilized to make
smart decisions in system operations.

SM distinguishes itself from other manufacturing paradigms by defining the meaning
of “smart”, whereas researchers in different disciplines and roles define different expecta-
tions of smartness. For example, the smartness of a manufacturing system, according to
Romero et al. [27] covers (1) the ability to communicate to exchange data, and to collect
and report data regarding the state of manufacturing assets; (2) the embedded knowledge
for the representation of human expertise and the understanding of system elements and
environments; (3) learning capabilities through the application of diversified algorithms,
methods, and tools; (4) reasoning capabilities for data-driven decision making; (5) the per-
ception capability to sense, understand, and respond to environmental changes; (6) control
capabilities to ensure smooth manufacturing processes, and to make and deliver products
to end-users; (7) self-organization to reconfigure systems to accommodate changes and
uncertainties; (8) context awareness that retrieves the information and knowledge that
characterizes the state of the systems and environments. Lenz et al. [28] extended the
scope of SM to the collection of raw materials; the data in the entire product lifecycle was
acquired and processed to improve the accuracy and reliability of the process signatures
and to improve manufacturing processes. Filleti et al. [29] used a grinding unit as an
example to discuss the impact of manufacturing processes and real-time monitoring on
the performance of production and environmental indicators. The manufacturing assets
were mostly developed with assured safety and security at the device level; security as-
surance became a critical challenge when the manufacturing assets were interactive and
interoperative. In addition, Maggi et al. [30] and Viriyasitava et al. [31–35] emphasized the
importance of addressing cybersecurity awareness regarding the configuring systems, to
adjust to changes and uncertainties in dynamic business environments.

Felice et al. [36] proposed a bibliometric model for analyzing the existing works on
SM from 2011 to 2018; their objectives were to identify relevant topics and explore the
interdependencies of these topics. It was found that researchers generally expected SM
to improve the efficiency, cost-effectiveness, safety, and sustainability of systems, and the
main enabling technologies for SM were automation, IoT, CPS, BDA, cloud computing (CC),
modelling and simulation, and additive manufacturing (AM). SM integrated manufactur-
ing assets, sensors, technological platforms, networks, data-driven modelling, simulations,
decision making, and diagnoses and predictions to improve efficiency, flexibility, adapt-
ability, and resilience [37,38]. With the trend of digitization, SM becomes the new frontier
of manufacturing systems [17]. SM, as a flexible system, should be able to self-optimize
performance across a broader network, self-adapt to change and learn from new conditions
in real or near-real time, and autonomously run entire production processes.

2.2. Main Characteristics

The five main characteristics of SM identified by Deloitte (2021) are that they are:
(1) connected to all smart things through the internet, including traditional datasets, real-
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time data enabling collaboration, and the collaborations across departments; (2) optimized
for predictable capacities, increased asset uptime and efficiency, highly automated pro-
duction and material handling, and minimized cost; (3) transparent for live metrics and
tools, and have real-time linkages to demand forecasts and order tracking; (4) proactive
for anomaly identification and resolutions, restocking and replenishment, and the identi-
fication of quality issues; (5) agile for flexible and adaptable scheduling and production
changes, with configurable machines and layouts. SM was expected to improve the ef-
ficiency of manufacturing assets, improve the quality of products and manufacturing
processes, reduce the cost of system operations, and to increase the safety and sustainability
of products, manufacturing processes, systems, and human living environments. SM was
characterized as networked, big data, digitization, data-driven, resource sharing, connected,
sustainable and resilient; in particular, sustainability and resiliency distinguished SM from
other manufacturing paradigms [39].

SM, as an engineering system, was compared to a biological system by Byrne et al. [40],
and it was suggested that SM should be the convergence of biology and SM, as part of
the evolution of the system paradigms involved in bio-inspiration, bio-integration and
bio-intelligence. Therefore, SM would incorporate components, features, characteristics,
and capabilities to converge a manufacturing system with a biological system. SM is a type
of intelligent manufacturing (IM) system, although it is certainly at a more advanced level
of intelligence in comparison to traditional IM. Wang et al. [41] elaborated the differences
between SM and IM in detail, and they argued that SM was a comprehensive outcome of
integrating an increasing number of digital tools with an intelligent manufacturing system.
IM and SM were closely correlated; indeed, the differences were mainly in qualitative and
quantitative measures, and SM was seen as the advanced stage of IM.

2.3. Technological Drivers

Manufacturing paradigms are enabled by the available technologies, particularly in-
formation technologies in the digital era. Kulvatunyou et al. [42] analysed the development
of the standards for the integration of semantic data and concluded that the standards
for digital manufacturing must be advanced to maintain, represent, and present data in
the form of knowledge and insight for collaborative decision making support. It is well
known that the digital transformation from Industry 3.0 to 4.0 was enabled by some critical
ITs, such as IoT, CC, BDA, and AI [16]. IoT enables the connection of everything in manu-
facturing, in the same way as Industrial IoT (IIoT); in return, IIoT supports the new and
unprecedented interactions among the hardware, software, virtual assets, and humans. In
addition, IIoT can be integrated with AI for enterprises to increase their flexibility, agility,
efficiency, and resilience [21].

Bi and Zhang [3] classified technical drivers into three types, as shown in Figure 1.
From the perspective of system inputs, manufacturing businesses are pushed by hu-
mans’ expectations for civilization and continuous development. From the perspective
of system outputs, manufacturing businesses are pulled by users’ demand for better and
more products. From the perspective of system transformation, manufacturing processes
are gradually advanced by integrating an increasing number of relevant technologies
through the iteration of continuous improvement (CI). For system transformation, the
trends of the reciprocating drivers were (1) the increasing decentralization of the manufac-
turing businesses, (2) additive manufacturing using polymeric, metallic, and bio-materials,
(3) networks and the integration of supply chains, (4) cyber security assurance, (5) the elim-
ination of latency, (6) high-level automation and self-optimization, (7) the unprecedented
scale and level of connections, (8) the adoption of advanced artificial intelligence and
machine learning, (9) the sustainability of products, processes, and systems, and (10) the
expectations of responsiveness, robustness, and residence [40].
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SM relies on the integration of various digital technologies. Ghobakhloo [14] argued
that digitization was attributed to the information technologies that are used for decentral-
ization, horizontal and vertical integrations, interoperability, virtualization, and modularity.
Modularity was viewed as one of the most effective ways to deal with the complexity,
changes, and uncertainties in a dynamic environment, and the idea of modularity was
applicable to both internal and external manufacturing assets [43]. The virtual assets were
used for servitization, and the corresponding manufacturing system was referred to as
a product-service system. Brad and Murar [44] discussed the business model, economic
impact, and reconfiguring technologies of a product-service system. Feldner and Her-
ber [45] evaluated the communication protocol of IPv6 to support the interactions and
interoperations of networked things. Kumar [46] discussed the impact of IoT, CPS, human–
robot interaction (HRI), and augmented reality (AR) on the development of new materials
and manufacturing processes in SM. Innovation in digital technologies led to advances in
new materials and manufacturing processes. SM became practical due to rapidly growing
technologies, the ever-increasing complexity of the supply chains, the global fragmentation
of production and demands, the growing pressure of competitiveness from unexpected
sources, organizational realignment caused by the marriage of information technologies
and organization technologies, and ongoing talent challenges [17]. Standardization is
powerful in developing and implementing advanced manufacturing technologies. For the
seamless integration of various manufacturing assets, the efforts regarding standardization
are indispensable. Leading standards organizations, such as the International Organiza-
tion for Standardization (ISO), National Institute of Standards and Technology (NIST),
International Telecommunication Union (ITU), and Institute of Electrical and Electronics
Engineers (IEEE), have developed the standards for the architecture, reference models, and
frameworks of smart manufacturing [5,18,20,21].

2.4. Applications

The manufacturing industry has a strong impact on the anthropogenic environment;
with the growing concern regarding the deterioration of the environment, SM must expand
its business scope to the entire product lifecycle by recycling, reusing, and remanufacturing
to promote circular economy. Barletta et al. [47] considered the bounds of distinguishing
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products and services as the environmental breakeven points that could be determined
by environmental assessment. Blomeke et al. [5] proposed a recycling 4.0 framework with
integrated SM technologies and solutions to support recycling, reusing, and remanufactur-
ing. Jaspert et al. [48] referred to the reconfiguration of SM as smart retrofitting, and an SM
could be retrofitted at any functional layer of an enterprise, from the physical, sensor, con-
nectivity, and data layers, to the application layer. Most of the reported applications were
in the preliminary stages and met the expectations only for certain aspects. For example,
Zenisek et al. [49] introduced an experimental SM system with integrated mixed reality
and additive manufacturing for predictive maintenance, and they identified challenges in
data merging, online applicability, the conflict of reactivity and false positive rates, and
shortfalls in customers’ other expectations.

Rodger et al. [50] discussed the need for sustainability in highly automated car body
manufacturing; existing methods and algorithms were surveyed to identify the bottlenecks
for improving the sustainability of manufacturing systems from the perspective of product
lifecycles. Siiskonen et al. [51] explored the potential application of SM in producing
personalized medicines; however, they limited this to the synergic outcomes by integrating
the platforms for the design of products and manufacturing processes. They found that
customer satisfaction was improved by modularized table designs at increased production
costs. Ghobakhloo and Ching [15] surveyed the application of digital technologies in small-
and medium-sized enterprises (SMEs); they found the use of SM in SMEs was restrained,
due to technological, organizational, and environmental factors. Kamble et al. [52] investi-
gated the application of SM in India’s automotive industry, and the benefits of SM were
assessed across 10 dimensions (i.e., quality, cost, time, flexibility, integration, productivity,
computing, sustainability, diagnosis, and prognosis).

2.5. Limitations of Existing Works

Despite its great potential, numerous researchers discussed the limitations of the
existing works on SM. For example, Phuyal et al. [53] analyzed the technological gaps
in adopting state of art IT in smart manufacturing systems. Their main concerns were
the maturity and readiness of these technologies (i.e., AI, CPS, BDA, AR, IoT, and robotic
technologies) in achieving tangible expectations in real-world industrial applications.
Others discussed the challenges regarding the integration and complexity of systems.

SM integrates many newly developed manufacturing technologies in systems. While
advanced technologies are generally complex, a system that is poorly or inappropriately
designed for a particular application is not expected to benefit enterprises. Uysal and
Mergen [54] expressed concern over the sharing and integration of data across systems
and products, and discussed the feasibility of using an intelligent digital mesh (IDM) to
form a system made up of dynamically interconnected elements. SM aims for a high
level of automation with minimized human effort in collecting, transferring, processing,
and mining data. However, the relevant studies were mostly fragmented by focusing on
one or a small number of issues, such as decision making, cyber–physical interactions,
information infrastructures, digitalization, human–machine interactions, cloud computing,
and virtual services [55], and generalizability was lacking from system perspectives. For
example, a smart manufacturing system focused on the utilization of hardware assets
may undervalue the impact of these assets on system-level performances. To improve the
agility and adaptability of SM, advanced methods and tools are needed to connect digital
technologies and their business goals for cost effectiveness [56].

The cost of a smart manufacturing system is another significant downside. This is
particularly true for small to midsize enterprises (SMEs). Over 95% of enterprises are
SMEs that lack manufacturing assets, other than their core competencies for new business
opportunities. SMEs were not able to afford the considerable expense for the advanced
technology, since short-term benefits were mostly prioritized, and the savings over the
long term would outweigh the startup costs. Although the gaps regarding the adoption of
digital technologies by SMEs were discussed [37,38], limited works were found that focused
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on the development of roadmaps and system frameworks for assessing the maturity and
readiness of SMEs to adopt digital technologies.

A set of the performance metrics are used to compare and optimize systems. Helu
et al. [57] indicate that there are limitations in the assessment of the performances of
adopted digital technologies; since the evaluation relies on an appropriate model for
the breadth and depth of the technologies that were usually unavailable. Quantitative
measures are essential to develop the systematic design methodologies of manufacturing
systems. However, the existing assessment models, methods, and criteria are mostly
empirical, and built on numerous assumptions and hypotheses; manufacturing systems are
viewed as black or grey boxes, and system performances are mainly evaluated based on
system inputs and outputs, with the limited context of value-added and non-value-added
manufacturing processes in systems [58]. Most models lack consistent data, reliable analysis
methods, and user-friendly tools for decision makers to assess system performance in an
understandable way [59]. The performance assessment methods fail to match advanced
technologies to market demands in manufacturing [60]. Few methods were available to
design and evaluate system configurations and implement a smart manufacturing system
based on a set of the specified assessment metrics. Despite the large variety of available
performance metrics, the importance of selecting the right metrics was overlooked, and
no coherent framework was available to adequately measure the effectiveness of system
configurations [61].

Despite its attractiveness, the research topic of SM is relatively new, and the relevant
studies are mostly preliminary. From the perspective of its applications, the existing works
on SM show the following limitations.

SM tends to pursue a full wish list of the functional requirements of the traditional
manufacturing paradigms, including automation, productivity, leanness, flexibility, agility,
sustainability, adaptability, and resilience. While it is reasonable to represent system expec-
tations from different perspectives, system complexity will easily become unmanageable
when designing and controlling a smart manufacturing system. Moreover, the resulting
system might not be optimized, since many performance metrics conflict with each other,
and the most critical metrics for the weakest aspects must be emphasized.

SM emphasizes (a) the necessities of digital technologies, (b) networking and virtual
assets, and (c) adaptability to environmental changes and uncertainties. However, in the
existing definitions of SM, the uniqueness of digital technologies was not distinguished
from those of other advanced technologies, or from the representations of all advanced
technologies in traditional manufacturing paradigms. Additionally, there is no mechanism
to distinguish fixed/dynamic, internal/external, and physical/virtual resources, as well
as their corresponding roles in systems’ lifecycles. Lastly, SM was still modelled as a
system with stable structures (commonly known as a hierarchical or multidimensional
grid structure), which is ineffective in representing system configurations that are intended
to adapt to changes and uncertainties over time. There are some conflicts among steady
system models, system reconfiguration, and the adaptability over system lifecycles [3,4].

Other than some discussions on enabling technologies, system architecture, reference
models, and performance metrics, no systematic methodology has been explored in design-
ing a smart manufacturing system. The existing examples of smart manufacturing systems
were conceptual and lacking in details of system developments.

The available performance metrics were highly diversified. Moreover, most of the
metrics limited their applications to system designs only, since the quantifications were
data-driven and made for black box or gray box systems. It should be noted that, during
the phase of system design or reconfiguration, an evaluation model should be a white box
and should represent the dependencies of the performance metrics (such as the level of
automation, configurability, and residence) on the design variables (such as the selection of
system elements, and the assembly and interaction of system elements) directly.
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3. Proposed Definition of SM

In good manufacturing practices, any manufacturing system must be tailored to a
specified application, and the same applies for a smart manufacturing system. Therefore, it
is our argument that SM is better defined to satisfy the most common system requirements,
rather than all requirements, which might be optional, of less importance, and tailored to
specific applications. Based on a generic definition of SM focusing on its core values, a
reference model can be derived to develop a systematic methodology for the designs of
SM. In this section, a new definition of SM is proposed, and the rationales of this proposal
are provided by (1) identifying the common features of SM as functional requirements
(FRs), (2) adopting two new concepts, DT-II and IoDTT, as the design solutions (DSs) for
the given FRs, and (3) discussing the solutions for the limitations of the existing works
identified in Section 2.

3.1. New Definition of SM

We propose to redefine SM and clarify the relevant concept of smartness as follows:
“Smart manufacturing (SM) is a type of manufacturing paradigm for the enhanced

smartness of systems, in which digital technologies are used to empower the physical
things in manufacturing products, access virtual assets over networks for expanded manu-
facturing capabilities, support data-driven decision making in any domain and at any level
of manufacturing operations, and reconfigure systems to adapt to the changes in customer
needs when making products”.

“The smartness of a manufacturing system refers to its ability to (1) offer better
manufacturing processes or (2) support better decision making in other manufacturing
operations. Smartness can be measured by one, or a combination of, system performance
metric(s), such as the degree of automation, cost-effectiveness, leanness, robustness, flexi-
bility, adaptability, sustainability, and resilience”.

In comparison to the existing definitions of SM, the proposed definition is generic
and applicable to any smart system that adopts digital technologies and is capable of
using virtual resources and reconfiguring systems. More importantly, the proposed defi-
nition considers the continuous improvement (CI) of system smartness at any increment,
domain and level, rather than the overall system-level performance of everything with
unmanageable complexity.

3.2. Functional Requirements (FRs) of SM

We are interested in developing a generic model for the system elements in SM. There-
fore, the core values of SM with its new definition are treated as functional requirements
(FRs). Consequently, a new representation of a generic system element must meet the
following FRs.

FR1—Performing manufacturing processes: a manufacturing system transforms raw
materials into the final products through a series of manufacturing processes in the material
flows of systems. Manufacturing processes are performed on physical manufacturing assets.
Therefore, making products (FR1) is the primary FR of a manufacturing system, and it
should be defined based on the variants and volumes of products that customers need. In
addition, since a complex product involves many parts and components that are made
using different manufacturing processes, physical manufacturing assets can be defined
for the products, components, parts, and processes. For the purpose of generality, one
physical entity is involved in one system element; such a physical entity can be present at
any level of the product, from a specific process, part, component, product, product family,
or product series over its lifecycle.

FR2—Dealing with changes in customer needs in manufacturing processes: a smart
manufacturing system is sustainable; it is capable of reconfiguring itself to deal with the
changes in customers’ needs, as well as the disturbances and uncertainties in manufacturing
environments. Customers’ needs correspond to the functionalities, variations, volumes,
delivery times, and other expectations of products that change in the market over time. The
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solutions for a system model to adapt to changes are (1) the software flexibility of adjustable
assets, (2) the hardware modularity, which is capable of configuring the system by selecting
different modules and assembling them in different ways, and (3) the combination of
software and hardware flexibility [43].

FR3—Supporting virtual analyses of manufacturing processes: to perform a man-
ufacturing process successfully, engineers must define, plan, program, verify, validate,
control, and monitor the process to ensure it is carried out correctly the first time. With
the ever-increasing complexity of manufacturing processes, performing these complex
tasks is far beyond manual effort. In SM, digital models are developed as digital twins
(DT-I) of the corresponding physical assets; digital twins are utilized for the optimization,
simulation, and verification of manufacturing processes, and for controlling, monitoring,
and diagnosing manufacturing processes in actual operations.

FR4—Acquiring, processing, and mining data for use in digital models: maintaining a
manufacturing system involves numerous decision-making activities at all levels, domains,
and aspects of businesses. On the other hand, SM emphasizes responsiveness, adaptability,
and resilience to the changes and uncertainties in dynamic environments. Therefore,
decision-making activities are closed-loop and data-driven processes that rely on reliable
and abundant data about everything in the system. Physical assets, in SM, are intended to
acquire real-time data; they are networked to collect and share data, and the collected data
is processed, mined, and utilized by digital models for decision making support.

FR5—Making decisions for enhanced system smartness: the decisions for manufac-
turing operations are made based on the data collected from machines, operators, sensors,
suppliers, markets, and users. Due to the rapid growth in networked elements in a system,
decision-making activities about manufacturing operations usually involve exceptionally
large data sets that are characterized as big data in terms of variety, volume, velocity,
veracity, and value (5V). Big data is analyzed and mined to allow smarter decisions to be
made regarding manufacturing operations, and to achieve better system performance for
any aspects of interest, such as agility, robustness, adaptability, flexibility, and resilience.

FR6—Accessing virtual resources: the scope of manufacturing businesses has been
continuously increased due to the growing complexity of products and the need for
manufacturing businesses to extend over product lifecycles. Manufacturing systems are
highly pressured by having to reconfigure themselves to meet the changes in customer
needs over time. Virtual manufacturing resources become increasingly important for
the host enterprises to cover the increasing scope of manufacturing businesses [8]. The
information infrastructure of an enterprise system (ES) should be capable of accessing
virtual resources and supporting the interactions and interoperations of internal and
external resources seamlessly.

FR7—Supporting decision making for incorporation-level businesses: in the digital
era, manufacturing systems become increasingly distributed and decentralized, and manu-
facturing businesses within a system become more closely related to the stakeholders, such
as suppliers, service providers, logistic systems, and users, across the boundaries of the sys-
tem. Therefore, sustainable manufacturing operations require numerous decision-making
processes at the incorporation-level, such as the selection of suppliers or service providers,
the composition of workflows for emerging business opportunities, and the reconfiguration
of systems or virtual enterprise alliances to adapt to changing customer needs. Decision
making support systems should be able to deal with the incorporation-level big data to
support the interactions and interoperations of enterprises with assured security, privacy,
and responsiveness [31–35].

3.3. Generic Model of System Elements—Digital Triad (DT-II)
A system can generally be modelled by (1) a set of system elements, (2) the relations

between system elements, (3) a series of the transformation from the inputs to the outputs
of the system, and (4) a set of the performance metrics that are quantified based on (1),
(2), and (3). Modelling a system begins with the representation of the system’s elements.
A smart manufacturing system is, in fact, a system of systems (SoS). SM is a multiplicity
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of technologies and elements, such as IoTs, CPSs, BDA, ML, BCT, CC, and collaborative
robots [62]. Here, the newly developed concept, digital triad (DT-II), is used to represent
an abstract system element of SM [3,4]. DT-II is an extension of the concept of digital twins
(DT-I), and DT-II includes the enablers to meet the functional requirements FR1, FR2, FR3,
FR4, and FR5 that were discussed in Section 3.2. As shown in Figure 2, a digital triad
(DT-II) is a coalition of life models, digital models, and the corresponding physical models.
Accordingly, DT-II is modelled by three models and their interactions as,

DT− II(t) = {LM(t), DM(t), PM(t), CN(LM(t), DM(t), PM(t), t), ET(t)} t = t1 , t2, . . . tn, . . . (1)

where DT-II (t) represents the state of a digital triad at time t, LM(t), DM(t), andPM(t) are
the sets of life, digital, and physical models at t, respectively; CN(LM(t), DM(t), PM(t), t)
are the interactions of life, digital, and physical models at t; ET(t) is the set of enablers for
the operations of DT-II; t1, t2, t3, . . . are timeframes to update DT-II.
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Figure 2. Generic model of digital triad DT-II (t).

In a DT-II model, a physical model PM(t) represents one, or a group of, physical
thing(s), such as the parts, products, processes, systems, or other tangible things, and
a digital model DM(t) is a virtual model of PM(t). One physical model PM(t) may
need multiple DM(t) to represent its behaviors from different perspectives. A life model
LM(t) represents the changes of physical things over time; it keeps historical data, com-
ponents, templates, and knowledge that are used to design, analyze, optimize, and re-
configure the physical models. The interactions of the three models, PM(t), DM(t), and
LM(t), are represented by CN(LM(t), DM(t), PM(t), t). There are three types of interactions
CN(LM(t), DM(t), PM(t), t) in DT-II, (i.e., CN,1(DM(t), PM(t)), CN,2(LM(t), DM(t), t), and
CN,3(LM(t), PM(t), t)). In addition, a particular DT-II model can be instantiated by spec-
ifying a set of enablers ET(t) to create, operate, and sustain the models. As discussed in
Section 2.3, the most commonly mentioned enablers in ET(t) are IoT, CC, AI, CPS, ML, BDA,
BCT, machine learning (ML), reference models, standardizations, and edge technologies.
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The proposed DT-II serves as a modelling solution to FR1, FR2, FR3, FR4, and FR5 of
a smart manufacturing system at the element level as,

{MS}E
{FR}E {MR}R

FR1
FR2
FR3
FR4
FR5

 =


× ×
× ×
× ×
× ×
× × × ×





PM(t)
LM(t)
DM(t)
CN,1(t)
CN,2(t)
CN,3(t)
ET(t)


(2)

where {FR}E and {MS}E are the set of functional requirements (FR) and modelling solu-
tions at the element level, respectively; {MR}E is a matrix for mapping from {MS}E and
{FR}E; “×” and “#” represent a closely and loosely relevant mapping, respectively.

3.4. Internet of Digital Triad Things (IoDTT) as a Reference Model

A smart manufacturing system is, in fact, a system of systems (SoS). Despite the
distributed, decentralized, and heterogeneous nature of system elements, an abstract
element model based on DT-II can only represent the characteristics at the element level,
rather than all system characteristics, including the needs for accessing virtual resources
and reconfiguring systems over time.

It should be noted that the existing reference models are highly diversified and lack
the generality required for users to understand, analyze, engineer, improve, optimize,
manage, control, and maintain the systems in specific applications. System models are
fundamental to enterprise engineering, integration, and management [63]. A reference
SM model should support (1) the integration of the data, knowledge, and wisdom of
all stakeholders, from suppliers to users, (2) the evaluation of system options based on
high-level performance indicators (KPIs), (3) the adaptation to dynamic changes and
uncertainties, (4) the seamless connection of information technology infrastructure, and
(5) the affordable cost of modelling, simulation, and data analytics [25]. A reference model
traditionally consists of multiple views to look at the transformation of manufacturing
businesses from different views. For example, Vernadat [63] included functional, business,
organizational, information, infrastructural, product, economic, and collaboration views as
the main facets of a reference model. Essakly et al. [64] developed a reference framework to
evaluate digitalization solutions for SMEs. The impact of technology adoption was assessed
across 16 main fields of action. Moghaddam et al. [65] discussed the existing works on
the development of reference SM models; popular reference SM architectures include
Reference Architectural Model Industrie 4.0 (RAMI4.0), the Industrial Internet Reference
Architecture (IIRA), IBM Industry 4.0, and NIST smart manufacturing. These architectures
were service-oriented and the manufacturing assets were digitized and integrated as on-
demand services, and SM enabled the collaboration and integration of manufacturing
assets via smart plug-and-produce systems. Yang et al. [66] argued that the main objective
of SM is to improve the flexibility and adaptability of manufacturing systems; therefore, SM
should be data-driven and should support knowledge-based engineering. The reference
SM model created by Part and Febriani [67] for welding operations was service-oriented,
since virtual manufacturing assets became mandatory for dealing with the ever-growing
complexity, scale, and system dynamics.

To model the interaction of system elements in SM, the concept of the Internet of
Digital Triad Things (IoDTT), developed by the authors, is introduced here. Figure 3
illustrates a representation of IoDTT for SM. A smart manufacturing system is developed
upon an information infrastructure {ET(t)} that consists of all of the accessible tools to
acquire, process, mine, and utilize data regarding the system elements for decision making
support. IoDTT uses a flat architecture in which all of the system elements {DT-II (t)} are
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networked and interact. Each DT-II (t) is reconfigurable to sustain its lifecycle, and the
lifecycle of SM is represented as a series of (SoS (t) at specific times. A smart manufacturing
system, at a specific time ti, is formed by one host digital triad DT-IIh (ti) with selected
others. The life model Lm,h (ti) of the host digital triad selects a set of appropriate digital
triads and constructs them as a system of systems (SoS (ti)). The digital and physical
models, Dm,h (ti) and Pm,h (ti), are upgraded to adapt to the changes resulting from their
interactions with others.
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The proposed IoDTT serves as the modelling solution to FR6 and FR7 of a smart
manufacturing system at the SoS level as,

{FR}S{
{FR}E
{FR}N

}
=

{FR}S
{FR}E

FR6
FR7

 =

{MR}S {MS}S {MR}E ×
× ×
×

 
{MS}E
{SoS(t)}
{ET(t)}

 (3)

where {FR}E, {MR}E, and {MS}E are the functional requirements, mapping relations,
and modelling solutions determined in Equation (1) at the element level; {FR}N = {FR6,
FR7}T are the functional requirements at the system level; {SoS(t)} is a set of system
configurations in the system lifecycle; {ET(t)} is the information infrastructure including
all of the accessible enabling technologies. “×” and “#” represent a closely and loosely
relevant mapping, respectively.

4. Discussion on Generality and Specialty in Designing and Implementing Custom
Smart Manufacturing Systems

The designs involved in a modular robotic system in Figure 4 were used to illustrate the
applications of an ad hoc approach to designing and implementing a smart manufacturing
system, and to elaborate the need for developing a generic design methodology for the
design of smart manufacturing systems.
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Figure 4. Example of designing and implementing a smart manufacturing system using an ad hoc approach (Reprinted
with permission from ref. [4]. 2021, Springer Nature).

Robots play increasingly critical roles in modern manufacturing [62,68]. However, con-
ventional robots were sophisticated and applicable only to specific types of tasks. Robots
in SM should be advanced to reconfigure themselves, both in hardware and software
aspects, so that the same system can be applied to different types of tasks in uncertain
environments. As shown in Figure 4a, the architecture of a smart robotic system is modu-
larized; it consists of various types of functional modules, rather than an integral robotic
structure. Different modules can be selected and assembled in different ways to build
different configurations for given tasks over time. Similar to the designs of other complex
systems, ad hoc approaches are used in designing and implementing a modular robotic
system. The three main design issues are architecture design, configuration design, and
control design [69,70]. Architecture design determines the available functional modules
and their possible interfaces. The design of a functional module is encapsulated, and
the internal change of one module does not affect its interaction with other modules. A
system’s architecture must offer as many configuration variants as possible, subjected to a
given pool of available modules. The more configurations a system can generate, the better
the system can deal with changing tasks in a dynamic environment. Architecture design is
also involved in upgrading a smart system. Configuration design involves the selection
and assembly of modules in a robot instance to optimally perform a given task. An active
module has its local controller, an assembled robot has its system-level goals, and the
control is designed to coordinate system modules to fulfill system-level tasks satisfactorily.
Control design is involved during the phase of system operation.

Several research teams worldwide have contributed to the design theories and method-
ologies of modular robotic systems. However, every group emphasized the specialties of
their proposed systems, and these systems are designed and implemented in ad hoc ways
in general. Bi and Lang [69] and Bi et al. [70] discussed the limitations of ad hoc system
approaches, including repetitive design efforts, inconsistency in system upgradations, the
difficulty in scaling systems, and, most importantly, the lack of predictivity for future
technologies to maintain the sustainability of a smart system.

It seems that any complex system, including a smart manufacturing system, should
be customized to its specific application; the design of a smart manufacturing system is
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carried out on a case-by-case basis. However, a smart manufacturing system emphasizes
its continuity from one system configuration to another to achieve adaptability and sus-
tainability over time. The authors argue that it is critical to investigate the commonalities
of different smart systems, since a general design methodology addressing the identified
commonalities will help to significantly alleviate the aforementioned challenges.

It should be noted that any system design can be viewed as a transformation from the
given inputs to the expected outputs, and different smart manufacturing systems share
many commonalities in such a transformation. While the implementation of a specific
system deals with the definitions of customers’ needs and the expected outputs that are
specialized, many commonalities can be identified. Taking the example of smart manufac-
turing systems: (1) customer requirements share the commonalities of the quantification
of adaptability, resilience, and configurability; (2) the expected system designs share the
commonalities of digitization, modularization, and high levels of automation and auton-
omy; (3) the design transformations share time-dependence, dynamics, concurrence, and
continuous improvement. Therefore, the generality of a design methodology and the
specialty of system implementation are not conflicted with each other. While a generic
design methodology cannot be used to substitute all of the design efforts in defining quan-
tifiable functional requirements, system measures, and modelling system behaviors to
evaluate design solutions, following the generic guidance and design procedure will help
users to reduce repetitive efforts, achieve consistency for system upgradation, enhance
system scalability, and increase the visibility of prosperous technologies for long-term
system sustainability.

5. Summary

To promote the application of digital technologies in manufacturing, particularly for
small and medium sized companies, and for continuous improvement practice, we aimed
to develop a generic methodology for the design of smart manufacturing systems. A con-
cise definition of smart manufacturing (SM) was provided (based on the newly developed
concepts of digital triad (DT-II) and Internet of Digital Triad Things (IoDTT), which covers
the common requirements and enabling digital technologies of various manufacturing
systems that are customized for specific applications. Axiomatic design theory was pro-
posed to formulate system designs, or to reconfigure systems into mathematic models by
defining the functional requirements (FRs), identifying the feasible design solutions (DSs),
and evaluating system smartness based on the mapping of FRs and DSs. It should be
noted that ADT is widely adopted as a systematic design approach in designing complex
systems [71,72]. Part II of this paper will provide the details of ADT applications in the
design of smart manufacturing, and three case studies will be introduced to demonstrate
the generality and applicability of using the proposed method for designing smart manu-
facturing systems. The proposed concepts have theoretical and practical significance for
exploring the essentials of different smart manufacturing systems, so that a systematic
design methodology can be developed to guide the design of smart manufacturing systems
with diversified applications. It should be noted that the proposed concepts and design
methods are generic, and are used as the systematic guides in designing and analyzing a
smart manufacturing system. However, every manufacturing system must be customized
to its specific applications, and additional design effort is required to prioritize FRs, identify
the pool of DSs, and develop performance metrics for the appropriate mapping of FRs and
DSs when using the proposed concepts and design methods.
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