Perspectives on the future of manufacturing within the Industry 4.0 era

Abstract

The technological choices facing the manufacturing industry are vast and complex as the industry
contemplates the increasing levels of digitization and automation in readiness for the modern
competitive age. These changes broadly categorized as Industry 4.0, offer significant
transformation challenges and opportunities, impacting a multitude of operational aspects of
manufacturing organizations. As manufacturers seek to deliver increased levels of productivity
and adaptation by innovating many aspects of their business and operational processes, significant
challenges and barriers remain. The roadmap toward Industry 4.0 is complex and multifaceted, as
manufacturers seek to transition toward new and emerging technologies, whilst retaining
operational effectiveness and a sustainability focus. This study approaches many of these
significant themes by presenting a critical evaluation of the core topics impacting the next
generation of manufacturers, challenges and key barriers to implementation. These factors are
further evaluated via the presentation of a new Industry 4.0 framework and alignment of 14.0

themes with the UN Sustainability Goals.
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1. Introduction

The emergence of a new wave of disruptive technological innovation has impacted the
manufacturing industry as consumer demands for mass-customization and increased levels of
sustainability, drive operational effectiveness and flexibility to adaptation. These new concepts,
technologies and processes set to transform the manufacturing landscape, have been collectively
termed the fourth Industrial Revolution — namely Industry 4.0 (14.0). The 14.0 concept originally
stems from a German initiative led by the Federal Ministry of Education and Research in the
context of their high-tech strategy 2020. The initiative set out to amalgamate manufacturing and
technology via a formal standardization roadmap for 14.0 (DIN & DKE 2018; Kagermann 2011;
Lasi et al. 2014). Studies have associated 14.0 with a number of fundamental interrelated concepts
and innovations aligned to technological as well as socioeconomic transformation of the
manufacturing industry and factory of the future (Zhong et al. 2017; Liao et al. 2017).

The underlying principles associated with the 14.0 strategic initiative, are the use of Cyber
Physical Systems (CPS) and related technologies to realize a highly flexible and digitally driven
intelligent factory (Zhou and Zhou 2015). This requires constant connectivity, “human in the loop”
capability and decentralized decision-making (Muhuri et al. 2019). Although studies have
highlighted the evolving nature of 14.0 (Liao et al. 2017), the literature generally supports that 14.0
is built around a number of core concepts and digitally aligned technological initiatives:- Internet
of Things (IoT), big data, cloud computing, smart manufacturing and the intelligent factory,
adaptive manufacturing, Artificial Intelligence (Al) and automation via the use of CPS (Lu 2017;
Riifmann et al. 2015; Zhong et al. 2017). At its core, 14.0 relies on the seamless integration and
implementation of these technologies and digital initiatives to transform manufacturing and deliver

higher levels of efficiency and productivity (Ahuett-Garza & Kurfess 2018; Lu 2017).
2



The Swiss based - World Economic Forum (WEF) has analysed the impact of smart machines
and greater levels of automation on organisation productivity. The WEF asserts that globally - 75
million jobs may be displaced by automation as early as 2022. However, the WEF asserts that 133
million new jobs will be created as a direct result of technological progress and requirements for
additional skills and expertise (WEF 2018). Studies have highlighted the potential increases in
production efficiency from I4.0 adoption, with estimates as high as 30% gains across the
manufacturing sector (Zhou and Zhou, 2015). The integrated digital infrastructure associated with
14.0 is predicted to deliver - greater efficiencies, faster industrial processes, foster economic
growth and dramatically alter the profile of the existing workforce (RiiBmann et al. 2015).
Although this new technology driven wave of innovation is positioned as offering significant
disruptive change to the manufacturing industry, numerous barriers exist for many sectors
especially those within emerging economies (Cardoso et al. 2017; Frolov et al. 2018) and smaller
scale manufacturers in the context of adaptation deficits when compared to larger enterprises
(Mittal et al. 2018; Sommer 2015). The drive toward increased levels of flexibility and
customization to support 14.0 transition, requires significant financial investment as well as CPS
based connectivity and integration between systems (Fatorachian and Kazemi 2018). These factors
highlight the potential challenges for organisations as the industry transitions to a more flexible
and intelligent method of production via the use of IoT based digital systems and CPS technology.

The challenges surrounding sustainability are key factors for industry, as manufacturers strive
for greater efficiencies and consumers increasingly view consumerism through the lens of reduced
impact on the planet and its inhabitants. In their transition to the smart factory of the future,
manufacturers are required to balance the economic realities of an 14.0 approach whilst achieving

desired levels of sustainability throughout the product lifecycle (Varela et al. 2019; Yao etal. 2017;
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Zhang et al. 2018). Building in a more focussed sustainable manufacturing framework that creates
value within the 14.0 model, is key to success within economic, social and environmental contexts
(Braccini, & Margherita 2018; Li et al. 2018).

The transition to 14.0 is complex and multifaceted. No prescriptive strategic roadmap exists to
help organisations progress from traditional manufacturing processes along the road to 14.0
(Ghobakhloo, 2018). The industry as a whole exhibits varied levels of 14.0 maturity with specific
developed economies such as Germany and Switzerland leading the way as they successfully
transition their industrial infrastructure (Mittal et al. 2018; Miiller et al. 2017). However, many
manufacturers are facing substantial challenges not only in the context of their own organisations,
but also with the supply chain as a whole as all these elements migrate to new ways of working
(Schumacher et al. 2016). Less developed economies face significant challenges with
demonstrably lower levels of 14.0 maturity and a reliance on a labour intensive model. Studies
have highlighted the unrealistic expectation that manufacturers can transition to 4.0 from a low
automation model without significant government and industry—wide investment and support
(Braccini, & Margherita 2018; Strandhagen et al. 2017; Tortorella & Fettermann, 2018; Zhou et
al. 2015). Manufacturers may be at various transition points along the 14.0 roadmap and maturity
level. Recognising this as the industry wide reality can help to frame the specific sector
requirements and transition path for many organisations (Mittal et al. 2018).

The wider literature has published extensively on 14.0 and its associated topics, focusing on
many of the technological implications for the industry as a whole. Generally, business related
research has tended to discuss specific 14.0 topics addressing key themes such as big data, IoT,
intelligent manufacturing, Al and their impact on factories of the future. A number of studies have

sought to pull together many of these numerous strands offering a review of the available literature
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(Kamble et al. 2018; Lu 2017; Muhuri et al. 2019). However, studies have generally tended to
focus on the literature search output or concentrated on individual themes rather than offer a
substantive discussion of the key topics, challenges for organisations and implication for theory
and industrial practice. Additionally, the trajectory toward 14.0 and all its potential implications,
is fast paced and evolving with no one size fits all solution, highlighting the complexities from the
14.0 transition perspective (Ghobakhloo 2018; Haeffner & Panuwatwanich 2017; Lalic et al. 2017).
Additional theoretical insight via a timely evaluation of the key topics through an up to date lens,
can offer new contribution to literature. This study seeks to fill this gap with a review of the
associated technological themes surrounding 14.0, exploration of the developing and emerging
market perspective and an analysis of 14.0 from a sustainability context, specifically the United
Nations (UN) Sustainable Development Goals (SDG). The study pulls many of these threads
together with an analysis of applicable frameworks within the wider 14.0 related literature and the
presentation of a new 14.0 transition framework.

The remainder of the paper is structured as follows: section 2) details the literature review where
the methodology and the key I4.0 related themes are outlined. The key challenges facing
organisations migrating toward I4.0 are presented in section 3) grouped from emerging markets,
sustainability and transition perspectives. This section also includes the presentation and
discussion of an adapted 14.0 operationalization framework. The paper is concluded within section

4).

2. Literature Review

The literature review is divided into a number of sections. The first describes the methodology

used to source the relevant research; the second presents the results of the database search; the
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third details the main categories based on the literature review that are used to describe many of

the key concepts surrounding 14.0 and manufacturing.

2.1 Methodology
This study aligns with the guidance outlined in Webster and Watson (2002) and Moher et al. (2009)
in the context of conducting a structured and systematic approach to the literature review. The key

stages are outlined in Figure 1 using an adapted version of the Moher et al. (2009) flow diagram.
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Figure 1: Literature review process (adapted from Moher et al. 2009)

The literature review searches were undertaken via Web of Science and Scopus databases as well
as Google Scholar to return primarily chartered Association of Business Schools (ABS) related
papers that fulfilled the search criteria. The searches undertaken were as follows: “Big Data” AND
“Manufacturing”, “AI” AND “Manufacturing”, “IoT” AND “Manufacturing”, “Big data” AND
“Manufacturing”, “Sustainability” AND “Manufacturing”, “Industry 4.0” AND “Manufacturing”.
No restrictions were placed on publishing year although the bulk of the results returned were 2015
or later, reflecting perhaps the fact that 14.0 is a relatively recent research area. This initial search
yielded 147 separate results. No restrictions were placed on specific journals or ABS ranking.
Additional known relevant studies where included from outside this initial search and added to the
articles for the initial screening. Via a process of assessing eligibility and eliminating non-
manufacturing and unrelated papers, the result set was narrowed to 120 articles. Each of these
individual papers were reviewed to ascertain emerging themes or patterns that would help

categorise the result set across the full literature.

2.214.0 Themes

The list of categorised articles are presented in table 1. The selected themes were identified based
on a review of each of the articles where the key relevant content for each study was captured in
table form. No fixed view on theme groupings were initially developed, rather these were allowed
to emerge as the review progressed. A number of draft theme titles were selected based on an
assessment of the key topic areas of each of the main groupings of articles. These titles and

descriptions were then appraised via a review within the research team to validate the constituent
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papers, selected title and narrative. Subsequent to the review, the chosen themes were validated
and where articles were categorised incorrectly, these were moved to the relevant theme. Studies
that addressed a number of topics across multiple themes are subsequently listed in each
appropriate category. Additional relevant studies were added to the categorised list where the

review highlighted valid and key article references not picked up in the initial search.

Table 1: 14.0 Themes

14.0 Theme Theme Description Study References
Flexible and additive | Implications for | Ahuett-Garza & Kurfess,(2018); Caputo et al. (2016);
manufacturing manufacturers as demands | Frank et al. (2019); Gao et al. (2015); Kusiak (1987);

Oesterreich & Teuteberg (2016); Park & Huh (2018);
Pikas et al. (2016); ); Renzi et al. (2014); Santos et al.
(2017); Sayar & Er (2018); Szalavetz (2018); Theorin
et al. (2017); Vujosevic (1994); Wang & Wang
(2016); Wang et al. (2018)

perspectives increase for customisation,
flexibility on batch sizes and
requirements for additive
manufacturing  processes
with an increasing range of

materials.
Intelligent Concepts relating to | Ahuett-Garza &  Kurfess,(2018); Braccini &
manufacturing utilising many of the | Margherita (2018); DIN & DKE (2018); Du & Yang

(2015); Fatorachian & Kazemi (2018); Frank et al.
(2019); Fujino & Konno (2016); Ismail et al. (2019);
Jonsson & Svensson (2016); Kiel et al. (2017); Lalic
(2017); Lasi et al. (2014); Li et al. (2017); Mittal et al.
(2018); Nikolic et al. (2017); O’Donovan et al. (2015);
Qi & Tao (2018); Shukla et al. (2018); Yao et al.
(2017); Zheng et al. (2018); Zhong et al. (2017a);
Zhong et al. (2017b)

and smart factory of | available new technologies
the future to organise and develop
production to meet the new
demands of 14.0.

Al and human in the | Implications for future of DIN & DKE (2018); Haeffner & Panuwatwanich
loop concepts automation and potential (2017); Jain and Mosier (1992); Jonsson & Svensson
(2016); Katz (2017); Kumar (2017); Kusiak (1987);
Lee et al. (2018); Lee (2002); Li (2018); Li et al.
(2017); Loffler & Tschiesner (2013); Makridakis
(2018); Muhuri et al. (2019); Nikolic et al. (2017);
Wang et al. (2015); Wang & Wang (2018); Yang et al.
(2017); Zhong et al. (2017a)

machine vs human
interaction in alignment
with manufacturing goals.




Big data and analytic
perspectives

Underlying concepts and
complexities in the
processing of large
manufacturing datasets and
the analytical interpretation
of data.

Auschitzky et al. (2014); Brock & Khan (2017);
Chang & Lin (2019); Chien et al. (2017); Contreras &
Perez (2018); Cooley & Petrusich (2013); Depeige &
Doyencourt (2015); Gandomi & Haider (2015);
Gunasekaran et al. (2018); Hang et al. (2014); Kumar
et al. (2016); LaCasse et al. (2018); Mousannif et al.
(2016); O’Donovan et al. (2015); Olshannikova et al.
(2015); Qi & Tao (2018); Rymaszewska et al. (2017);
Santos et al. (2017); Shukla et al. (2018); Spanaki et
al. (2018); Wang & Wang (2016); Yadegaridehkordi
et al. (2018); Zaki et al. (2017); Zheng et al. (2016);
Zhong et al. (2017a); Zhong et al. (2017b); Zhou et al.
(2015).

Impact of 10T, cloud
computing and
emerging
technologies

and
this
technological concept as

IoT related factors
criticality of

part of the overall delivery
of 14.0

Barenji et al. (2018); Birge (2018); Caputo et al.
(2016); Cheng et al. (2018); Contreras & Perez (2018);
Fang et al. (2016); Jeschke et al. (2017); Jimenez et al.
(2019); Kiel et al. (2017); Ko et al. (2018); Kumar et
al. (2016); Liu & Xu (2017); Li et al. (2018); Li et al.
(2017); Papakostas et al. (2016); Qin et al. (2016);
Rymaszewska et al. (2017); Sayar & Er,(2018);
Shridhar (2019); Tu et al. (2018); Wang et al. (2015)

Sustainability factors
and impact on 14.0

Sustainability issues as
manufacturers progress
toward greater levels of
automation and how 14.0
can be aligned with key
sustainability principles.

Braccini & Margherita (2018); Ferrera et al. (2017);
Ghafoorpoor Yazdi et al. (2018); Ko et al. (2018); Lasi
et al. (2014); Papadopoulos et al. (2017); Santos et al.
(2017); de Sousa Jabbour et al. (2018); Varela et al.
(2019); Zhang et al. (2018); Zhou et al. (2016)

14.0 maturity and

roadmap

Trajectory of 14.0 and
implications for
manufacturers  depending

on their 14.0 maturity levels.

Almada-Lobo (2016); Cardoso et al. (2017); DIN &
DKE (2018); Frolov et al. (2017); Gentner (2016);
Ghobakhloo (2018); Haeffner & Panuwatwanich
(2017); Hauer et al. (2018); Jayaraman et al. (2018);
Kamble et al.(2018); Khan & Turowski (2016); Li
(2018); Liao et al. (2017); Loffler & Tschiesner
(2013); Mittal et al. (2018); Miiller et al. (2017);
Papakostas et al. (2016); Pikas et al. (2016); RUBmann
et al. (2015); Schumacher et al. (2016); Shridhar
(2019); Sommer (2015); Strandhagen et al. (2017);
Theorin et al. (2017); Zhou et al. (2015); Zufiga et al.
(2017)

Process, efficiency

and productivity

perspectives

Implications for efficiency
and productivity levels as a
direct result of 14.0 and

Baines et al. (2017); Brettel et al. (2014); Buer et al.
(2018); Chien et al. (2017); Contreras & Perez (2018);
Cooley & Petrusich (2013); Cardoso et al. (2017);
Frolov et al. (2017); Lu (2017); Pereira & Romero




intelligent ~ manufacturing | (2017); Pikas et al. (2016); Reischauer (2018);
concepts. RiiBmann et al. (2015); Rymaszewska et al. (2017);
Sanders et al. (2016); Schumacher et al. (2016);
Szalavetz (2018); Venables (2016).

2.3. Key Concepts and Themes aligned with 14.0

A number of key concepts and emerging technologies can be associated with the transition to 14.0.
Each of the key themes from table 1 form a critical component of the overall 14.0 proposition.
Studies have addressed a number of these areas highlighting many of the enabling technologies
and potential barriers to progress along the road to the next generation of manufacturing. Each of

the themes are discussed below:

2.3.1 Flexible and additive manufacturing perspectives

Additive manufacturing (AM) has transformed the way that products are designed, manufactured
and supplied to customers. Fully working products and components can be manufactured using
flexible 3D printing and rapid prototyping technologies that construct objects using a material
layering process (Oesterreich & Teuteberg 2016). The technology allows complex product designs
to be downloaded and constructed remotely via specialised automated AM technologies (Gao et
al. 2015). Materials such as plastics, polymers, metals and concrete can be incorporated within the
AM process. Products and components developed via AM techniques include: aircraft engine
components, medical products (orthopaedics), automotive, consumer products, industrial tooling
and small batch customised products (Additive Manufacturing 2019; Ahuett-Garza & Kurfess

2018; BBC 2019).
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Studies have highlighted the disruptive influences from flexible approaches and AM within the
overall 14.0 context (Caputo et al. 2016; Park & Huh 2018; Szalavetz 2018). The contribution from
AM processes is heavily dependent on connectivity via IoT aligned methods, enabling localised
production with subsequent impact on supply chains (Park & Huh 2018; Santos et al. 2017; Sayar
& Er 2018). The framework presented in Frank et al. (2019) identified the criticality of technology
adoption and requirements for flexibility and adaptive techniques as key 14.0 drivers. The study
highlights the impact of organisation size on 14.0 processes, articulating the role that AM can play
as part of a staged I4.0 implementation model (Frank et al. 2019). Reconfigurable manufacturing
systems are positioned as the solution to requirements for greater levels of manufacturing
flexibility and mass customization as the industry responds to rapid changes in demand (Renzi et
al. 2014; Romero and Molina 2011).

The requirements for greater levels of flexibility and customization within the 14.0 context is
critical to the successful fulfilment of market demands for the smart factory of the future (Pikas et
al. 2016; Burnes & Towers 2016). The design of suitable flexible manufacturing systems and
associated processes are complex and multifaceted (Kusiak 1987; Vujosevic (1994). Studies have
highlighted the significant benefits of integrating cloud platforms and IoT enabled technologies to
deliver flexible manufacturing capability (Wang & Wang 2016; Wang et al. 2018). The
implementation of suitable event driven, architectures and associated infrastructure that enable
loose coupling and re-configurability are core 14.0 requirements for manufacturing flexibility

(Theorin et al. 2017).
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2.3.2 Intelligent manufacturing and smart factory of the future

The terms intelligent manufacturing and smart factories have been posited in the literature with
reference to 4.0 and manufacturing organisations ability to cater for the dynamics and fluctuations
of the global market (Braccini & Margherita 2018; Fatorachian & Kazemi 2018; Fujino & Konno
2016). Intelligent manufacturing enables organisations to achieve significant benefits through,
flexible, smart and adaptable manufacturing processes via integrated systems and advanced
technologies (Li et al. 2017; Shukla et al. 2018; Zhong et al. 2017a). These technologies may
include IoT connectivity, utilisation of big data solutions, cloud computing and sensor based
technologies within a CPS context. Smart factories will host the industrial processes required to
efficiently manufacture products, optimise resource and react to dynamic customer requirements
(Ahuett-Garza & Kurfess 2018; DIN & DKE 2018; Ismail et al. 2019; Zhong et al. 2017b). The
conceptual framework defined within Zheng et al. (2018), highlights many of these key principles
where the smart factory is described as the integration of the physical shop floor infrastructure and
the virtual ICT world (Zheng et al. 2018). The driving forces and fundamental concepts for 14.0
outlined in Lasi et al. (2014), describe the smart factory equipped with sensors and autonomous
systems using digital factory principles, application of technology (Lasi et al. 2014) and socio-
technical processes (Yao et al. 2017).

The trend toward increasing levels of mass customisation and shorter lead times to effectively
respond to changing market demands, is a key tenant of the smart factory and intelligent
manufacturing concepts (Jonsson & Svensson 2016; Kiel et al. 2017; Lalic 2017). This agile
orientated production philosophy where small batch sizes and operational reconfiguration is the
norm, is forecast to be the new model for realising effective operations within the factory of the

future (Jung et al. 2016; Rashid & Tjahjono 2016). The challenges relating to factory
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reconfiguration can be aligned with smart factory efficiency, specifically with the closely coupled
architecture of a number of 14.0 concepts. The research by O’Donovan et al. (2015) highlights
these points in the context of data centric technologies such as IoT and big data, where the study
discusses the criticality of machine uptime and availability of the smart manufacturing
environment (O’Donovan et al. (2015). These themes are emphasised within Nikolic et al. (2017)
where the challenges of intelligent manufacturing can be mitigated via smart systems with
predictive capabilities (Nikolic et al. (2017) and machine learning (Yao et al. (2017).

The concept of the digital twin and its association with smart factories and intelligent
manufacturing is an increasingly discussed topic within the literature. In scenarios where
operational processes incorporating a digital twin are integrated with production infrastructure via
CPS, manufacturers can drive greater efficiencies and productivity. The digital twin process entails
the dynamic mapping of physical objects and virtual models in order to simulate design and
production modelling (Grieves 2014; Tao & Zhang 2017). This intelligent manufacturing approach
negates premature, large-scale production re-configuration and facilitates rapid design change
validation (Qi & Tao (2018). Studies highlight the next generation of factories as adopting
increasing elements of Al and automation incorporating collaborative human-machine processes
(Yao et al. 2017). These concepts can be implemented within a complex manufacturing
environment, where machine-learning systems can be integrated with human knowledge for key
production tasks (Du & Yang 2015; Zhong et al. 2017a). The application of intelligent
manufacturing techniques and processes are fundamental to the overall 14.0 concept however, in
practice this transition can be complex and challenging (Mittal et al. 2018). The research outlined
in Frank et al. (2019) highlights these issues succinctly in the context of adoption of “front end

technologies” where smart manufacturing is central to the overall process. The study argues that
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the low levels of adoption of associated and integrated technologies such as big data and analytics,
act as barriers in the transition toward smart manufacturing and alignment with 14.0 (Frank et al.

2019).

2.3.3 Al and human in the loop concepts

For decades researchers have explored the potential of Al to replace humans within the factory
toward greater levels of decentralized decision making via intelligent automation and to tackle
many of the unique challenges within modern production (Kusiak 1987; Lee et al. 2018; Muhuri
et al. 2019). Al concepts are likely to play an ever increasing role within an integrated 14.0
infrastructure as ever more production processes are automated (Lee 2002; Loffler & Tschiesner
2013). Al technology will enable manufacturers to extend beyond simple automation, where
machines can learn and improve autonomously using Al decision making algorithms (Yang et al.
2017). The addition of Al driven processes means that supply chain and production processes can
be monitored and controlled in real time with greater levels of efficiency and productivity as part
of an Al centric ecosystem (Jain and Mosier 1992; Lee et al. 2018; Zhong et al. 2017a). Studies
have highlighted new manufacturing models and frameworks where the smart factory, Al
technologies and autonomous sensing are integrated within an intelligent manufacturing
infrastructure and ecosystem. The model presented in Li et al. (2017) utilised an intelligent
manufacturing system architecture and manufacturing technology system via the integration of Al
and related product technology (Li et al. 2017). The Predictive Manufacturing System (PMS)
model presented in Nikolic et al. (2017) highlights how AI methods can be used in a predictive

context for flexible and intelligent manufacturing.
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The probabilistic analysis of the economic impact of Al and automation has been assessed by
the Swiss based WEF where they predict that 20% of existing UK jobs will be displaced by Al
and related technologies. This figure is greater in emerging economies such as China, where the
level rises to 26%, due to the greater scope for disruptive technological change within the
manufacturing sector. Al and related technologies will drive innovation and economic growth
creating of 133 million new jobs globally by 2022 and contributing to 20% of GDP in China alone
by 2030 (WEF 2018). Although some aspects of the literature reference the replacement of human
expertise (Kumar (2017) with Al based technology, a more pragmatic and realistic enhancement-
centric approach seems to be emerging. The literature has recognised the potential fallibility and
realistic limits of replacing all human workers with Al driven machines as part of an infinite drive
to automation (Katz 2017). The 14.0 German Standardization Roadmap highlights the fact that
humans will continue to play a significant role within the manufacturing environment but are likely
to focus on design, maintenance and process related tasks to ensure long-term efficient and flexible
production. This key principal asserts the rational of support, not replacement of human decision
making (DIN & DKE 2018). These points are emphasised within other aspects of the 14.0 based
literature where CPS, automation and use of Al are discussed in the context of humans in the loop
(Jonsson & Svensson 2016; Makridakis 2018) or human - robot collaboration (Wang et al. 2015;
Wang & Wang 2018). The study by Haeffner & Panuwatwanich (2017) posits the scenario of
factory workers of the future, closely cooperating with Al based machines to solve problems.
Within a fully operational 14.0 scenario robots and other intelligent devices, could become socially
integrated within the production process even acting as co-workers for specific tasks (Haeffner &

Panuwatwanich 2017).
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2.3.4 Big data and analytic perspectives

The emergence of 14.0, its associated technologies and interconnected CPS infrastructure, has
created a number of big data challenges and opportunities for manufacturers to generate new
knowledge (Contreras & Perez (2018). Within the automated age, data from production equipment,
IoT connected networks, maintenance tools and supply chain status, needs to be formally managed
and processed to enable key decision making. The 14.0 based smart factory of the future is likely
to rely on significant real time and historical data generated from sensors within the manufacturing
environment as machines monitor and control ever more aspects of production (Marr 2015). This
concept of increasing levels of manufacturing intelligence extends this use of real time sensor
based data, where manufacturing processes are optimised to sustain performance, improve
productivity and influence big data adoption (Cooley & Petrusich 2013; Yadegaridehkordi et al.
2018).

Big Data Analytics (BDA) facilitates the methodical and structured analysis of large data sets,
often contextualised in terms of: volume, velocity, variety, veracity and value adding. BDA has
the potential to transform and advance manufacturing and service systems offering value
extraction and creative processing of heterogeneous data (Shukla et al. 2018; Spanaki et al. 2018;
Wang & Wang 2016). BDA can include the technologies and techniques that manufacturers can
adopt to analyse large scale, complex data from a multitude of sources and applications (Brock &
Khan 2017; Chang & Lin 2019). Within many manufacturing environments, the sheer scale and
complexity of these large, unstructured and multi-dimensional datasets, necessitates utilising
specific data mining and BDA software to process the production derived data (Zhong et al. 2017a;
Kumar et al. 2016). Unstructured data forms approximately 95% of big data infrastructure,

highlighting the complexity and requirements for sophisticated methods and associated software
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(Gandomi & Haider 2015; LaCasse et al. 2018). The advent of new tools and processes for big
data, allows analysts to efficiently access historical statistics in conjunction with real-time shop
floor data, to develop advanced insights and drive critical decision-making (Auschitzky et al. 2014;
Chien et al. 2017; Gunasekaran et al. 2018). BDA can be extended along the supply chain to deliver
richer and more informed analysis, optimise customer value and drive efficiencies (Hang et al.
2014; Li et al. 2016).

Studies have posited the benefits of leveraging BDA and knowledge management practices
within a predictive context toward greater levels of manufacturing intelligence and redistributed
manufacturing insight (O’Donovan et al. 2015; Zaki et al. 2017). Significant advantage can be
gained from the multi-dimensional elements of production data to help identify patterns and trends
to aid manufacturers and their production schedules (Depeige & Doyencourt 2015). The research
by Q1 & Tao (2018) highlights the many benefits of access to big data where networked machines
and smart devices can be optimised to negate defects and root causes of potential future
breakdowns (Qi & Tao 2018). The proposed roadmap outlined in Mousannif et al. (2016)
highlights the role played by BDA within organisations and subsequent value of a systematic
methodology in its implementation and return on investment (ROI). The framework proposed
within Rymaszewska et al. (2017), positions the benefits of an IoT and big data approach via
servitisation in the context of increased manufacturing productivity and value creation using
analytics. This theme of value creation utilising big data is explored in Santos et al. (2017) where
the study proposes a BDA architecture to enhance sustainable innovation within smart factories
(Santos et al. 2017).

Data visualisation methods and tools play a key part in the ability of organisations to make sense

of their big data structures. Greater levels of understanding and interpretation can be gained from
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the data where factors relating to human perception and cognition are taken into account
(Olshannikova et al. 2015). The processing and synthesis of the multitude of heterogeneous data
types within big data architectures is complex. Extracting value from big data via appropriate and
scalable visualisation tools is a key and often expensive challenge, but also critical for
organisations as volumes increase and new data types emerge (Zheng et al. 2016; Zhong et al.

2017b).

2.3.5 Impact of IoT, cloud computing and emerging technologies

The combination of IoT and cloud based technologies has the potential to transform manufacturing
within the 4.0 era as this advanced connectivity to machines, devices, sensors and services
delivers new value to manufacturers and the wider supply chain (Birge 2018; Caputo et al. 2016;
Fang et al. 2016). The challenge within manufacturing is the integration within an effective IoT
infrastructure such that all levels of production can communicate effectively (Wang et al. 2015).
Studies have highlighted that 71% of manufacturers have either invested in, or plan to invest in
IoT (Papakostas et al. 2016). IoT and cloud computing offer practical solutions to a number of
manufacturing problems and service orientated barriers (Kumar et al. 2016; Liu & Xu 2017). The
modern efficient smart factory is likely to utilise an IoT based infrastructure to connect sensor-
based technology within a digitally enabled CPS architecture to provide valuable real time data
and statistics (Jeschke et al. 2017; Marr 2015). The IoT and cloud computing are essential
components of intelligent manufacturing where BDA, Al concepts and adaptive production
approaches can facilitate new business models and improved levels of productivity and efficiency

(Kiel et al. 2017; Li et al. 2017; Qin et al. 2016).
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The advent of cloud computing and IoT has facilitated the emergence of cloud based
manufacturing models where manufacturing as a service has begun to drive change within the
intelligent factory (Barenji et al. 2018; Cheng et al. 2018; Helo & Hao 2017). Service based
approaches have begun to received attention within the 14.0 literature where the combination of
CPS, IoT and associated networked sensor based technologies can address many manufacturing,
logistics and supply chain issues. This servitisation perspective can position IoT based solutions
to shorten product lifecycles and adapt to changing customer demands (Rymaszewska et al. 2017;
Sayar & Er 2018). The use of IoT based technologies has the potential to offer significant levels
of improvements to productivity and efficiency when adopting a value chain perspective using:
big data, supply chain, CPS security, monitoring and control (Contreras & Perez 2018; Shridhar
2019).

The literature has discussed the application of blockchain technology within the supply chain
and 4.0 context and its potential to offer considerable benefits to manufacturers. Many attributes
of this emerging technology, in particular: immutability, enhanced security, decentralised
distributed ledger and smart contract capability could positively impact manufacturing processes
and supply chain models (Barenji et al. 2018; Ko et al. 2018). The smart contract aspect of
blockchain technology has received considerable attention within the literature as researchers
apply these concepts to real-world supply chain problems. The studies by Jimenez et al. (2019)
and Li et al. (2018) highlight the potential for blockchain within the supply chain context where
the concepts of open manufacturing and secure tracking of goods drive changes to industrial
processes. Supply chain solutions utilising IoT information architectures such as the EPCglobal
Network and RFID technologies can effectively offer real time product tracking data from factory

to consumer using IoT and sensor technologies (Tu et al. 2018).
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2.3.6 Sustainability factors and impact on 14.0

Although the literature has explored many of the technological factors surrounding 14.0 and the
smart factory of the future, studies have emerged that highlight a number of sustainability factors
within the environmental and economic context in the new intelligent factory era (de Sousa
Jabbour et al. 2018). Smart factories using [oT and sensor technology within production have the
potential to address many aspects of sustainability through improved green supply chains and
effective inventory management (Ben-Daya et al. 2017; Genovese et al. 2014). Empirical studies
have analysed the relations between sustainability and 14.0 concluding that dependencies exists
between the two concepts (Varela et al. 2019). The research by Braccini & Margherita (2018)
explores the impact of 14.0 adoption within manufacturing organisations in alignment with the
sustainability dimensions of economic, environmental and social factors (triple bottom line). The
study highlights the complexities inherent in balancing the environmental and economic
sustainability factors as manufacturers transition toward 14.0 (Braccini & Margherita 2018). The
drive toward greater levels of digital and sustainability focussed transformation via 14.0 related
technologies such as big data analytics, requires an understanding of key stakeholder interactions
and interrelations where these elements can lead to knowledge, innovation, and value creation
(Pappas et al. 2018). The potential economic and ecological increases in efficiency due to 14.0,
require a sustained intensive focus on sustainability in all its forms (Lasi et al. 2014; Santos et al.
2017). The underlying technologies inherent within 14.0, offer significant opportunities via sensors
and BDA tools to manage resources, support waste reduction initiatives and lessen environmental
impact, as manufacturers adopt more efficient and adaptive approaches (Ferrera et al. 2017,

Papadopoulos et al. 2017). BDA and IoT offer the potential for greater levels of sustainability
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where improvements in sensor technologies within harsh production environments can help to
reduce energy consumption and improve efficiency (Zhang et al. 2018; Zhou et al. 2016).

The guidance published by the Organization for Economic Cooperation and Development
(OECD) for sustainable manufacturing, sets out a number of steps under the overall categories of:
Preparation, Measurement and Improvement. The OECD rules highlights the criticality of
identifying sustainable objectives, driving continuous improvement and evaluating the factors
surrounding: recyclability, use of hazardous materials and energy consumption (OECD 2014). The
evaluation of operation Overall Equipment Effectiveness (OEE) presented in Ghafoorpoor Yazdi
et al (2018), analyses the dichotomy of minimising operational risk whilst maximising the
opportunities to improve processes in alignment with sustainable manufacturing principles within
the I4.0 environment. The study posited the potential benefits to manufacturers in the balancing of
OEE within the OECD framework (Ghafoorpoor Yazdi et al 2018).

The emergence of blockchain technology and its potential disruption within the manufacturing
and supply chain industries, presents opportunities for greater levels of sustainability within the
overall 14.0 vision of the future. The immutability and smart contract capability of blockchain
technology, allows the provenance and integrity of products to be monitored more effectively.
These factors contribute to reducing verification costs and provision of real time status information
on the quality of materials throughout the supply chain (Ko et al. 2018). The disintermediation
attributes of blockchain can directly contribute to manufacturing sustainability by effectively
reducing complexity, improving efficiency with less waste via the streamlining of the supply chain

(Hughes et al. 2019).
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2.3.7 I14.0 maturity and roadmap

The path to 14.0 capability is complex, with manufacturers exhibiting various states of readiness
depending on organisation size and perception of funding levels (Sommer 2015). The
standardization roadmap depicted within DIN & DKE (2018) highlights the technological
considerations as well as many of the automation, human in the loop and information security
factors (DIN & DKE 2018). Studies have highlighted the reality that organisations are at various
maturity levels and technological investment trajectory as they migrate toward full 14.0 maturity
(Jayaraman et al. 2018; Loffler & Tschiesner 2013; Mittal et al. 2018). The direction of 14.0
technology adoption and transition toward greater levels of automation, could lead to a disrupted
manufacturing industry where adaptive decentralised and interconnected production facilities
become the established model (Almada-Lobo 2016; RiiBmann et al. 2015). In reality progress
toward 14.0 and greater levels of efficiency, is likely to be at the individual manufacturer and not
sector level or at the level of a complete supply chain (Schumacher et al. 2016). Progress along
the 14.0 roadmap is likely to be country/sector specific where developed markets such as Germany
and the US leading the way, whilst developing markets within countries such as India and Brazil
require significant investment in technology and associated infrastructure (Cardoso et al. 2017;
Frolov et al. 2017; Gentner 2016). The Chinese government “Made in China 2025 initiative is
driving change toward greater levels of 14.0 maturity with advances reliant on the relationship
between technological entrepreneurship and socio-economic changes (Li 2018; Liao et al. 2017;
Pikas et al. 2016). The development of China’s manufacturing is diversified across the country
and the transition to 14.0 requires significant innovation as well as investment to build China’s
version of 14.0 in order to compete on the global stage (Zhou et al. 2015). Similarly, the “Make in

India” initiative has delivered significant regional technological investment and smarter, IoT

22



focussed infrastructure, although criticised for its poor outcomes in specific areas (Shridhar 2019).
Researchers have analysed many of the 14.0 transition complexities highlighting that no single
“one size fits all” roadmap exists to suit all industries (Strandhagen et al. 2017). The study by
Ghobakhloo (2018) emphasises this point highlighting the criticality of developing an 14.0
roadmap based on the organisations core competencies and capabilities, taking into account
priorities and financial considerations (Ghobakhloo 2018).

The path to 14.0 is centred on organisation change not just in the technological sense but also
change that is likely to impact the daily lives of the workforce and wider stakeholders. The
adoption of 14.0 is likely to require significant restructuring, impacting all levels of the
organisation. Studies have highlighted the challenges in the context of corporate communications
and the criticality of aligning messages with the overall organisation identity and stakeholder
profile (Hauer et al. 2018). Manufacturers transitioning to 14.0 with greater levels of automation
and adaptations to existing business models are likely to necessitate changes in workforce skills
and expertise (Khan & Turowski 2016). Many existing job roles may be redundant within a
matured I4.0 model however, new skills and multidisciplinary expertise will be required to support
manufacturers in the design and skilled support of the smart factory (Haeffner & Panuwatwanich
2017; Papakostas et al. 2016).

The literature has analysed the key strategic decisions and many barriers to 14.0 adoption within
industry, reflecting the significant challenges faced by manufacturers. The study by Miiller et al.
(2017) assessed the strategic factors surrounding the impact of 14.0 in the context of reshoring
manufacturing capacity in Germany, highlighting the case for bringing production back to the
country. Manufacturers exhibit reluctance to implement many of the new 14.0 related technologies

due to: unclear benefits, large required investment and lack of clear implementation details
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(Theorin et al. 2017). The research by Kamble et al. (2018) analysed many of the barriers hindering
14.0 adoption within emerging markets, identifying many of the key interrelationships between the
factors. The study highlighted the significant influence of the factors: high implementation cost
and lack of clear comprehension about loT benefits, on other 14.0 interconnected barriers (Kamble
et al. 2018). The sheer scale of required socio-technological change can be a significant barrier to
many organisations embarking on a path toward 14.0 (Ziiiga et al. 2017). Manufacturers with a
clear plan and defined ROI focussed business case are more likely to realise benefits and successful

outcomes.

2.3.8 Process, efficiency and productivity perspectives

The key drivers for manufacturers to transition to 14.0 are related to reduced operating costs,
productivity and efficiency gains underpinned by ROI focussed pragmatism (Buer et al. 2018;
Cardoso et al. 2017). 14.0 has the potential to accelerate the ability of manufacturers to achieve
new levels of operational effectiveness, efficiencies and corresponding impact on productivity and
performance (Contreras & Perez 2018; Lu 2017; Schumacher et al. 2016; Venables 2016). 14.0 is
likely to engender the creation of new business models, impact the full product lifecycle, improve
end to end processes and increase manufacturing competitiveness (Maddern et al. 2014; Pereira &
Romero 2017). To drive the desired increases in productivity associated with 14.0, manufacturing
organisations will need to: communicate effectively, focus on core competencies and transition
from offering superior products, to offering superior manufacturing capability (Brettel et al. 2014).
The value driven shift to servitisation orientated business models referenced in a number of studies

(Baines et al. 2017; Rymaszewska et al. 2017) highlights an 14.0 focussed value and efficiency
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perspective based on core manufacturing competencies and collaboration (Shamsuzzoha et al.
2016).

The transition from low technology labour intensive industries to greater levels of automation
in alignment with the 14.0 model, requires significant investment in technology and infrastructure.
The dilemma for manufacturers as to whether they can commit to Industry 4.0 is a consideration
of the cost vs perceived benefits (Sanders et al. 2016). Within the emerging markets context, new
business models, significant changes in processes and the drive for improved levels of productivity
are likely to focus efforts toward an 14.0 focussed agenda (Pikas et al. 2016). The studies by Frolov
etal. (2017) and Pikas et al. (2016) discussed many of these factors within the Russian and Chinese
context respectively, highlighting the realities of poor efficiency, low productivity and requirement
for significant industry wide investment 14.0 (Frolov et al. 2017). For many of these sectors, 14.0
is not a company specific initiative focussed on efficiency or productivity but is in effect a policy-
driven discourse focussed on innovation in manufacturing encompassing business, academia, and
politics (Reischauer 2018).

14.0 will make it possible to gather valuable data and develop analytics across the network
supporting decision making and optimising performance of the manufacturing process (Chien et
al. 2017; Cooley & Petrusich 2013). This will enable faster, more flexible, highly efficient
processes development to reduce the costs of production (Szalavetz (2018). These factors will
increase productivity, engender industrial and economic growth, change the required workforce
skillset and ultimately impact the competitiveness of companies and entire regions (RiiBmann et

al. 2015).

25



3. 14.0 Challenges within identified themes

This section pulls together a number of common threads from the 14.0 related themes extending
some of the main topics for further discussion in the form of significant challenges. The three key
challenges outlined are: 1) Emerging markets impact; 2) Aligning 14.0 in context of UN SDGs; 3)
Transitioning to 14.0. Elements of these three challenges are inherent within many of the themes
outlined in the previous section and each represent potential hurdles for organisations as they
develop their 14.0 roadmaps. As shown in figure 2, we highlight the interconnectivity aspects of
these challenges in relation to the overall 14.0 themes and the criticality for organisations to better

understand the complexities within these areas.
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Figure 2: 14.0 Challenges

3.1. Emerging markets challenges
The literature has outlined the complexities and varied landscape of 14.0 maturity inherent within

the manufacturing sector. The gap between the developed and emerging markets is clearly exposed
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for 14.0 related industries, where developed industrial sectors such as the US, Germany and many
parts of the EU exhibit higher levels of 14.0 maturity than the majority of the sectors within
developing markets (Haeffner & Panuwatwanich 2017). Version three of the 14.0 standardisation
roadmap outlined in DIN & DKE (2018) highlights the level of maturity within Germany and the
institutional support to drive change. Switzerland is defined as one of the leading counties in
transitioning to 14.0, where Swiss industry is positioned as heading the global competitive index
ahead of Singapore, the US and Germany (Genter 2016). Other developed manufacturing markets
such as Japan have significant established digital based industrial infrastructure well placed for
further automation and full migration to 4.0 (Fujino & Konno 2016). The strategic approach from
many of the developed markets outlines the commitment and investment necessary to transform
industry to take advantage of the key technological changes within 14.0.

In stark contrast the emerging markets perspective is mixed with many countries still uncertain
about the overall strategic direction and government commitment. Countries such as China have
developed national initiatives with institutional support and commitment to technological change,
whilst other less developed sectors such as Russia, India and many other Asian countries, are still
reliant on significant labour intensive manufacturing processes. The “Made in China 2025”
initiative seeks to transform the manufacturing capability of China from a low cost mass
production sector to a strategic focus that builds a trajectory toward “designed in China” and
“innovated in China” (Li 2018; Li et al. 2017). Studies have highlighted the significant
technological investment and associated infrastructural change within China’s manufacturing
industry, positioned to leverage the economic might of the country and dominance within global
trade (Pikas et al. 2016). China is becoming a more innovative and sophisticated manufacturer of

goods and services with 1.38 million patent application in 2018 (40% of the global total), the
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highest number of any country (WIPO 2018). Studies have identified the tremendous industrial
potential of the Indian economy and institutional support for utilising technology to transform
manufacturing (Haeffner & Panuwatwanich 2017; Jayaraman et al. 2018). The “Make in India”
initiative established in 2014 has prioritised the upgrading of the country’s infrastructure,
supported innovation, skills and training across 25 sectors within the Indian economy. Although
criticised for its lack of significant industrial change, the initiative has attracted major investment
from Huawei and Samsung (Shridhar 2019). The concept of 14.0 is gaining increased traction
within Russia where government schemes such as the national technology initiative - TechNet
have earmarked key industrial sectors as “markets of the future”, requiring advanced
manufacturing capability (Frolov et al. 2017). The Russian manufacturing sector requires
significant investment and modernisation to align with many of the key themes within 14.0. The
TechNet roadmap seeks to drive this change to provide technological support for establishing the
smart factory within the Russian manufacturing sector (Frolov et al. 2017).

The economic impact of 14.0 within many emerging markets is likely to be stark, as the drive to
higher levels of automation has the potential to disenfranchise large sectors of the population that
perhaps lack the re-education and retraining opportunities necessary to redeploy workers to new
roles. Workers in some Asian sectors could be hardest hit by I4.0 as unemployment in countries
such as China and India could significantly increase due to higher automation, factory
resettlements and fewer opportunities to develop some of the necessary skills required for smart
factories (Haeffner & Panuwatwanich 2017). The study by Kamble et al. (2018) analysed many of
these factors from the Indian perspective highlighting the criticality of impacts due to: employment
disruption, high implementation cost, organisational and process changes and the need for

enhanced skills. Governments have a significant role to play in the alignment of strategic aims
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with the necessary investment and policy directives to effect managed change. However, as
highlighted in Shridhar (2019), unless government initiatives develop the required policies and

skilled workers needed for the transition to 14.0, outcomes are uncertain.

3.2. Challenges in aligning I14.0 in context of UN Sustainability Development Goals
The increased levels of automation and efficiencies afforded by 14.0 technologies and associated
processes, can facilitate the reduction of waste as organisations adopt smart manufacturing
techniques and more efficient supply chains (Cooley & Petrusich 2013; Ko et al. 2018). The
increased levels of integration across the supply chain network with environmentally friendly
practices built into manufacturing processes using an loT focussed infrastructure, is likely to yield
greater levels of waste reduction and improved sustainable outcomes (Ferrera et al. 2017;
Ghafoorpoor et al. 2018; Ko et al. 2018; Sanders et al. 2016). The research undertaken by de Sousa
Jabbour et al. (2018) illustrates these points, positing the unique potential of 14.0 technologies to
play a significant role within the development of environmentally sustainable manufacturing.
The Sustainability Development Goals were developed by the UN in 2015 as part of its vision
for the future. The goals were presented as a shared agenda and blueprint for peace and prosperity
for the planet and population. The UN has developed 17 SDGs in total that highlight many of the
key themes relating to ending poverty, improve health and education, focus on climate change,
reduce inequality and develop sustainable economic growth (UN 2019). Previous studies have
incorporated the UN SDG’s within their research aligning some of the UN goals specifically with
the directions or outcomes of the study. The study by Ismagilova et al. (2019), presented the UN
SDGs in the context of future impact of Smart Cities and its citizens. The Hughes et al. (2019)

study incorporated the UN SDGs from the perspective of blockchain technology and how this
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emerging technology could be aligned with the creation of business and social value (Hughes et
al. 2019). This study has reviewed each of the UN SDGs from the perspective of potential
alignment with 14.0 and its major themes. Based on these key comparisons, Table 2 details each

of the SDGs and how specific elements of 14.0 can align with each goal.

Table 2: UN sustainable development goals vs 4.0 and emerging technologies

UN SDGs 14.0 and SDG alignment

No poverty The increasing levels of efficiency and productivity inherent within
Zero hunger manufacturing organisations and supply chains that transition toward
Good health and well-being 14.0 have the potential to directly impact human health and well- being.

Many emerging economies rely significantly on poorly skilled, low
paid manual processes within the manufacturing sector. The
emergence of 14.0 and the resulting increased levels of automation,
whilst eliminating many repetitive manufacturing jobs, will create
numerous more highly skilled and higher paid roles as organisations
become more efficient. However, in the emerging market context,
these outcomes are dependent on government as well as industry
investment in re-education and retraining to support the transition.
Consumers are likely to directly benefit from 14.0 related technologies
such as adaptive manufacturing and use of IoT, where communities
can gain the benefits of lower cost, greater efficiencies and
decentralised processes.

Quality education The transition toward 14.0 and smart manufacturing requires new
Gender equality expertise and gender neutral skills to design and support the
Reduced inequalities technologically focussed smart factory of the future. Newly created

jobs will require dedicated quality education and training to effectively
support the desired high levels of expertise and necessary skills. These
new skills and expertise are less likely to be focussed on gender
stereotypes as industry transitions to a less manually skilled workforce.

Clean water and sanitation The drive toward 14.0 and the smart factory where adaptive and

Affordable and clean energy flexible manufacturing can develop products in small batch sizes can
support these SDGs. Components directly related to clean water and
sanitation can be designed anywhere in the world, manufactured “in
country” and shipped to the point of need relatively quickly. Increasing
efficiencies and the drive toward sustainability is inherent within 14.0
processes, directly impacting the transition toward cleaner forms of
energy.
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Decent work and economic
growth

Industry  innovation  and
infrastructure
Sustainable cities and
communities

The transition to 14.0 has the potential to directly impact the SDGs
relating to work, economic advancement and the growth of industry.
The greater levels of automation and 4.0 related technological
advancements are forecast to reduce the reliance on the low skilled
workforce. Jobs will be higher skilled, higher paid where humans in
the loop will work with AI and robots within the manufacturing
environment and production infrastructure. Sustainability is a key
theme within 14.0 where manufacturers will focus on increasing
efficiencies and reduced waste via the innovative use of sensors and
associated IoT technologies. These aspects will gain the greatest
benefit when the full supply chain is aligned with a common
sustainability focus.

Responsible consumption and
production

Climate action

Life below water

Life on land

Improvement in sensor and other related 14.0 technologies such as
BDA and IoT offers the potential for greater levels of sustainability
and reduced consumption as processes become more efficient. This
increased focus on efficiency within manufacturing and the wider
supply chain will drive change from developing countries as they
transition toward I4.0 principles. This will directly impact emissions
as industry adopts more effective production techniques, less waste
throughout the supply chain and lessen the reliance on traditional
carbon based energy sources.

Peace justice and

institutions

strong

These SDGs can be strengthened by the industry wide migration
toward 14.0 and the transition toward the positive cultural changes
Effective and
manufacturing organisations with a well-trained educated workforce
will have a direct impact on key institutions and wider societal change.

necessary to deliver these changes. innovative

Partnerships for the goals

The industry wide transition toward I4.0 requires significant
institutional support in the financial and legislative context. Key
partnerships between government, trade unions and industry will be
necessary for success. The lessons learned within developed markets
on 14.0 transition should be communicated to manufacturers within
emerging markets to ensure key areas of society are not left behind.

The alignment of the UN SDG’s and 14.0 highlights the number of significant benefits that could

be realised on the industry wide adoption of many of the 4.0 themes. The migration toward 14.0

could see the greatest impact within developing economies as the social and economic drivers

engender greater impetus for change. These changed economies are likely to directly impact many

of the UN SDGs during the transition period and thereafter as the positive effects of 14.0 and smart
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manufacturing start to take hold. These benefits within the emerging markets context are reliant
on supportive government sustainability related policies, industry-wide investment and the re-
skilling of workers to support the 14.0 related changes to manufacturing. The successful delivery
of the SDGs in the context of 14.0 will require significant institutional and industry wide support
and intervention. The strategic alignment of manufacturing productivity and government

economic goals is likely to be the best potential path for success.

3.3 14.0 Challenges in transitioning to 14.0 - a framework perspective

Researchers have developed a number of models and frameworks that generate additional insight
and theoretical contribution to the 14.0 related literature. A number of these frameworks are
specific to technology elements of 14.0 such as big data or IoT whilst others concentrate on the
holistic view of 14.0 Operationalization. Each of the frameworks are listed in Table 3 and have
been posited as offering key contribution to the literature with new perspectives on many of the

core 14.0 related topics.

Table 3 — 14.0 related frameworks

Framework Reference Description 14.0 Theme

Caputo et al. (2016) — IoT and | Conceptual  framework  aligned with the | Flexible and additive
additive manufacturing | interpretation and potential forecasting of impact of | manufacturing
framework. IoT on the manufacturing industry. perspectives

Chien et al. (2017) — | Algorithm based big data framework for excursion | Big data and analytics

framework for production big
data.

detection specific to reduction of yield loss within
semi-conductor manufacturing.

Depeige & Doyencourt (2015)
— Big data, knowledge
management in the cloud

Knowledge based decision framework. KM
framework combines big data analytics and
Actionable Knowledge As A Service (AKAAS)
within a cloud computing environment.

Big data and analytics
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Fatorachian & Kazemi (2018) — | Theoretical framework for Operationalization of | 14.0 maturity and
Framework for | 14.0 within smart manufacturing context utilising | roadmap
Operationalization of 14.0. Cyber Physical Production Systems (CPPS).

Frank et al. (2019) — | I4.0 technologies framework integrating smart | Intelligent manufacturing
Framework of 14.0 | manufacturing, smart products, smart working and | and smart factory of the

technologies.

smart supply chain for adoption patterns of 14.0
technologies.

future

Gunasekaran et al. (2019) —
BDA framework.

Big Data Business Analytics (BDBA) framework.
Conceptual  representation of BDBA and
relationship with agile manufacturing, business
performance and competitive objectives.

Big data and analytics

Kamble et al. (2018) — ISM
framework

Framework identifying the interdependencies
between barriers for adoption of 14.0 within Indian

manufacturing.

14.0
roadmap

maturity and

Kumar et al. (2016) — Big data
mapReduce framework.

Automatic pattern recognition based framework for
fault diagnosis within a cloud based and big data
manufacturing context.

Big data and analytics

LaCasse etal. (2018) — Big data
framework

Hierarchical feature based framework using big data
integrating: applied metaheuristics,
learning and fuzzy inference systems.

machine

Big data and analytics

Li et al. (2017) — Services
exchange framework

Decentralized framework based on and edge
computing and blockchain technologies using:
customer, enterprise, application, intelligence, data
and infrastructure layers.

Impact of IoT, cloud
computing and emerging

technologies

Papadopoulos et al. (2017) —
Big data disaster resilience
framework.

Theoretical framework focussing on big data and
sustainability in the context of supply chain network
resilience.

Sustainability factors and
impact on 14.0

Rymaszewska et al. (2017) — | Conceptual framework for value creation and | Impact of IoT, cloud

Servitisation framework. competitive advantage using IoT for manufacturers. | computing and emerging
technologies

Sanders et al. (2016) — | Framework relating to barriers and challenges in the | 14.0 maturity and

Framework for barriers and | application of lean within the integration of 14.0 | roadmap

challenges for lean within 14.0
context

technologies perspective.

de Sousa Jabbour et al. (2018)
— Integrative framework 14.0
and sustainability

Integrative framework analysing relationships
between environmentally sustainable manufacturing
and 4.0 using key Critical Success Factors (CSF).

Sustainability factors and
impact on 14.0

Tu et al. (2018) — IoT

modelling framework

Unified modelling framework for IoT based
production logistics and supply chain system using
components of: business entity, process informatics,
time, location and object.

Impact of IoT, cloud
computing and emerging
technologies

Zaki et al. (2017) — Big data
conceptual framework

Conceptual framework detailing the emerging
interrelationships between big data and redistributed
manufacturing.

Big data and analytics
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Zhang et al. (2018b) - | Bigdata driven analytical framework (BDDAF) for | Big data and analytics
Framework for big data | manufacturer energy consumption analysis
acquisition. consisting of: big data perception, big data mining,
decision making and application services.

Zheng et al. (2018) — Smart | Systematic framework of smart manufacturing | Intelligent manufacturing
manufacturing for 14.0 | systems for I4.0 covering: design, machining, | and smart factory of the

framework. monitoring, control, scheduling and industrial | future
implementation.

A number of frameworks within the 14.0 focussed literature have utilised aspects of big data and
analytics to offer insight on specific manufacturing problems and scenarios. The framework
presented in Zaki et al. (2017) analysed the impact of big data within a redistributed manufacturing
context, specifically — consumer goods industry cases. The framework emphasises the influences
of redistributed manufacturing and co-creation on big data and subsequent impact of separate
dimensions of new manufacturing technologies. The Chien (2017) study presented an algorithmic
centric framework for excursion detection specific to semi-conductor manufacturers. The
framework was empirically validated and positioned as offering contributing to the detection of
yield loss within the production process.

Further theoretical big data frameworks have incorporated analytical perspectives to offer
insight on key I4.0 related scenarios. The Big data mapReduce framework presented in Kumar
(2016) uses big data analytics to develop a fault detection model for production and supply chain
problem and impact scenarios. Further studies such as: Depeige & Doyencourt (2015) and
Gunasekaran et al. (2019) explore the applications of big data analytics in the context of:
knowledge as a service and agile manufacturing respectively. Both frameworks posit the potential
efficiencies for manufacturers in the application of the frameworks. The big data related

frameworks presented in LaCasse et al. (2018) and Zhang et al. (2018b) focus on value acquisition
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from data analytics to improve efficiencies and improved processes within their respective
manufacturing contexts. These specific frameworks focus on the value to manufacturers from
BDA and the criticality of interpretation of analytics for key decision making within the
organisation.

Researchers have developed a number of models and frameworks incorporating concepts related
to the value of IoT and emerging technologies to the performance of manufacturers. The services
exchange framework presented in Li et al. (2017) predominantly addresses sharing knowledge and
services utilising blockchain technologies. The framework highlights some of the issues relating
to open manufacturing and use the attributes of blockchain to facilitate knowledge exchange
between the different parties within the ecosystem. The IoT system framework presented in Tu et
al. (2018) supports the modelling and reduction in design complexity for manufacturers concerned
with production logistics and supply chain systems. The theme of value is inherent within the
framework presented in Rymaszewska et al. (2017) where they present a conceptual framework
based on usage of IoT technologies. The framework posits the concept of value creation through
the IoT and application of servitisation principles.

The concept of the smart factory and the transition to intelligent manufacturing has been adopted
within a number of frameworks. The research undertaken by Frank et al. (2019) included a
theoretical framework integrating the smart front end 14.0 technologies with the so called — base
technologies such as IoT and BDA. The study by Zheng et al. (2018) also analysed the smart
aspects of 14.0, developing a conceptual framework for manufacturing systems by integrated a
number of smart I4.0 concepts within a matrix of design, production and monitoring elements. The
Zheng et al. (2018) and Frank et al. (2019) studies highlighted a number of demonstrable 14.0

specific scenarios and technological adoption patterns. One of the key findings within Frank et al.
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(2019) and subsequent framework, is the realisation that the transition toward 14.0 is staged based,
somewhat analogous to “Lego” where the technological advancements are an increment or step
along the road to 4.0 maturity. The conceptual framework proposed in Caputo et al. (2016) posits
the value in the interpretation of evolutionary factors relating to IoT and the manufacturing
industry. The framework highlights the contribution of IoT and potential influence on
organisations within an adaptive manufacturing environment. The study highlights the technical
bias of previous research presenting the novelty of applying the framework to innovation from the
management perspective (Caputo et al. 2016).

The increasing role of sustainability within the manufacturing, operations and supply chain
literature highlights the ongoing debates and focus on responsible manufacturing. The theoretical
framework presented in Papadopoulos et al. (2017) was developed from an assessment of top
priorities for supply chain resilience. The framework integrates trust and information sharing
elements with resilience factors within infrastructure and supply chain networks. The sustainability
focus was further developed in the study by de Sousa Jabbour et al. (2018), where the research
presented an integrative framework for the advancement of 14.0 technologies integrated with
environmentally sustainable manufacturing.

Researchers have developed a number of frameworks aligned with transition to 14.0 and some
of the challenges faced by organisations during 14.0 Operationalization. The 14.0
operationalization framework developed in Fatorachian & Kazemi (2018) addresses the
interconnectivity of machinery and systems with the manufacturing environment and how CPS
elements interact with the cloud and external networks. This specific framework offers a smart

manufacturing and technology adoption perspective. The frameworks presented in Sanders et al.
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(2016) and Kamble et al. (2018) emphasis the impact of organisations migrating to 14.0 and
interdependence between the barriers relating to 14.0 adoption.

Whilst generating insight and conceptualisation, the presented frameworks offer focus and
perspective on limited elements of the overall themes relating to 14.0 technologies and application.
The framework presented in Fatorachian & Kazemi (2018) for the Operationalization of 14.0,
details a number of the key themes highlighted within this study. The 14.0 operationalization
framework develops the concept of a Cyber Physical Production Systems (CPPS) environment,
where the proposed framework architecture posits the roles of the CPPS enabler and CPPS
information server as key steps for smart manufacturing transformation. The framework (presented
in simplified form in Figure 3) identifies the criticality of high levels of interconnectivity and
integration between machinery, sensors and systems within an overall IoT enabled manufacturing

environment (Fatorachian & Kazemi 2018).

Figure 3: 14.0 operationalization framework — adapted from Fatorachian & Kazemi 2018
(simplified)
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The novelty inherent within the Fatorachian & Kazemi (2018) 14.0 framework connecting the
physical production environment through the CPPS enabler to the CPPS server, perhaps lacks
perspective on some of the critical process and analytics perspectives as well as explicit reference
to 14.0 transition complexities. Some of these elements are referenced in the Frank et al. (2019)
framework where the concepts of a staged migration to 14.0 is posited based on the addition of
technological building blocks. In an attempt to fill these gaps and extend some of the key factors

from the existing research, we present the 14.0 transition framework in figure 4.

Cyber Physical Production System (CPPS) \J

BDA
processor

.y

Transition
gateway

-

Figure 4: 14.0 transition framework (adapted from Fatorachian & Kazemi 2018 and Frank et al.
2019)

This 14.0 transition framework details the addition of three new components, namely: 1) transition

gateway, 2) BDA processor and 3) MIS processor. The addition of these elements to the framework
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reflects some of the key implementation factors within Frank et al. (2019) and 14.0 maturity
pathway.

Transition gateway: This addition to the framework represents the existing production capacity
during the transition to 14.0 and the reality that manufacturers are likely to be migrating to 14.0
capability over time. This necessitates the ongoing operations of existing production infrastructure
whilst core elements of capacity are migrated to 14.0. Manufacturers will need to maintain existing
production and ensure that the existing infrastructure and processes can communicate with the new
14.0 related systems. This phased approach is supported in the literature where the roadmap to 14.0
is articulated as a phased technological approach to increasing levels of capability reflecting
industrial realities faced by manufacturers (Frank et al. 2019; Mittal et al. 2018).

BDA Processor: The literature has identified the pivotal role of analytics in the big data era and
the criticality of the intelligent use of data for key decision making within the organisation. This
addition to the framework 1s positioned as a processing element directly connected to cloud based
systems that performs the necessary BDA functions. The importance of big data is referenced in
the Fatorachian & Kazemi (2018) study and somewhat implicit within the framework under the
cloud systems component. However, this addition to the framework outlines the criticality of BDA
and its place as a core element of any 14.0 focussed architecture (Mousannif et al. 2016; Muhuri
etal. 2019).

MIS processor: The management information systems processor component - reflects the
requirement for relevant and timely data reflecting performance, efficiencies and productivity
within the production and overall manufacturing context. This element will develop the statistical
evidence base for the transition period and full operationalization to 14.0. Elements of this

component may be present within existing enterprise systems, however, for the purpose of this
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framework scenario, it is assumed that existing systems may not offer the required flexibility or
capacity for the organisation. The literature has reinforced the emphasis toward an evidence based
transition for I4.0 and migration toward increased levels of automation, yield, flexibility,
productivity and manufacturing efficiency (Auschitzky et al. 2014; Buer et al. 2018; Pereira &
Romero 2017). The 14.0 transition framework is presented as an addition to theory highlighting
the criticality of the additional components and the case for their inclusion within the overall
framework architecture. The framework supports many of the key transition complexities and
focus on the realities of a step by step systemised approach to 14.0 capability within many

organisations.

3.4 Theoretical and Managerial Implications

This study directly contributes to the existing body of knowledge by extending the analysis and
discussion surrounding 4.0 and the manufacturing sector from a number of important
perspectives. Specifically, this research via the selection and evaluation of relevant themes, offers
a valuable perspective on many of the technological, theoretical, societal and industrial factors
facing manufacturers and government organisations. The transition to 14.0 is complex with
significant implications not just for manufactures, but for the wider supply chain, major institutions
and for governments. Many of the 14.0 related technologies such as IoT, big data, CPS and
adoption of increasing elements of Al discussed in this study, offer significant opportunities for
manufacturers in the context of productivity and increased efficiencies. However, 14.0 requires
committed institutional support and major investment in manufacturing infrastructure and

integration of technology (Li 2018; Ismail et al. 2019; RS Connected Thinking 2019).
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The focus within this study on the impact of 14.0 from the emerging markets perspective
highlights the many challenges facing worker led industries with low levels of automation lacking
the necessary infrastructure to easily transition to smart factories. The impact on these economies
is likely be significant. We highlight the critical key role of Government and industry leaders in
the alignment of strategic aims, to provide the necessary investment and policy directives to retrain
and re-educate workers to ensure emerging economies can effectively compete within the new
global market. The societal implications of this not being actioned effectively, are significant and
could impact whole communities who’s skills are out of date and no longer required within a fast
changing manufacturing environment.

The sustainability aspects of 14.0 analysed in this study as well as alignment of related benefits
and outcomes to the UN SDG’s, offers an additional theoretical contribution where the wider
societal, cultural and sustainability aspects of smart and intelligent manufacturing are impacted.
The industry wide adoption of 14.0 will require significant change across many levels of industry
and society requiring new skills, technological adoption and adapted manufacturing processes.
Many of these changes have the potential to contribute to the attainment of the SDG’s, however,
if the required strategic investment to effectively manage the change to 14.0 is not made, emerging
markets will be left behind and many of the health and wellbeing related SDG’s may not be met.

Organisations are likely to migrate to 14.0 in stages whilst transitioning key elements of their
business processes as they build operational capability (Ghobakhloo 2018; Haeffner &
Panuwatwanich 2017). The 14.0 transition framework is presented in this study as a contribution
to theory recognising the reality that many manufacturers will need to build a production
infrastructure that allows operational integration with existing and new processes. As

manufacturers migrate toward greater levels of 14.0 maturity along a structured roadmap, effective
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analytics are critical. The BDA and MIS processing elements of the 14.0 transition framework
reflect the role of timely data analysis for key management decision making on operational

effectiveness and productivity.

3.5 Future research agenda

This study has discussed a number of key 14.0 related topics that have the potential for significant
industrial and societal impact as manufacturers transition to 4.0 and greater levels of automation.
This is likely to affect countries within emerging markets disproportionately, as they have
traditionally operated under the low paid, low skilled labour intensive model, sensitive to factory
reorganisation and automation (Haeffner & Panuwatwanich 2017). Change in these sectors are
societal in nature where large numbers of the workforce will need educating and retraining to meet
the new skills and expertise required for 14.0 technologies and working processes. Further research
to identify methods, processes and migration frameworks to offer increased understanding of the
impact on emerging economies could offer meaningful insight to this important area. Furthermore,
opportunities exists for emerging markets manufacturers to learn the lessons of 14.0 transition from
the experience of developed economies. Relevant research that could analyse many of the key
areas of lessons learned, potentially offering an adapted 14.0 emerging markets specific roadmap,

could offer significant contribution.

4. Conclusions

The migration toward 14.0 has the potential for disruptive change within the manufacturing sector

over the next decade or so, as developed and emerging economies develop their individual
43



roadmaps to 14.0 maturity. The increasing levels of automation, reliance on CPS, big data, IoT and
IA reflect an industry wide migration toward flexible, adaptable and smart manufacturing. The
impact on factory workers and production processes is significant due changing landscape of skills
requirements and flexibility to cater for a growing need for customisation. The concept of
increasing levels of automation with a human in the loop, seems to be the consensus within the
literature where machines are likely to augment human skills and endeavours within the production
environment. The successful migration toward 14.0 requires strategic institutional support and
significant sector-wide financial investment. The benefits of the German example of defining a
strategic roadmap to 14.0 has gained widespread recognition within the literature as many countries
see this as a desirable model for their domestic transition to [4.0 maturity. The emerging
manufacturing economies of China and India whilst currently lagging behind a number of the
developed economies, are predicted to rise significantly over the next few years via the adoption
of 14.0 technologies.

This study has focussed on the analysis of 14.0 within the manufacturing context, based on the
assessment of a number of technological and operationally relevant emergent themes via a
structured literature review. Each of these themes have been analysed and discussed to highlight
the key salient points and critical factors that impact manufacturers. The challenges for developed
and emerging markets has been discussed as well as the sustainability factors that impact I4.0 and
smart manufacturing. The inclusion of the UN SDG’s and their establishment of a shared agenda
and blueprint for peace and prosperity for the planet and population, highlights a number of the
potential shared outcomes from 14.0 maturity and progression of the manufacturing workforce to
higher levels in the value chain of manufacturing. The proposed framework is presented from the

perspective of the realities of a step by step staged roadmap to 14.0 operational effectiveness.
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Manufacturers are likely to need to retain current operational capability whilst specific processes
within their production architecture are transitioned. The path to 14.0 maturity offers significant
long term benefits and transformative potential for the economies concerned as they migrate
toward the smart factory of the future.

Whilst this study is positioned as offering contribution to the literature, the research is perhaps
limited by lack of empirical evaluation of the I4.0 transition framework within the context of a
representative case study. Further study is recommended to explore the viability of the framework

within a representative scenario.
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