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ABSTRACT

Latest advancements in the Internet of Things (loT)
setup and the advent of the sensing technology have
generated an integrated information data which could be
employed for enhancing the manufacturing sector. The
blend of cyber-physical systems and intelligent data
analytics is playing a key part in product management as
well as factory transformation. The advanced analytics
technique for data purposes could facilitate
self-awareness and self-maintenance of factory
machines. In this case, self-awareness for a mechanical
structure pertains to the ability to evaluate the machine’s
present and historical condition and deploy available
information for responding to its condition. The
machine’s well-being can be ascertained by employing
the data analytic technique centred on the gathered
information or data from the machine and surrounding
environment. The data-propelled decision-making
process can provide feedback to the machine controller
for effectual and adaptive control and to machine owners
for the in-time upkeep. This paper discusses the
application of data and text analytic methodology in an
orderly literature review of papers pertaining to the
deployment of loT methodology in the production
sector. The chosen papers are exposed to content
evaluation and grouped as per the modern technologies
and functions. The research espoused determines trends
of 10T deployment in the production sector and notes
that text analytic is an effectual technique for carrying
out an orderly literature review.

Key words: Internet of things, smart manufacturing,
data  analytics, systematic literature  review,
cyber-physical system
1. INTRODUCTION

In the era of Industry 4.0 and the digital revolution,
the production sector has noted the highest number of
applications of the Internet of Things (loT). As per a
new article by Louis Columbus on forbes.com, the
worldwide loT market would rise from $157 billion in
2016 to $457 billion by 2020, at a compound annual
growth rate (CAGR) of 28.5% [1]. Share of 10T use in
industrial production is estimated to rise from $472
billion in 2014 to $890 billion in 2020 [1]. The
deployment of 10T presents swift returns and facilitates
attainment of digital revolution from multiple angles:
automation,  performance,  customer-focus and
competitive advantage. The makeover enables factory
operators to automatically gather and evaluate data for
making better- decisions and optimising output. The
data from machines and sensors is conveyed to the
Cloud through 10T connectivity solutions employed in
the industrial unit [2][3][4][5]. The IoT technology,
capitalising on wired as well as wireless connectivity,
facilitates this data flow, rendering the capability to
remotely observe and regulate practices and alter
manufacturing plans fast, in real time when required
[6]1[71[8]. These kinds of innovations, coupled with the
improvements in predictive analytics, are altering the
core element of the cutting-edge sector [9][10][11][12].

An advanced data analytics and physical machinery
known as cyber-physical systems (CPS) is used in
regulating the production process [13][14][15][16].
Here, the data is scrutinised and blended with contextual
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info and then communicated to official stakeholders
[17][18]. It significantly enhances the consequences of
production in the form of decreasing waste, amplifying
production, and enhancing yield as well as the quality of
goods manufactured.

The significance of applying loT to the production sector
has been discussed exhaustively by experts in recent
times. This paper would do a methodical literature
review about applying 10T to the production sector. Up
till now, not much focus has been applied to review this
subject, especially in the academic field. This paper
elucidates our analysis of the different contributions by
loT applications in the production sector. The
organisation of this paper begins with the backdrop of
loT in production. A synopsis of our research approach
is then presented. The following sections provide the
descriptive as well as text analysis for the research
articles published. Lastly, we summarise the
contributions of this work and suggest future works.

2. MATERIALS AND METHODS

The research regarding the recent publication
pertaining to the subject of IoT application in the
production sector is quite significant for supporting the
information related to the newest technology and
applications associated with the chosen topic. By
executing the methodical literature review, this topic
will put across future research in the domain, by
substantiating trends and newest technologies utilised in
addressing the 10T complications in production.

The practice of systematic search begins with the
ascertainment of the appropriate keyword and search
term pertaining to the scope of the work. The data
collection is an iterative procedure which encompasses
many steps depicted in Figure 1. The time range chosen
for the publications was five years (January 2014 to
December 2018). This is a crucial range to respond to
our first goal of looking at the trends for production
system and the use of latest technology like data
analytics modelling and the Internet of Things (loT).
English was chosen as the primary language as the
majority of the literature is in this language. The main
keywords used by us are Internet of Things and
manufacturing. Next, the words which would be utilised
between keywords and the search field are AND and OR
Boolean operators. For instance, in the title, abstract,
and keywords, we deployed (“manufacturing” AND
“Internet” AND “Of” AND “Things”) and the word
“OR” for linking the databases. Table 1 depicts the
review protocol outlined to return a tangible outcome on
the topic being researched.

Table 1: Review protocol
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Item Description

Keywords Manufacturing; Internet of Thing

Boolean Operators AND keywords;
OR between Database search fields

Search Fields Title; Abstract; Keywords

Language English
Publication Type Article
Time Range (Years) | 2015 to 2019
Databases Scopus

Stage 1: Define

= Step 1: identification of need for a literature review
«Step 2: Development of a literature review protocol

Stage 2: Collect and Select

«SBtep 1: identification of documents
*Step 2: Selection of relevent documents

Stage 3: Analysis and Findings

»Step 1: Categorization of documents
»Step 2: Data extraction

+Step 3: Descriptive analysis

*Step 4: Text analysis

Stage 4: Result and Discussion

* Document findings
Figure 1: Phases in systematic literature review [19] [20]

The total number of papers acquired is 2650 following
submission of the search string in the databases. The text
analysis aids in choosing the best paper which meets the
goals of the research conventions. Next, we choose 148
papers to exert greater emphasis on the latest
technology, and research has been carried out on this
subject for further scrutiny.
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Figure 2: Papers published in Scopus

The selected studies are sorted into 3 categories
according to year of publication. Figure 2 displays the
studies selected based on year. Such information is key
to establishing the research trend in this field. Article
distribution according to publication type is displayed in
Figure 3. In this research, text analytic strategy enables
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the identification of those manufacturing industries
which allow enabling 10T applications. Furthermore,
the latest technologies implemented in 10T applications
are presented in the visualisation according to text
analytic strategy.

' Conference Paper  » Article

- Book Chapter Review

= Book = Editorial

» Artide in Press * Note

= fetter = Short Survey

Figure 3: Article distribution by publication type

3. RESULTS AND DISCUSSION
3.1 Text Analysis Review

Text analysis is conducted after the data collection
process and the results are used to examine the most
commonly-used phrases found in loT-related
publications that cover manufacturing systems. The text
list is then collected from the abstracts and keywords of
all related journals. Several word types are excluded so
as to minimise bias in the text analysis process, namely
“10T”, “Manufacturing”, and “Internet of Things”. All
stop words are similarly excluded from the word list, for
these represent the most popular words in the language
[21]. In this investigation, 2 different word sources are
used for each publication. The first type is derived from
the title column, whereas the second derived from the
keyword column. Figure 4 shows the 1-gram word cloud
of all titles for 2650 journals related to loT and
manufacturing. The words “internet” and “industry” are
the highest and second highest in frequency,
respectively. Figure 5 shows more detail on the numbers
and frequencies of words used in various titles.
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Figure 6 displays the most frequent words derived from
the abstract and keyword columns, using the 1-gram
model and with visualisation based on the word cloud
strategy. Word clouds offer powerful visualisations in
text analysis that describe the most commonly-used
words found in any publication abstract. Among the
most popular are “internet” and “data”, which describe
backbone processes in manufacturing loT applications.
Both word clouds show word consistency in related
publications. The words “industrial, “internet”, “smart”,
and *“system” all appear in both word clouds.
Visualisation of such words found in an abstract help
determine the key topic to be considered for further
research. Furthermore, industry players already realise
loT implementations in industrial manufacturing. Such
operations comprise numerous elements that typically
include Manufacturing Operations Management
(MOM), intelligent manufacturing, asset management,
and human-machine interactions, as well as
performance monitoring, planning, and optimisation
that provide end-to-end operational visibility in such
industrial systems, as established in Industry 4.0.
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Figure 6: (a) A 1-gram word cloud of the keywords (b) A
1-gram word cloud of the abstracts

Figure 7 depicts the 2-gram word cloud of the abstract.
The two most widely used words are “big data” and
“cloud computing.” According to research, loT
applications are poised to generate approximately 4.4
billion TB data by 2020. Comprehending this volume is
not straightforward; moreover, the manual analysis of
the data obtained using just one industrial sensor would
take a lifetime. The count of connected devices is
growing exponentially, and it is hardly a surprise that
there will be over ten billion 10T sensors creating a
massive volume of data by 2020. Additionally, these
sensors and aspects of data like gathering, analysis,
sharing, and transmission are real-time. Therefore,
without data, these connected devices may not have the
required functionality that warrants the immense
attention these devices have received globally. Such l1oT
devices produce the data and use the cloud to store it.
Furthermore, cloud computing scenarios will affect
almost each element of production firms like how they
control their operations, from financial management
and enterprise resource planning (ERP) to workforce
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training and data analytics. Furthermore, the cloud is
fundamental to how manufacturers assimilate
themselves into industrial supply chains. This assertion
is backed by the next set of prevalent words in the word
cloud: supply chain. loT is about to reform the supply
chain with operational efficacies as well as revenue
prospects. Currently, the supply chain is not
concentrated on the individual sector but also on rival
industry. Some examples of loT for operational
efficacies are vendor relations, asset tracking,
forecasting and inventory, connected fleets, and
schedule maintenance.
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Figure 7: A 2-grams word cloud of the abstract in selected
publications

Additional analyses are conducted employing the
3-gram technique to ascertain the three most commonly
used words in the abstracts of the publications. Table 2
lists such frequently used words. A majority of the
publications specify the backbone of the 10T ecosystem,
which is dependent on “wireless sensor networks” and
“industrial internet iiot”. loT-specific use cases are
expected to revolutionise manufacturing. The
advancements in the loT domain facilitate the swift and
efficient transfer of information from automated or
manual decision-making systems to the production
equipment employed in smart factories. Sensors and
physical devices establish an interconnect using the loT
framework backed by the internet, which may be
connected using wired or wireless media.
“Cyber-physical  systems”  (CPS) is  another
commonly-used phrase. CPS comprises physical
infrastructure integrated with modern computational
and analytics frameworks [22][23]. Cyber-physical
systems have been successfully applied in several
domains like energy consumption, industrial
automation, medical equipment, advanced military
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technology, among other domains [22][7][24][25].
Furthermore, CPS integration provides manufacturing
processes to have self-awareness and perform
maintenance with limited human intervention.
Predictive analytics is an advanced analytics category,
which, when integrated with the CPS ecosystem,
facilitates the equipment to continuously self-monitor
performance parameters and predict potential issues that
may arise in the future. The combined use of decision
support frameworks and analytics facilitates increased
system uptime, enhanced efficiency, and better
productivity in all aspects of the industrial use-case.

Table 2: The three most frequent words used in 10T
application in manufacturing system

Fre
Phrases q Phrases Freq
wireless sensor
networks 71 big data analytics 56
cyber physical
systems 62 supply chain 27
management
internet cloud
computing 60 monitoring system 17
based
radio frequency 67 product lifecycle 15
identification management
fourth industrial 56 enterprise resource 13
revolution planning

Figure 8 depicts the architecture used for CPS
systems. Several engineering processes, like testing,
optimisation, or design, have practical limits during
actual use. CPS facilitates simulating a factory and its
supply chain in real-time. Additionally, CPS helps
create a plan that should be used for running the
business as per the specific objectives. Fundamentally,
such systems use the 10T ecosystem to send the required
signals to the equipment at the appropriate time.

The virtualisation of the physical area of the premises
and its synchronisation with the 10T cyberspace allows
for a relatively easy and integrated understanding of the
interactions and challenges because the human and
mechanical systems are in the same domain, which is
difficult to integrate otherwise. This heterogeneity has
been challenging to manage. The homogenisation of
these activities into one space enables integrated
management. CPS is a software-based and a hybrid
approach that uses software to emulate services and
tangible products like equipment and sensors [13].

Sharifah Sakinah Syed Ahmad et al., International Journal of Advanced Trends in Computer Science and Engineering, 9(4), July — August 2020, 6415 — 6428

S.y:.iltem_ Internet of Things & Cooperation
systent: @ Internet of Services with services
cooperation
Data processing and

Cooperation transmission Human-
with services

: <E> {~/| system-
of the local ﬁ @ cooy eration
environment Sensor Actuating =

elements elements
| Physical process |

Figure 8: Structure of cyber-physical approach [13]

3.2 Internet of Things (1oT)

Essentially, 10T refers to an interconnection between
real-world objects like vehicles, buildings, software,
electronics, sensors, and many more to use some form of
networking to establish a connection to exchange
information. It is predicted that in the next five years, the
number of connected devices is expected to reach 20
billion [26]. In manufacturing processes, the primary
emphasis concerning loT integration is to affix the
equipment with sensors and networking ability. RFID
stands for “Radiofrequency Identification,” and is a
significant communication technique used in the loT
space [27][28][29]. Typically, 10T equips the systems
with sensors, RFID tags, cameras, actuators, and
GPS-based location systems. All devices may gather,
transmit, and receive data to facilitate an improved
perspective concerning the production facilities. Figure
9 depicts the advantages of deploying an loT-based
platform for production facilities and associated
operations. 10T application facilitates better visibility of
operations through the supply chain while providing an
opportunity to improve operational efficiency and
contribute to the top line. Concerning operational
efficiency, GPS sensors and RFID tags can help track the
movement of the parts during manufacturing and the
finished goods during storage and transport. Hence, 1oT
can help create an information exchange framework for
manufacturing units that operates in real-time.
Furthermore, the precision offered by IoT devices is
superior to what a human can provide. For instance,
Amazon manages its workflow using automated systems
comprising Wi-Fi-enabled robots that scan QR codes to
handle order management. The large amount of data
obtained from these 10T sensors can help the company
provide better quality control and facilitate smoother
operations and forecast. In the context of production
facilities, the implementation of smart sensing systems
can help reduce downtime by better planning the
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maintenance processes, thereby positively affecting the
revenue.

Improved the visibility of the manufacturing

operations across the supply chain

Real-time information
exhange among the
manufacturing facilities

Improved preventive
maintenance

efzimdl:;oc‘;:sd of
the machines forecasting

Figure 9: Benefit of using IOT framework in manufacturing
operations

Automation of
the workflow

Table 3 specified the two commonly-used words in the
publication that exemplifies the set of production
activities that facilitate the loT application for 571
papers. These top words employed for manufacturing
represent its backbone. Smart production facilities,
factories, and manufacturing activities have a common
objective of optimising operations. Optimisation may
comprise  computer-based  modelling,  control,
automation, use of big data to enhance efficiency. The
National Institute of Standards and Technology (NIST)
defines a manufacturing system as a “fully-integrated,
collaborative manufacturing systems that respond in
real-time to meet changing demands and conditions in
the factory, in the supply network, and customer needs.”
Concerning  manufacturing  activity, loT-based
processes create business values through four primary
domains, which are operating efficiency, supply chain
management, predictive maintenance and inventory
optimisation. The benefits of using 10T during
manufacturing are illustrated using case studies, as
specified in Table 4.

Table 3: Most two frequent words in the publications

No Phrases Frequency
1 manufacturing process/systems 377
2 smart factory /manufacturing 231
3 production systems 176
4 manufacturing process 160
5 Cyber-physical systems 179
6 supply chain 169
7 industrial revolution 146
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8 business model 105
9 energy consumption 99
10 life cycle 98

To aggregate the factory shop floor data, the 10T devices
communicate with the cloud application in the
production systems. In general, this data is generated by
industrial equipment for additional actions; for instance,
production plan optimisation [31]. The production
system that was developed for the self-adaptation of the
industrial equipment enables the human operator to
enhance their productivity and minimise fatigue and
stress [15]. Furthermore, the defect predictive
manufacturing systems based on 10T emphasise on the
automated production facilities, which facilitates
prediction and response to the future situation [9]. Table
5 presents the state-of-the-art technologies employed in
loT for the manufacturing industry. It is evident from
the table that the highest number of publications focuses
on the connectivity for manufacturing applications. This
is due to the fact that connectivity is the primary
procedure in terms of loT implementation in
manufacturing operations. The data produced from the
various loT devices will not be recorded without the
presence of a good connectivity between the devices.
Before the submission of a paper, the submitting author
has the responsibility to garner agreement of all the
co-authors and obtain the requisite consent of sponsors.
Also, it is the responsibility and obligation of the authors
to cite any relevant earlier work that was used for the
study.

Table 4: Case study related to the loT advantages in
manufacturing process

No

loT advantages | Case study
in
Manufacturing
Process
1 Supply Chain Toyota : reduces recalls by
Management knowing exactly what machine

produce which components of
which vehicles[30].

HP : integrates network analysis
and data visualization into its
supply chain management and
monitoring; has reduced the time
for supply chain management
projects by up to 50%.

BMW : knows the real-time
status of all machines producing
all parts/components from all
suppliers going into vehicles [30]
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Table 5: Latest technologies used in IoT application in

manufacturing industry

No | Phrases Method Paper
;:Szgd't'on'b Map Reduce Framework [84]
h to increase computational
maintenance | ce oo
1 | (CBM) Y
3D printed 2[389‘3’] [86]871[88]1
Additively Flexible and wearable
manufacturi | antenna systems [90]
ng Adaptive control [91]
2 UAV [92]
Production Production progresses. [93][94][95][961[
systems / 971[98][99]
3 scheduling Micro-service based on [100]

loT
Customized production [101][102][38][1
2 environment 03]
Operating Ford: Placed sensors on virtually CNC machine [104]
Efficiency every piece of production Logistic , [105][18][106][1
equipment at its River Rouge Food manufacturing 07]
L Packaging technology [108]
facility. Planning/ scheduling [109]
Optimization resources [110][27][111][1
GM: Uses sensors to monitor 12][112][113]
humidity conditions during [114][115]
vehicle painting; if unfavorable, manufacturi | T1exible thermoelectric [116]
the work piece is moved ng generators (TEGs)
. A . Statistics pattern Analysis | [71]
elsewhere in plant or ventilation maintenance | gp Ay
systems adjusted. 4 | /monitoring | \yonitoring [117][118][119]
[15][22][120][12
Raytheon: Keeps track Industrial human-machine | 1]
collaboration. [122]
o rowmaytmesasorewis ||| ooty | Wit | Bokizg
been turned in its factories. 4 Cyber physical 9 g 26][127][128][12
3 o o ] Digital manufacturing 9]
Predictive Intel: Uses predictive modeling to 5 [130]
Maintenance anticipate failures, prioritize Servitization of [131]
inspections, and cut monitoring supply chain | manufacturing [27][132][133][
costs, save $3M. 6 __ Actl_vn_les 134]
Predictive Optimized controller fora | [9][12][11]
Ford: Downstream machines can Manufacturi | specific task. =~
- ; : 8 ng Vibration analysis [10]
detect if work pieces they receive energy Low power consumption | [40][135]
are off in a particular minute consumptio | devices [136][137]
dimension, indicating possible 9 |n Modeling
problems in upstream machines. life cycle product lifecycle [138][139][140]
10 management
GE “ Brilliant Factories” Integrated power saving | [41]
S . wireless network for
initiative doubled production of o monitoring factory [141]
defectfree dishwashers and Monitoring operations.
washing machines. Industrial emission
13 monitoring system
4 Inventory Wurth USA: Developed an “ An integrated vision for | [142]
Optimization | iBins” system that uses Y fashion industry A TAaTLas
intelligent camera technology to 14 | Control Automotive industry
monitor the fill level of a supply ) Material handling [146]
box and wirelessly transmit the 15 | Sustainable | oon tochnology [147]
data to an inventory management
system that automatically
reorders supplies. The upcoming loT-based manufacturing operations are
likely to transform the human operator into
“cyber-operator” and the machine tools into

“cyber-machine tools”, thereby enabling the production
of high value, volume, variety, veracity, and velocity of
data. The data generated from the manufacturing
operations comprised unstructured and structured data.
Data plays a significant role in resolving a problem in
real-time and minimising the cost incurred for delayed
response to the problem.

4. CONCLUSION

In the recent decade, the design and implementation of
the manufacturing system have been influenced by the
evolution of the 10T applications. 10T applications play
an important role in data gathering. On the other hand,
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data analytics is used to convert the information into
insights, which in turn can be used to mitigate the
challenges faced by the companies. The IloT
applications, when integrated with the manufacturing
systems, are capable of enhancing operations through
the linking of cyber and physical capabilities, utilisation
of information and analytics, and leveraging the big data
evolution. It is now more than ever that the
manufacturing companies are compelled to consider
adapting their business models dynamically so as to keep
up with the global competition and growing market
demands. The companies that have the potential to
gather all the significant data can eventually use the data
to analyse the existing state of their processes and
identify the process that will enable the most optimum
progress and keep them ahead of their competition.
Additionally, the manufacturing operations can be
successfully  streamlined through decisive and
actionable insights to improve the production line
continuously.

This study is primarily exploratory in its scope and
approach. Text analytics was applied in this study to
demonstrate its significance and value in generating and
codifying rich, effective and quality knowledge that
enables the researchers of this field to gain insights
about the present research. Apart from its many
contributions, the study comes with its set of limitations,
which could serve as opportunities for future research.
Text analytics was applied only on the articles that were
published in Scopus publications, over a course of five
years. The future research can further apply text
analytics over longer periods and with more sources to
assess the trends and arrive at robust findings. The
various sources of unstructured data, for example, data
from social media feed, websites, and other user
generated content available on the Web, have the
potential to generate valuable insights.
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