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Abstract—The fourth industrial revolution is a technological
advancement that is posing new challenges in manufacturing and
services. Industries must adopt innovations to create value-added
for their products and services to gain a competitive advantage
and increase production efficiency. Therefore, this research aims
to study the factors that influence the application of Industry 4.0
technology for managing electrical appliance production by
focusing on five major factors: the internet of things, cloud
manufacturing, big data analytics, additive manufacturing, and
cyber-physical systems, which can be further subdivided into 23
sub-factors. The fuzzy analytic network process (FANP)
technique is used to prioritize the factors to develop criteria for
selecting appropriate applications of Industry 4.0 technology in
manufacturing. Besides, a questionnaire based on the FANP
approach is used to collect data from 82 electrical appliance
manufacturers to calculate the weight of each factor.
Consequently, the Internet of Things is ranked first, followed by
big data analytics and additive manufacturing. While the results
have indicated the importance of sub-factors as data-driven, data
collection, tracking, monitoring, and automation, respectively.
The benefit of this research is that manufacturers of electrical
appliances can use this research as a criterion for implementing
Industry 4.0 technology for long-term effectiveness.

Keywords—Industry 4.0; big data analytics; internet of things;
cloud manufacturing; additive manufacturing; cyber-physical
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. INTRODUCTION

The manufacturing industry is currently undergoing a
transformation in innovation and technology, which is pushing
successful  output. Connectivity and data analytics
advancements are a part that can help the manufacturing
industry create value-added and competitive advantages for its
products and services. Therefore, integrated production
processes are critical in the industrial revolution to enhance

production levels and make them more efficient by
incorporating Industry 4.0 concepts such as Internet
technology, communication technology, and automated

production. Besides, the manufacturing system is combined
with precision machine tools and devices that may be
connected to the internet for efficient production control and
data analysis. Various industries have adapted to the Industry
4.0 transformation using new technologies, which will create

new business needs and opportunities [1, 2], including
machine-to-machine communication for automated control [3,
4]. Therefore, smart factories must have sensors connected to
devices or machines to control their operations effectively,
resulting in real-time data management and exchange [5, 6].
Additionally, these devices or machines in the manufacturing
process can help to create effective preventive maintenance
plans for machines and equipment in production [7, 8].
Technological advances enable the detection and processing
of communication capabilities with devices and services,
resulting in higher standards and a more efficient
manufacturing operating environment [1, 7, 9]. Consequently,
Industry 4.0 technology is a necessary technology for
increasing production efficiency and creating sustainability.

This study presents the challenges of sustainable
manufacturing in Industry 4.0, intending to study the impact
of various factors in the application of Industry 4.0 in the
manufacturing of electrical appliances, as well as the
significance of these factors in forecasting decision-making's
tendency in the future application of Industry 4.0 technology.
The fuzzy analytical network process (FANP) approach in the
multiple criteria decision-making principle (MCDM) is used
in this research because FANP can simplify complex problems
and allow dependence and feedback in the hierarchy. Thus,
the FANP approach is applied for prioritizing factors to
analyze and compare their relative importance, which impacts
the decision-making for applying Industry 4.0 technology in
the electrical appliance industry. Finally, the study’s findings
will assist stakeholders in making informed decisions in terms
of the implementation of Industry 4.0 technology in their
manufacturing processes to increase their businesses'
competitiveness and performance in the long run.

In the first section, we review Industry 4.0 technology and
its applications to determine the factors that affect the
application of Industry 4.0 technology in manufacturing. In
the following section, we describe the research methodology
used in this study, as well as related theories such as the fuzzy
set and fuzzy analytical network process, which are used for
prioritizing factors influencing decision makers in electrical
appliance manufacturers in terms of Industry 4.0 technology
application. The study’s results have shown the importance of
factors and sub-factors including their ranking by FANP in
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Section V. Section V discusses the findings and management
implications. Finally, Section VI concludes with a summary of
the study’s findings, limitations, and future research.

1. LITERATURE REVIEW

Building a competitive advantage requires the
development of systems [10], whereas the evolution of
Industry 4.0 enables more transparent resource utilization
through efficient practices in both production and innovation
[11, 12]. Furthermore, the government has recognized the
critical importance of Industry 4.0, information technology,
and the environment in driving the economy, issuing a slew of
regulations to support and safeguard them [13]. By
incorporating intelligent mechanisms and automation in the
industrial environment, Industry 4.0 enables businesses to
improve production processes [5]. The challenges of Industry
4.0 encompass not only the technological dimension, but also
the organizational, social, and national economic dimensions.
Thus, organizations and governments must adapt to Industry
4.0 to achieve operational success [14]. The fourth industrial
revolution is the result of rapid technological advancement
[15], as evidenced by the interconnection of intelligent
manufacturing systems used in Industry 4.0. The goal is to
create human-machine interaction by automating and resilient
production, parts and product tracking, and machine-to-
machine communication. This will result in increased
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productivity and lower costs. To enable on-demand production
and more efficient supply and demand, the intelligent
manufacturing system will connect product design, analytics,
manufacturing processes, stock and supply chain systems,
product customization, delivery systems, and customers [16].
While, the Internet and technology are future-oriented, and
they improve the human-machine interaction paradigm to
provide added value to processes [14, 17, 18]. Information
technology is a critical component of the economy's driving
force [19], enabling the digitization of production processes,
the relationships between physical and controllable objects,
and the improvement of integration between the physical and
digital worlds [20]. Manufacturing technologies are being
developed to communicate and deliver big data, allowing
businesses to improve forecasting and productivity [21, 22].
Additionally, the technology incorporates processing
capabilities to  improve = manufacturing  processes,
organizational interactions, human resource utilization, waste
reduction, environmental impact reduction, energy savings, as
well as the industrial value chain, all of which contribute to
sustainability [5] From the literature review of Industry 4.0,
this study has identified five major factors affecting the
application of Industry 4.0 technology as follows: Internet of
Things (loT), Cloud Manufacturing (CMg), Big Data
Analytics (BDA), Additive Manufacturing (AM), and Cyber-
Physical Systems (CPS), as shown in Table I.

TABLE I. PREVIOUS RESEARCH ON THE APPLICATION OF INDUSTRY 4.0 TECHNOLOGY
Factors Sub-Factors Reference
Monitoring [301], [48], [49], [50], [51], [55]
Internet of Things Tracking [20], [32], [33]
(loT) Information [20], [54]
Automation [20], [371, [47], [54]
Security [31], [38], [39], [45], [52]

Resources as service

[34], [40], [41], [43], [46]

Cloud Manufacturing

Orchestration
(CMg)

[31], [38], [40]

Resource management

[38], [41], [42], [43], [46], [57]

Utilization

[40], [41], [44], [46]

Predictive

[14], [18], [20], [51], [52]

Data Collection

[32], [33], [51], [55]

Big Data Analytics

(BDA) Data-Driven [20], [30], [32], [33], [51], [52], [53], [55]
Accurate [20], [32], [51], [52]. [54]
Predictive [14], [18], [20], [51], [52]
Prototype [71, [23], [33], [60],[61],[62],[63]
Additive Manufacturing Flexibility [33], [62], [63]
(AM) Optimization [1], [19], [52], [56]
Reduction [20], [22], [23], [27],[28], [33]

Collaborates

[7]. [30], [33], [40], [51], [52], [64]

Detects Production System

[20], [33], [36]

Cyber-Physical System Decision Making

[20], [33], [51], [54]. [59]

(CPS) Visibility and Traceability

[30], [32], [52]

Synchronization

(8], [9], [20], [52]

Intelligent

[20], [36], [37], [47], [65], [66], [67]
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A. Internet of Things

The Internet of Things (lIoT) is a collection of intelligent
devices and sensors that can communicate with one another
via the Internet [7, 23]. It can identify specific physical and
virtual connections for communication, configuration,
management, and data collection [14, 17, 18]. Besides, loT
can accurately monitor and measure a wide range of
processes, such as real-time tracking, predictive maintenance,
production volume management, and sales data [21].
Consequently, the collected data is routed to a central
processing system for analysis and decision-making, resulting
in solutions in automated manufacturing processes, lower
production costs, and higher technological standards [20, 22].
IoT also has access to product lifecycle data, allowing
products to be traced from the factory to the customer [23].
Furthermore, it can improve product cycle visibility, reduce
resource consumption, increase productivity [24, 25, 26]
provide maintenance traceability, monitor labor activities, and
improve work safety [27, 28], as well as manage resources for
increasing competitiveness and long-term success.

1) Monitoring: The process of visualizing the recording
data from real-time monitoring of the status change of
production parameters to a specified standard was known as
monitoring [29]. It was possible to continuously monitor or
audit production data by recording, analyzing, or evaluating
traceability data in real-time [30]. When non-standard
problems such as critical overloads or insecurity were
detected, the collected data could be assessed, and timely
corrective action could be ordered [31]. Thus, organizations
must regularly monitor and control operations under
countermeasures to ensure process reliability, flexibility, and
long-term productivity.

2) Tracking: A system that enabled the periodic
monitoring of operational procedures and displays the data
could be useful for analyzing current and future situations.
Controlling and processing operations could also check the
status of each step of the process, allowing for real-time
tracking of goods flow [20]. Thus, Internet of Things
applications that connect all relevant departments to
collaborate via the Internet could improve efficiency in
operational control decentralization [32, 33]. It provided a
real-time tracking system for the manufacturing process,
making the operation more convenient and increasing
customer confidence.

3) Information: Information was created by processing
and analyzing data from the Internet and presenting it in the
form of knowledge that was applied to the workplace. Quality
information must be accurate and up to date, as well as
consistently stored. It is also supported by paperwork
reduction, production management access, and inventory
management [30]. Complex work systems and real-time
decision-making necessitated the use of information as well.
Thus, managing the flow of goods in processes enabled supply
chain participants to track the flow of goods in real time and
make precise decisions based on the information obtained
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[29]. Consequently, precise data acquisition and management
were accomplished, allowing for more efficient operations.

4) Automation: loT automation connected the entire
network and shared data with linked systems based on
requirements [31, 34], allowing for cost-effective, convenient,
and safe operations. Using automated systems, humans can
perform high-accuracy and risky tasks. Furthermore,
controlling or receiving commands in real-time [35], between
devices or machines based on connectivity requirements
resulted in increased production and management capabilities.

B. Cloud Manufacturing

Cloud manufacturing is a data collection and processing
system that collects and processes data with servers on
computer networks. It also included services and applications
that could use a network connection to access and process data
or resources on the Internet [7, 25]. In addition, cloud
manufacturing was a technology that involved the delivery of
computing resources via the Internet, resulting in lower
operating costs and increased response time efficiency. It also
enabled data access from any location at any time, responsive
data sharing, and supply chain support continuity [36, 37].
Therefore, cloud computing technology could make storing
and processing large amounts of data more efficient. It could
also develop new services, such as quality monitoring and
control functions that improve operations and production
efficiency [23].

1) Security: Database management security was a critical
aspect of security. Particularly concerning was the provision
of information to third-party cloud systems [38] because
corporate data includes customer data, business data,
employee data, intellectual property, and so on [39]. As a
result of the wvarious levels of information security
requirements that underpin cloud services as well as search
and access capabilities, the issue of information security was a
huge challenge in services. Data security risks might
negatively impact the organization; therefore, trust in cloud
service recipients is required [31].

2) Resources as service: The  service-oriented
manufacturing model was designed to manage resources by
providing cloud-based manufacturing solutions, on-demand
network technology services, cloud service capabilities, and
service platforms [34, 40]. It was a model that combines
various technologies to facilitate collaboration, including
sharing and managing production resources [41], where cloud
manufacturing entailed the transformation of production
resources (hardware and software), cloud service capabilities,
and the ability to control services, as well as the management
of production resources, processes, operations, and Internet
transactions [40].

3) Orchestration: Capabilities for customer-focused
collaboration and the creation of a new production line from a
dedicated manufacturing service [40], were additional cloud
manufacturing services for creating capabilities such as
intelligent routing, preparation, data integrity checking, and
security [41, 42], as well as business process service
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management that could be modeled and structured to support a
smooth business.

4) Resource management: Cloud productivity capabilities
enabled organizational planning and resource allocation to
achieve goals. In resource management, resource simulation
must consider the importance of resource diversity, user
demand requirements, and performance requirements [31, 38]
by connecting objects and production resource management
for supporting manufacturing [43, 44]. Besides, it was a tool
for organizing and managing information about production
resources, including physical and virtual resources to
maximize resource management capabilities [42].

5) Utilization: Using cloud computing technology
facilitates and shares data to maximize productivity utilization
[45], and the availability of dynamic cloud management
would meet real-time needs [34]. By allocating production
resources appropriately, cloud manufacturing could reduce
costs and increase resource utilization. This allows for a
smooth transition from service-oriented manufacturing to
remediation [46], resulting in improved utilization or capacity
of production resources.

C. Big Data Analytic

Big data analytics is a challenge for corporate performance
in driving manufacturing because it can be used for real-time
communication, monitoring, and transactions via multi-
directional data networks and supported digital supply chain
strategies [16]. On the other hand, data collection, analysis,
and dissemination from machines and equipment enable
efficient data storage, monitoring, and decision-making
evaluation. [20, 47]. Meanwhile, predictive analytics, agility,
and business insights [21], enable machines and devices to
analyze data trends with artificial intelligence, including rapid
communication of customer data, which can improve product
quality and the business's supply chain [23]. Consequently,
big data analytics improves the ability to collect data in real-
time to meet objectives on time [48, 49, 50]. Furthermore, it
can also learn from data for more accurate predictive
production.

1) Predictive: Predictive analytics provided insights into
potential trends [51] by utilizing mathematical techniques,
simulations,  multi-criteria  decision-making,  planning
automation, risk management, and demand forecasting, among
other things [52]. Predictive analytics also employed planning
and control to accurately forecast production to meet demand
and make real-time decisions.

2) Data collection: Data collection enabled real-time
decision-making by analyzing data from various sources such
as production data, customer feedback, or product ordering
systems [33]. The data would be saved and collected in the
storage system for further analysis [31]. To derive value from
various types of data stored on demand, organizations must
collect a large amount of data and require adequate data
storage to support big data from resources.

3) Data-driven: Data-driven played an important role in
supporting organizations' management, strategic planning, and
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goal setting, which necessitated large data storages to support
big data in multiple formats while maintaining data quality
and accuracy. Thus, the ability to process and control
operations with big data has been applied to learning, analysis,
and event-based decision-making. Consequently, data-driven
systems capable of optimizing both production and predictive
production are created [33, 52]. Besides, the visual ability of
data flow throughout the supply chain, such as service quality,
forecast accuracy, production efficiency, and inventory
planning, would result in improved supply chain collaboration
and effective network response [53].

4) Accuracy: Big data analytics could deliver real-time
data quickly and accurately, as well as exchange data in
planning, controlling, and forecasting for accurate decision-
making [52]. In addition, big data analytics was critical in
enabling multidimensional data to be considered and
presented with accuracy, resulting in resource utilization that
was consistent with demand, reducing losses and costs,
controlling quality, and increasing productivity [21, 33]
Moreover, big data analytics enabled real-time decision-
making based on accurate data analysis results. It could be
analyzed using big data platforms, which could generate
sophisticated analytical models tailored to the situation and
ensure more accurate production.

D. Additive Manufacturing

Additive manufacturing, also known as 3D printing, is a
technique for creating parts from computer-aided designs, and
it is most used to create prototypes [51, 33]. It is a
manufacturing challenge that could replace traditional
production, making it more convenient and supporting low-
volume production [54, 35, 55]. Additive manufacturing aids
product design in meeting needs and complexity, bringing
products to market faster, and lowering transportation and
storage costs. It also reduces material waste, improves, and
develops products, and facilitates prototyping [23, 21, 22].
Thus, additive manufacturing technology has the potential to
reduce production time and machine and raw material
modification costs, improve reverse engineering ease, rapidly
create new products and reproducibility, conduct testing and
validation, increase customer satisfaction, and boost
competitive advantage.

1) Prototype: Rapid prototyping played an important role
in enabling diversified and enhanced production through
technology for part design and creation, on-demand
prototyping, minimizing design errors, prototyping testing and
validation, pre-production customization, and product life
cycle in new product development, which could be quickly
adapted to change and meet market demands [21].
Furthermore, rapid prototyping increased the versatility of the
fabrication process by enabling customization, ease of on-site
production, and cost savings in production time and machine
tool replacement, including raw materials [33]. Besides,
prototyping was cost-effective and could lead to customer
satisfaction.
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2) Flexibility: The flexibility of additive manufacturing
had accelerated the development and production of new
products while also enabling convenient improvements or
modifications to existing products [33]. Moreover,
sophisticated and iterative products could be designed more
quickly, saving money and time compared to traditional
manufacturing methods while maintaining quality, durability,
and functionality. In smart manufacturing, testing and
validation were essential components of additive
manufacturing [20], allowing manufacturing processes to be
managed more efficiently.

3) Optimization: Additive manufacturing was a crucial
method for structural design and manufacturing, as well as
scalability, product design, and production integration.
Furthermore, additive manufacturing could be used to create
homogeneous structures with multiple sizes or layers [56].
This was an evolutionary structure optimization in which the
optimal structure was determined by appropriate material
distribution, resulting in the automatic optimization of specific
input data.

4) Reduction: Because of the low scrap rate and easy
disassembly of the structure for design and production, using
additive manufacturing techniques could help manufacturers
save money and support costs while also reducing waste [33].
Additive manufacturing techniques might also reduce the
amount of labor, machinery, and equipment used in the
manufacturing and prototyping of parts, which is especially
labor-intensive and expensive in metal prototyping.
Additionally, using additive manufacturing techniques could
reduce costs associated with manufacturing, assembly, and
inventory, resulting in more efficient prototype production.

E. Cyber-Physical System

A cyber-physical system (CPS) is an integrated
engineering system that connects the physical and cyber
worlds [42, 44, [57]. The physical world consists of devices,
machines, humans, systems, etc. Whereas, the cyber world,
also known as the digital world, processes and controls the
physical world by connecting it with the Internet of Things
(1oT), which oversees the physical world's connectivity,
communication, and data transfer to the cyber world. While
the cyber world computes, analyzes, or decides to send
feedback control data to the physical world automatically. It
also encourages the monitoring and control of environmental
changes to facilitate manufacturing operations [20, 22] as a
technology for management systems that wisely connect
physical resources [38, 31, 43] As a result of this, machine
performance, quality inspection, and control functions, as well
as operation and production, have all improved [56, 40].

1) Collaboration: By directly processing data on the
Internet, cyber-physical systems could collaborate indefinitely
[33]. Computer collaboration in physical process operations
such as machine and equipment control, warehouse
management, and production process management could be
planned and controlled by analyzing and processing data
contained in the system [20, 58] to support collaboration,
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collaboration and resources, data sharing between service
providers, and these capabilities were complementary to
integration and collaboration [52].

2) Detects production system: Sensing production systems
connected with computers to exchange data (interface), such
as the interaction between computer users, machines, and
equipment [33]. Whereas cyber-physical systems could
monitor, measure, perceive, and control system conditions to
meet goals or prevent errors in the manufacturing process,
including fault detection (Downtime due to faults, workflow
restrictions, and error notification). Besides, identifying the
source of the defective process improved systems to prevent
faults from recurring.

3) Decision-making:  Data  obtained from the
manufacturing process was used to drive decision-making
processes, allowing cyber-physical systems to perform better
[59]. Numerous real-time data exchanges occurred between
systems to ensure the continuity of decision-making and
situation management, resulting in a reduction in data
planning errors and complex decision-making processes [20].
Additionally, this enabled analysis and decision-making to
control systems and achieve goals. Furthermore, Intelligent
decision-making and control, machine control, and
troubleshooting all contributed to faster and more accurate
decision-making, which increased productivity.

4) Visibility and traceability: Visibility and traceability
were components of the cyber-physical system that assisted
employees in making simple proactive decisions, inspecting
parts, controlling quality, and planning and controlling
production. Manufacturing traceability and intelligent
forecasting in supply chains are supported to eliminate
employee concerns [52] by automatically computing,
analyzing data, and transmitting feedback control.

5) Synchronization: the cyber-physical system would be
able to synchronize various production activities such as
planning and controlling in real-time [52] based on orders,
production processes, and responses. By synchronizing the
production process with other related processes, it created
production process continuity [45].

6) Intelligent: Cyber-physical systems, powered by
intelligent data, digitized data that could be used for
automated audits, data processing, and monitoring. as well as
modeling. Automated learning relied on constantly changing
data to make accurate predictions and intelligent decisions.
Sensor systems were used in the production and maintenance
of machines and equipment [20], to make them more reliable
and efficient, and they were a smart manufacturing innovation.

1l. MATERIALS AND METHODS

In this study, the survey method was used for data
collection, which was followed by quantitative research. The
research tool was a questionnaire based on five main factors
and a fuzzy analytical network process approach: Internet of
Things, cloud manufacturing, big data analytics, additive
manufacturing, and cyber-physical system, as shown in Fig. 1.
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| Application of Industry 4.0 Technologies in Manufacturing |

Goal

Main Factors ‘ ‘

Synchromzatlon

Internet of Things Cloud Manufacturing Big Data Analytics Additive Manufacturing Cyber-Physical Systems
(IoT) (CMg) (BDA) (AM) (CPS)

T T T T

Sub-Factors ‘ ‘ ~

| Monitoring | | Security | | Predictive | | Prototype | | Collaborates |
T I T T T

| Tracking | | Resource as Service | | Data Collection | | Flexibility | | Detects Productlon System |
I I I T

| Information | | Orchestration | | Data Driven | | Optimization | | Decision Makmg Processes |
I T I I I

| Automation | | Resource Management | | Accurate | | Reduction | | Visibility and Traceability |

Utilization

| Intell‘igent |

Fig. 1. Conceptual framework of the application of Industry 4.0 technologies in manufacturing.

| Identifying and selecting evaluation criteria | |

Data analysis by FANP technique |

| Review of literature on Industry 4.0 | N _ Evaluat.e the weig_ht of factors N Calculate local weights of main and sub
(Pair comparison of main and sub factors) factors
, v I I
List factors affecting the application of | Construct the super matrix | Calculate Inner dependence weights of main
Industry 4.0 technology and sub factors
v l ¥
| Create an industry 4.0 management model | | Calculate the weighted average | | Calculate weights of main factors
¢ v
| Determine fuzzy weight scales |> Calculate global weights of main and sub
Calculate the factors
consistency ratio 2
Ranking of factors to determine their relative
importance

Fig. 2. The research framework of the application of Industry 4.0 technology.

According to the Institute of Electrical and Electronics, the
population in this study consisted of 440 electrical appliance
manufacturers in Thailand, with the Yamane’s formula [68]
indicating that the sample size for the study was 82 samples.
Following the completion of the questionnaire, the researcher
distributed it to 82 respondents sampled using the snowball
method who were decision-makers in the implementation of
industry 4.0 in electrical appliance manufacturers. At the start
of this survey, experts from electrical appliance manufacturers
were identified and called in to ask their permission to answer
the questionnaire about the factors affecting the application of
industry 4.0 technology in electrical appliance manufacturing.
Following that, the data from the questionnaire were analyzed
and carried out following the steps in the research framework
depicted in Fig. 2.

A. Fuzzy Set

Zadeh (1965) developed a fuzzy set theory to deal with
situations involving uncertainty, imprecision, and vagueness.
Currently, fuzzy set theory is frequently used in multiple
criteria decision-making techniques for practical applications
in uncertain settings, and it is also effectively applied for
modeling human decisions and judgments. [69, 70, 71]. The
theory also allows for the application of mathematical
operations and programming to the fuzzy domain. In general,
a membership function defines the fuzzy set, which represents
the grade of any element x of X that has partial membership to

M. The degree to which an element belongs to a set is
determined by a value between zero and one. Thus, the
element x belongs to M, u,,(x) = 1 and p,, (x) = 0 [69, 72].

The triangular fuzzy number is made up of three
parameters: (I,m,u) where [ <m <u. The membership
function u,, (x) of TFN is derived by Eq. (1).

x=D/m-=1) I<x<m
() =jw—x)/(w-m) m<x<u (1)
0 otherwise

Let X ={x;,x,,...,x,} represent an object set and
U = {uy,u,, ..., u, } represent a goal set. Chang (1992) extent
analysis method takes each object and performs extent
analysis for each goal g;. For each object, m extent analysis
values with the following signs can be obtained:

M, M, M, =120 (2)

Where M i, (j =1,2,..,m)
fuzzy numbers.

represents in triangular

B. The Fuzzy Analytical Network Process

The fuzzy analytic network process (Fuzzy ANP) is a
multiple criteria decision-making (MCDM) technique that
employs both criterion interdependence and criterion inner
dependence with the pairwise comparison matrix. In this
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study, we present Chang's (1992, 1996) extent analysis
method because the steps are simpler than those of the other
fuzzy ANP techniques. The following are the steps of Chang's
(1992, 1996) extent analysis approach:

1

=Y ML QI X, M) €)

To obtain Y72, Mél, perform the fuzzy addition operation
on m extent analy5|s values for a specific matrix so that:

m .
Do M= (b Tm. ) @

And to obtain [Yr,¥™, M) ] " perform the fuzzy

addition operation of extent analysis values for a specific
matrix so that:

i=1 2721 Mg _(Z] 1 b Xy my X 1) ()

Then compute the inverse of the vector in the preceding
equation so that

[ 12m MJ]1:<111 1

maw’ S’ X b

=) ®

The degree of possibility of M, = (I,,m,,u,) = M, =
(14, mq,uy) is defined as:

V(M; =2 M,) = sup[min(uy, (), tu, )] (7)
and can be equivalently expressed as follows:
1

0 if my, = my,
V(My 2 My) = l—u, if Ly > u, (8)
(ma—uz)—(mq-1y) otherwise
V(M =M, M,,...,M,))=minV(M > M,;), i=12,..k
9)
Assume that:

d(S) =minV(S; =S,), k=1,2,...m;k+#i (10)

Then the weights vector is computed by:
W' = (d(Sy), d(S2), -, d(S))" 11)

And then, weight vectors are normalized as follows:
W = (d(A1),d(Ay), ...,d(A))T (12)

V. RESULTS

For this study, the application of Industry 4.0 technology
can be divided into five groups: Internet of Things (loT),
Cloud Manufacturing (CMg), Big Data Analytics (BDA),
Additive Manufacturing (AM), and Cyber-Physical System
(CPS). As illustrated in Fig. 2, each group includes several
applications of Industry 4.0 technologies in manufacturing.
Consequently, the goal of this research is to propose an
industry 4.0 application for electrical appliance manufacturers'
management to select appropriate technologies to integrate
into their manufacturing processes to increase productivity
and gain a competitive advantage. In this section, the research
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process can be divided into six steps to evaluate the factors
affecting the application of 4.0 technology and prioritize those
factors for appropriate decision-making by electrical appliance
manufacturers in the application of industrial 4.0 technology.
The first stage identifies the application of industry 4.0
technology for the framework of factors and sub-factors, as
determined by a questionnaire survey using the fuzzy A
technique to compute the weights of the factors and sub-
factors. The application is built on the steps from the previous
section and is explained step by step along with the results.

Step 1: The fuzzy scale is used to determine the important
weighting of main factors and sub-factors from a decision-
maker in charge of an organization's Industry 4.0 application
management. Select appropriate linguistic variables to
represent the relative weight of the factors. Using the
linguistic scale in Table 11, a pair-wise comparison is prepared
for each factor based on expert opinion.

Step 2: A questionnaire survey is used to collect data from
82 electrical appliance manufacturers to investigate the
application of Industry 4.0 technology for management in
practices.

Step 3: Compute the consistency ratio (CR) by Eq. (13).

_a
CR=2 (13)

When CI = % and Apgy = Xieq X7, ay W]

The CR value should be less than 0.1, indicating that the
weights determined by decision-makers are consistent. If the
CR value is greater than 0.1, it indicates that the determined
weights are inconsistent. Thus, the research should begin with
a review of the main factors and sub-factors.

Step 4: Compute the average fuzzy evaluation matrix
based on the questionnaire survey, as well as the local weights
of the main factors and sub-factors, as shown in Table 11-VII.

Step 5: As illustrated in Table IX, compute the inner
dependence weights and dependencies among the factors
considered to be the main factors.

Step 6: To compute the global weights of sub-factors,
multiply the local weights of the sub-factors by the
interdependent weights of the main factors, as shown in Table
X.

When weights of main factors were calculated, it was
discovered that the Internet of Things was the most important,
accounting for 34.3 percent of the total, the Big Data
Analytics accounted for 31.0 percent, Cloud Manufacturing
factor 12.5 percent, and Cyber-Physical System 9.4 percent
respectively, as shown in Table I1I.

In terms of Internal of Things, tracking was identified as
the most significant sub-factor in this area, accounting for 30.7
percent. Monitoring is the second most significant sub-factor,
accounting for 27.2 percent, while Automation and
Information had declined in importance, accounting for 25.7
percent and 16.5 percent, respectively, as shown in Table IV.
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TABLE II. LINGUISTIC SCALE FOR RELATIVE WEIGHTS OF FACTORS
Risk Level Triangular Fuzzy Scale Triangular Fuzzy Reciprocal Scale
Just equal (1,1,1) 1,1,1)
Equally important (272,11, 3/2) (2/3,1, 2)
Weakly more important (1,3/2,2) (1/2,2/3,1)
Strongly more important (312, 2,5/2) (2/5, 112, 2/3)
Very strongly more important (2,512, 3) (1/3, 215, 1/2)
More important (5/2, 3, 7/12) (217, 113, 2/5)

TABLE I1l.  LOCAL WEIGHT AND PAIR-WISE COMPARISON MATRIX OF “MAIN FACTORS”
. - Cloud . - Additive Cyber-Physical -
Main Factors Internet of Things Manufacturing Big Data Analytics Manufacturing System Weights
Internet of Things 1.000, 1.000, 1.000 1.282,1.738, 2.201 1.088, 1.516, 1.967 1.451,1.951, 2.451 1.555, 2.055, 2.555 0.343
Cloud Manufacturing 0.540, 0.697, 0.933 1.000, 1.000, 1.000 0.459, 0.598, 0.797 0.688, 0.947, 1.301 0.909, 1.354, 1.870 0.125
Big Data Analytics 0.607, 0.813, 1.114 1.402, 1.870, 2.354 1.000, 1.000, 1.000 1.354, 1.854, 2.354 1.305, 1.805, 2.305 0.310
Additive Manufacturing 0.413, 0.523, 0.715 0.929, 1.317,1.748 0.429, 0.549, 0.764 1.000, 1.000, 1.000 0.769, 1.126, 1.663 0.129
Cyber-Physical System 0.393, 0.489, 0.648 0.604, 0.846, 1.260 0.439, 0.565, 0.797 0.701, 1.039, 1.457 1.000, 1.000, 1.000 0.094
TABLE IV.  LOCAL WEIGHT AND PAIR-WISE COMPARISON MATRIX OF “INTERNET OF THINGS”
Sub-factors Monitoring Tracking Information Automation Weights
Monitoring 1.000, 1.000, 1.000 0.798, 1.098, 1.431 1.240, 1.701, 2.169 0.766, 1.077,1.431 0.272
Tracking 0.980, 1.301, 1.685 1.000, 1.000, 1.000 1.201, 1.669, 2.152 0.996, 1.360, 1.778 0.307
Information 0.538, 0.697, 0.947 0.499, 0.665, 0.931 1.000, 1.000, 1.000 0.649, 0.878, 1.230 0.165
Automation 0.929, 1.252, 1.650 0.704, 0.974, 1.305 0.983, 1.407, 1.854 1.000, 1.000, 1.000 0.257
. . The weight of Additive Manufacturing was considered, the
The weight of cloud manufacturing, Resource g g

Management was the most important in this category,
accounting for 27.4 percent, The second most important sub-
factor was Resource as Service for 22.6 percent, followed by
Orchestration for 21.4 percent, Utilization 18.8 percent, and
Security 9.7 percent, respectively, as shown in Table V.

The weight of sub-factors in Big Data Analytics revealed
that Data-Driven for 36 percent was the most significant sub-
factor in this domain. Meanwhile, the second most important
sub-factor was Data Collection for 33.4 percent, followed by
Accuracy fot 18.2 percent, and Predictive for 12.4 percent,
respectively, as shown in Table VI.

findings indicated that the Flexibility was the most important
in this area for 26.3 percent, Prototype accounting for 26.0
percent, Optimization for 25.3 percent, and Reduction for 22.4
percent, respectively, as shown in Table VII.

When considering the weight of sub-factors in the Cyber-
Physical Production Systems domain, Decision-Making
Processes was the most important at 21.4 percent, followed by
Visibility and Traceability, which accounted for 20.9 percent.
The Detects Production System was the second important sub-
factor that accounted for 17.4 percent, followed by
Collaboration for 14.7 percent, Synchronization for 14.2
percent, and Intelligent for 11.5 percent, respectively, as
shown in Table VIII.

TABLE V. LOCAL WEIGHT AND PAIR-WISE COMPARISON MATRIX OF “CLOUD MANUFACTURING”
Main Factors Security Resource as Service Orchestration Resource Utilization Weights
management
Security 1.000, 1.000, 1.000 0.505, 0.681, 0.996 0.488, 0.646, 0.894 1.000, 1.000, 1.000 0.479, 0.632, 0.931 0.097
Resource as Service 1.201, 1.669, 2.152 1.000, 1.000, 1.000 0.808, 1.116, 1.551 0.733,1.051, 1.421 1.006, 1.441, 1.909 0.226
Orchestration 1.256, 1.724, 2.207 0.821, 1.169, 1.565 1.000, 1.000, 1.000 0.609, 0.850, 1.175 0.887,1.278,1.711 0.214
Resource Management | 1.354, 1.854, 2.354 0.896, 1.234, 1.695 1.055, 1.457, 1.909 1,000, 1.000, 1.000 1.152, 1.652, 2.152 0.274
Utilization 1.104, 1.604, 2.104 0.577,0.795, 1.126 0.698, 0.970, 1.386 0.476, 0.632, 0.963 1.000, 1.000, 1.000 0.188
TABLE VI.  LoCAL WEIGHT AND PAIR-WISE COMPARISON MATRIX OF “BIG DATA ANALYTICS”

Sub-factors Predictive Data Collection Data Driven Accuracy Weights
Predictive 1.000, 1.000, 1.000 0.530, 0.680, 0.900 0.410, 0.516, 0.699 0.776, 1.057, 1.409 0.124
Data Collection 1.330, 1.787, 2.250 1.000, 1.000, 1.000 0.794, 1.120, 1.486 1.110, 1.577, 2.061 0.334
Data Driven 1.451,1.951, 2.451 0.794,1.120, 1.518 1.000, 1.000, 1.000 1.087, 1.543, 2.006 0.360
Accuracy 0.924,1.276, 1.675 0.517, 0.695, 0.992 0.579, 0.762, 1.063 1.000, 1.000, 1.000 0.182

TABLE VII. LocAL WEIGHT AND PAIR-WISE COMPARISON MATRIX OF “ADDITIVE MANUFACTURING”

Sub-factors Prototype Flexibility Optimization Reduction Weights
Prototype 1.000, 1.000, 1.000 0.867, 1.244, 1.640 0.812, 1.189, 1.585 1.000, 1.000, 1.000 0.260
Flexibility 0.776, 1.030, 1.390 1.000, 1.000, 1.000 0.828,1.211, 1.624 0.974, 1.390, 1.819 0.263
Optimization 0.787, 1.049, 1.427 0.743,1.014, 1.439 1.000, 1.000, 1.000 0.926, 1.341, 1.770 0.253
Reduction 0.787,1.081, 1.476 0.675, 0.900, 1.276 0.691, 0.933, 1.374 1.000, 1.000, 1.000 0.224
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TABLE VIII. LOCAL WEIGHT AND PAIR-WISE COMPARISON MATRIX OF “CYBER-PHYSICAL PRODUCTION SYSTEMS”
Detects L . T
Sub-factors Collaboration Production Decision-Making VISIb"Ity_énd Synchronization Intelligent Weights
Processes Traceability
System
Collaboration
Detects
Production 1.000, 1.000, 1.000 0.746, 1.010, 1.325 0.541, 0.734, 1.000 0.590, 0.783, 1.049 0.943, 1.333, 1.754 1.061, 1.498, 1.970 0.147
System 1.060, 1.423, 1.831 1.000, 1.000, 1.000 0.612, 0.819, 1.122 0.632,0.884, 1.236 1.112, 1.579, 2.053 1.063, 1.498, 1.955 0.174
Decision-Making | 1.226, 1.667, 2.140 1.106, 1.541, 1.998 1.000, 1.000, 1.000 0.970, 1.378, 1.835 1.138, 1.596, 2.134 1.024, 1.433, 1.890 0.214
Processes 1.216, 1.650, 2.108 0.976, 1.394, 1.900 0.638, 0.900, 1.301 1.000, 1.000, 1.000 1.220, 1.693, 2.183 1.116, 1.589, 2.079 0.209
Visibility and | 0.741,0.998, 1.352 0.572,0.752, 1.053 0.513, 0.720, 1.020 0.504, 0.671, 0.939 1.000, 1.000, 1.000 0.957, 1.463, 1.970 0.142
Traceability 0.579, 0.797, 1.118 0.621, 0.833, 1.150 0.621, 0.866, 1.199 0.524, 0.705, 1.008 0.524,0.711, 1.122 1.000, 1.000, 1.000 0.115
Synchronization
Intelligent
TABLE IX.  INNER DEPENDENCE WEIGHT OF THE FACTORS
Main Factors Internet of Things | Cloud Manufacturing | Big Data Analytics | Additive Manufacturing Cyber-Physical System
Internet of Things 1.000 0.444 0.493 0.402 0.396
Cloud Manufacturing 0.186 1.000 0.187 0.160 0.102
Big Data Analytics 0.461 0.365 1.000 0.353 0.362
Additive Manufacturing 0.201 0.104 0.192 1.000 0.139
Cyber-Physical System 0.152 0.087 0.129 0.085 1.000
TABLE X. TOTAL WEIGHT OF MAIN FACTORS AND SUB-FACTORS
Factors Intec\i?gﬁ?sdent Ranking Sub-factors Local weights Ranking Global weights Ranking
Monitoring 0.2718 2 0.0869 4
Internet of Things 0.3198 1 Tracking 0.3067 1 0.0981 3
(loT) ' Information 0.1647 4 0.0527 7
Automation 0.2569 3 0.0822 5
Security 0.097 5 0.0134 22
Cloud Resource as Service 0.226 2 0.0313 14
Manufacturing 0.1382 4 Orchestration 0.214 3 0.0296 15
(CMg) Resource management 0.275 1 0.0379 8
Utilization 0.188 4 0.0260 16
Predictive 0.1243 4 0.0368 10
Big Data Analytics 0.2963 2 Data Collection 0.3342 2 0.0990 2
(BDA) ' Data Driven 0.3600 1 0.1067 1
Accuracy 0.1815 3 0.0538 6
Additive Predictive 0.2597 2 0.0368 11
Manufacturin 01417 3 Data Collection 0.2633 1 0.0373 9
(AM) 9 : Data Driven 0.2526 3 0.0358 12
Accuracy 0.2243 4 0.0318 13
Collaboration 0.1466 4 0.0153 20
Cyber Physical Detects Production System ggig i 88;2; 13
Systems 0.1041 5 Visibility and Traceability 0.2088 2 0'0217 18
(CPS) Synchronization 0.1418 5 0.0148 21
Intelligent 0.1153 6 0.0120 23

The decision-makers performed pairwise comparisons for
main factors and sub-factors, which were then analyzed using
fuzzy ANP. According to the findings, the "Internet of
Things" was the most important factor, with an interdependent
weight of 31.98 percent. The second most important factor,
with a weight of 29.63 percent, was "Big Data Analytics",
while "Additive Manufacturing,” "Cloud Manufacturing," and
"Cyber-Physical Systems" had interdependent weights of
14.17, 13.82, and 10.41 percent, respectively. In terms of
important sub-factors, the results showed that "Data-Driven"
was the most important sub-factor that influenced decision-
makers, with a global weight of 10.67 percent. Next, "Data
Collection" was ranked second with a global weight of 9.90
percent, followed by "Tracking,” "Monitoring,” and
"Automation,” with global weights of 9.81, 8.69, and 8.22
percent, respectively. The bottom five sub-factors in terms of

importance were "Detects Production,"” "Collaboration,"
"Synchronization," "Security," and "Intelligent," with global
weights of 1.81, 153, 1.48, 1.34, and 1.20 percent,
respectively. Therefore, these sub-factors had less influence
on the decision-maker when selecting industry 4.0
technologies for their production management.

V. DiscussioN

According to the findings of this study, the Internet of
Things (10T) is the most important because it can be linked to
machines or equipment in the automated manufacturing
process, such as the Automated Guided Vehicle (AGV) for
loading raw materials into the production line. Robots and
packaging equipment must operate in line with production
flow to improve work efficiency, productivity, cost reduction,
and human error. Furthermore, IoT may also be used to build
interactions or data transmission amongst equipment to
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maintain production running smoothly and in line with
standards. Meanwhile, traceability and real-time data
exchange can help manufacturing be more efficiently
monitored and planned. Because the electronics industry
typically uses just-in-time manufacturing methods, raw
materials or parts must be arrived on time to meet production
plans in both quantity and quality. For this reason, the 10T is
used to connect production data with suppliers to control and
track the flow of production parts to ensure continuity by
predefined production plans against real-time targets. This
enables the manufacturer and its suppliers to have access to
the same data sources and use data to boost productivity while
also storing big data for analysis and intelligent decisions. In
terms of inventory management, the 10T can perform quick
counts and control the right amount of inventory levels to
ensure reliable raw material delivery.

Big data analytics is an important secondary factor in
managing big data both inside and outside the organization for
analytics to enhance decision-making, machine maintenance
predictions, data modeling for summary reporting, data
connecting across the manufacturing process, predictive
analytics, and data linking between suppliers and customers.
Overall, big data analytics can use the information gleaned
from data analysis to assist all relevant departments in
standardizing and systematically receiving the same
information, resulting in more efficient work. By creating
prototypes, additive manufacturing is now beginning to play
an important role in both product development and
manufacturing processes. New product prototypes are created
during the stages of concept, prototype development, testing,
and production for presenting customers with the product
appearance, making decisions, and understanding the product
details more easily. Furthermore, additive manufacturing
enables manufacturers to more easily and quickly adjust parts
to meet customer needs, reducing the time and cost spent on
modifying prototype parts and allowing for greater flexibility
in product development.

Cloud manufacturing is crucial for connecting accurate
and up-to-date data with suppliers and customers.
Additionally, cloud computing manages data collection and
services both inside and outside the organization by carrying
out manufacturing operations over the Internet that
responsible is for the supervision of the organization's IT
department. Moreover, Electronic Data Interchange (EDI) is
used for data exchange between suppliers and customers to
reduce errors and duplication of documents. Meanwhile, EDI

enables faster and more accurate data transfer, as well as
making papers easier to search and available only to
authorized users. It also makes use of real-time correlation and
efficient data exchange. The cyber-physical system is the least
important of the main factors in this study. Robots or
automated machines, for example, are pre-programmed for
control in a manufacturing process. Subsequently, data
obtained from machine or robot operations are not sent back
and forth between the physical and cyber worlds for automatic
control of machines or robots in the physical world. The
design and development of cyber-physical systems in the
electrical appliance business demands numerous aspects, as
well as the challenges of designing software that analyzes and
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operates entire systems. Therefore, organizations must invest
more effort and finances in developing the software.

In terms of sub-factors, the findings of this study have
indicated that data-driven is the most important sub-factor
because the electrical appliance industry has a diverse range of
models and clearly defined production lines. It is also a type of
just-in-time production (JIT) in which raw materials and spare
parts from various suppliers are processed into a large number
of production lines in a specific time frame. To ensure
continuity and accuracy, it is critical to be data-driven, which
means that production planning data must be aligned with
market demand. While production model sequencing must be
consistent with the availability of quality data, raw materials,
and spare parts. Moreover, data on the availability of
machines and equipment on the production line require
predictive maintenance to avoid malfunctions during
production. As stated above, data-driven can significantly
improve the manufacturer’s production efficiency. Another
important sub-factor in collecting data from various
production activities is data collection. Large amounts of
accurate data must be collected throughout the manufacturing
process to analyze it and make decisions quickly and precisely
on time. In terms of the significance of data collecting, if a
decision is delayed or made incorrectly, the production will
not be able to operate as planned. Meanwhile, production
costs will rise when manufacturing time is extended.
Furthermore, the following manufacturing plan will be
interrupted and delayed, resulting in the corporation failing to
deliver products on time to customers. Therefore, data
collection must be accurate and real-time to meet as several
customer requirements as possible.

Traceability is an important sub-factor for tracking the
flow of parts and raw materials from suppliers to the
production line. Traceability also allows the inspection of
parts with serial numbers, lot numbers, and manufacture dates
to be rapidly tracked back and standardized, which is very
useful in the case of a problem. To keep planning on track and
build trust with customers, it is necessary to track and monitor
each manufacturing process to assess the availability of all
spare parts and raw materials before production begins.
Monitoring requires reporting the production situation in real
time and comparing it to the target by connecting the data via
the internet network. Meanwhile, it displays the operational
status of machines and equipment in the production line, as
well as performance reports in the manufacturing process as
compared to the plan. Consequently, monitoring is an essential
component for having a real-time overview of the production
situation and managing production efficiently. Automation is
crucial for driving the production of electrical appliances to
reduce costs and increase manufacturing efficiency. Besides, it
can also help to automate the primary and secondary
production lines as well. However, the manufacturer must first
determine which production processes, such as production line
systems or packaging systems, require automation. Finally,
automation will aid in the faster and more consistent
improvement of production processes, providing customers
with confidence.

For less important sub-factors, this study has discovered
that the detects production system monitors a variety of
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parameters due to its connection with machines or equipment
and manufacturing processes. Fully automated systems
necessitate significant capital investments for ongoing
improvement, which compels careful consideration of
improvement priorities. For collaboration and
synchronization, they collaborate with the physical and cyber
worlds to integrate systems in production processes that are
time-consuming to improve. By synchronizing communication
with machines and equipment, it is necessary to prepare
various equipment to support the connection between the
cyber-physical system and the production process, making it
more convenient and efficient in monitoring and controlling
the production process. Furthermore, electrical appliance
production activities involve complex multiple steps in
production processes that require employee and machine
integration. The security of the operating system during the
manufacturing process must be stable and free of cyber
threats. Only on-premise operating systems or private clouds
will be used by electrical appliance manufacturers and
business partners for internal storage and services. Therefore,
operating system risks require data security countermeasures
against accidental data leakage and data theft. For another sub-
factor, intelligence is the least important as manufacturers
prioritize process automation and robotics to improve
manufacturing processes to be fast, low-cost, and data-driven
for precision and effective decision-making. As a result,
intelligent technology is a self-determining intelligent
technology that requires the preparation of a large data
structure to drive intelligent manufacturing, which requires the
implementation of a continuous development plan.

VI. CONCLUSION

The fourth industrial revolution is currently posing
challenges for many industries, particularly the consumer
electronics industry, and loT is one of the key tools for this
change because it can improve and connect machines and
equipment on the production line to automate and optimize
production efficiency while lowering costs. On the other hand,
companies that want to use Industry 4.0 technology, must
think carefully due to the high capital investment required. As
a result, this research investigates the factors influencing the
application of Industry 4.0 technology for electrical appliance
manufacturers so they can reap the full benefits of this
Industry 4.0 technology, such as increased revenue, profit,
productivity, and efficiency. as well as cost savings.

The internet of things, cloud manufacturing, big data
analytics, additive manufacturing, and cyber-physical systems
were identified as five factors influencing the appliance
industry's efforts to adopt Industry 4.0 technologies in this
study. The Internet of Things is the most important factor in
the application of Industry 4.0 technologies, followed by big
data analytics, additive manufacturing, cloud computing, and
cyber-physical systems in descending order of importance.
Data-driven, data collection, tracking, monitoring, and
automation are the top five sub-factors influencing appliance
manufacturers in implementing Industry  4.0technologies,
while  detecting  production  systems,  collaboration,
synchronization, security, and intelligence have less influence
on decision-makers in applying Industry 4.0technologies to
their appliance manufacturing. Based on the study's findings,
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electrical appliance manufacturers can use factors and sub-
factors to select the best industrial technology for improving
production management and company performance both
financially and profitably.

According to the study's findings, they have identified the
factor of the Internet of Things (loT) as the most important
because the 10T can be connected to machines and equipment
for production continuity. Furthermore, 10T can track and
present real-time data to improve the speed and efficiency of
manufacturing. Therefore, loT capabilities can connect
existing machines and devices to new equipment outfitted
with 10T systems to improve production and warehouse
management performance. It is also critical for big data
analytics to manage production resources using data from
operating systems. Furthermore, data from sensors, devices,
and machines is continuously collected and stored as big data
for analysis and process planning, as well as manufacturing to
achieve operational precision throughout the procurement of
production equipment. It is crucial for just-in-time production
planning, which demands high precision in terms of
production time and raw material supply cycle in order to
deliver products to consumers on time. Additive
manufacturing is an important part of new product
development because it can reduce the steps and costs
associated with prototyping for customers. This makes it
easier for customers to understand the product and allows
them to quickly modify the prototype to meet their needs,
providing flexibility in developing new products. Therefore, it
can minimize the cost of new product development and launch
products to market faster. Cloud computing is considered as
the operating systems used within the enterprise, supplier, and
customer networks to ensure the stability and security of real-
time connections and data relationships in cloud computing.
While cyber-physical systems connect the physical and cyber
worlds. Thus, manufacturers must consider numerous
dimensions when integrating the entire system, which
necessitates adequate personnel and budget planning for
continuous development.

In terms of the significance of sub-factors, data-driven is a
sub-factor that requires a lot of attention. Because the
electrical appliance industry produces a wide range of
products and employs just-in-time production systems,
manufacturers must manage a large amount of data related to
suppliers and customers continuously and in real-time. By
connecting to the Internet of Things system, machines and
devices will send important data for processing and analyzing
big data to monitor the availability of raw materials and spare
parts to ensure that manufacturers can produce as planned.
Data collection is considered for accurate analysis and
decision-making. Because the supply chain in the electronics
manufacturing industry is complex, each process generates
unique data that is linked both inside and outside the
organization, necessitating careful consideration of data
importance. Traceability requires tracking the flow of parts,
raw materials, and goods to build customer trust and provide
real-time production data linked to production processes,
resulting in more efficient production management. However,
automation is now very important in the production of
electrical appliance manufacturers to meet the needs of
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Industry 4.0, which requires developing automated machines
to work instead of more humans. Improved production lines
were required to automatically assemble parts for faster, more
accurate, and standardized operations.

In implications for management, this research benefits
electrical appliance manufacturers in terms of utilizing the
factors in this study to appropriately determine the application
of Industry 4.0 technology in their production. Because
manufacturers have limited budgets, it is necessary to
prioritize and select cost-effective and appropriate Industry 4.0
technologies used in production to increase the enterprise's
productivity and competitiveness. In terms of research
limitations, the sample size of this study is mostly medium to
large-sized companies, tier 1% parts manufacturers, and
electrical appliance manufacturers that have the potential to
apply Industry 4.0 technology at the moment, whereas the
sample size of SMEs is small, and they face obstacles in
applying Industry 4.0 technology due to limited funding.
However, small, and medium-sized enterprises (SMEs) are
numerous and play an important role in driving the country's
economy, both in terms of income generation and job creation.
Consequently, future research will concentrate on studying
problems and obstacles in the application of Industry 4.0
technology by SME businesses for the benefit of SME
production development, as well as improving SMES'
competitiveness to compete with other large companies in the
market.
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