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Abstract: Since Industry 4.0, there is a growing interest in smart manufacturing across all industries. However, there
are few studies on this topic in the garment industry despite the growing interest in implementing smart manufacturing.
This paper presents the feasibility and essential considerations for implementing smart manufacturing in the garment
industry. A systematic review analysis was conducted. Studies on garment manufacturing and smart manufacturing were
searched separately in the Scopus database. Key technologies for each manufacturing were derived by keyword analysis.
Studies on key technologies in each manufacturing were selected; in addition, bibliographic analysis and cluster analysis
were conducted to understand the progress of technological development in the garment industry. In garment man-
ufacturing, technology studies are rare as well as locally biased. In addition, there are technological gaps compared to
other manufacturing. However, smart manufacturing studies are still in their infancy and the direction of garment man-
ufacturing studies are toward smart manufacturing. More studies are needed to apply the key technologies of smart man-
ufacturing to garment manufacturing. In this case, the progress of technology development, the difference in the industrial
environment, and the level of implementation should be considered. Human components should be integrated into smart
manufacturing systems in a labor-intensive garment manufacturing process.
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1. Introduction

Smart Manufacturing, also referred to as Industry 4.0, tries to
achieve manufacturing flexibility, mass customization, better qual-
ity, and improved productivity through the integration of various
technologies (Zhong et al., 2017). Manufacturing industry could
overcome the impact of intense competition and the ongoing rise of
manufacturing cost by applying a fully integrated and collaborative
manufacturing system that responds in real-time to meet the con-
tinuously changing needs of the factory, supply chain, and cus-
tomer (Thompson, 2014).

Among the manufacturing industries, garment manufacturing
has the most labor-intensive characteristics. Garment manufactur-
ing processes are difficult to be automated because the product is
continuously changing following the fashion trend and the pro-
duction process varies by size and design. Consequently, many of
the automation technologies that have been successfully introduced

in most industries have failed to be successful in the garment man-
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ufacturing process. Meanwhile, the product life cycle of garment is
getting shorter as being a part of the trend named “fast fashion”.
Now the garment manufacturers are under the pressure of falling
behind the competition unless they fulfill the complex demand of
the fashion market.

But despite the growing interest in implementing smart manu-
facturing in the garment industry, there are few studies on this
topic. Therefore, in this study, a systematic review analysis was
conducted to explore the feasibility of implementing smart man-
ufacturing in the garment industry. First, previous studies on gar-
ment manufacturing and smart manufacturing were searched in the
Scopus database, and key technologies were derived from each
manufacturing. Next, studies on key technologies in each manu-
facturing were selected, and Bibliographic Analysis and Cluster
Analysis were conducted to find out the progress of technological
development in the garment industry. Finally, the feasibility and
essential considerations of smart manufacturing in the garment

industry were discussed.

2. Materials and methods

In this study, a systematic review analysis was conducted fol-
lowing the method of Denyer and Tranfield (2009). The systematic
review analysis specifies and analyzes literature review according

to a specially designed method, which provides a basis for eval-
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Question formulation
RQ: How can smart manufacturing be implemented in the garment manufacturing industry?
Searching and analyzing the current studies on the status of technologies in garment manufacturing
Searching and analyzing the current studies on key technologies in smart manufacturing
discussing the results of the two reviews to draw meaningful conclusions

e e

¥

Locating studies

+ DB: Scopus
+ Period: ~ 2019. 12. 31.

Searching the current studies

Garment Manufacturing
« Keywords: “clothing manufacturing” or
“garment manufacturing” or
“apparel manufacturing” or
“fashion manufacturing”
* Results: 417 studies

Smart Manufacturing
+ Keywords: “smart factory” or
“smart manufacturing”

* Results: 1,861 studies

¥

Keywords Analysis

Garment Manufacturing
« Results: Simulation, Fuzzy Logic, Genetic
Algorithm, RFID

Smart Manufacturing
+ Results: loT, CPS, Big Data, Cloud Computing,
Digital Twin, Machine Learning

¥

+ Adding each keyword
+ Selecting studies with case study

Study selection

Garment manufacturing

+ Results: 65 studies

Smart manufacturing
» Adding “case study” keyword
* Results: 79 studies

A 4

Analysis

Bibliographic Analysis

Quantitative Analysis

Cluster Analysis

Qualitative Analysis

Fig. 1. Overview of the systematic review analysis.

uating whether the research avoided cherry-picking in the selection
process of literature review and was carried out properly (Briner &
Denyer, 2012). The overview of the systematic review analysis

systematic review analysis is as shown in Fig. 1.

2.1. Question formulation

This study aimed to analyze previous studies for implementing
smart manufacturing in the garment industry. Especially, it was
reviewed in terms of key technologies. First, since there are few
studies on smart manufacturing in the garment industry, studies
were searched and analyzed to find out the status of technologies in
garment manufacturing. Next, Studies conducted on smart manu-
facturing in other manufacturing industries were searched and ana-
lyzed to find out key technologies in smart manufacturing. Finally,
the results of the two reviews were discussed by conducting anal-

yses to draw meaningful conclusions.

2.2. Locating studies
In this study, Scopus was chosen as the search database, which is
the largest database of abstracts and citations containing peer-

reviewed scientific journals, books, and seminars. Studies until

December 2019 were included in the database. Studies on garment
manufacturing and smart manufacturing has been searched respec-
tively using the keywords containing the meaning of garment man-
ufacturing and smart manufacturing. Key technologies in each
manufacturing were derived through keyword analysis of the

searched studies.

2.2.1. Garment manufacturing

The detailed search method is shown in Table 1. There are sev-
eral keywords that mean garment manufacturing. Keywords for the
search of studies on garment manufacturing were garment manu-
facturing, apparel manufacturing, clothes manufacturing, clothing
manufacturing, and fashion manufacturing. In this study, garment
manufacturing was used to cover all these keywords. Studies
involving these keywords in the title and author keywords were
searched in Scopus database. The written language was limited to
English. And studies with unknown authors and sources are
excluded. As a result, 417 studies were found.

Next, VOSviewer, a bibliographic analysis tool was used for
keyword analysis of these searched studies. Keyword analysis was

conducted through co-occurrence of author keywords in these stud-
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Table 1. Search methods for each manufacturing in database

Class Query string Results
TITLE(“garment manufacturing” OR “clothing manufacturing” OR “apparel manufacturing”
OR “fashion manufacturing”) OR KEY(“garment manufacturing” OR “clothing manufacturing” 513
OR “apparel manufacturing” OR “fashion manufacturing”)
Garment- AND (LIMIT-TO(LANGUAGE, “English™)) 457
manufacturing iy (EXCLUDE(PRENAMEAUID, “Undefined”)) 445
AND (EXCLUDE(EXACTSRCTITLE, “Undefined”)) 417
AND KEY(“rfid” OR “fuzzy logic” OR “genetic algorithms” OR “simulation”) 65
TITLE(“smart factory” OR “smart manufacturing”) OR KEY(“smart factory” OR “smart manufacturing”) 1,946
AND (LIMIT-TO(LANGUAGE, “English”)) 1,881
Smart AND (EXCLUDE(PRENAMEAUID, “Undefined”)) 1,861
manufacturing - AN KEY(“iot” OR “internet of things” OR “big data” OR “cyber-physical system” OR “cloud computing” 669
OR “digital twin” OR “machine learning”)
AND TITLE-ABS-KEY(“case study”) 79

ies. The relatedness of keywords is measured by analyzing how
many times the author keywords occur together. The more key-
words occur in studies, the more important they can be considered.
Therefore, the frequency of occurrence of keywords was adjusted
so that around fifteen keywords can remain. As a result, fourteen
keywords out of a total of 936 keyword occurred six or more times,
the relatedness of keywords is as shown in Fig. 2. The size of the
circle means relative occurrences, and the link means the related-
ness between keywords. Among fourteen keywords, keywords
directly related to technology were selected as key technologies.
Finally, simulation, fuzzy logic, genetic algorithms, and RFID were

selected as four key technologies in garment manufacturing.

2.2.2. Smart manufacturing
The same method was applied to select key technologies in

smart manufacturing. Keywords for the search of studies about

manufagturing

genetic algorithms

apparel manufacturing

smart manufacturing were smart manufacturing used in United
States and smart factory used in Europe. In this study, smart factory
and smart manufacturing were regarded as the same meaning and
used unified as smart manufacturing. Through the same procedure,
1,861 studies were found (Table 1) and keyword analysis was con-
ducted. Thirteen keywords out of a total of 3,930 keyword occurred
forty or more times, the relatedness of keywords is as shown in Fig. 3.
Finally, IoT (Internet of things), CPS (Cyber-Physical System), big
data, cloud computing, digital twin, and machine learning were

selected six key technologies in smart manufacturing.

2.3. Study selection

Each key technology was added to the search query to select
studies only related to key technologies from the searched studies
of each manufacturing (Table 1). As a result, 65 studies including
key technologies (simulation, fuzzy logic, genetic algorithms,

optimization fUZZWOgiC
il
‘ ) garment facturing
simulation meH garmengindustry
supply chain management
apparel garment PPl 3
prodggtivity

line balancing

Fig. 2. Keyword analysis of studies on garment manufacturing using co-occurrence.
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big@ata

manufacturing

machinalearning
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smart mWacturing
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Fig. 3. Keyword analysis of studies on smart manufacturing using co-occurrence.

RFID) were selected out of 417 studies searched for garment man-
ufacturing, and 669 studies including key technologies (IoT, CPS,
big data, cloud computing, digital twin, machine learning) were
selected out of 1,861 studies searched for smart manufacturing.
However, because these studies selected in smart manufacturing
included too much desk research, ‘case study’ was added to the
search query to explore how key technologies were actually used in
manufacturing. Finally, 79 studies were selected in smart manu-
facturing.

3. Analysis and results
Bibliographic analysis and cluster analysis were conducted only

30

with the selected studies on the key technologies of each manu-
facturing to find out the progress of technological development.
Bibliographic analysis was conducted by year and country for
quantitative analysis. Also cluster analysis was conducted by bib-

liographic coupling analysis for qualitative analysis.

3.1. Bibliographic analysis

3.1.1. Number of studies by year

Fig. 4 shows the number of studies by year on the key tech-
nologies of garment manufacturing and smart manufacturing. As
can be seen in Fig. 4, starting from the first paper published in
1990, one to seven studies have been continuously conducted every

year since 2000 on key technologies of garment manufacturing.

Garment Manufacturing

====Smart Manufacturing

Fig. 4. Studies by year on the key technologies of garment manufacturing and smart manufacturing.
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Meanwhile, the studies on the key technologies of smart manu-
facturing are rapidly increasing since 2014. The number of pub-

lications jumped from one in 2014 to 25 in 2019.

3.1.2. Studies by country

Table 2 shows the top seven sorted countries in the order based
on the number of studies of key technologies in each manufactur-
ing. In case the countries of co-authors were the same, it was
counted as one, otherwise it was counted separately. In the case of
garment manufacturing, 35.1% of the studies were conducted in
Hong Kong, especially 62.3% of the studies were conducted in
Greater China. In the case of smart manufacturing, 17.0% of the
studies were conducted in China, 14.0% of the studies were con-
ducted in South Korea, and 12.0% of the studies were conducted in
United States. In addition, 19.0% of the studies were conducted in
Europe, including Germany, the birthplace of Industry 4.0.

3.2. Cluster analysis

Cluster analysis was conducted by bibliographic coupling anal-

ysis. Bibliographic coupling analysis finds out how many refer-
ences are shared between studies, and classifies clusters based on
this. Through this cluster analysis, it is possible to understand the
relationship between studies and the progress of the studies. Bib-
liographic coupling analysis was conducted on studies with citation
of five or higher among the selected studies in each manufacturing.

In addition, unrelated studies were removed.

3.2.1. Garment manufacturing

Fig. 5 shows the results of Bibliographic Coupling Analysis con-
ducted with selected studies in garment manufacturing. Studies
with less than five citations or non-configurations in the network
were removed. Finally, 24 studies remained and clustered into three
groups. In Fig. 5, the size of each frame is proportional to the num-
ber of citations, and the distance between frames means how many
references are shared between studies. Unfortunately, the three
studies overlapped the other studies so much that they were not
shown in the fig. 5. Details on cluster classification are presented in
Tables 3, 4, and 5.

Table 2. Studies by country on the key technologies of each manufacturing

Garment manufacturing

Smart manufacturing

Ranking

Country No. % Country No. %
1 Hong Kong 27 35.1 China 17 17.0
2 China 14 18.2 South Korea 14 14.0
3 Taiwan 7 9.1 United States 12 12.0
4 United States 7 9.1 Italy 7 7.0
5 Turkey 4 52 Germany 6 6.0
6 Australia 3 39 United Kingdom 6 6.0
7 Slovenia 2 2.6 New Zealand 4 4.0
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Fig. 5. Results of bibliographic coupling analysis in garment manufacturing.
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Studies Bibliographic information Key technologies
. . . Fuzzy Genetic
Author Year Author keywords Citation Simulation . . RFID
logic  algorithms
Lee et al. 2012 Fuzzy logic; garment industry; Hong Kong; intelligent system; 5 o o
resources management; RFID
Lee et al. 2013 Fuzzy logic; Garment manufacturing; Resource allocation; 29 o o
RFID
Fuzzy association rule mining; Fuzzy logic; Garment industry;
L l. 2014 25
cecta a Quality assurance; RFID © O
Guo et al. 2014 Cloud com})uting; intelligent optimisation; order allocation; 19 o o
order tracking
Database management system; Fuzzy logic; Garment industry;
L l. 2014 1
cecta 014b Radio frequency identification; Resource allocation > O O
Cloud technology; Distributed monitoring and scheduling;
l. 201 101
Guo et a 015 Intelligent decision-making; Managerial implications 0 o O
Biological slippage; Fuzzy association rule mining; Garment
Lee et al 2016 industry; Genetic algorithm; Quality assurance 15 O O O
Flowshop scheduling; garment industry; manufacturing
Choi et al. 2018  systems; radio frequency identification (RFID) technology; 13 O
supply chain management
Table 4. Studies belonging to cluster 2 in garment manufacturing: planning and scheduling
Studies Bibliographic information Key technologies
F -
Author Year Author keywords Citation Simulation uz.zy Gen.etlc RFID
logic  algorithms
Loo et al. 2000  Application software; Artificial neural networks; Clothing;
Collaboration; Fuzzy logic; Information systems; Intelligent 5 o
agent; Management information systems; Manufacturing
industries; Programming
Hui et al. 2002  Apparel manufacturing; Balance control; Fuzzy logic; 17 o
Hybrid assembly line; Process management
Kursun and 2009  Apparel; Modelling; Production line balancing; Simulation 9 o
Kalaoglu
Montoya-Torres and 2011 Apparel industry; Genetic algorithm; Makespan; Scheduling; 5 o
Vargas-Nieto Tardy jobs
Chen et al. 2012 Assembly line balancing problem; Garment industry; % o
Grouping genetic algorithm; Labor skill level
Zeng et al. 2012 Apparel manufacturing; Balance control; Operator allocation
problem (OAP); Optimization; Pareto utility discrete differential 19 O O
evolution (PUDDE); Utility function
Mok et al. 2013 Apparel production; Genetic algorithms; Group technology; 9 o
Intelligent ERP; Production planning
M'Hallah and 2016  Apparel manufacturing; Cut order planning; Cut scheduling;
Bouziri Fashion industry; Genetic algorithms; Genetic annealing; 5 o o

Irregular packing and cutting; Make to order; Simulated
annealing; Two-dimensional layout

Table 3 shows the details of eight studies belonging to cluster 1.
Studies belonging to cluster 1 applied RFID technology to solve
problems such as production scheduling and quality assurance in

garment manufacturing. In addition, two researcher teams con-

ducted five studies continuously.

ducted two or more studies, especially, Lee’s research team con-

Studies conducted by Lee’s research team can be regarded as
two linked study. Lee et al. (2013) presented an RFID-based
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resource allocation system which integrated RFID technology and
fuzzy logic to achieve better resource allocation in the garment
manufacturing process. The viability of the proposed framework of
the RFID-based resource allocation system was evaluated through
a case study of Hong Kong based garment manufacturing com-
pany. Lee et al. (2013) and Lee et al. (2014b) conducted studies on
the same subject on the RFID-based resource allocation system.
The only difference between the two studies is that Lee et al. (2013)
focused more on fuzzy logic, and Lee et al. (2014b) focused more
on data management. Lee et al. (2014a) presented an RFID-based
recursive process mining system using a fuzzy association rule to
find the relationships between production process parameters and
product quality. Fixed preproduction data, real-time production
data, and quality data were collected using RFID technology and
used in the mining algorithm. It was found that the production effi-
ciency was improved, and the quality of the product was also
improved by reducing the number of defects. Lee et al. (2016)
came out of Lee et al. (2014a), and genetic algorithms have been
applied to the same RFID-based recursive process mining system
for improved quality assurance. In summary, Lee’s research team
developed systems using fuzzy logic and genetic algorithms based
on RFID technology to solve resource allocation and quality assur-
ance problems in garment manufacturing.

The two studies conducted by Guo’s research team are also on
the same system. Guo’s research team proposed an RFID based
decision support system to handle production monitoring and gen-
erate effective production scheduling. RFID technology was
applied to monitor the production record of workpiece and the per-
formance of operator on each key workstation. A cloud-based pilot
system enabled the head office to monitor the production progress
of each factory and assign orders.

Table 4 shows the details of eight studies belonging to cluster 2.
Cluster 2 consists of studies on planning and scheduling in garment
manufacturing. Especially, there are many studies on balancing
control of the assembly line. The balancing control of the assembly
line is the most important issue for production control in garment
manufacturing, and Cluster 2 is a group of studies to solve it. As a
solution, the optimization of operator allocation has been attempted
in several studies. It is because the degree of automation in garment
manufacturing is very low, especially assembly lines still need a lot
of operators. Therefore, it is inevitable to come up with a solution
considering the operator.

Several studies attempted to optimize operator allocation to
solve the balancing control of the assembly line. Hui et al. (2002)
developed a fuzzy-operator-allocation system with fuzzy logic for
operator allocation. To evaluate the performance of the system, that

of the supervisors were compared in a men's shirt factory. The sys-

tem increased production efficiency by 30% over supervisors. Kur-
sun and Kalaoglu (2009) applied simulation for the balancing
control of the assembly line. Process and time were analyzed to
simulate a single assembly line of sweatshirts. Based on this anal-
ysis, bottlenecks were determined. Three scenarios have been pro-
posed for adding operators of bottlenecks. As a result of the study,
daily production increased and average staying time per process
decreased. Zeng et al. (2012) proposed an operator allocation opti-
mization model based on the Pareto Ultility Discrete Differential
Evolution algorithm to solve the assembly line balancing problem.
The study was conducted reflecting the labor-intensive character-
istics of garment manufacturing such as operator skill levels, job
sharing, and operator revisiting. Chen et al. (2012) developed a
grouping genetic algorithm to solve the assembly line balancing
problem. This study also considered operator skill levels. It was
shown that the more workers at the workstation and the more
workers with multiple skills in the line are allocated, the higher the
production and the shorter the production cycle.

Table 5 shows the details of eight studies belonging to cluster 3.
Genetic algorithms were used in all studies in cluster 3. Unusually,
cluster 3 consists of studies conducted by Wong’s research team,
except for one study. Since Kwong et al. (2006) also includes
Wong, it should be treated as the same research team. In fact, clus-
ter 3 is a group of studies in which one research team applied
genetic algorithms to solve various problems in garment manu-
facturing.

The studies conducted by Wong’s research team are as follows.
There are continuous studies to optimize fabric spreading and cut-
ting sequencing. Wong et al. (2000) applied genetic algorithms to
solve the problem of fabric spreading and cutting sequencing in
garments manufacturing equipped with the computerized cutting
system. Wong (2003a) also applied genetic algorithms to solve the
same problem. The only difference between the two studies was
the model. Kwong et al. (2006) also applied genetic algorithms
combined with fuzzy logic to determine the fabric cutting schedule.
On the other hand, there are studies on planning and scheduling.
Wong et al. (2005b) presented the architecture of a real-time seg-
mentation rescheduling using genetic algorithms to handle the
many uncertain and dynamic events that influence the original pro-
duction planning in garment manufacturing. This study was also an
optimization problem with bundling added to fabric spreading and
cutting sequencing. Wong et al. (2001) presented a two-tier hier-
archy model with genetic algorithms to generate the master pro-
duction schedule and implement the detailed production schedule
in garment manufacturing. Wong et al. (2005a) proposed the gar-
ment manufacturing line balancing technique using genetic algo-

rithms to minimize the overall makespan. As a result, it was shown
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Studies Bibliographic information Key technologies
o . . Fuzzy Genetic
Author Year Author keywords Citation ~Simulation . . RFID
logic  algorithms
Wong et al. 2000 - 29 O
Wong et al. 2001 Apparel manufacturing; Genetic algorithms; Scheduling 12 O O
Wong 2003b  Apparel manufacture; Genetic algorithm; Optimisation 10 O O
Apparel manufacturing; Computerised ~fabric-cutting
2
Wong 003a system; Genetic algorithms; Queuing theory 6 O O
Wong et al. 2005a  Fabric-cutting; Genetic algorithms; Production scheduling 15 O O
Wong et al. 2005b  Apparel manufacture; Genetic algorithms; Rescheduling 14 O O
Kwong et al. 2006 Fabric cutting; Fuzzy set theory; Genetic algorithms; 1 o o o
Parallel machine scheduling
Lin 2009 Garment industry; Process planning; Programming and 18 o

algorithm theory; Textile machinery and accessories

that the assembly makespan calculated from the genetic optimi-

zation procedure was less than the theoretically calculated value.

3.2.2. Smart manufacturing

Bibliographic Coupling Analysis for smart manufacturing was
conducted in the same method as garment manufacturing. In addi-
tion, the included review study was removed. Finally, 29 studies
remained and clustered into four groups (Fig. 6). Also, the five
studies overlapped the other studies so much that they were not
shown in the Fig. 6. Details on cluster classification are presented
in Tables 6, 7, 8 and 9.

Table 6 shows the details of eight studies belonging to cluster 1.
Cluster 1 mainly consists of studies applied IoT in smart manu-

facturing. [oT technology has been used to collect data in real-time

(pinvuboc 2016 )

((moyne . (2017) “Tw e

\JeeLy-(070 )

Cluster 2
(Bottom Middle)

- Cluster 1
(Top Middle)
J Cluster 3
(Right)

Cluster 4
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Fig. 6. Results of bibliographic coupling analysis in smart manufacturing.
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through sensors, RFID, and so on. By analyzing the data collected,
it is possible not only to monitor and control manufacturing status
in real time, but also to constantly modify the plan.

There are various studies related to IoT technology. Zhang et al.
(2016) presented an architecture that provides real time production
performance and exception diagnosis in advance through data col-
lected from IoT technology in manufacturing shop floor. Kang et
al. (2016) argued that traceability data management is the key to
smart manufacturing and designed a performance prediction model
for stable operation of traceability systems in the supply chain. Lin
etal. (2017) proposed a system to increase and maintain production
yield in the semiconductor manufacturing process. A part of the
proposed system was implemented and tested by installing 13 sen-

sors in the etching equipment and analyzing the data collected
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Table 6. Studies belonging to cluster 1 in smart manufacturing: IoT

Studies Bibliographic information Key technologies
Author Year Author Keywords Citation IoT CPS Big data Clousi D1g¥tal Mach‘me
computing twin  learning

Zhang et al. 2016 Decision tree; internet of things(loT); manufacturing 57 o
system; performance analysis and exception diagnosis

Kang et al. 2016 [oT; NoSQL; Performance; Smart factory; Traceability 10

Lin et al. 2017 Advanced manufacturing cloud of things; semi-
conductor bumping process; smart manufacturing

. . 28

platform; yield enhancement and assurance; zero O O O O
defects

Choi et al. 2017 Digital twin; factory design; improvement; Industry 7 o o
4.0; smart manufacturing system; Thingworx

Lin et al. 2018  Advanced planning and scheduling; Internet of Things " o o
(IoT); real-time scheduling; Synchronisation

Brad et al. 2018 Changeability; factory of the future; Industry 4.0;
Internet of Things; lifecycle costing; reconfigurability; 7 o
robotic manufacturing cell; smart factory; smart manu-
facturing; smart technology; total cost of ownership

Menezes et al. 2018 Cloud; Internet of Things; Manufacturing Execution 5 o o
System; Real-time
Zhong 2018 Big Data; KMean; Python; Radio Frequency 5 o o

Identification (RFID)

through the sensors. Lin et al. (2018) presented an IoT-enabled real
time synchronization for an automobile standard part factory. The
synchronization mechanisms used rule-based heuristics and real
time production data, and an advanced planning and scheduling
system framework was developed for the automation of the syn-
chronization mechanisms. Zhong (2018) analyzed the datasets
obtained from RFID-based factory. The analysis evaluated the
quality of batches, workers, processes, and machines.

Table 7 shows the details of eight studies belonging to cluster 2.
Cluster 2 mainly consists of studies on how to design smart man-
ufacturing. Because studies on smart manufacturing have been
conducted since 2014 (Fig. 4), the design of smart manufacturing is
still one of the main study topics. Several of these studies in smart
manufacturing were conducted with operators in mind, that is, from
an anthropocentric perspective.

There are studies suggesting an architecture or framework on
how to design and construct to implement smart manufacturing.
Savazzi et al. (2014) proposed industry-standard methods and tools
to support coverage prediction and deployment optimization of
wireless cloud networks for IoT, considering highly dense building
blockage and interference-limited radio access. Shellshear et al.
(2015) provided a simulation tool for digital factory that avoids
expensive physical verification and does not interfere with existing
production. To prove the effectiveness of this tool, a simulation was

performed on the rust protection process at the Volvo car factory to

determine whether a collision problem occurred in that process.
Nifio et al. (2016) presented architectural requirements for captur-
ing, integrating, and analyzing big data generated by manufactur-
ing companies operating the same process in factories distributed
around the world. Zheng and Ming (2017) proposed a general
architecture for the construction of smart manufacturing work-
shops. Especially, a capability maturity model for evaluating the
level of smart manufacturing of individual companies was pro-
posed and applied to automotive companies.

Some of the study on the design of smart manufacturing still
focused on humans. Pirvu et al. (2016) argued that since CPS was
designed to work in social space, it would increasingly cover social
aspects when used in smart factory implementation. Previous work
defined an anthropocentric cyber-physical system that integrates
the physical component, the computational component, and the
human component (Zamfirescu et al., 2013). The anthropocentric
cyber-physical reference architecture for smart factories was pro-
posed, and it was argued that to implement this, technological
advances in service-oriented architectures, semantic Web, and
human-machine interaction are required. Peruzzini and Pellicciari
(2017) proposed a design method of human-centered adaptive
manufacturing system that can be adapted to human-machine inter-
action and operators’ needs.

Table 8 shows the details of seven studies belonging to cluster 3.

Cluster 3 mainly consists of studies on CPS or digital twin in smart
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Studies Bibliographic information Key technologies
1 Digital Machi
Author Year Author keywords Citation IoT CPS Big data ¢ Ou(.i lg!ta ac ‘me
computing twin  learning
Savazzi et al. 2014 Factory-of-Things (FoT); industrial wireless communi-
cation; Internet-of-Things (IoT); machine-type connectivity; 4 o o
network deployment optimization; smart-factory; wireless
channel modeling
Shellshear et 2015 Computer graphics; factory modeling; Industrie 4.0; laser 31 o
al. scanning; simulation tools; visual computing
Nifio et al. 2015 Big Data Analytics; CRISP-DM; Industrial Internet; 3 o
servitization; smart manufacturing
Pirvu et al. 2016 Cyber-physical systems; Human-machine interaction; 4l o
Smart factory
Nifio et al. 2016 Big Data Analytics; Cloud Computing; Decision-
Guidance Systems; Industry 4.0; Predictive Analytics; 7 O O
Prescriptive Control; Smart Manufacturing
Peruzzini and 2017  Adaptive manufacturing systems; Aging workers; Cyber-
Pellicciari physical systems; Human factors; Smart manufacturing 30 O
systems; Usability
Chiang and 2017 Cyber-physical system (CPS); industry 4.0; Internet of 5 o
Lee makers (IoM); oM 4.0; Smart manufacturing (SM)
Zheng and 2017 Automotive industry; body in white; Cyber-physical
Ming system; maturity model; smart manufacturing systems; 5 O
smart manufacturing workshop
Table 8. Studies belonging to cluster 3 in smart manufacturing: CPS or digital twin
Studies Bibliographic information Key technologies
1 Digital Machi
Author Year Author Keywords Citation  IoT CPS Big data ¢ OU(.j 1gfta ac .me
computing twin learning
Lu and Xu 2018 Cyber-physical production system; Digital twin; Ontology; 2% o o
Resource virtualization; Semantic web; Smart factory
De Felice etal. 2018 Cyber-physical system; Industry 4.0; Logistic manage- 9 o
ment; Process digitization; Reengineering
Guo et al. 2019 Digital twin; Modular approach; Simulation; Smart factory 17 o
design
Lu et al. 2019 Cloud manufacturing; Cyber-physical system; Energy-
efficient manufacturing; Industry 4.0; Production 10 @) O
network; Smart manufacturing
Xu et al. 2019 Deep transfer learning; Digital twin; fault diagnosis; 7 o o
smart manufacturing
Tao et al. 2019 Data transmission; Fibre channel switch; FPGA; Smart 6 o
manufacturing
Yoon et al. 2019 Information Service Bus; Manufacturing Information
Pipeline; Smart Factory Implementation; Smart Factory 5 O

Service

manufacturing. CPS is a concept about the interaction of the phys-
ical and the cyber, and a system in which physical operations are
monitored, controlled, and integrated by cyber computing (Mono-
stori, 2018). Digital twin for smart manufacturing is the virtual

counterparts of the physical devices, which enable real-time opti-

mizations, decision making, and predictive maintenance through
real-time synchronization from sensor data as well as assessment at
the design stage (Negri et al., 2017). After all, CPS and digital twin
have differences in terms of emphasis, but they are concepts of the

same purpose.
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Table 9. Studies belonging to cluster 4 in smart manufacturing: big data

Studies Bibliographic information Key technologies
Author Year Author keywords Citation IoT CPS Big data Clousi D1g¥ta1 Mach.me
computing twin  learning
Saldivar et al. 2016a Big data analytics; Industry 4.0; Self-organizing map; 5 o

Smart design; Smart manufacturing

Big data analytics; cluster k-means; design and manu-

Saldivar et al. 2016b facture; genetic algorithm; Industry 4.0; smart design; 5 O
Smart manufacturing
Anomaly detection; Big data; Predictive analytics;
Moyne and . . . .
Iskandar 2017  Predictive maintenance; Process control; Semiconductor 40 O
manufacturing; Smart manufacturing
Big data analytics platform; Defective casting; Die casting
Lee et al. 2017  process; Small and medium-sized manufacturing 12 O
enterprises; Smart factory
DEmilia e al. 2018 1g dz?ta, condition momtormg,. data processing; data g o
validation; measurement uncertainty
Cyber-physical systems; Industry 4.0; Interactive electronic
Tarallo et al. 2018  technical manuals; Production monitoring; Smart manu- 5 O

facturing

There are studies suggesting a framework for the implementa-
tion of digital twin or CPS. Lu and Xu (2018) proposed a test-
driven resource virtualization framework for the industry to create
digital twin to achieve the fast production of individualized prod-
ucts. Also, Lu et al. (2019) proposed an open system architecture
that enables the distribution and manufacturing of assets in the
most energy-efficient way on inter-connected factory network. De
Felice et al. (2018) proposed a method of digitizing a logistic pro-
cess to optimize warehouse management for railway company.
Guo et al. (2019) presented a modular-based digital twin model for
factory design. The modular approach was applied to reduce the
workload and time. Yoon et al. (2019) proposed a reference archi-
tecture of the smart factory information service bus, a middleware
for transmitting manufacturing information and services at various
levels of machines, factories, and enterprises in a smart factory
environment. This service bus is an implementation of CPS.

Table 9 shows the details of six studies belonging to cluster 4.
Cluster 4 mainly consists of studies on big data in smart manu-
facturing. Analyzing big data collected in the manufacturing envi-
ronment and processing it into meaningful results is a major study
area of smart manufacturing.

There are studies that provide an architecture of smart manu-
facturing using big data analytics. Saldivar et al. (2016a, b) devel-
oped an analytic framework for the prediction of customer needs to
achieve mass customization. In the presented framework, the user
inputs and requirements were processed to extract the key design
characteristics by identifying patterns from big data. Moyne and

Iskandar (2017) provided a roadmap for implementing smart man-

ufacturing in the semiconductor manufacturing industry by profil-
ing a variety of big data analytical methods. In this process, it was
argued that analytical solutions could not be managed by data alone
due to the characteristics of the semiconductor manufacturing
industry. Lee et al. (2017) proposed an architecture and system
modules for big data analysis platform to implement smart factory

in small and medium-sized enterprises.

4. Discussion

4.1. Level of study on technology in garment manufacturing

Studies on garment manufacturing and smart manufacturing
were searched in the Scopus database, and key technologies were
extracted from garment manufacturing and smart manufacturing
respectively through keyword analysis of the searched studies.
Studies involving extracted key technologies were searched again
in each manufacturing. Finally, the studies on the key technologies
of each manufacturing was analyzed. As a result of listing studies
on key technologies in garment manufacturing by year, the number
of studies is too small, although the studies have been conducted
steadily (Fig. 4). Also, unlike studies on key technologies in smart
manufacturing that were conducted evenly in Asia, the United
States, and Europe, many studies on key technologies in garment
manufacturing were conducted especially in Greater China (Table
2). As a result of clustering and analyzing studies on technologies
in garment manufacturing based on the similarity of the reference,
a small number of teams conducted very similar studies or con-

ducted studies to solve various problems with limited technologies
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Fig. 7. Comparison of the years in which study on each key technology was first conducted in manufacturing and garment manufacturing respectively
(in Scopus database); (a) key technologies in garment manufacturing, (b) key technologies in smart manufacturing.

(Table 3, 5). In conclusion, although studies on technologies in gar-
ment manufacturing have been conducted continuously, but the
number of studies is very small and only a few research teams have
studied it.

Fig. 7 compares the years in which study on each key technology
was first conducted in manufacturing and garment manufacturing,
respectively. The first study of each technology was searched in the
Scopus database. This comparison gives a rough approximation of
technological gaps between garment manufacturing and other man-
ufacturing. In manufacturing, simulation, genetic algorithms, fuzzy
logic, RFID were first searched in 1968, 1989, 1984 and 1998,
respectively. In garment manufacturing, simulation, genetic algo-
rithms, fuzzy logic, and RFID were first searched in 1990, 2000,
2000, and 2009 respectively (Fig. 7(a)). Depending on the tech-
nologies, the garment industry is 11 to 22 years behind other man-
ufacturing industries. Also, in manufacturing, [oT, machine
learning, digital twin, cloud computing, CPS, and big data were
first searched in 2010, 1989, 2015, 2008, 2010, and 2009, respec-
tively. In garment manufacturing, loT, machine learning, and cloud
computing were first searched in 2019, 2019, and 2014, respec-
tively, but the rest were not (Fig. 7(b)). In other words, there are
technological gaps between garment manufacturing and other man-
ufacturing and studies on technologies such as digital twin, CPS

and big data in garment manufacturing have not even been started.

4.2. Level of study on technology in smart manufacturing

Studies on smart manufacturing are still in its infancy. There are

Table 10. The results of cluster analysis for each manufacturing

many studies on key technologies in smart manufacturing, but most
of them are desk research, and a few studies include case study
(Table 1). As a result of listing studies on key technologies in smart
manufacturing by year, it can be confirmed that it started in 2014
(Fig. 4). Also, studies on key technologies in smart manufacturing
clustered into four group through bibliographic coupling analysis.
The studies belonging to cluster 2 were about the design of smart
manufacturing. Even the studies belonging to the rest of the cluster
mainly suggest the overall architecture of smart manufacturing, and
only a fraction of the proposed architecture was actually imple-
mented. In other words, most of the proposed architecture was not
implemented in manufacturing industry. Therefore, many studies

on smart manufacturing are still needed.

4.3. Comparison of garment manufacturing and smart
manufacturing

Table 10 shows the results of cluster analysis for each manu-
facturing. Cluster 1 in garment manufacturing is a group of studies
using RFID, and cluster 1 in smart manufacturing is a group of
studies using IoT. RFID is one of the representative technologies
used to construct IoT. In smart manufacturing, IoT is intended to
acquire a large amount of data from components such as operators,
machines, and products. RFID is mainly used for tracking prod-
ucts. Cluster 1 of each manufacturing is a group of studies col-
lecting data in manufacturing. Cluster 2 in garment manufacturing
is a group of studies on planning and scheduling. Especially, most

studies are on control of assembly lines for optimizing production.

Cluster 1 Cluster 2 Cluster 3 Cluster 4
Garment manufacturing RFID Planning and scheduling Genetic algorithms -
Smart manufacturing IoT Design of smart manufacturing CPS or digital twin Big data
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Cluster 3 in smart manufacturing is a group of studies on CPS or
digital twin. The purpose of CPS or digital twin is to monitor, con-
trol, and integrate manufacturing in real time by analyzing big data
obtained through IoT, thereby real time optimization, predictive
maintenance, and dynamic decision making. On a larger scale,
cluster 2 in garment manufacturing and cluster 3 in smart manu-
facturing are studies for production optimization. Cluster 3 in gar-
ment manufacturing is a group of studies using genetic algorithms.
Genetic algorithms are one of the useful solutions to the optimi-
zation problem and are still used in many fields. Cluster 4 in smart
manufacturing is a group of studies using big data. Analyzing big
data is also aimed at solving various problems in manufacturing. In
other words, studies on technologies in the garment industry are a
few and are technically behind other manufacturing industries, but
the direction of studies is toward smart manufacturing. Therefore,
more studies are needed to apply the key technologies of smart
manufacturing to garment manufacturing. Especially, there is a
need for studies on digital twin, CPS, and big data, which are the
key technologies of smart manufacturing that have not yet started.

However, there are essential considerations in applying key tech-
nologies of smart manufacturing to the garment industry. The level
of implementation and the priority of smart manufacturing first
should be considered. For example, the main studies on cluster 2 in
garment manufacturing are about balancing assembly lines in plan-
ning and scheduling. Therefore, instead of applying smart manu-
facturing directly to all processes in garment manufacturing, it can
be implemented with the priority of solving the line balancing
problem on the assembly lines in garment manufacturing. Also,
just as each industry has different architectures in implementing
smart manufacturing, it should be considered the progress of tech-
nological development and the difference in the industrial envi-
ronment.

Especially, labor-intensive industries such as garment manufac-
turing require operators to be integrated into the smart manufac-
turing systems as human components. In smart manufacturing,
some of the studies on the design of smart manufacturing belong-
ing to cluster 2 were conducted mainly on human-machine inter-
action and operators. A study of the anthropocentric perspective of
production in Industry 4.0 also concluded that the role of humans is
not disappearing but changing (Rauch et al., 2019). No matter how
advanced the level of factory automation is, the monitoring, con-
trolling, and decision-making cannot be performed by a machine.
On the other hand, there are studies that considered operators in
garment manufacturing. However, unlike the dynamic acquisition
of the operator's skill level by analyzing the data collected in smart
manufacturing, the results were static and disposable in garment

manufacturing because the skill level of operators was manually

entered. Therefore, operators in the garment industry should be
considered as one of the major components, and a method of

dynamically collecting and analyzing their data should be studied.

5. Conclusion

In this paper, a systematic review analysis was conducted on
technical aspects to find the way to smart manufacturing in the gar-
ment industry. First, previous studies on garment manufacturing
and smart manufacturing were searched in the Scopus database.
And key technologies of garment manufacturing and smart man-
ufacturing were derived by keyword analysis of searched studies.
Studies were selected that actually performed these key technol-
ogies in each manufacturing. Bibliographic analysis and cluster
analysis were conducted with these selected studies. Finally, the
feasibility of implementing smart manufacturing and essential con-
siderations for implementing smart manufacturing in the garment
industry were proposed by discussing the findings of these anal-
yses.

Simulation, fuzzy logic, genetic algorithms, and RFID technol-
ogies were derived as key technologies in garment manufacturing.
IoT, CPS, big data, cloud computing, digital twin, and machine
learning technologies also were derived as key technologies in
smart manufacturing. Bibliographic analysis of the studies of the
key technologies selected in each manufacturing revealed that stud-
ies on technologies in garment manufacturing are not only rare but
also locally biased. Since 2000, the number of studies on key tech-
nologies in garment manufacturing is around three per year. And
35.1% of the studies were conducted in Hong Kong, especially
62.3% of those studies were conducted in Greater China. Also, it
was confirmed through cluster analysis that studies on key tech-
nologies in garment manufacturing were conducted by limited
research teams.

In addition, there are technological gaps compared to other man-
ufacturing. Depending on the technologies, the garment industry is
11 to 22 years behind other manufacturing industries. And there are
still no studies on CPS, big data, digital twin, which are key tech-
nologies for smart manufacturing. However, studies on smart man-
ufacturing are still in its infancy, and the direction of studies in
garment manufacturing is toward smart manufacturing. Therefore,
more studies are needed to apply the key technologies of smart
manufacturing to garment manufacturing. In this case, the progress
of technology development, the difference in the industrial envi-
ronment, and the level of implementation should be considered.
Above all, human components should be integrated into smart
manufacturing system in labor-intensive garment manufacturing

process.
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