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Abstract: Smart manufacturing is mainly dealing with the collection of real time data using
sensors and the data utilization to improve a system. In this study, important characteristics
of smart manufacturing, which must be considered in shipbuilding are presented.
Shipbuilding process itself consists of various complex operations, starting from the ship
design until the delivery to customers. However, this paper only focuses on the production
and control activities for the shipbuilding product. Some required smart technologies, such
as augmented reality, big data, and smart sensors, are listed. Various optimization problems
in shipbuilding process that utilizes the collected data are defined. In addition, strategies
related with smart manufacturing concept, which are required to solve problems are
addressed. Relations between the optimization problems and strategies are described, and
expected increase in the company’s productivity after the implementation of the smart
manufacturing concept is discussed. In addition, suggestions for future researches are
proposed.

1. Introduction
Smart manufacturing is the fourth revolution in the manufacturing industry that supports effective

and accurate real time decision-making by utilizing various ICT technologies [1]. Smart
manufacturing concept is a basic concept of some programs, such as Industry 4.0 in Germany, NIST
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or Smart Manufacturing Leadership Coalition (SMLC) in U.S., research plans proposed by Ministry
of Trade, Industry, and Energy (MOTIE) or Ministry of Science, ICT, and Future Planning (MSIP)
in Korea, and Made in China 2025. The rising number of participating parties in the programs, such
as 25 companies, 7 universities, and 1 government research institute in SMLC, shows that the smart
manufacturing is a highly valued concept. The smart concept itself is being studied in various fields,
such as logistics [2], product development, hospital services, and city management [3].
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Figure 1: Main activities in the shipbuilding industry [4].

In smart manufacturing, it is expected to satisfy the agile and dynamic requirements during the
production process [3]. The requirements may arise from the customer demand and some sudden
changes in the production floor. Dealing with these requirements becomes possible due to the
development of Internet of Things (loT) technologies. The implementation of loT improves
customer satisfaction, supports smooth flow of materials, and increases the production output.

Smart manufacturing concept has been implemented in shipbuilding industry. The sequence of
activities in the shipbuilding industry is mainly started from the design process, material
purchasing, production, and ended with after-sales services, as presented in Figure 1. In this study,
implementations of smart manufacturing technologies within several activities in previous
researches are listed. In addition, further analysis of appropriate optimization approaches and
possible research topics in the production process are discussed.

The paper is written as follows: in the next section, main characteristics of smart manufacturing
and possible implementations of smart manufacturing concepts in the shipbuilding industry are
listed. Section 3 discusses about optimization issues in shipbuilding industry and required strategies
to solve the problems. Finally, Section 4 concludes this study.
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2. Smart Manufacturing in Shipbuilding Industry

Smart manufacturing focuses on improving following major manufacturing factors, such as
productivity, quality, delivery, and flexibility [1]. It may be seen that smart manufacturing aims to
improve the current system performance and deal with occurred rapid changes that affect the
system. Improving the current system may be possible after gathering data related with settings
used in the production floor, such as machine speed, generated schedule, and its resulted
performance.

Rapid changes that occur in the industry may be fast customer demand changes or sudden
unexpected disturbances in the shop floor. As the 10T and smart manufacturing concept develop,
customers’ expectations of product quality and their preferred product customization can affect
production decision more than the manufacturers and retailers behaviours [3]. The unexpected
situations which may occur in the production system are machine breakdowns, deviations in
processing times, arrival of new products, and changed priority of tasks. Some reasons above are
unavoidable, e.g. machine breakdowns, while the others can be prevented by designing appropriate
look-ahead planning process, preventive maintenance scheduling, and other strategies.

Main technologies used in smart manufacturing are Cyber Physical System (CPS), Internet of
Things (1oT), cloud computing, big data, 3D printing, sensors, and Radio Frequency Identification
(RFID). Some detailed explanations are provided in [1,3]. The development and implementations of
these technologies are related with each other, e.g. CPS is based on heterogeneous data and
knowledge integration [3], while the data are collected using sensors and stored using big data and
cloud computing techniques.

Big data researches study about collection, storage, analysis, and usage of data [5]. Three main
dimensions of big data are volume, variety (formats), and velocity (time interval between data
generation). Efficient analytical methods are required to process the data in order to solve real-time
problems in smart manufacturing concept. Ref. [3] stated that big data is one of key technologies of
smart manufacturing because big data supported information sharing to connect networks of human
and robots in CPS. Big data has been used by Raytheon Corp to enable smart factory with a high
capacity of managing information from various sources, such as sensors, equipment, Internet
transactions, simulations, and digital records of the company [6]. More detailed information about
big data concept and implementations are provided in [7-8].

Smart manufacturing concepts in shipbuilding industries are discussed in [9-11]. Ref. [9] stated
that virtual reality (VR) system was utilized to help shipbuilding designers evaluating ship designs
using a 3D view. The proposed system enabled the designers to assess ergonomic aspects of the
design, view the object attributes, add notes, and detect design inconsistencies with the whole ship
production process. It led to effective analysis for identifying possible errors in all stages of the
design and reducing the cost and time for rework in the production phase due to inappropriate
designs. Ref. [10] introduced an automated closed-loop approach for an entire ship design process.
The proposed design process was supported with a fully digitalized and connected network, which
enabled self-gathering and analysis of important features in the design. The generated 3D model
was shared on the cloud and could be updated by the ship owner and engineers. The approach
fostered a high volume of communication between stakeholders and allowed the manufacturer to
prevent reworks, which might occur during the actual production process. Ref. [11] explained how
augmented reality technology was used to provide good imagination about the metal shape and
required work procedure during the metal forming process. The proposed technology could be used
to confirm the quality of the formed metal, while replacing the traditional method, which required
the workers to match the processed metals with given templates manually.
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General researches about smart manufacturing that may be implemented in shipbuilding industry
are conducted by [1,12]. Ref. [1] mentioned that a worker-oriented smart helmet development was
suggested by MSIT, Korea, which enabled data acquisition by the workers. This technology may be
utilized to provide data required by the workers during the production process, which currently may
be stored in piece of papers of computer files. Ref. [12] presented a job shop scheduling problem, in
which RFID is used to record real-time manufacturing data. In this system, a RFID tag was attached
on each container that is used to contain raw materials. When the container with the tag entered or
leaved the machining area, the time was recorded and uploaded into a database. The collected data
were used as the basis for generating schedules in a real-time job shop environment.

3. Optimization Issues and Strategies

In this section, various optimization issues related with the data collection and utilization in

shipbuilding manufacturing process are discussed, such as:

1. Spatial scheduling of ship assembly blocks [13-15]. In this spatial scheduling problem, the
position of blocks in workplaces must be determined, while considering various requirements,
such as due date for each block, size of each block, and adjacent placement for some symmetric
blocks. The objectives may be minimizing the make span and imbalanced workloads over
workplaces.

2. Assembly line balancing problem [16]. In this problem, some hull blocks can be assembled at the
same time. The objectives are minimizing cycle time and deviation of workloads between
stations.

3. Block transportation [17,18]. After an assembly process, assembled blocks must be transported
using cranes from the production yard. While performing the transportation, the waiting times of
assembled blocks must be minimized. Ref. [17] stated the importance of considering inter-crane
interferences. Decisions to be made are sequence of jobs and assignment of jobs to cranes. Ref.
[18] explained how transportation data can be recorded and analyzed in order to evaluate current
transportation practice and perform necessary improvements.

4. Transporter scheduling and routing [19-20]. The transporters are used to move ship blocks
within a given time, while considering sequence-dependent setup times, precedence constraints,
and workload balance between transporters. In addition, multiple transporters may be necessary
to transport large blocks.

5. Skid scheduling [21]. A skid system is used to combine subassembly blocks into a ship.
Different with the general dock at which only one ship can be built, using the skid system, more
than one ships can be constructed simultaneously.

6. Man-hours estimation and optimization [22-23]. In [22], after being estimated, the man-hour
requirements are used as input for a welding scheduling problem. Given each block’s ship type,
shape, size, and the block’s assembly shop, the required man-hour is estimated. Decisions to be
made are two-dimensional location and time required by each ship. The objectives are
maximizing the number of built ships on the skid and minimizing early or delayed ship
launching. In the man-hour optimization problem [23], man-hours are allocated to minimize the
total man-hour time required for parallel tasks.

7. Bottleneck detection and solving [24-26]. Bottlenecks can be detected by identifying machines
with highest value of system production rate with respect to its working (non-idle) time,
observing machines that has previous machines with higher blockage than starvation levels and
successive machines with lower blockage than starvation levels, and performing simulation with
some replications in order to assess which machine has the largest total operational time.
Methods for solving the bottlenecks are increasing utilization rate and minimizing setup time of
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the bottleneck machine, reducing processing times in bottleneck machine and increase the time

in non-bottleneck machines, and implementing drum-buffer-rope (DBR) strategy. In DBR, non-

bottleneck machines must be used to enhance the performance of bottleneck machine. Thus, non-
bottleneck machines must receive jobs just in time and in right quantities in order to increase the
utilization of the bottleneck machine.

In order to deal with these optimization issues, some strategies are proposed, which are highly
related with rapid data acquisition process. The optimization strategies are data collection, real-
time, robust, rescheduling and online, and multi-discipline optimizations, which are shown in
Figure 2.
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Figure 2: Considered optimization strategies related with smart manufacturing concept.
3.1.Data Collection Optimization

Data to be collected are related with the parameters or triggering events stated for each optimization
problem above. Data collection must be collected continuously in order to obtain required real-time
information for the planning process and identify anomaly in the production system.

Real operational data in shipbuilding process are continuously collected using sensors.
Appropriate number of sensors and their placements may be important to determine the accuracy of
the obtained data, e.g. in order to measure the flow time of a product in the production line, RFID
tag sensors must be placed exactly at the beginning and the end of the line. Sensor selection and
placement can be optimized in order to obtain greater, in terms of amount, and better output while
minimizing the required installation costs.

Considering that the size of collected data may be very large, a huge storage space may be
required. In order to record the data and utilize the storage space effectively, the data selection and
collection period must be optimized. Even the data can be stored into the cloud, the time required to
record, store, and retrieve the data during the optimization process need to be taken into account.
Some data collection requires a huge effort but only has a small influence to the objective. In this
case, the data collection may not be performed. The appropriate data collection period can be
determined by identifying when important events occur in the historical data. The events can be
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assumed to occur at deterministic times or within a certain time interval, while considering their
stochastic occurrences.

3.2.Real-time Optimization

Real-time optimization is an optimization approach that is attempted to improve system
performance in real-time. Ref. [27] explained that the implementation of smart manufacturing
concept enabled real-time scheduling in the manufacturing process. One of the implemented smart
manufacturing concept is RFID [28].

In order to perform real-time optimization, it is necessary to produce good solutions in a very
short time. Therefore, good and fast algorithms need to be developed [29-30]. Fast computation
ability of the algorithms enable the system to comply with increased customer’s demand variety and
support the mass production of customized products.

3.3.Robust Optimization

Robust optimization ensures system ability to perform well under dynamic and uncertain
environments [31-32]. In robust optimization, uncertainties are considered during the planning
phase by considering various possible parameter values in the model [32]. The obtained solution
may not be the best, but it can still have a good performance even many disturbances occur in the
production floor. In the extreme case, the most pessimistic (worst) parameter values are used in
order to assure good performance in that most unexpected situation, e.g. the largest processing
times in a machine and full buffer spaces.

The parameter values used in the model can be forecasted based on the data, which are
continuously being extracted using the sensors and stored into the database, e.g. using regression
analysis [33]. By performing the forecasting, the generated schedules can be appropriate with the
latest status of the system. In other words, the operations can be flexibly planned based on the
current situation.

3.4.Rescheduling and Online Optimization

Rescheduling is defined in [34] as a revision of an existing schedule in response to changes or
disruptions. Rescheduling can be performed every time an event triggers it, meanwhile online
optimization has a broader scope because it is conducted not only when triggered by a certain event,
but also on a regular rescheduling period. In the event-triggered based rescheduling, the system
automatically provides feedbacks related with inappropriate or new behaviors in the model, e.g. the
waiting time at a machine exceeds a certain level, the number of produced items per hour becomes
less than a certain value, the total processing time exceeds a certain ideal standard obtained based
on previously generated schedules [34], arrival of new jobs [35], re-arrival of rework jobs [36],
cancellation of jobs [37-38], delay of job completion that is more than a threshold [39] and many
more. The thresholds can also be determined using an optimization model in order to obtain
appropriate values.

Online scheduling approach is implemented by using a rolling horizon approach [34]. In this
approach, the time interval between schedule generations is shorter than the planning horizon.
Every time a schedule is generated, some parts of the previously generated schedule are modified,
while some new parts of the schedule are added. In a more flexible way, the time interval between
planning horizons itself can be modified based on the workload of the system. When there is more
workload, the scheduling is performed more often.
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Before performing the rescheduling or online optimization, an intended change in weight
parameter for each task can be performed in order to control the task importance during the
optimization process, e.g. by increasing the weight for products which are processed late in the
current schedule. The weight parameters can also be modified if a new task enters the system.

3.5.Multi-Discipline Optimization

A huge amount of collected data provides an opportunity to have better understanding about each
part of the system, and allows us to optimize a subsystem or even the whole system. Given the
development of good processors, the computational time required to handle this large amount of
data may not be questioned further. On the other hand, it is necessary to design an integrated
approach to perform the cross-functional planning between departments in the organization, e.g.
between the procurement, manufacturing, and sales departments. This integrated approach is
defined as an approach, in which coupled decisions of several supply chain functions, are
considered [40].

Optimization problem in each department can have some trade-off relationships, e.g. producing
many items may not be good because it increases the inventory level, and meanwhile it is necessary
to assure that all products are always available to be sold. However, optimizing each problem
separately may prevent us to obtain a good solution for the whole system. In order to perform the
cross-functional optimization, it is necessary to define the problems clearly. The optimization can
be performed in two-phase or iterative approaches. In the two-phase method, it may be sufficient to
consider only important factors of the subsystems. The obtained values of decision variables in the
first phase may further be used to optimize each subsystem using more detailed models in the
second phase. In the iterative approach, the results obtained in the second phase can be used as
input to re-optimize the problem in the first phase.

The optimization can also be performed within a supply chain by allowing data share between all
parties. This kind of optimization may lead to a more efficient planning and strengthen the
competitiveness of the parties in the supply chain. However, each party may not accept this data
sharing in order to preserve its important business strategies, market share, and profit. In order to
perform coordination, while preserving important data, limited data may be shared between parties
[41]. Thus, the integrated approach must be mainly be implemented within each party, in which
higher manageability degree exists, and may be extended to other parties, while emphasizing on the
profit that can be obtained after the data sharing and coordination. Meanwhile, the approach seems
to be applicable well within supply chain parties with strong agreement or when a party is a sub-
company of another leading party.

Several implementations of the multi-discipline or multi-parties optimization in shipbuilding
industry are:

1. Man-hour overlapping optimization between design and construction departments [42].
Feasibility of the designed man-hour plan is assessed and impact of design rework on
construction man-hours is investigated.

2. Project management considering engineering, purchasing, and production departments [43].
Resources to be considered are one of more among time, space capacity, and cost.

3. Resource sharing [44]. Sharing the data allows the parties to share resources with each other
in order to assure in-time delivery of the final products.

4. Addition and removal of parties from shipbuilding industry cluster [45].
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4. Conclusions

In this study, important characteristics of smart manufacturing concept, which are required in
shipbuilding industry, are listed. Optimization problems in the shipbuilding industry are addressed
and appropriate strategies to solve the problems are discussed in detail. Future researches may
investigate more detailed implementations of the presented optimization strategies.
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