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 Container terminals play a crucial role in exporting and importing goods, where export and 
import containers are loaded and unloaded. Containers are usually loaded and unloaded with a 
dock crane. A quay crane is assigned at a container port in advance, considering a ship’s arrival 
schedule. However, allocating a quay crane is difficult owing to the limited number of quay 
cranes available and the need to consider the shipping timetable. In this study, by considering the 
schedule of each ship arriving from a container terminal, the number of unloaded containers for 
each ship, and the limited number of quay cranes, we conduct quay crane assignment through a 
simulation model to increase the productivity of a container terminal. Alongside, it is evident 
that artificial intelligence (AI) and machine learning (ML) are necessary for port management in 
many ways, from berth scheduling to quay allocation. In this study, we also investigate the 
applicability of ML and metaheuristic approaches in quay allocation problems and explore 
further possibilities. In this study, we also highlight the sensor-based automation of quay 
allocation using Internet of Things (IoT) technologies for future research in the domain of port 
and terminal management.

1. Introduction

 First-generation ports centered on cargo handling have developed into second- and third-
generation ports, which were the basis for logistics and trade activities, and into fourth-
generation ports where various information provisions and automated loading and unloading 
have been realized.(1,2) As ports continue to develop, the efficient operation of container 
terminals is becoming increasingly important.(3,4) To increase the operational efficiency of 
container terminals, a performance estimation has recently been conducted using simulation 
methods.(5) In particular, in the analysis of container terminal operations, the proper arrangement 
of the quay crane (QC) is essential because the operational efficiency of the container terminal is 
improved according to the crane arrangement and operation when used in the quantitative 
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loading and unloading of containers.(6) Therefore, as one of the methods for improving the 
performance of container cranes, we focus on the assignment of quay wall cranes in container 
terminals based on a simulation in this study. 
 A simulation is the best tool for analyzing nontrivial and real-world systems.(7,8) Simulation 
methods have become an essential tool for improving terminal operation and performance. 
Busan Port is an international port with more than 30 berths, which ranks sixth globally in 
container throughput as of 2020. Thus, the simulation framework is based on a container 
terminal company located in Busan, Korea.(9,10) We analyze and suggest operations for 
improving the container productivity for assigning QCs using a simulation method. 
 Recently, machine learning (ML) has played a significant role in port management in many 
ways, starting with berth scheduling to quay allocation. Alternatively, ML is necessary for 
transportation systems to provide smart solutions to a variety of situations. Although there has 
been a significant focus on optimization and simulation modeling in port studies, ML has helped 
create more sophisticated prediction models for improved port operations. We conducted this 
study to assess the contributions of ML to port operations.
 Even simpler forms of the quay allocation problem are known to be nondeterministic 
polynomial (NP) time hard. Therefore, metaheuristic techniques are preferable to precise 
methods since they give high-quality answers in a reasonable amount of time. Metaheuristics are 
broad frameworks for developing heuristic algorithms for challenging tasks. Recently, different 
metaheuristic approaches have also performed well with quay allocation. A summary of 
commonly utilized metaheuristic approaches for solving the quay allocation problem is also 
provided in this study. The sensors using Internet of Things (IoT) technologies could be a new 
paradigm for quay allocation, and studying the transformation of conventional ports into smart 
ports is essential. In this study, we also briefly discuss the possibilities of sensor-based IoT 
techniques in the problem of port management. 

2. Container Terminal Operation

 Basic facilities such as a quay, marshaling, container yard, and gate are required to load, 
unload, store, and mix cargo in a container terminal. Various types of equipment, such as QCs, 
are placed in these facilities to process containers. A container terminal is a facility where cargo 
containers are transshipped between different transport vehicles for onward transportation. 
Containers from ships docked in a berth are loaded and unloaded using the quay wall crane. 
Each ship is given QC duties before docking at the port container terminal, and containers are 
loaded and unloaded for each assigned ship. The quay wall crane is a device that carries 
containers to the ships at the port container terminal and plays the most crucial role there. Figure 
1 shows a photograph of a QC.
 Figure 2 shows a flow chart of the quay QC assignment, loading and unloading, and 
departure after berthing in an empty berth after a ship enters the port at the container terminal. 
As shown in Fig. 2, the QC must be assigned before the ship docks. If the QC is not assigned, the 
container loading and unloading operations are not fulfilled.(11,12)
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 The process shown in Fig. 2 can be described in more detail as follows. There are two 
container terminal operations.

Fig. 2. Flow chart of container terminal.

Fig. 1. (Color online) Quay cranes (image taken from https://www.pncport.com).
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A. Loading operation
• Lifting export containers using transfer cranes (TCs) in a container yard
• Placing containers on yard tractors (YTs) in container yards
• Placing them in a ship’s bay using QCs
B. Unloading operation
• Lifting import containers by gantry cranes into a ship’s bay
• Placing them on yard tractors sent to the container yard
 In particular, the QC plays the most critical role in a container terminal as equipment for 
loading and unloading containers from container terminals to ships.(13)

3. ML and Metaheuristic Approaches Involving Quay Allocation

 ML is the study of teaching computers to learn and act like people and enhance their learning 
over time in an autonomous way, using data and information fed to them in the form of 
observations and real-world interactions.(14) Terminal planning and management must be 
reviewed from a data-driven viewpoint, given the new potential arising from the current wave of 
digitization in all aspects of global logistics chains. We evaluated the present state-of-the-art 
literature about applications of ML in the context of container terminals to create a data-driven 
viewpoint on terminal design and management. The extent of such efforts within the operational 
areas of port management, especially in quay allocation, is briefly summarized in the following.
 León et al.(15) discussed berth scheduling operations by considering the berth allocation 
problem. The authors demonstrated ML as a tool for identifying the suitable algorithm for berth 
allocation. Similarly, a study by Wang and Ding(16) explored the applicability of ML to the QC 
allocation problem using an ML-based ensemble model. They analyzed the large amount of 
historical data based on influencing factors and QC usage time. They proposed a multifactor 
ensemble learning estimation model, which found that the Adaboost algorithm seems to be 
efficient. Mekkaoui et al.(17) performed a systematic review on applications of ML algorithms in 
port management. They reported an elaborative analysis of the applied algorithms, discussed 
their results, and highlighted the research gaps for further studies.
 Metaheuristic optimization is concerned with the use of metaheuristic methods to resolve 
optimization issues. From engineering to economics and from vacation planning to Internet 
routing, optimization is practically everywhere.(18) Recently, metaheuristic approaches have 
been attracting much attention in port and logistics management, specifically in QC optimization 
problems for berth and quay allocation. 
 Tavakkoli-Moghaddam et al.(19) presented a mixed-integer programming (MIP) model for a 
container terminal’s QC scheduling and assignment problem. The authors proposed a genetic 
algorithm to solve the QC problem, and they also compared the efficiency of the proposed GA 
with the LINGO software package. The results suggested that the proposed GA can solve the QC 
allocation problem with a significant management size. Similarly, Krčum et al.(20) proposed an 
optimization technique for scheduling berth and QCs using a genetic algorithm. Rodriguez-
Molins et al.(21) also devised a genetic-algorithm-based approach for berth QC allocation. They 
focused on scheduling several incoming vessels by assigning each a berthing position and 
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allocating the QCs. They applied a mixed-integer linear programming model to minimize the 
total weighted service time of the incoming vessels. Atencio and Casseres(22) also discussed the 
three well-known metaheuristics for determining the optimal berthing sequence to optimize the 
total cost when allocating a fixed number of vessels. 
 In this paper, we propose an ML-based approach and metaheuristic algorithms for solving 
QC allocation problems for large ports, where the number of vessels is large. In our future study, 
we will be exploring their applicability to the real-time data obtained from a busy and large port, 
such as Busan Port. This observation may be beneficial for further research in the domain of 
port management and QC allocation to optimize the above-mentioned problem and automate 
port management for smoother and faster operation.  
 Internet of Things (IoT) plays a crucial role in establishing smart ports. Different operating 
sectors are now working in the automated mode as smart sensing systems in ports become a 
reality. A smart port is a wholly automated port that connects all devices via the IoT Smart Port. 
The smart port’s primary infrastructure consists of a network of smart sensors and actuators, 
wireless devices, and data centers, allowing port authorities to perform essential services faster 
and more effectively. The deployment of an autonomous container terminal necessitates sensing 
systems for duties, such as quayside crane structural health monitoring, container position 
detection and handling, automatic guided vehicle localization, navigation, and control.

4. Computational Data Analysis

 The input data for the QC assignment of container terminals are shown in Table 1. The port 
has two berths, with an annual container throughput of 1,000,000  twenty-foot equivalent unit 
(TEU) and a total berth length of 600 m. There are six QCs used for loading and unloading ships 
from the berth and 18 rubber-tired gantry cranes (RTGCs) for loading containers in the yard. 
There are 38 YTs for transporting containers from the container terminals.
 Table 2 shows the arrival and departure information of ships arriving at the container 
terminal. In addition, Table 2 illustrates the present status of the port container terminal at 
Busan Port and the ship assignment of quay wall cranes. The arrival/departure information 
includes the vessel ID, arrival time, and departure time. In this study, the proper distribution of 
quay wall cranes was based on the ships’ actual arrival and departure information. For the 
proper distribution of quay wall cranes, as shown in Table II, a distribution problem was solved 
by considering the arrival and departure information of a total of 17 ships and the QC of six 

Table 1 
Input data.
Items Values
Stacking capacity (TEU) 1000000
Ship births 2
Total length of berth (meter) 600
QC 6
RTGC 18
YT 38
Gate 6
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ships. In the quay wall crane, work is conducted every 90 s, and in the YT, container work is 
conducted for 15 s, and inspection work is applied for 10 s. Each TC waiting in the yard is set to 
perform an unloading operation every 60 s.

4.1 Integrated aspect-oriented modeling approach

 The aspect-oriented modeling approach (AOMA) has been applied to enhance the 
performance of the simulation system.  AOMA is a programmatic mechanism using cross-
cutting concerns. It can be developed separately and then combined with an executing code of 
different classes. An improved aspect-oriented modeling approach (i-AOMA) helps apply the 
suggested concept to a real case study.(11) i-AOMA includes two methods, namely, object-
oriented modeling and aspect-oriented modeling. Object-oriented modeling can be conducted 
after defining the object construct, which allows one-to-one mapping between objects in the 
system and their abstractions in the object model. Aspect-oriented modeling comprises attributes 
controlling the simulation model, configured by the declaration in aspect-oriented modeling, 
consisting of codes and data merged into an indivisible object (object-oriented modeling). In this 
study, i-AOMA is based on aspect-oriented programming, making it possible to express 
programs, including appropriate isolation, composition, and the reuse of the aspect code (Fig. 3). 
i-AOMA is built on a conceptual framework and denotes the space of modeling elements for 
specifying cross-cutting concerns at a higher abstraction level. 

Table 2 
Ship arrival/departure time.

ID Arrival time Departure time Total stay time (s) Total stay hour 
(hour:min)

KHGB003 2018-02-28 08:16 2018-03-01 06:00 78240 21:44
MOMX001 2018-02-28 14:15 2018-03-01 14:00 85500 23:45
DWFM009 2018-02-28 16:11 2018-03-01 03:00 38940 10:49
ATSO006 2018-02-28 16:30 2018-03-01 10:00 63000 17:30
UNAH002 2018-02-28 19:00 2018-03-02 00:00 104400 29:0
ZZOP002 2018-02-28 20:10 2018-03-01 16:33 73380 20:23
NBHS006 2018-03-01 04:06 2018-03-01 08:00 14040 3:54
SMHM009 2018-03-01 10:50 2018-03-01 19:00 29400 8:10
NBIL003 2018-03-01 11:00 2018-03-01 20:00 32400 9:0
KHBB001 2018-03-01 12:05 2018-03-02 01:00 46500 12:55
YEMI003 2018-03-01 16:05 2018-03-02 12:00 71700 19:55
EADL009 2018-03-01 18:18 2018-03-02 03:00 31320 8:42
NSVY005 2018-03-01 20:36 2018-03-02 02:00 19440 5:24
NNAE001 2018-03-01 22:00 2018-03-02 10:00 43200 12:0
SYMX001 2018-03-02 02:14 2018-03-03 05:00 96360 26:46
STRT001 2018-03-02 03:17 2018-03-03 01:00 78180 21:43
CAUX001 2018-03-02 06:10 2018-03-03 10:00 100200 27:50
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4.2 Quay crane assignment simulation model

 In this study, we focus on the allocation of QCs operated in container terminals. A simulation 
model was constructed and analyzed to carry out this study, as shown in Fig. 3. For this study, 
the AutoMod system was applied for modeling, and operation was performed for one year on an 
Intel Xeon W-2123 CPU at 3.6 GHz with 64 GB of RAM. Figure 4 shows the simulation model 
considering the allocation of the QCs.(23)

 Figure 4 also shows the container handling status of the quay wall crane. QCs are used from 
QC33 to QC84, and one month’s worth of data is considered. A vessel is assigned to each QC. 
Because the quay wall cranes are operated for one year and the throughput of the quay wall 
varies according to the allocation for each berth, the work assignment number of the quay wall 
crane is determined according to the work status, as shown in Fig. 4. As a result of the QC 
assignment, it can be seen that an average of 30–40 TEUs per hour are processed per QC, and no 
more than 50 at most are processed.

Fig. 4. (Color online) Quay crane allocation model.

 Fig. 3. Concept of integrated aspect-oriented modeling approach.
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 Figure 5 shows the scatter chart showing the layover of the vessels at the port and their total 
staying time. Figure 6 shows the distribution of QCs considering the arrival and departure of the 
ships and TUEs processed by each QC. Figure 7 shows the number of containers for cargo 
handling by ships. The QC throughput considering the arrival and departure was found to be 
30–45 TEUs.
 Table 3 shows the current status of the processing by quayside cranes and related equipment. 
It can be seen that a maximum of 1680 pieces are stored for each of the 12 blocks, and an average 
of 82.83 pieces are stored per cabinet. In addition, it can be seen that 50% of the maximum 
storage capacity of 300 units is not reached because a maximum of 132 pieces are stored in each 
storage unit.

Fig. 6. (Color online) Quay crane handling throughput.

Fig. 5. (Color online) Number of vessels staying in the port and their total staying time (s).
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Fig. 7. (Color online) Number of load/unloaded TEUs by vessels.

Table 3
Processing status by equipment plant (unit: TEU).
Name Total Average Max Min Capacity
Block(1) 170 75 156 0 300
Block(2) 132 58 117 0 300
Block(3) 118 51 104 0 300
Block(4) 127 56 125 0 300
Block(5) 166 74 164 0 300
Block(6) 127 56 125 0 300
Block(7) 164 72 144 0 300
Block(8) 143 63 131 0 300
Block(9) 113 49 102 0 300
Block(10) 164 76 163 0 300
Block(11) 137 65 137 0 300
Block(12) 119 59 117 0 300
Total 1680
Average 82.83 132.08 0 300

5. Conclusions

 As container terminals shift to large-scale automation, the number of containers to be 
processed is increasing. For this reason, it is necessary to operate the limited port equipment in a 
container terminal efficiently. In this study, we focus on the allocation of QCs used in container 
terminals. The quantitative loading and unloading of the containers were performed by assigning 
QCs to each berth for efficient processing. For the assignment of quay wall cranes, their 
operational feasibility was presented through model construction, and an analysis was conducted 
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through a simulation method. We also looked at the applicability of ML and metaheuristic 
techniques to the quay allocation problem in this research and looked into other options. This 
work may shed insight into AI-based computational aspects of quay allocation for future 
research in the sector. In the future, we plan to study the assignment of quay wall cranes by 
receiving actual data operated at the container terminal in real time.
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