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ABSTRACT 

Container terminals are an essential component of modern trade through their role in the 

provision of a temporary storage location for containers arriving from, and destined for, 

multiple international and domestic locations. Given the growth in container shipping, there is 

continuing pressure to improve the productivity of terminal operations, not least as a means of 

helping to ensure that ports maintain their competitiveness in the global arena. However, each 

container port requires the integrated operation of multiple items of expensive equipment and, 

thus, improving the efficiency of the resultant scheduling processes is a key goal. 

This challenge has, inevitably, attracted the prior attention of researchers, particularly those 

with expertise in optimisation techniques. However, notwithstanding the complexity of the 

environment and the large number of different items of equipment that are in operation at any 

time, many proposed solutions adopt a deterministic approach. It is argued that this is, both 

from a theoretical and a practical perspective, an unrealistic simplification of the reality of the 

management challenge. The aim of this dissertation is, therefore, to incorporate uncertainty 

into the analysis of the container terminal environment, with a particular focus on the quay 

crane scheduling problem (QCSP) and the yard crane scheduling problem (YCSP). 

The first part of the research focuses on the QCSP where a number of realistic constraints, 

including safety distance between adjacent quay cranes, non-crossing quay cranes, and the 

precedence constraints within tasks in a given bay were taken into account. To improve the 

performance of existing approaches, two clustering algorithms (K-means and K-medoids), 

together with a local search procedure, were developed. The experimental results demonstrated 

that the proposed method can provide optimal or near optimal solutions in significantly shorter 

computation times than those found in the literature. In addition, the efficiency of the proposed 

method was examined when taking into account uncertain QC processing times. The core 

benefit of this ‘clustering algorithm plus local search’ approach is that it allows a swift response 

to the inevitable, unexpected situations that emerge as a result of the overall uncertainty in the 

terminal operations. 

The second component of this research extends the first phase through the development of a 

modified genetic algorithm (GA) to manage the QCSP, in which a new strategy to generate the 
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initial population was introduced. To achieve this, a mix of K-means and K-medoids clustering 

algorithms was used to generate half of the GA’s initial population, and this was followed by 

the use of a local search procedure to improve the quality of initial solutions. The experimental 

results demonstrated the superiority of applying clustering algorithms over that of applying 

local search on both the final solution quality as well as the computational time. 

The QCSP with time windows is addressed in the third part of this dissertation. This is aimed 

at meeting the real-life challenge whereby the number of Quay Cranes (QCs) servicing a 

particular vessel is not fixed. This represents the scenario in which, for example, a higher 

priority vessel arrives at an adjacent berth, and this requires the temporary or permanent 

movement of a subset of QCs. To meet this challenge, a hybrid GA was developed in which 

the initial population was reinforced by clustering algorithms and a local search procedure. The 

computational results show that the proposed GA outperforms existing methods, both in terms 

of solution quality and computational time, and especially when the problem size becomes 

larger. Furthermore, the results demonstrated that the use of clustering algorithms accelerates 

the GA convergence. These results clearly support the overall aim of this research in offering 

efficient models that are able to mitigate the impacts of uncertainty. 

The final element of the research in this dissertation investigates the problem of the yard crane 

(YC) scheduling within a yard block. Although this challenge has been widely researched, the 

existing approaches are generally restricted to static and deterministic models. In reality, 

however, there is always a degree of uncertainty in the complex container terminal 

environment, and this inevitably impacts on the performance of the YCs and leads to significant 

decision-making challenges. In this regard, a heuristic approach was introduced, whereby the 

handling time of the YCs was assumed to be uncertain. In addition, the realistic YC constraints, 

including safety distance, inter-crane interference, and simultaneous storage and retrieval 

containers, were incorporated. The performance of the proposed heuristic was examined 

through multiple scenarios that reflect a variety of different operational situations. The 

numerical results demonstrated the robustness of the proposed heuristic in overcoming 

uncertainty in the YC handling time. 

In summary, the overarching goal of this research has been to develop methodologies that move 

forward from the provision of deterministic solutions and provide approaches that more clearly 
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reflect the uncertain reality of container yard operations. Overall, the results demonstrate the 

efficiency and effectiveness of the proposed heuristic methods for both QC and YC scheduling 

problems, especially when the scenarios are complex problems. 
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1.1 Background 

The growth in the size and number of container ships and the associated increase in the 

movements of containers through container terminals presents both a growing challenge 

as well as significant opportunities to improve the operation of such terminals. 

Unsurprisingly, container terminal managers are always seeking new approaches that will 

allow containers to be loaded and unloaded as quickly as possible, thereby reducing their 

operational cost. However, container terminals are complex systems that involve multiple 

interdependent operational processes. Achieving efficient and effective decision-making 

processes for the allocation of resources and the scheduling of equipment is, therefore, 

vital to deliver improvements in the throughput of a container terminal. 

Given that, in effect, container ships only earn revenue when they are at sea, the main 

objective of a container terminal is to minimise the vessel turnaround time. This, in turn, 

encourages port managers to undertake infrastructure development programs in order to 

raise the overall handling efficiency and throughput. But, achievement of such 

improvements in turnaround times is predicated on the availability robust and accurate 

schedules to drive the operation of the various items of terminal equipment. 

In practice, however, there is always a degree of uncertainty in the complex container 

terminal environment, and this inevitably has an impact on both the handling equipment’s 

performance as well as the associated decision-making challenges. Whilst from a 

theoretical perspective, the movement of a container around the terminal can be carefully 

planned using accurate data drawn from previous operations, the reality is that in the real-

world environment, unpredictable factors can destroy the baseline (i.e., initial or planned) 

scheduling. These challenges not only have an impact on the baseline schedule, but they 

may even make it infeasible. So, taking uncertainty into account is key to successful 

terminal operations. 

The aim of this dissertation is therefore to develop a series of robust heuristic approaches 

that focus on the core challenge of uncertainty in the operation of a container terminal. In 

doing so, the resultant models better reflect the reality that is encountered on the ground, 

and they have clear potential to lead to more efficient container port operations. 
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The dissertation is arranged as follows: The next section will provide a broad overview 

of container terminal operations as a means of providing the background to the specific 

challenges that are subsequently considered. Section 1.3 will provide a formal statement 

of the problems that are being researched, and Section 1.4 will outline the specific 

objectives of the research. Sections 1.6–1.9 summarise the contribution of each of the 

individual papers that form this dissertation. 

Chapters 2–5 contain the specific journal submissions that relate to the research 

components. Chapter 6 summarises the contribution of this dissertation, its limitations 

and the resultant recommendations for further research. 

1.2 An Overview of Container Terminal Operations 

Container terminals are the vital interface between domestic and global trade. To achieve 

their pivotal role, they are not only the location where containers move between landside 

and the ship, but they also operate as storage yards and provide a temporary holding area 

for inbound and outbound containers. 

Since its invention in the 1950s, the use of containers has increased considerably, as 

demonstrated by the latest data from the United Nations Conference on Trade and 

Development (UNCTAD), which reported that over 180 million TEUs (twenty-foot 

equivalent units) were shipped by the global containerised trade in 2016, a rise of 52.5% 

from the 118 million TEUs transported in 2006 (UNCTAD, 2016). Of these, some 1.68 

million TEUs were physically located in a terminal awaiting loading or transport out of 

the yard (UNCTAD, 2016). 

As demonstrated in Table 1.1, the long-term trend in shipping and numbers is showing a 

significant growth trend. As a result, by early 2015, the number of registered container 

vessels reached 5,059 with a capacity to 19.19 million TEUs (see Table 1.1). In terms of 

individual vessel capacity, according to Mongelluzzo (2013), the largest containership in 

1990 could carry 4,800 TEUs, but nowadays, typical container vessels carry 8,000 to 

13,000 TEUs, with the largest vessels (such as the MSC Oscar) holding 19,224 TEUs 

(UNCTAD, 2016). 
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Table 1.1 Overall containership fleet growth (www.alphaliner.com)  

Year Number of ships Capacity (million TEUs) 

1987 1,052 1.22 

1997 1,954 3.09 

2007 3,904 9.44 

2015 5,059 19.19 

Indeed, the increase in the capacity of containerships is resulting in a trend in which the 

actual number of ships is levelling out, whilst those that can carry over 10,000 TEUs 

continues to grow. Self-evidently, therefore, the handling equipment and capacity of 

container terminals will also need to grow in order that they can efficiently manage the 

large number of containers that need to be unloaded from/loaded onto these mega-ships. 

One result of the growth in container ship size is that there is a reduction in the number 

of ports that have the capacity (including depth of water, space, equipment) to manage 

the world’s container trade. Thus, UNCTAD (2016) observed that around half of the 

world’s container port throughput is transshipped through just 20 terminals. This is 

demonstrated in Figure 1.1, which presents the world’s top 20 container terminals and 

their throughput rates for 2013, 2014 and 2015 in million TEUs (UNCTAD, 2016). From 

the data shown in this figure, it can be seen that 15 of these ports are located in East Asia 

and South Asia, 3 are located in Europe and 2 in North America. It also shows that 9 are 

located in China, and the top 10 terminals are all located in Asia, clearly demonstrating 

the centrality of this region in terms of international trade. 

 

Figure 1.1 Annual throughput (million TEUs) of the top 20 container terminals 

Source: Developed from UNCTAD (2016) 
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Australia is a vast country that is surrounded by sea, and as a result, 99% of Australian 

total trade by weight (74% by value) entering or leaving the country is being carried by 

sea (BITRE, 2014). Furthermore, Australian Government data indicates that the total 

containerised cargo through all Australian ports increased by 6.5% per year in the period 

2000–2013, and over 7.2 million TEUs were shipped in 2012–2013. Indeed, this 

containerised trade figure is forecast to see growth at 5.1% per year over the next 20 years, 

reaching 19.4 million TEUs by 2032–2033 (BITRE, 2014). 

Whilst the above data relates to Australia, a similar pattern of growth in the use of 

container-based sea traffic can be found in many countries, and the World Bank has 

estimated that the number of TEUs moved has risen from 224,774,536 in 2000 to 

679,264,658 – a rise of 203% (World Bank, 2015). Given that there is no indication of 

any slowing up in the use of containers, it is increasingly important to develop approaches 

that will improve the efficiency of container ports – not least because the size of many 

(e.g., Singapore) is constrained by geographic factors. 

 

 Figure 1.2 Comparison of current and previous BIRTE forecast of containerised 

trade: all ports (BIRTE, 2014) 

1.2.1 The Container 

At any given time in 2015, approximately 17 million containers were in use worldwide, 

a figure that represent a remarkable growth given that the first container was used in 

maritime transportation just 60 years ago (Steenken et al., 2004). The concept is actually 

extremely simple: a container is basically a large, reusable steel box of standard 

dimensions that is able to contain, store and transport goods by road, rail, sea and air. The 
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use of containers has many advantages, including the ease and speed of the loading and 

discharging processes, a reduced time for scheduling and re-scheduling, protection 

against weather and theft, and the ability to be stacked on top of each other. A typical 20-

foot container is illustrated in Figure 1.3. 

 

Figure 1.3 A typical 20' container (www.containerstrade.com) 

The majority of containers used in global trade today have International Organisation for 

Standardization (ISO) standard dimensions. This standardisation of worldwide containers 

is one of the most significant innovations in 20th-century logistics, and it has resulted in 

five common lengths, 20 ft (6.1 m), 40 ft (12.2 m), 45 ft (13.7 m), 48 ft (14.6 m), and 53 

ft (16.2 m). As indicated earlier, container capacity is usually defined in terms of TEUs, 

thus a standard 40-ft container would represent 2TEUs. The general specifications 

regarding the most three common container size and weights are provided in Table 1.2.  

file:///C:/Users/s2769375/AppData/Local/Microsoft/Windows/Temporary%20Internet%20Files/Content.IE5/4D7Z621V/www.containerstrade.com
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Table 1.2 General container dimensions (www.containertech.no) 

1.2.2 Container Terminal Handling Equipment 

For most container terminals, the handling equipment can be divided into three different 

generic types: quay cranes (QCs), yard cranes (YCs), and vehicle transporters that consist 

of yard trucks (YTs) or eXternal trucks (XTs). Figure 1.4 offers a schematic overview of 

the operation of a container port. 

Figure 1.4 Illustration of a typical container terminal 

Source: The author 

http://www.containertech.no/
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Based on the above processes, Carlo et al. (2015) classify container terminals into five 

main sections, namely the (1) berth, (2) quay, (3) transport, (4) storage yard, and (5) 

terminal gate, with the berth and the quay area named ‘seaside’ (also named by other 

authors as ‘quayside’ or ‘waterside’), while the remainder is classified as the ‘landside’ 

and this includes the yard and gate. Figure 1.5 illustrates these five areas which, 

notwithstanding the various differences in size, function, and geometric layout of a 

particular container terminal, generally use the same sub-process and operations (Günther 

& Kim, 2006). 

 

Figure 1.5 Container terminal main areas and their equipment 

Source: The author 

As can be seen in Figure 1.5, the following are the generic processes: 

 An incoming vessel is moored at a nominated berth at a port based on predetermined 

schedules, and the unloading and loading processes then begin. 

 After a ship berths, some or all of the containers in the ship are offloaded by QCs, 

which unload the inbound containers onto YTs. 

 The YTs then carry the inbound containers to predetermined locations at the storage 

yard. 

 YCs then lift the container from the YT and place them on the designated stack. 

 YCs are again used to transfer the containers onto an XT that takes them out of the 

yard to their planned destination. 
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 In the loading process, XTs bring containers into the yard and they are then 

unloaded onto a stack by the YCs. 

 The outbound containers are subsequently picked up from storage yard by the YCs 

and put on the YTs. 

 The YTs then move the outbound containers to a position adjacent to the vessels. 

 Finally, QCs transfer the outbound containers from the YTs onto the vessel. 

Günther and Kim (2006) argued that improved terminal layouts, the use of better 

information technology support, and improved handling and transportation equipment 

were the main reasons underpinning the significant advances in worldwide container 

ports’ productivity. In parallel, Stahlbock and Voβ (2008) point out that the replacement 

of older handling equipment with more efficient versions will enhance a port’s handling 

capacity as one of the ways of achieving higher terminal productivity. However, given 

the growth in container ships outlined above, Chao and Lin (2011) note that, in order to 

be able to handle the latest ‘jumbo’ containerships, advanced QC techniques will be 

needed. By the same token, the scheduling of berths as well as the loading and unloading 

processes are crucial factors in the reduction of handling time and in this regard, Chao 

and Lin (2011) demonstrated the impact of different QCs on container terminal operations 

by using a questionnaire survey and factor analysis. 

1.2.2.1 Quay Crane 

Ak (2008) noted that QCs (which cost US$5–10 million each) are the most expensive, 

and hence most valuable, item of equipment in a container port. QCs are, in essence, a 

specialised form of crane consisting of a very large steel framework that is mounted on a 

railway that enables it to move along the wharf. Generally, QCs are categorised by the 

size of containership that they able to serve and their maximum lifting capacity. For 

example, the mega-vessels introduced at the beginning of this chapter have a breadth of 

59 m – thus to service these vessels, the QC must be able to lift some 30,000 kg (the 

maximum gross weight of a container – see Table 1.2) at around 100 m from their land-

side location. 

The performance of a QC, which depends on the crane type, is therefore a key factor in 

port operations. Typically, however, whilst the theoretical speed of a QC is around 40 

lifts or moves/hour, the actual operational speed averages only some 25–30 moves/hour. 
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This is because the QCs have to wait for YTs to pick up outbound (or drop off inbound) 

containers (Petering & Murty, 2009). 

Improving the QCs’ performance has a direct impact on the vessel turnaround time and, 

hence, the terminal throughput rate. Figure 1.6 shows a typical arrangement of QCs that 

are deployed alongside the wharf. Each QC has four legs, and the distance between the 

legs can be divided into as many as five lanes, which are used by the YTs to transfer 

outbound or inbound containers from or into the container yard. 

 

Figure 1.6 Typical quay cranes in a port (Photo by Steven Brandist) 

1.2.2.2 Yard Crane 

YCs, which cost around US$1 million (Petering, 2007), are used to move containers 

between YTs or XTs and the temporary storage stacks in the container yard. In addition, 

they can reshuffle stored containers in the yard as necessary. Their maximum operation 

speed is 25 moves/hour, which is less than the performance of a QC, but reflects the 

additional care that is needed for handling container movements from or into stacks within 

yard blocks when compared to the movement into or out of the bays of a vessel. The 

slower speed also reflects the difficulty of keeping YCs balanced (i.e., not toppling over) 

as they move containers around the yard (Petering, 2007). Moreover, Petering et al. 

(2009) observe that, in comparison with YCs that move around a large area of the storage 
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yard, QCs are nearly immobile. In effect, therefore, in order to maximise the QCs’ 

handling capacity and thereby reduce the time that a vessel spends in port, container 

terminals require at least 2–3 YCs per QC. 

As noted by Zhang et al. (2002), the YCs’ operations directly impact the efficiency of 

storage yard operations, and YCs are the equipment that is most likely to cause a 

bottleneck in the container handling process. He et al. (2010) categorised the YCs’ 

operations into the following five functions: 

 Picking up inbound containers from YTs and storing them at storage blocks; 

 Picking up outbound containers from XTs and storing them at storage blocks; 

 Retrieving inbound containers in yard blocks and loading them onto XTs for 

consignees; 

 Retrieving outbound containers in storage blocks and placing them on YTs for 

subsequent transport to a vessel; 

 Rehandling containers in the storage yard as necessary. 

Figure 1.7 shows a typical YC which removing a container from a truck. 

 

Figure 1.7 A yard crane interacting with a truck at the Port of Charleston, USA 
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1.3 Statement of Problem 

As indicated in the introduction to this dissertation, the increased volume of container 

movements, together with the increased competition between container ports, is driving 

the need for improved performance. Thus, as outlined in the previous section, the 

operation of the core components QCs, YCs, and YTs (or XTs) must be closely integrated 

to avoid delays and/or accidents, and to achieve a smooth and continuous flow of 

containers. 

A significant canon of literature exists on all of the individual components of a container 

terminal, with the major focus being on the operation of the QCs and YCs under different 

assumptions and constraints. However, the vast majority of the research conducted to date 

uses a static and deterministic perspective to underpin the resolution of the scheduling 

problem. 

Thus, the literature tends to focus on the operation of one or two items of handling 

equipment where all the problem factor values are treated as a given with certainty – for 

example, that it will take n seconds to load/unload every container. Clearly this is an 

unrealistic approach, not least because the physical distances involved will differ. For 

example: Is the container on the top or bottom tier of a stack? Or is it located it at the side 

of the vessel closest to the QC, or adjacent to the one that is furthest away? 

That said, the limitations of the first generation of research have been implicitly 

acknowledged, and this has led to more recent consideration of specific problems that 

have been found to exist in practice. Nevertheless, a major gap in the literature remains, 

and this reflects the whole question of uncertainty in the container terminal handling 

operations that has, to date, been largely ignored. 

1.4 Objective of the Research 

The resulting focus of this dissertation is to develop new heuristics for solving the quay 

crane scheduling problem (QCSP) and the yard crane scheduling problem (YCSP) in the 

face of uncertainty and to assess their performance with regard to both solution quality 

and computational time. However, in the case of some scheduling problems, there is no 

polynomial time algorithm that can resolve them, and these are thus referred to as ‘NP-

hard’ (non-deterministic polynomial hard) problems (Pinedo, 1995). Since both the QCSP 
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and YCSP are complex and NP-hard scheduling problems (Lim et al., 2007; Narasimhan 

& Palekar, 2002), no mathematical models exist that can achieve an optimal solution in a 

relatively low computational time – even in the case of deterministic approaches. Self-

evidently, therefore, the difficulty of optimising the QCSP and YCSP will increase under 

conditions of uncertainty. 

Furthermore, there are various types of uncertainty that are present in a live schedule that 

make it different from the theoretical baseline schedule; these could include yard 

congestion, equipment breakdown, late truck arrival times, differential driver skill, bad 

weather, crane operation times, and so forth. Thus, due to the dynamic and stochastic 

environment of a complex container terminal, it is highly likely that disruptions will be 

encountered when attempting to operate a real-time schedule. As a result, whilst it is 

entirely possible to create an optimal baseline schedule using one of a number of 

mathematical approaches, whenever any random and unexpected disruptions occur, this 

baseline schedule maybe become infeasible and hence need modification or rescheduling. 

The following research objectives will therefore be pursued in this dissertation (with more 

details relating to each in the sections that follow): 

 Developing a framework based on a clustering approach to resolve the QCSP as it 

relates to both the loading and unloading of containers from a vessel. The efficiency 

and effectiveness of this approach will be examined and tested in relation to 

uncertain QC travel times. (Research Topic I) 

 Developing a modified GA to achieve high-quality solutions for the QCSP. A new 

strategy will be proposed to reinforce the quality of the GA’s initial population. 

(Research Topic II) 

 Developing a hybrid GA based on clustering algorithms and a local search 

procedure for the quay crane scheduling problem with time windows (QCSPTW). 

This is a particularly important aspect of the research as it focuses on a significant 

real-world challenge in which the number of QCs serving a particular vessel will 

vary over time as a result of the arrival or departure of a higher priority adjacent 

vessel. (Research Topic III) 

 Developing a series of heuristic algorithms for the YCSP when the handling time 

of YCs is assumed to be uncertain. (Research Topic IV) 
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In each case, a series of numerical experiments will be undertaken in order to evaluate 

the performance of the proposed scheduling heuristic algorithms. 

1.5 The Research Methodology of Choice 

The operations of the various core components of a container terminal have been studied 

by multiple authors through, in almost all cases, the use of operations research techniques 

that are designed to achieve optimal or near optimal solutions for complex decision-

making problems. OR encompasses a wide range of problem-solving methods that are 

usually used to obtain the maximum or minimum value(s) of some real-life objective 

functions. Determining the most appropriate techniques to solve a complex problem 

depends on: (1) the given nature of the problem, (2) the objectives and goals for the 

optimisation, (3) constraints on time, and (4) the computing power available (Petering, 

2007). 

It is also important to recall that finding optimal solutions for scheduling problems in 

container terminals is strongly NP-hard (Lim et al., 2007; Narasimham & Palekar, 2002). 

In other words, neither an exact, efficient algorithm (such as branch and bound) nor a 

dynamic programming approach exists to solve these problems in polynomial time. With 

this in mind, a recent review by Carlo et al. (2015) points out that the majority of research 

on the operation of container terminals formulates the decision problem as a (mixed) 

integer programming model for deterministic events together with heuristic models based 

on meta-heuristics. Simulation processes have also been used for resolving scheduling 

problems and/or for comparison of the proposed solution methods (Carlo et al., 2015). 

Thus, the common procedure in the majority of papers that study container terminal 

operations is as follows: (1) a mathematical programming model is presented, and small 

and static instances are performed to assess the model; (2) heuristics and meta-heuristics 

are undertaken to reach feasible solutions for medium or large data-sets; (3) the resultant 

solutions are validated. 

As explained in Section 1.3, this research seeks to incorporate uncertainty into the 

modelling of the container terminal environment, and this produces massive stochastic 

events and complex problems. For example, due to uncertainty in the container handling 

time that will be required by the key items of equipment (QCs, YTs and YCs), the 
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finishing time for a given event is not known until the overall sequence of operations has 

been completed. The implication is that the moment in time when a decision is required 

to be made in relation to the next event is unknown ahead of that time. As a result, 

mathematical programming is not appropriate, as it is not able to formulate and compute 

a model under these conditions of uncertainty. Instead, this dissertation presents a series 

of heuristic approaches based on K-means and K-medoids clustering algorithms, genetic 

algorithms (GAs), and local search procedures to overcome the variable and uncertain 

nature of the QCSP and YCSP. A combination of these methods will be used to evaluate 

the efficiency of the proposed approaches and schedules. 

Although K-means and K-medoids clustering algorithms have been successfully used in 

various environments including data mining, data analysis, computer vision, search 

engine, data science, agriculture, and so on, they are not commonly employed in solving 

scheduling problems. Indeed, the underpinning motivation behind the use of the K-means 

and K-medoids clustering algorithms in this dissertation was to investigate the use of an 

alternative method to investigate the solution space of the QCSP. 

The K-means and K-medoids algorithms are simple to apply and their convergence rate 

is fast. As a result, and when combined with unidirectional scheduling and various 

realistic constraints (such as safety distances), they are able to swiftly deliver high-quality 

solutions for any vessel size. Therefore, these algorithms are a practical and flexible tool 

to cope with real-world situations when multiple decisions have to be made quickly and 

efficiently – as is the case for complex and challenging problems in the face of 

uncertainty. 

Unlike most heuristic algorithms, the GA is rather general as it is used for problems in 

different fields. Its superiority comes from its structural formulation. For example, it can 

simultaneously obtain the best solution by starting from many points of the search space 

instead of analysing one domain point at a time, and can therefore avoid becoming stuck 

in local optima. As distinct from most local search algorithms – for example, 

neighbourhood search, simulated annealing and tabu search, which only process one 

feasible solution at a time – GA considers a population of individuals. Processing a 

population allows for studying the structures and properties that are inherent in several 

kinds of individuals. During its running, the GA chooses the strings that obtain higher 
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fitness to survive and removes those with lower fitness from the initial population; finally, 

it combines the survivals through a structured randomised information exchange in order 

to generate new individuals for renewal of the population (Ripon et al., 2007; Zhou et al., 

2001). 

A particular strength of the GA is thus the parallel search of the solution space, and as a 

result, the GA is valuable for solving problems with a large solution space – problems 

that are usually NP-hard. Based on the fact that exact methods usually take exponential 

time, and because many heuristic approaches are only able to find suboptimal solutions 

for large scheduling problems, it can be concluded that the GA is more useful for 

effectively solving scheduling problems at container terminals in order to find the best 

solution, although it may not necessarily be the optimum solution. 

1.6 Research Topic I: The Quay Crane Scheduling Problem with Uncertain Quay 

Crane Handling Times 

QCs have a core role in determining the terminal throughput rate. As indicated earlier, 

achieving a smooth and continuous flow of containers is driven by the operation of the 

QCs, and this in turn leads to reduced QC idle time and decreased vessel turnaround times. 

The first investigation in this dissertation addresses the NP-hard problem of QC 

scheduling. The QCSP considered in this dissertation involves a set of realistic 

constraints, including QC safety distance, non-crossing constraint, QC travel time, QC 

ready time, and precedence relations. The ‘QCSP with container groups’ that is 

considered in this research study has a higher level of complexity compared to other 

QCSP environments in the literature because there are different group of containers in a 

given bay, and these can be assigned to different QCs. 

The aim of this paper is to apply a clustering approach, based on K-means and K-medoids 

algorithms, to find a near optimal schedule for a fixed number of QCs, with the goal of 

minimising the vessel’s total service time. Then, having demonstrated the efficiency and 

effectiveness of the proposed clustering approach, it is extended by introducing buffer 

times to tackle the uncertain environment. As a result, the robustness of the proposed 

scheduling approach is shown in this more realistic setting. 
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In light of the core challenge within the ‘QCSP with container groups’, which is the 

maintenance of the safety distance between adjacent QCs, a unidirectional scheduling 

heuristic has been utilised for determining the sequence of tasks allocated to a given QC. 

In a unidirectional schedule, the task sequence search space for all QCs is limited to one 

direction, that is, all QCs need to move either from left-to-right or from right-to-left. This 

technique has been widely adopted within the literature as it leads to high-quality 

solutions. 

The key concept underpinning the developed approach is to utilise the clustering 

algorithms to explore feasible solutions in light of the unidirectional movement of QCs. 

The resultant method is referred to as a clustering unidirectional heuristic (CUH). The 

steps in CUH are as follows: 

1. K-means and K-medoids clustering algorithms are utilised to generate a set of 

individual initial solutions for the task-to-QC assignment sub-problem, in which 

a set of tasks is assigned to each available QC. In this regard, the value of K (the 

number of clusters) for the clustering algorithms is equal to the number of QCs 

assigned to a vessel. 

2. Once a set of individual initial solutions has been generated by the clustering 

algorithms, unidirectional crane movement is applied for each individual solution 

to generate the sequence of tasks allocated to each QC. The unidirectional 

heuristic produces two task sequences for each individual solution. 

3. The next step is to generate a feasible task schedule for each task sequence in 

which the actual start and completion times for each task have to be made. Also, 

a feasible schedule needs to take into account the safety distance, the precedence 

constraints, and the rule that ensures that QCs cannot pass each other (as they are 

on a fixed railway track). Since the unidirectional heuristic creates two different 

schedules, the schedule with the lesser makespan is reported as the final solution. 

4. In order to avoid convergence at a local minimum and to search unexplored 

regions of the feasible solution space, a local search procedure is applied to the 

final solution obtained by previous stage. If the local search is able to produce a 

better solution, the CUH will keep the new best solution. Only a small subset of 

the best schedules is used by the local search procedure due to its time consuming 

process. 
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From the experimental results, it can be seen that the CUH is effective and efficient from 

small to large size vessels, and also with different spatial distributions of container tasks. 

The results demonstrate that the use of K-means and K-medoids clustering algorithms is 

an efficient technique that is able to generate robust schedules for the QCSP in 

significantly shorter computation times than other models found in the literature. This is 

because the core processes of the CUH are clustering algorithms and a unidirectional 

heuristic, both of which offer a very fast method of generating solutions. 

In order to accommodate uncertainty in the QC processing time, a buffer time is 

introduced to modify the original processing time of each task in order to absorb the 

uncertainty. Therefore, the resultant schedule created by the modified-CUH (M-CUH) 

may be different from the CUH. Simulation replications are applied to evaluate the 

performance of the M-CUH and CUH in the event of uncertain processing times. It can 

be seen that by incorporating the additional buffer times, the schedules created by the M-

CUH are robust and able to handle uncertain event. 

Chapter 2 of this dissertation contains a detailed explanation of the CUH that has been 

developed in order to solve the QCSP with container groups. Relevant related studies are 

reviewed, together with the full details of the M-CUH employed to cope with uncertainty, 

and examples that illustrate details of the problem. 

1.7 Research Topic II: Quay Crane Scheduling Problem 

The second study in this dissertation develops the solution to the same scheduling 

problem (the QCSP with container groups) as described in Chapter 2 through the 

introduction of a modified genetic algorithm (MGA), in which a new strategy is proposed 

as a means of generating the initial population. 

The QCSP in this chapter considers a set of spatial constraints, including safety distance, 

non-crossing, and precedence constraints. The QC’s travel time and QC’s ready time are 

also taken into account. The widely used concept of unidirectional scheduling heuristic 

has been taken from the literature in order to determine the task sequence for each QC. 

Since QCs can move in two different directions, a unidirectional heuristic provides a 

unique task-to-QC assignment for each QC’s direction. 
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As demonstrated in Chapter 2, the K-means and K-medoids clustering algorithms are 

efficient and effective tools for solving the QCSP. The main goal of this paper is, 

therefore, to develop a GA that uses the K-means and K-medoids clustering algorithms to 

improve the quality of the initial population, with the objective of minimising the 

maximum completion time of all containers assigned to a given vessel. 

The MGA uses a mix of random initialisation together with K-means and K-medoids 

clustering algorithms to generate the initial population, and from these, clustering 

algorithms are then integrated with a local search procedure in order to improve the 

quality of the initial population and better explore the solution space for the GA. 

The genetic operators in the MGA include roulette wheel selection, the parametrised 

uniform cross-over, and heuristic random mutation, all of which are explained in detail 

in Chapter 3 of this dissertation. 

The numerical analysis demonstrates the impact of utilising both the clustering algorithms 

and the local search procedure into the final solution. The ability (and associated 

simplicity) of the MGA to overcome the more complex scenarios clearly indicates that 

the MGA is a practical and flexible tool to cope with real-world situations when multiple 

decisions have to be made swiftly and efficiently for complex and challenging problems. 

The study goes on to demonstrate that applying clustering algorithms has a higher impact 

on the solution quality and computational time compared to the effect of the local search 

procedure. Moreover, it can be observed that the impact of applying the developed initial 

population strategy on the performance of the MGA is significantly increased when the 

problem size become larger. 

The paper in Chapter 3 of this dissertation provides a review of the literature relating to 

the QCSP, together with the detailed approach that underpins the MGA operators and 

parameters. 

1.8 Research Topic III: The Quay Crane Scheduling Problem with Time Windows 

In the majority of QCSPs described in the literature, the number of QCs assigned to a 

given vessel is fixed during the vessel’s handling time. As a result, all of the QCs need to 
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remain located adjacent to the current vessel until completion of the last container 

movement, even if no container is assigned to them. 

In practice, however, the container terminal’s environment is more complex due to the 

arrival (or departure) of higher priority vessels. As a result, one or more QCs can be 

withdrawn from servicing a given vessel and moved to an adjacent ship, and these QC 

time limitations are referred to as ‘time windows’. The resultant problem is described as 

the quay crane scheduling problem with time windows (QCSPTW), which also includes 

a variety of practical limitations, including safety distance, non-crossing constraint and 

the precedence constraints. 

In this study, three generic models are considered, which represent four different QC-to-

vessel assignments patterns: 

1. A set of (one or more) QCs is permanently displaced after the initial start time and 

does not return (see Patterns I and II in Chapter 4). 

2. A set of (one or more) QCs arrives after the initial start time (Patterns II and IV). 

3. A set of (one or more) QCs is temporarily displaced to service an adjacent vessel 

before returning (Patterns III and IV). This model leads to up two time windows 

for the QCs that temporarily leave. 

In this third investigation, an efficient hybrid GA to solve the QCSPTW (named 

HGATW) is developed. The objective of this GA is to generate the task sequence for each 

QC when the time availability of each QC is restricted by time window constraints. 

Unidirectional movement of QCs is adopted in this paper to generate the QC task 

sequence, where all QCs need to move in the same direction after initial repositioning. 

For any given problem, the unidirectional heuristic must be applied twice in order to 

generate two task sequences that reflect the two different QCs’ directions. 

In the HGATW, a combination of random and heuristic methods is adopted to generate 

an initial population for the GA. In this respect, the quality of the GA’s initial population 

is reinforced by utilising the K-means and K-medoids algorithms in order to generate half 

of the initial population, with the remaining half of the initial population being randomly 

generated. 
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In the HGATW, the number of clusters (K) is equal to the number of QCs with an open-

ended time window, that is, a QC that is available until the end of vessel handling, which 

(as can be seen from the generic models summarised above) may be less than the total 

number of assigned QCs to a given vessel. As a result, in the initial population, only QCs 

with an open-ended time window are considered. To achieve further improvement, a local 

search procedure is developed to continue the exploration of the solution space by 

assigning tasks to the available QCs that do not have any allocated tasks. Chapter 4 of 

this dissertation contains a detailed explanation of the chromosome validation, genetic 

operators and stopping criteria of the HGATW. 

From numerical results, it can be seen that the HGATW provides significantly better final 

solutions for the QCSPTW when compared to the two previous methods in the QCSPTW 

literature, both in relation to the solution quality and the computational time. The 

computational results also demonstrate that the HGATW delivers high quality schedules, 

especially when dealing with larger vessel size (i.e., more complex) problems. The study 

demonstrates that the use of K-means and K-medoids clustering algorithms, followed by 

a local search procedure, is a practical and efficient technique to overcome time windows’ 

restriction in the QCSPTW and that this approach can be utilised in the real-world 

situations that involve such complex QC priority requirements. 

In addition, the study demonstrates the computational efficiency of the clustering 

algorithms and the local search on the final schedules generated by the HGATW. To 

achieve this, the HGATW is compared with (1) the HGATW without applying clustering 

algorithms in the initial population (HGATW\CA); and (2) the HGATW without applying 

local search procedure after initial population generation (HGATW\LS). 

The results demonstrate that although HGATW has an extra stage to be undertaken when 

compared to HGATW\CA and HGATW\LS, its running time is less than both 

approaches. This finding implies that use of the clustering algorithms boosts the 

convergence speed of the HGATW. 

Furthermore, the results indicate that for the small size problems, the local search 

procedure has a higher impact than the clustering algorithms in final solutions for the 

QCSPTW. However, when the problem size increases, the clustering algorithms have 

more impact than the local search procedure on final schedules. 
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1.9 Research Topic IV: The Yard Crane Scheduling Problem with Uncertain 

Yard Crane Handling Time 

Having effective and efficient scheduling of YCs is a core problem within the container 

yard because, in the same way as for QCs, their efficient operation leads to a smooth and 

efficient container flow. However, current studies in the YC literature operate in a static 

and determinist environment, whereas in reality, there is always a degree of uncertainty 

in container terminal operations that impacts the container resource and decision-making 

problems. 

Therefore the fourth study of this dissertation addresses the YCSP under uncertainty. In 

doing so, a new heuristic framework is proposed to solve the YCSP whilst taking into 

account a number of realistic operational constraints, including safety distances, inter-

crane interference, and the simultaneous storage and retrieval of containers. 

There are two techniques available to cope with such uncertainty and these strategies are 

called ‘reactive scheduling’ and ‘proactive scheduling’. In the former, a baseline schedule 

is generated without considering uncertainty and then, in the face of any variability or 

uncertainty, the scheduling procedure will react and make the necessary decisions to 

adjust the baseline schedule or generate a new one. The alternative proactive approach 

takes into account the potential occurrence of disruptions or unexpected events in advance 

in order to generate a stable and robust baseline schedule (Aytug et al., 2005; Janak et al., 

2007). Whereas it is impossible to predict all potential disruptions that might destroy the 

baseline schedule, a proactive approach is developed that is designed to take account of 

uncertainty in the development of the YC baseline schedule. 

A set of heuristic algorithms is introduced to investigate the scenario in which there are 

two YCs operating in one single yard block, and when uncertain YC handling times are 

assumed. Variable virtual dynamic buffer times are introduced to reflect the potential for 

overlapping movements that emanate from the introduction of uncertainty, and the 

developed approach is called dynamic buffering for uncertainty (DBU). The stages of 

DBU are as follows: 

1. The K-means clustering algorithm is adopted to provide possible solutions to 

determine the Container-to-YC assignment, taking into account the non-crossing 

constraint. 
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2. Algorithm 1 is developed to construct an initial feasible schedule only for retrieval 

containers as they have higher priority than storage containers. 

3. The generated solution is checked by Algorithm 2 to insert virtual dynamic buffer 

times into all containers located in the potential overlapping area, recognising that 

any container may cause overlapping in the presence of uncertainty. This results 

in a new baseline schedule, which will remain robust in the event of uncertain YC 

handling times. 

4. After achieving the scheduling of all retrieval containers by means of Algorithms 

1 and 2, storage containers are inserted into the baseline schedule one at a time 

according to their target time by Algorithm 3. 

5. Algorithm 2 is then reapplied in order to check and resolve any potential 

overlapping container movements that might have appeared after insertion of the 

storage containers into the baseline schedule. 

The performance of the DBU is verified by comparing this with an existing MILP model 

in the literature that was used to solve the YCSP with the same constraints as in this 

research. To achieve this, a fixed 2.2-minute YC handling time is used by the DBU to 

generate a baseline schedule, compare to 3.0-minute YC handling time assumed by the 

MILP model. In reality, the DBU uses less YC handling time and inserts a buffer time 

between potentially conflicting containers to absorb uncertainty. This approach can be 

compared with the MILP model, which uses higher YC handling times to avoid 

overlapping. It will be noted from the results that the DBU generates more compact 

solutions when compared to the MILP model, and therefore the final generated schedule 

by the DBU is able to complete a set of container movements in a shorter timeframe. 

Simulation runs are then conducted to assess the quality of the solutions achieved by the 

DBU. In these simulation runs, the job sequence generated by the DBU with an average 

of 2.2 minutes of YC handling time and buffer time is strictly adhered to, although the 

actual simulation runs utilise uncertain YC handling times from the triangular 

distributions with parameters of 1.2, 2.0, 3.4 minutes. The computational results 

demonstrate that the DBU is both a fast and efficient approach to tackling the YCSP in 

the face of uncertainty. 
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Readers are referred to Chapter 5 of this dissertation for a literature review of the relevant 

papers in the YCSP, together with the detailed explanation of the development of the 

DBU. 
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Abstract 

Every day thousands of containers are moved within a container terminal, and if the 

required handling operations are not effective and efficient, long delays will result for 

vessels using the port. Therefore, the scheduling of the quay cranes (which transfer the 

containers between the ship and the quayside) is of particular importance, as the 

productivity of the container terminal is critically dependent on the performance of these 

cranes. In this paper we address the multiple quay crane scheduling problem, and take 

into consideration a number of realistic operational constraints, including safety distance, 

non-crossing constraint and the precedence of relations between tasks. The objective of 

the scheduling problem is to provide a smooth sequence for a set of quay cranes which 

are assigned to a specific vessel, in order to minimise the total vessel completion time. To 

achieve this, we devised a clustering-based heuristic algorithm which effectively utilises 

the characteristics of the problem. The heuristic is able to quickly generate high quality 

initial solutions, which are subsequently refined to produce near optimal solutions. Using 

the computational results that demonstrate the efficiency of the proposed approach in a 

deterministic setting, the paper then introduces uncertainty in order to offer a more 

realistic scenario and to demonstrate the associated implications. 

Keywords: quay crane scheduling, container terminal, heuristic approach, unidirectional 

schedules, local search, clustering 

2.1 Introduction 

Containerisation has been one of the key factors underpinning the growth of global trade 

since the 2nd World War, with over 650 million container movements every year (The 

World Bank, 2016). Scheduling and managing the resultant operations of shipping 

terminals is a challenging task, with port managers continually striving to improve their 

performance and thereby increase their efficiency and reduce costs. Developing 

technology is also leading to increases in the size of deep-sea vessels and so, in turn, 

improving the productivity of terminal operations is becoming even more critical. 

For most container terminals, the handling equipment can be divided into three generic 

types: quay cranes (QCs), yard cranes (YCs), and vehicle transporters, which are 

classified as either (internal) yard trucks (YTs) or eXternal trucks (XTs). Of these, QCs 
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are the most expensive and, hence, a key element of container terminal operations is to 

minimise the number required by maximising their utilisation. However, whilst the 

theoretical productivity of a QC is around 40 lifts or moves per hour, the realistic 

operational productivity averages at only some 25–30 moves per hour (Petering & Murty, 

2009). This difference between theory and practice is due to the absence of a smooth and 

continuous flow of containers being moved by the QCs (and the associated movement of 

YTs to deliver and remove the containers), which leads to increased QC idle time and, 

thus, an increased vessel turnaround time with the associated costs for the shipping 

companies as well as the port operating authority. 

This paper focuses on the problem of scheduling a fixed number of QCs to undertake the 

unloading and loading operations from or onto a vessel. The QCs are mounted on rails 

alongside the berth, which means that whilst they can move containers from or onto 

different locations on a specific vessel, they cannot pass each other. As a result, QCs 

might interfere with each other during their operations. In order to serve large vessels, up 

to six QCs are employed simultaneously in this way (Bierwirth & Meisel, 2009). 

 

Figure 2.1 Illustration of two quay cranes that are serving a vessel 

In the quay crane scheduling problem (QCSP) it has been assumed that a specific set of 

QCs are assigned to a vessel, and thus we need to determine an optimal or near optimal 

container sequence, and the associated time schedule for each assigned QC, in order to 

minimise the total vessel completion time. As shown in Figure 2.1, each vessel is 

partitioned into multiple non-overlapping sections named ‘bays’. A bay is a longitudinal 

space in which, ideally, containers that are due to be unloaded (and then those that are 

subsequently loaded) are grouped together. 
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As explained by Meisel and Bierwirth (2011), the research literature discussing the QCSP 

can be viewed in three different ways: (1) the ‘QCSP with container groups’, (2) the 

‘QCSP with complete bays’, (3) the ‘QCSP with bay areas’. The ‘QCSP with container 

groups’ results in the highest complexity as there are multiple tasks required to be 

undertaken in a given bay, and as a result more than one QC can be involved in handling 

the bay’s workload. Here, a ‘task’ is defined to be a specific group of containers to be 

loaded or unloaded, and so a task can consist of a whole bay or part of a bay. Thus, a 

given bay can include multiple tasks, but each task is limited to loading or unloading 

within one particular bay. 

This can be compared with the ‘QCSP with a complete bay’, in which all containers in a 

single bay are considered as one single task, such that all containers in the bay are 

processed by one QC without pre-emption. In the ‘QCSP with bay areas’, a task relates 

to a set of bays (i.e., more than one) in a connected area, and these are serviced by just 

one QC – an approach that leads to the lowest complexity. 

The aim of this paper is to apply a clustering approach to resolve the ‘QCSP with 

container groups’ in a deterministic setting in order to find a near optimal schedule for a 

fixed number of QCs, with the goal of minimising the total vessel service time. For 

simplicity, the ‘QCSP with container groups’ problem will henceforth be referred to as 

simply as the ‘QCSP’. 

To achieve the above aim, the next section provides an overview of relevant papers within 

the literature. This is followed in Section 2.3 by a more detailed explanation of the QCSP 

after which the proposed heuristic is discussed (Section 2.4), and this is followed by a 

summary of the experimental results. The performance of the model under different 

conditions is discussed in Section 2.5, and a summary and recommendations for further 

research are presented in the final section. 

2.2 Literature Review 

The operation of the container terminal equipment (i.e, QCs, YCs and YTs/XTs) has, 

unsurprisingly, been considered by many researchers, with a large number of papers 

discussing the topic of QC routing and scheduling, and with the results being applicable 

to the movement of containers in a deterministic environment. For excellent summaries 
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of recent contributions to the literature of QC operations, we refer the reader to the work 

of Bierwirth and Meisel (2010, 2015), and Carlo et al. (2015). 

2.2.1 Exact Solution Approach 

One of the first considerations of the scheduling problem was the work of Kim and Park 

(2004), in which these authors discussed the operation of QCs with non-crossing 

constraints, a safety distance of at least one ship-bay, precedence constraints among tasks 

that are in the same bay, and consideration of container groups. The main objective of the 

research presented by these authors was to minimise the weighted ‘makespan’ (the 

maximum completion time) and the total completion time for the load/unload of a vessel. 

To achieve this, a mathematical model, a branch and bound (B&B) algorithm, and a 

greedy randomised adaptive search procedure (GRASP) were proposed. However, 

Moccia et al. (2006) suggested that crane interference is likely to occur in Kim and Park’s 

model, and so these authors improved the formulation of Kim and Park by developing a 

branch and cut (B&C) algorithm that outperformed the Kim and Park’s B&B algorithm. 

Subsequently, Bierwirth and Meisel (2009) resolved the same problem in a limited 

solution space by using unidirectional schedules (UDS) in which the QCs are only 

allowed to move in one direction. In doing so, their proposed B&B algorithm achieved 

better results in terms of solution quality and computation time when compared with the 

existing methods in the literature. 

In parallel, a mixed integer programming model has been formulated by Tavakkoli-

Moghaddam et al. (2009) to find the optimal allocation of QCs to each vessel, and the 

sequence of handling tasks for each QC simultaneously with a genetic algorithm (GA) 

being used to analyse the real-sized problems. 

An enhanced B&B algorithm based on the work of Bierwirth and Meisel (2009) was 

developed by Legato et al. (2012) to overcome the practical QC issues of ‘ready time’, 

‘due time’ and the individual crane processing times. Their approach (denoted as LTM) 

introduced new branching and bounding criteria, and also refined the lower bound. LTM 

used unidirectional crane movement to generate the task sequences, and a timed petri net 

approach was developed to determine the completion time of all loading and unloading 
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tasks. Unsal and Oguz (2013) introduced a constraint programming (CP) model for the 

QCSP that ignores the initial QC locations under non-unidirectional schedules. 

A local branching approach under unidirectional crane movement has been investigated 

by Legato and Trunfio (2014). The unidirectional QCSP has also been studied by Chen 

et al. (2014), who formulated a simple and compact mixed integer programming (MIP) 

model for the QCSP that includes a small number of binary decision variables. Their 

model was an extension of the first MIP model for unidirectional crane movement, 

introduced by Liu et al. (2006). 

2.2.2 Approximation Approach 

As a further development, Sammarra et al. (2007) proposed a tabu search algorithm to 

solve the routing sub-problem as defined by Kim and Park (2004). To achieve this, a 

disjunctive graph was introduced for the scheduling sub-problem in order to calculate the 

finish time of loading and unloading tasks, with the performance of the TS approach being 

evaluated against the GRASP and the B&C algorithm. 

Kaveshgar et al. (2012) applied a genetic algorithm to the QCSP in which the QC 

movements are not limited to unidirectional schedules. Chung and Chan (2013) have 

recently developed a workload balancing genetic algorithm (WBGA) for the QCSP. A 

fuzzy logic procedure with regard to the QC loading condition and adjacent cranes’ 

workload from the left and the right was used to guide the process of task-to-QC 

reassignment. This procedure works like a mutation operator for the WBGA. 

A hybrid estimation of a distribution algorithm with local search has been proposed by 

Expósito-Izquierdo et al. (2013) for the task-to-QC assignment problem with 

unidirectional crane movement. Within this, the scheme proposed by Sammarra et al. 

(2007) is adopted to find the completion time for each task and QC. 

Nguyen et al. (2013) developed a priority-based schedule construction method for QCSPs 

to generate an optimal schedule for QCs with precedence and interference restrictions. 

Two heuristic computation procedures based on (1) genetic algorithm and (2) genetic 

programming (GP) were implemented using this method, which assigns tasks to QCs and 

finds the sequence of tasks using bidirectional crane movement. Additionally, the 
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outcomes of the GA and GP have been improved by a simple local search heuristic, which 

is called a hybrid genetic algorithm (HGA) and hybrid genetic programming (HGP). 

However, notwithstanding all the approaches that have been summarised above, the 

QCSP continues to be the subject of research aimed at improving both the branch and 

bound techniques and the metaheuristic approaches in order to achieve more effective 

solutions under small as well as large instances. Thus, as part of this developmental 

process, we explore QC operations under the realistic assumption that multiple QCs are 

working on the same vessel. This work focuses on the same QCSP originally introduced 

in Kim and Park (2004), where a mixed integer model was formulated, and which has 

been extended by several mathematical programming and heuristic approaches in the 

work of, among others, Moccia et al. (2006), Sammarra et al. (2007), Bierwirth and 

Meisel (2009), Legato et al. (2012). 

The resultant research presented in this paper develops a new solution method based on 

clustering algorithms that can effectively and efficiently obtain a near optimal schedule 

for the utilisation of the assigned QCs to serve a vessel with shorter computation times. 

In this approach, K-means and K-medoids clustering algorithms are applied to solve the 

task-to-QC assignment problem. In addition, a local search is applied to enhance the 

search space and refine the schedule. Although the K-means clustering has been used by 

Wu et al. (2015) to address the YC scheduling problem, clustering algorithms are not 

regularly used as an approach for the QCSP and, indeed, to the best knowledge of the 

authors, there is no scholarly research that has applied the K-means and K-medoids 

clustering algorithms to solve the QCSP. 

Hence, successfully solving this QCSP using clustering algorithms is the first contribution 

of this study. In doing so, it will be noted that the computation time is dramatically 

decreased because the methods employed are not only simple algorithms to implement 

and run, but they also work extremely well with large data-sets. In particular, K-means 

and K-medoids clustering algorithms do not require any parameters to be set – rather, all 

that the operator needs to do is to choose a value of ‘K’ and run the program. 
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2.3 The Quay Crane Scheduling Problem 

The QCSP can be described as follows: There is a set of loading or unloading tasks to be 

scheduled in a vessel with b bays. A number k of identical quay cranes are assigned to a 

vessel to undertake the handling tasks. Let T (T = 1, 2…n) be the set of task, B (B = 1, 

2…b) the set of bays, and Q (Q = 1, 2…k) the set of QCs. Each task j ∈ T has a processing 

time pj and a bay location lj. 

Each task must be carried by one QC q ∈ Q without pre-emption. Without loss of 

generality, the vessel is available to be served at time 0. Each QC q has a ready time rq, 

and an initial bay location lq. The workload of a bay can be shared between multiple QCs, 

but not simultaneously. The QC travel time is t time units per bay. 

Let Φ be the set of task pairs that have precedence constraints. Hence, for each pair (i, j) 

∈ Φ, i, j ∈ T, task j can only start to operate after the completion of task i. Let Ѱ denote 

non-simultaneous task pairs (i, j) ∈ Ѱ, i, j ∈ T, the handling times for tasks i and j must 

not overlap. It is therefore clear that Φ ⊆ Ѱ. 

The following notations and symbols are used to present the mathematical formulation 

for the QCSP with interference and precedence constraints. The mathematical model for 

the QCSP used in this dissertation is based on the MILP models developed by Kim and 

Park (2004), Moccia et al. (2006), Sammarra et el. (2007), and Bierwirth and Meisel 

(2009).  
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Indices  

i, j  Index for tasks 

q, v, w Index for quay cranes 

Problem data  

n Total number of tasks 

b Total number of bays in a vessel 

k Total number of quay cranes 

pi Processing time of task i 

li Bay location of task i 

rq Ready time of quay crane q 

𝑙0
𝑞 Initial bay location of quay crane q 

t Quay crane travel time units per bay 

𝑡𝑖𝑗
𝑞  Travel time for quay crane q to move from li to lj is calculated as 

𝑡𝑖𝑗
𝑞 = 𝑡. |𝑙𝑖 − 𝑙𝑗| 

𝑡0𝑖
𝑞

 Travel time for quay crane q to move from its initial location to li is 

calculated as 𝑡0𝑖
𝑞 = 𝑡. |𝑙0

𝑞 − 𝑙𝑖| 
s Minimum safety distance between adjacent quay cranes  

𝛿𝑣𝑤 The smallest allowed difference between the bay location of quay cranes 

v and w is calculated as 𝛿𝑣𝑤 = (𝑠 + 1). |𝑣 − 𝑤| 

∆𝑖𝑗
𝑣𝑤 The minimum temporal distance is calculated as 

∆𝑖𝑗
𝑣𝑤= {

(𝑙𝑖 − 𝑙𝑗 + 𝛿𝑣𝑤). 𝑡     if 𝑣 < 𝑤   and   𝑖 ≠ 𝑗   and   𝑙𝑖 > 𝑙𝑗 − 𝛿𝑣𝑤

(𝑙𝑗 − 𝑙𝑖 + 𝛿𝑣𝑤). 𝑡     if 𝑣 > 𝑤   and   𝑖 ≠ 𝑗   and   𝑙𝑖 < 𝑙𝑗 − 𝛿𝑣𝑤

0       Otherwise                                                                                    

 

M A large positive number 

Set of indices  

T Set of all tasks T={1,2,…,n} 

B Set of bays B={1,2,…,b} 

Q Set of quay cranes Q={1,2,…,k} 

Φ Set of task pairs with precedence constraints 

Ѱ Set of task pairs with non-simultaneous constraints  

Θ Set of all combinations of tasks and quay cranes that potentially lead to 

crane interference. It can be calculated as  

Θ = {(𝑖, 𝑗, 𝑣, 𝑤) ∈ 𝑇2 × 𝑄2  | (𝑖 < 𝑗) ∧ (∆𝑖𝑗
𝑣𝑤> 0)} 

Decision variables 

𝑥𝑖
𝑞
 ={

1     if task   𝑖 ∈ 𝑇   is operated by quay crane 𝑞 ∈ 𝑄
0     Otherwise                                                                     

 

zij ={
1     if task 𝑗 starts after the completion of task 𝑖
0     Otherwise                                                               

 

Cmax Makespan 

ci Completion time of task i 

Objective function  

Minimise Cmax (1) 

Subject to 
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∑ 𝑥𝑖
𝑞 = 1 

𝑞∈𝑄

 ∀ 𝑖 ∈ 𝑇 (2) 

𝑐𝑖 + 𝑡𝑖𝑗
𝑞 + 𝑝𝑗 − 𝑐𝑗 ≤ 𝑀(1 − 𝑥𝑖

𝑞) ∀ 𝑖, 𝑗 ∈ 𝑇, 𝑞 ∈ 𝑄 (3) 

𝑐𝑖 + 𝑝𝑗 ≤ 𝑐𝑗 ∀ 𝑖, 𝑗 ∈ Φ (4) 

𝑐𝑖 + 𝑝𝑗 − 𝑐𝑗 ≤ 𝑀(1 − 𝑧𝑖𝑗) ∀ 𝑖, 𝑗 ∈ 𝑇 (5) 

𝑐𝑗 − 𝑝𝑗 − 𝑐𝑖 ≤ 𝑀𝑧𝑖𝑗 ∀ 𝑖, 𝑗 ∈ 𝑇  (6) 

𝑧𝑖𝑗 + 𝑧𝑗𝑖 = 1 ∀ 𝑖, 𝑗 ∈ Ѱ (7) 

𝑥𝑖
𝑣 + 𝑥𝑗

𝑤 ≤ 1 + 𝑧𝑖𝑗 + 𝑧𝑗𝑖 ∀ (𝑖, 𝑗, 𝑣, 𝑤) ∈ Θ (8) 

𝑐𝑖 + ∆𝑖𝑗
𝑣𝑤 + 𝑝𝑗 − 𝑐𝑗 ≤ 𝑀(3 − 𝑧𝑖𝑗 − 𝑥𝑖

𝑣 − 𝑥𝑗
𝑤) ∀ (𝑖, 𝑗, 𝑣, 𝑤) ∈ Θ (9) 

𝑐𝑗 + ∆𝑖𝑗
𝑣𝑤 + 𝑝𝑖 − 𝑐𝑖 ≤ 𝑀(3 − 𝑧𝑗𝑖 − 𝑥𝑖

𝑣 − 𝑥𝑗
𝑤) ∀ (𝑖, 𝑗, 𝑣, 𝑤) ∈ Θ (10) 

𝑟𝑞 + 𝑡0𝑖
𝑞 + 𝑝𝑖 − 𝑐𝑖 ≤ 𝑀(1 − 𝑥𝑖

𝑞) ∀ 𝑖 ∈ 𝑇, 𝑞 ∈ 𝑄 (11) 

𝑐𝑖 ≥ 0 ∀ 𝑖 ∈ 𝑇 (12) 

𝑥𝑖
𝑞 ∈ {0,1} ∀ 𝑖, 𝑗 ∈ 𝑇, 𝑞 ∈ 𝑄 (13) 

𝑧𝑖𝑗 ∈ {0,1} ∀ 𝑖, 𝑗 ∈ 𝑇 (14) 

The objective function (1) is to minimise the makespan. Constraint (2) ensures that each 

task is handled by exactly one QC. Constraint (3) determines the task completion time of 

each task. Constraint (4) determines the precedence constraints between tasks in the set 

Φ. Constraints (5) and (6) define the zij variables that prevent inter-crane interference. 

Constraint (7) guarantees that tasks in the set Ѱ are not operated simultaneously. 

Constraints (8)–(10) ensure that inter-crane interference is avoided. Constraint (11) 

defines the completion time for the first task of each QC. Finally, Constraints (12)–(14) 

provide the valid range for the decision variables. 

In this research, and in line with the typical collision avoidance operating rules within a 

container terminal, a minimum safety distance s will be implemented between adjacent 

QCs. The effect of this safety distance constraint is that QCs remain separated and can 

never cross each other. The minimum safety distance is a fixed number of ship bays. 

In our research, we consider the precedence constraint among different tasks in the same 

bay based on their location, and the process type (loading/unloading). These constraints 

are both logical and also reflect normal practice within a container terminal in which the 

unloading tasks in a given bay are required to be completed before the loading tasks. Also, 

unloading tasks that are located on a deck always have higher priority than the tasks in 

the hold (i.e., below deck level). Conversely for loading tasks, those in the hold must be 
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undertaken before tasks on the deck. As a result, and in order to avoid confusion, loading 

and unloading tasks in the same bay are treated (and named) as separate tasks. Finally, 

any task can start to be handled by a QC if the preceding task(s) have been completed by 

any QC. 

The first aim of this research is to propose an approach that can generate an optimal or 

near optimal task scheduling for each QC in a shorter computation time. The objective is 

to minimise the longest completion time of assigned QCs (makespan) in order to achieve 

a swift handling process for the vessel. In addition, if two different schedules have the 

same makespan, the schedule with the lesser total QC completion time will be chosen. 

The concept of unidirectional crane movement in which the solution space for all QCs is 

limited to one single direction of crane movement has been widely used in QCSPs. In line 

with this approach, all available QCs must move in the same direction while serving the 

vessel. As a result, although the feasible search space in the unidirectional schedules is 

reduced when compared to the non-unidirectional and bidirectional schedules, in most 

cases it provides task sequences in a shorter time. However, the unidirectional constraint 

also permits the search space of a given set of tasks to incorporate both left-to-right 

movement of QCs and right-to-left movement of QCs. As a result, in this study we apply 

the unidirectional schedule twice for any given problem in order to find the best schedule. 

Table 2.1 provides a simple example of the QCSP with 10 tasks located in a vessel with 

11 bays, and in which two QCs are available to serve the vessel. The processing time and 

bay location for each task are given. The QCs 1 and 2 are initially located at bays 1 and 

3, and their ready times are 0 and 5 respectively. The safety distance for two adjacent 

QCs is at least s = 1 bay at all times, and the QC travel time is one time unit per bay (t = 

1).  
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Table 2.1 A small QCSP instance with 10 tasks 

Task index, j 1 2 3 4 5 6 7 8 9 10 

Bay location, lj 2 3 3 4 4 5 6 6 8 11 

Processing time, pj 43 30 33 48 15 61 10 12 27 33 

Precedence constraints tasks, Φ  (2, 3), (4, 5), (7, 8) 

Non-simultaneous tasks, Ψ  (1, 2), (1, 3), (2, 3), ( 2, 4), (2, 5), (3, 4), (3, 5),  

(4, 5), (4, 6), (5, 6), (6, 7),(6, 8), (7, 8) 

Quay crane index, q 1 2         

Quay crane ready time, rq 0 5         

Initial quay crane location, lq 1 3         

Safety distance s = 1 (bay) Travel time t = 1(time unit per bay)     

      

A proposed schedule for the data in Table 2.1 is illustrated in Figure 2.2. The task 

sequences assigned to QC1 are 1, 2, 3, 4, and 5; and for QC2 they are 6, 7, 8, 9, and 10. 

The resultant vessel handling time (makespan) for this test instance is 177 time units. Due 

to the interference between two adjacent cranes, QC1 is blocked by QC2 on one occasion 

in order to avoid crane collision, that is, QC1 is blocked at bay 1 until time unit 5 because 

the ready time for QC2 is at time unit 5. 

 
Figure 2.2 A unidirectional schedule of the data in Table 2.1 

2.4 Heuristic Description 

Finding an optimal solution for the QCSP was proved to be NP-hard by Lim et al. (2007). 

In other words, neither an exact efficient algorithm nor a dynamic programming approach 

exists to solve these problems in a polynomial time – indeed, there is no polynomial time 

algorithm for its exact solution. As a result, many different solution approaches have been 

presented in the QCSP literature, as outlined in the earlier review (Section 2.2). However, 
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to the best of the authors’ knowledge, the approach that we propose – a clustering-based 

algorithm – has not previously been used to solve the QCSP. 

In summary, the QCSP can be seen as the handling of a set of containers to be loaded and 

unloaded onto or from a single vessel by its assigned QCs, noting that the number of QCs 

that are assigned to a vessel is fixed prior to the development of the schedule. The main 

problem is, therefore, to determine the optimal schedule for the QCs such that the total 

ship stay time in port is minimised, subject to the crane interference and precedence 

constraints. As a result, all decisions, including those related to the task assignment to 

QCs, the task sequencing for each QC, and the development of a time schedule framework 

that indicates the start time and completion time of all tasks, have to be made with respect 

to crane interference as well as the precedence constraints of the tasks. 

Since the proposed search heuristic uses clustering algorithms to explore solutions in the 

unidirectional search space, the resulting method has been named the clustering 

unidirectional heuristic (CUH). The CUH decomposes the QCSP into three sub-problems, 

namely: (1) the assignment of a set of tasks to each QC, (2) the sequence of tasks for a 

given QC, and (3) the determination of a schedule for each QC to handle a vessel in the 

shortest time. The procedure of the CUH is illustrated in Figure 2.3. In summary, the 

stages of the CUH are as follows: 

(1) K-means and K-medoids clustering algorithms are adopted to partition a set of tasks 

(T = 1, 2…n) to a particular number of QCs (Q = 1, 2…k). Due to the random nature of 

the K-means and K-medoids clustering, a set of initial solutions for the task-to-QC 

assignment can be generated, whereby each individual initial solution is considered as a 

possible solution for the task-to-QC assignment. 

 (2) After generating the initial solutions using the clustering algorithms, all individual 

initial solutions are separately sampled by the unidirectional schedules to find the 

corresponding QC’s task sequences, and then the task schedule is obtained for each 

individual solution. 

(3) A local search procedure (including reassignment and swapping strategies) is then 

applied to a subset of the best solutions to generate new candidate schedules. The new 
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schedules replace the original ones if they achieve a better level of performance (i.e., less 

makespan). 

(4) Step 3 is then reiterated until no improvement is achieved. At each iteration, the CUH 

keeps the best solution. 

 

Figure 2.3 Framework of the CUH 

2.4.1  Task Assignment 

The first step in the CUH is to dispatch the QCs assigned to a vessel in order to serve all 

the loading and unloading tasks in line with the non-crossing constraint. Clustering 

algorithms are adapted to select and assign a set of tasks to each QC in order to generate 

an initial assignment of tasks for each QC. As the number of QCs assigned to a vessel is 

known in advance, the task-to-QC assignment determines which QC will execute a given 

task. 
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In doing so, K-means (Hartigan, 1975) and K-medoids (Kaufman & Rousseeuw, 1987) 

clustering algorithms are applied to assign tasks to each QC. They partition a set of data 

points into K mutually exclusive clusters, with the value of K known in advance. Each 

task is assigned to exactly one cluster, and the generated clusters are non-overlapping 

groups. Each cluster is described by its members and its centre. 

Both K-means and K-medoids are well understood and frequently used partitioning 

methods that include two phases. First, K data points as initial cluster centres are selected. 

Noting that there is no fixed initialisation technique to determine initial cluster centres, 

so, in turn, different initial cluster centres can produce different final cluster memberships. 

Once the initial cluster centres are determined, the second phase of the K-means and K-

medoids clustering algorithms operates in a deterministic way with the clusters being 

formed by assigning data points in which the cluster members are as close to each other 

as possible. The goal of both clustering algorithms is to minimise, across all the clusters, 

the sum of the distances from each cluster member to its centre. The algorithms have 

converged when the sum no longer decreases. 

K-means uses centroids as the centre of the clusters, which is usually the mean of data 

points in each cluster and almost never corresponds to an actual data point. K-medoids, 

which is similar to K-means, uses medoids as the centre. This is the most representative 

point for a group of data points and must be an actual data point in the data-set. The details 

of the basic K-means algorithm are shown in Figure 2.4: 

Input data : Number of clusters (K) 

1. Set K positions as initial cluster centres 

2. REPEAT 

3.  Calculate the distance between each data point and all cluster centres 

4.  Assign each data point to the cluster with the nearest centre 

5.  Assign new cluster centres based on the means of data in the current 

clusters 

6. UNTIL Cluster centres do not change 

Figure 2.4 Basic K-means clustering algorithm 

We used random and K-means++ (Arthur & Vassilvitskii, 2007) initialisation techniques 

for choosing the initial cluster centres. Here the number of clusters (K) is assumed to be 

equal to the number of QCs assigned to the vessel, and the number of data points is the 

same as the total number of tasks to be scheduled (n). In general, the bay location lj of 
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each task j is the essential data required for both K-means and K-medoids. We can insert 

container task bay numbers as a one-dimensional (i.e., 1-by-n) vector into K-means and 

K-medoids, and then partition all n tasks into K clusters. 

However, in order to achieve a better grouping of the container tasks, that is, to find a 

better initial cluster centroid/medoid for K-mean/K-medoids and thus efficiently explore 

the solution space, the input data for clustering algorithms are organised as a two-

dimensional matrix. In doing so, two approaches are proposed to build the input data 

structures: 

(1) The bay location of each task is combined with its sequence in the unscheduled task 

list. For example, the data in Table 2.1 are inserted into K-means and K-medoids as 

follows: 

[(1, 2), (2, 3), (3, 3), (4, 4), (5, 4), (6, 5), (7, 6), (8, 6), (9, 8), (10, 11)] 

(2) The bay location of each task is combined with the sum of (a) the average of current 

task processing time and (b) the cumulative sum of previous tasks’ processing time. For 

instance, the data in Table 2.1 are inserted into K-means and K-medoids to be partitioned 

into two clusters as follows: 

[(2, 21.5), (3, 58), (3, 89.5), (4, 130), (4, 161.5), (5, 199.5), (6, 235), (6, 246), (8, 265.5), 

(11, 295.5)] 

Each task-to-QC assignment solution that is created by K-means or K-medoids is a single 

level of clusters in which each cluster refers to a particular QC. Figure 2.5 shows one 

possible task-to-QC assignment that was created by the clustering approach for the data 

presented in Table 2.1. In this, tasks 1, 2, 3, 4 are assigned to QC1, whilst tasks 5, 6, 7, 8, 

9, 10 are assigned to QC2. 

Task index 1 2 3 4 5 6 7 8 9 10 

Bay location 2 3 3 4 4 5 6 6 8 11 

QC index 1 1 1 1 2 2 2 2 2 2 

Figure 2.5 Sample of task-to-QC assignment generated 

K-means and K-medoids clustering algorithms produce the initial solutions, which are a 

group of different (but sometimes similar) individual solutions for task assignments for 
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each problem. The number of generated initial solutions depends on the initialisation 

technique, the total number of tasks, the distribution of bay locations, and the total number 

of QCs. By running the clustering algorithms multiple times, new individual solutions 

can be generated. As part of this process, the CUH only retains the distinct individual 

initial solutions and rejects those with at least one empty cluster. The clustering 

algorithms terminate if no new individual solution is generated after α iterations. 

2.4.2 Task Sequencing 

The next step after assigning a set of tasks to each QC is to develop the sequence of tasks 

allocated to the given QC, and this is derived from the order of the bays to be worked by 

each QC. In this research, the use of unidirectional search space has been adopted. In a 

unidirectional schedule, all QCs must move in the same direction, either from left-to-right 

(i.e., upward QC movement, in the sense of bay numbers) or in opposite direction from 

right-to-left (i.e., downward QC movement); and, except at the beginning of the schedule, 

in order to reach the first task, they are not allowed to change their direction of movement. 

Whilst the unidirectional schedule limits the feasible search space of task sequencing for 

each QC, it has been shown by Lim et al. (2007) that a unidirectional schedule is always 

able to find at least one optimal solution for the QCSP with complete bays (when there is 

only one task per bay). However, as noted by Bierwirth and Meisel (2009), in the QCSP 

with container group scenario, the optimal solution may not be limited to a unidirectional 

schedule because of the precedence constraint between tasks, and thus a better schedule 

may not be found by this method. On the other hand, the unidirectional schedule is a 

simple technique for solving the QCSP swiftly and heuristically, with a high-quality 

solution that results from the reduction in the search space. Furthermore, the 

unidirectional schedule has been widely used for solving the QCSP with container group 

problem by, for example, Bierwirth and Meisel (2009), Chen et al. (2014), Chung and 

Chan (2013), Expósito-Izquierdo et al. (2013), Legato and Trunfio (2014), and Legato et 

al. (2012). In addition, and as noted by Unsal and Oguz (2013), ‘the overall solution 

quality of unidirectional schedules for QCSP (or independent-unidirectional schedules) 

is very similar to the non-unidirectional schedules’ (p. 119). 

As a result, in this research, when unidirectional crane movement is applied to obtain the 

task sequences for a test instance, it must be applied twice because the right-to-left 
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movement of QCs creates a different task sequence compared to the left-to-right 

movement. During the assignment of tasks to a specific QC using the clustering 

algorithm, some of the task-to-QC assignment results do not lead to a feasible 

unidirectional schedule with regard to the precedence constraint among tasks in the same 

bay. For example, the task-to-QC assignment presented in Figure 2.5 is not a feasible 

solution for left-to-right movement of QCs, due to the precedence of relation between 

tasks 4 and 5. Both tasks 4 and 5 are located within bay 4, and task 4 must be undertaken 

before task 5 (i.e., task 5 cannot be processed before the completion of task 4). In this 

case, if QC2 is selected to handle task 4, then task 5 can be handled either by QC1 or 

QC2. 

In the proposed task-to-QC assignment in Figure 2.5, task 4 is assigned to QC1, hence 

task 5 cannot be carried out by QC2, and the proposed task assignment is not valid for 

left-to-right movement of QCs. So, whenever the task assignment violates the precedence 

constraint, a repairing strategy is applied to swap the invalid tasks and create a new task-

to-QC assignment, which yields a feasible unidirectional schedule. Figure 2.6 shows the 

task-to-QC assignment after swapping tasks 4 and 5. The proposed task-to-QC 

assignment in Figure 2.5 is a valid solution for right-to-left QC movement though. 

Task index 1 2 3 4 5 6 7 8 9 10 

Bay location 2 3 3 4 4 5 6 6 8 11 

           

QC index 1 1 1 1 2 2 2 2 2 2 

    
 

      

QC index 1 1 1 2 1 2 2 2 2 2 

Figure 2.6 Sample of repairing strategy for left-to-right movement of QCs 

2.4.3 Task Scheduling 

After assigning a set of tasks to each QC by means of the clustering algorithm and then 

determining the handling sequence of tasks for each QC in a unidirectional schedule, the 

next step in the CUH is to find the start and completion times for each task and QC as 

well as the vessel completion time (the makespan of the schedule). In order to have 

feasible unidirectional schedules, the proposed times must take into account crane 

interference (the safety distance and non-passing constraints), the precedence constraints 

among tasks, and also the sequence of tasks. 
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To achieve the scheduling step of the CUH and build feasible unidirectional schedules, a 

set of simple priority rules is enforced by considering the QCs index number. In right-to-

left movement of QCs, priority is given to the leftmost QC (here the QC with the smallest 

index number) to serve its allocated tasks, that is, first, the assigned tasks to QC1 are 

scheduled, and then the scheduling step continues with QC2 and continues until the last 

crane’s tasks have been scheduled. 

The reverse applies to left-to-right movement of QCs. Thus, in the following example the 

rightmost QC (here the QC with the largest index number) has the higher priority in the 

movement of QCs in the left-to-right direction, that is, the crane k is scheduled first, then 

crane k −1 and so on. In other words, the leftmost QC operating in the right-to-left 

direction and the rightmost QC in the left-to-right direction will have no waiting time in 

their schedules. 

Third, every QC must finish the handling of all tasks in the current bay before moving to 

the next working bay. Each task is inserted into its assigned QC scheduling task list one 

by one with regard to the QC task sequence. 

Finally, a fixed safety distance is always required between two adjacent QCs to avoid 

collisions. In order to ensure that there is no violation of the safety distance between two 

QCs during the scheduling step of the CUH, the procedure in Li et al. (2012) is adopted 

to identify the tasks that may violate this safety requirement. For example, in Figure 2.7 

there are two tasks i and j that are assigned to be handled by two adjacent QCs, q and q – 

1. Where the bay location difference of tasks i and j is less than the minimum safety 

distance, if the finish time of task j is later than the start time for task i, and also the start 

time of task j is earlier than the finish time for task i, then handling both tasks i and j at 

the same time would lead to a collision. To prevent the resultant deadlock and to 

overcome the conflict, sufficient idle time (i.e., waiting time) must be inserted before 

handling tasks i or j. If the QCs are operating in a left-to-right direction, QC q has higher 

priority, so task j must wait for the completion of task i. Conversely, for QCs operating 

in the right-to-left direction, task i must wait for the completion of task j as the lower QC 

(i.e., QC q – 1) has a higher priority. 
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Figure 2.7 An illustration of two tasks by two adjacent QCs 

As indicated earlier, left-to-right and right-to-left movement of QCs create two different 

schedules, and a right-to-left schedule of the data in Table 2.1 is illustrated in Figure 2.8. 

As the CUH is applied twice for each individual solution, the schedule with lower value 

of makespan is reported as the final solution. In the case that both unidirectional 

movements of QCs create schedules with the same makespan, the one with the lower total 

QC completion time is taken as the final solution. 

 
Figure 2.8 A right-to-left schedule of the data in Table 2.1 

2.4.4 Local Search Procedure 

In a similar way to other types of heuristic algorithms, the quality of the solutions created 

using K-means and K-medoids depends on the starting points (i.e., the initial clustering). 

Hence, it cannot be guaranteed that K-means and K-medoids will converge to the global 

optimal solution. Thus, in order to avoid convergence at a local minimum and to ensure 

a better exploration of the solution space, a simple local search procedure is applied. 
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Reassignment and swapping strategies, both performed on individual solutions, are 

undertaken to help ensure that the CUH also considers unexplored regions. 

The reassignment element of the local search procedure relocates one single task from 

QC q to its adjacent QCs (q − 1 or q + 1) task list and creates a new schedule. To achieve 

an improved solution, first the QC with the higher total completion time is selected, then 

one task is moved to the adjacent QC with the lower total completion time. In doing so, 

it will be noted that, in order to follow the unidirectional schedule in the proposed 

reassignment process, first a bay number from the nominated QC is randomly selected, 

then, depending on the precedence of relation between tasks, direction of QCs movement 

(left-to-right or right-to-left) and destination QC, a task from the selected bay is chosen 

for relocating.  

To illustrate this step, suppose that a particular bay from QC q task list is selected. If there 

are three tasks 4, 5, and 6 in this bay, as shown in Figure 2.9, a different task is selected 

for reassignment depending on the QC direction and hence which QC is considered for 

reassignment. 

Move to QC q + 1        Move to QC q + 1 

               

 4 5 6        4 5 6  

               

  Move to QC q − 1    Move to QC q − 1   

Figure 2.9 (Left) Left-to-right movement of QCs (Right) right-to-left movement of 

QCs 

In a similar way, the swapping strategy is undertaken as follows: first, two bays from two 

adjacent QCs are randomly selected, and one task from each QC is swapped following 

the precedence constraints described in Figure 2.9. In order to speed up the computation, 

only a subset of the generated schedules with the best makespans is chosen for 

reassignment and swapping. A given percentage β of the best schedules are sampled by 

the local search procedure. 

2.5 Computational Results 

We used Matlab R2016a software to code the CUH algorithm, and all computational tests 

were executed on a PC with an Intel Core i5@3.2GHz processor and 8GB RAM. 
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Numerical experiments were carried out to determine the CUH performance. A well-

known benchmark suite proposed by Meisel and Bierwirth (2011) has been adopted, 

which includes a variety of test instances. This benchmark, which contains 400 test 

instances, is divided into seven sets by considering different combinations of parameters 

to compare different problem scenarios that reflect realistic real instances in the QCSP. 

The details of this benchmark are presented in Table 2.2, with the definitions of the 

notations in this table being explained in detail by Meisel and Bierwirth (2011). The 

parameters in Table 2.2 represent the number of tasks (n), number of bays (b), container 

capacity per bay (c), handling rate (f), bay location parameters (Loc), precedence density 

(d), number of QCs (k), and safety distance (s). 

Table 2.2 Benchmark suite features introduced by Meisel and Bierwirth (2011) 

Set n B c f Loc d k s 
No of 

instances 

A 10,15,20,25,30,35,40 10 200 0.5 Uni 1 2 1 70 

B 45,50,55,60,65,70 15 400 0.5 Uni 1 4 1 60 

C 75,80,85,90,95,100 20 600 0.5 Uni 1 6 1 60 

D 50 15 400 0.2,0.8 cl 1,cl 2,uni 1 4 1 60 

E 50 15 400 0.5 Uni 0.8,0.85,0.9,0.95,1 4 1 50 

F 50 15 400 0.5 Uni 1 2,3,4,5,6 1 50 

G 50 15 400 0.5 Uni 1 4 0,1,2,3,4 50 

          

Each combination of parameters in Table 2.2 includes a subset of ten different test 

instances that are generated by using seeds from 1 to 10. The total number of test instances 

in each set is reported in the last column, and ten independent runs of the CUH are 

performed for each test instance. In the following experiments, the value of α is selected 

to 10 for all data sets, β = 0.1 is selected for set C, and β = 0.4 for other data sets. 

2.5.1 Performance under Deterministic Case 

2.5.1.1 Comparison of Solution Quality 

The performance of the CUH in a deterministic environment is verified by a comparison 

of the obtained results with the following methods in the literature: (1) the UDS heuristic 

introduced in Bierwirth and Meisel (2009), and (2) the hybrid evolutionary computation 

based methods, HGA and HGP, developed in Nguyen et al. (2013); both of which provide 

full analyses for all the data-sets proposed in Meisel and Bierwirth (2011). Although there 

are some published methods in the QCSP literature that produce slightly better solutions, 
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such as Chen et al. (2014) and Legato and Trunfio (2014), these authors only solved sets 

B and C of the Meisel and Bierwirth (2011) data, and therefore we did not include them 

for comparison. The total average gaps, measured in terms of percentage gap between 

UDS and these algorithms for sets B and C (Gap = 100 × (falg − fUDS)/fUDS), are −0.06% and 

−0.03%, for Chen et al. (2014) and Legato and Trunfio (2014) respectively. 

Table 2.3 presents the detailed computational results for every test instance of set A using 

the CUH with respect to the UDS, HGA, and HGP. The first two columns present the 

number of tasks and QCs in each subset (column 1), as well as the seed number ranges 

from 1 to 10 (column 2). The next three columns provide the makespan for each test 

instance using, respectively, the UDS, HGA and HGP heuristics. 

The reported results for HGA and HGP are the best makespan found from five 

independent runs for each test instance. Consequently, the next two columns (columns 6 

and 7) present the makespan results obtained by the CUH reporting the best and average 

values of the makespan from 10 independent runs for each test instance. The next group 

of columns (columns 8–12) provide the relevant computation time for each test instance 

in seconds. The time for the CUH denotes the time to find the best makespan, as well as 

the average time of 10 independent runs to solve the QCSP. In the case of set A, the 

computation time for the UDS to solve a test instance was reported to be below 1 second 

in the original paper. The last set of columns (columns 13–15) show the percentage gap 

between each method and the CUH; for example, GapUDS = 100 × (fCUH − fUDS)/fUDS. Also, 

the average values of each subset of 10 test instances are presented at the end of each 

subset in Table 2.3. 

Set A includes test instances for small size vessels with 10 bays that are handled by two 

QCs, and the number of tasks ranges from 10 to 40. Set A consists of 7 subsets (i.e., 70 

test instances). As shown in Table 2.3, the value of the makespan obtained by CUH 

compared to the UDS is exactly the same for all test instances in set A. Comparing our 

results with HGA and HGP, in most test instances the value of gap is very small, and the 

average gap over different subsets ranges from −0.04% to 0.06%. However there are three 

test instances in subsets 1 and 2 in which HGA and HGP outperform CUH, but the CUH 

provides better solutions in five test instances when compared to HGA, and two test 

instances when compared to HGP. 
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Table 2.3 Comparison of the CUH performance for set A 

   Makespan  Time (sec)  Gap (%) 

n×q Instance  UDS HGA HGP CUH (Best)  CUH (Avg.)  UDS HGA HGP CUH (Best) CUH (Avg.)  UDS HGA HGP 

10×2 1  520 520 520 520 520  <1 <1 <1 0.13 0.21  0 0 0 

 2  508 508 508 508 508  <1 <1 <1 0.06 0.08  0 0 0 

 3  513 513 513 513 513  <1 <1 <1 0.06 0.08  0 0 0 

 4  510 510 510 510 510  <1 <1 <1 0.13 0.17  0 0 0 

 5  515 514 514 515 515  <1 <1 <1 0.10 0.17  0 0.19 0.19 

 6  513 513 513 513 513  <1 <1 <1 0.09 0.12  0 0 0 

 7  511 511 511 511 511  <1 <1 <1 0.06 0.11  0 0 0 

 8  513 513 513 513 513  <1 <1 <1 0.16 0.21  0 0 0 

 9  512 512 512 512 512  <1 <1 <1 0.06 0.12  0 0 0 

 10  549 549 549 549 549  <1 <1 <1 0.13 0.17  0 0 0 

 Avg.  516.4 516.3 516.3 516.4 516.4     0.10 0.14  0 0.02 0.02 

15×2 1  514 513 513 514 514  <1 <1 <1 0.16 0.25  0 0.19 0.19 

 2  507 507 507 507 507  <1 <1 <1 0.16 0.19  0 0 0 

 3  515 513 513 515 515  <1 <1 <1 0.10 0.13  0 0.39 0.39 

 4  513 513 513 513 513  <1 <1 <1 0.16 0.23  0 0 0 

 5  507 507 507 507 507  <1 <1 <1 0.16 0.24  0 0 0 

 6  508 508 508 508 509  <1 <1 <1 0.15 0.23  0 0 0 

 7  507 507 507 507 507  <1 <1 <1 0.16 0.24  0 0 0 

 8  508 508 508 508 508.3  <1 <1 <1 0.13 0.20  0 0 0 

 9  507 507 507 507 507  <1 <1 <1 0.15 0.20  0 0 0 

 10  513 513 513 513 513  <1 <1 <1 0.10 0.18  0 0 0 

 Avg.  509.9 509.6 509.6 509.9 510.03     0.14 0.21  0 0.06 0.06 

20×2 1  508 508 508 508 508.5  <1 <1 <1 0.21 0.32  0 0 0 

 2  509 511 511 509 509  <1 <1 <1 0.15 0.23  0 −0.39 −0.39 

 3  509 509 509 509 509  <1 <1 <1 0.08 0.19  0 0 0 

 4  509 509 509 509 509  <1 1.6 <1 0.15 0.34  0 0 0 

 5  506 506 506 506 506  <1 <1 <1 0.12 0.18  0 0 0 

 6  508 508 508 508 508  <1 <1 <1 0.23 0.37  0 0 0 

 7  507 507 507 507 507  <1 <1 <1 0.16 0.27  0 0 0 

 8  510 510 510 510 510  <1 <1 <1 0.12 0.21  0 0 0 

 9  508 508 508 508 508  <1 <1 <1 0.15 0.26  0 0 0 

 10  507 507 507 507 507  <1 <1 <1 0.14 0.18  0 0 0 

 Avg.  508.1 508.3 508.3 508.1 508.15     0.15 0.25  0 −0.04 −0.04 

25×2 1  508 508 508 508 508  <1 <1 <1 0.23 0.40  0 0 0 

 2  507 507 507 507 507.6  <1 <1 <1 0.19 0.28  0 0 0 

 3  507 507 507 507 509.5  <1 <1 <1 0.22 0.35  0 0 0 

 4  507 507 507 507 507  <1 <1 <1 0.09 0.17  0 0 0 

 5  507 507 507 507 507  <1 1.6 <1 0.16 0.22  0 0 0 

 6  507 507 507 507 508.2  <1 2.4 2.8 0.23 0.39  0 0 0 

 7  508 508 508 508 508  <1 <1 <1 0.13 0.23  0 0 0 

 8  507 507 507 507 507  <1 2.2 <1 0.13 0.26  0 0 0 

 9  506 506 506 506 506  <1 3 <1 0.15 0.22  0 0 0 

 10  506 506 506 506 506  <1 2.6 1.8 0.26 0.35  0 0 0 

 Avg.  507 507 507 507 507.43     0.18 0.29  0 0 0 

30×2 1  506 506 506 506 506.1  <1 6 <1 0.09 0.24  0 0 0 

 2  508 508 508 508 508  <1 <1 <1 0.17 0.26  0 0 0 

 3  507 507 507 507 508.4  <1 3.4 2.4 0.20 0.25  0 0 0 

 4  507 507 507 507 507  <1 <1 <1 0.12 0.21  0 0 0 

 5  506 507 506 506 507.5  <1 4.6 1.8 0.15 0.22  0 −0.20 0 

 6  506 506 506 506 506  <1 <1 <1 0.14 0.25  0 0 0 

 7  508 509 509 508 508  <1 <1 <1 0.16 0.21  0 −0.20 −0.20 

 8  508 508 508 508 509.6  <1 1.4 <1 0.14 0.32  0 0 0 

 9  506 506 506 506 506  <1 2.4 <1 0.23 0.30  0 0 0 

 10  506 506 506 506 506  <1 <1 <1 0.23 0.31  0 0 0 

 Avg.  506.8 507 506.9 506.8 507.26     0.16 0.26  0 −0.04 −0.02 

35×2 1  506 506 506 506 507  <1 5.4 <1 0.17 0.36  0 0 0 

 2  507 507 507 507 507  <1 <1 <1 0.21 0.30  0 0 0 

 3  506 507 506 506 506  <1 4 4.2 0.21 0.29  0 −0.20 0 

 4  507 507 507 507 507  <1 6.6 2 0.23 0.32  0 0 0 

 5  507 507 507 507 507  <1 3.8 <1 0.26 0.34  0 0 0 

 6  511 511 511 511 511  <1 2.4 1.4 0.39 0.48  0 0 0 

 7  507 507 507 507 507  <1 6.4 2.4 0.17 0.21  0 0 0 

 8  506 506 506 506 506  <1 4.6 1.4 0.15 0.29  0 0 0 

 9  506 506 506 506 506  <1 1.2 <1 0.24 0.33  0 0 0 

 10  508 508 508 508 508.7  <1 <1 1.4 0.28 0.30  0 0 0 

 Avg.  507.1 507.2 507.1 507.1 507.27     0.23 0.32  0 −0.02 0 

40×2 1  506 506 506 506 506.3  <1 4 1 0.23 0.39  0 0 0 

 2  506 506 506 506 506  <1 1 <1 0.11 0.14  0 0 0 

 3  505 505 505 505 505  <1 4.6 2.4 0.26 0.35  0 0 0 

 4  507 507 507 507 507  <1 <1 <1 0.17 0.21  0 0 0 

 5  506 507 506 506 506.5  <1 4.2 1 0.39 0.43  0 −0.20 0 

 6  507 507 507 507 507  <1 3.6 1.8 0.18 0.35  0 0 0 

 7  507 507 507 507 507.1  <1 1.2 <1 0.25 0.53  0 0 0 

 8  506 506 506 506 506.7  <1 4.4 5.6 0.46 0.55  0 0 0 

 9  506 506 506 506 506  <1 2 2.8 0.25 0.45  0 0 0 

 10  507 507 507 507 507  <1 <1 <1 0.21 0.39  0 0 0 

 Avg.  506.3 506.4 506.3 506.3 506.46     0.25 0.38  0 −0.02 0 

 Avg.  508.8 508.83 508.79 508.8 509  <1 1.37 0.63 0.17 0.26  0.00 −0.01 0.003 
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It can be seen that the overall gap for all test instances in set A is almost zero. The 

computation time for all test instances in set A using CUH is less than 1 second, and the 

overall computation time is less than other methods found in the literature. Thus, Table 

2.3 shows that for small size vessels, the CUH is able to reach a similar solution as found 

by other methods but with shorter computation times. 

Table 2.4 summarises the average of computational results over different subsets of 10 

test instances in sets B to G. Here, the makespan (and its corresponding computation time) 

for CUH are the best from 10 independent runs. A summary row is provided for each set 

that reports the average makespan and computation times over all test instances in that 

set. As it can be seen from Table 2.4, the results obtained by the CUH are very close to 

other methods, and in a few test instances it is able to offer an improvement over other 

methods. 

Data in set B is related to medium size vessels with 15 bays, and the number of tasks 

varies from 45 to 70. Set B has 6 subsets (i.e., 60 test instances) and all of them have four 

QCs. From Table 2.4, it is clear that, overall, the CUH is able to find better solutions when 

compared to both HGA and HGP in all subsets. When compared with UDS, the CUH 

shows that the value of gap grows as the number of tasks increases, except for the last 

subset with 70 tasks where the CUH provides a slightly better solution. However, the 

average gap for set B is less than 0.13% when compared with UDS. 

The test instances in set C are related to large size vessels with 20 bays, and the number 

of tasks ranges from 75 to 100, and all test instances use six QCs. Although the number 

of tasks increases in set C and this leads to higher computation times compared with other 

sets, the CUH continues to achieve satisfactory results, outperforming HGA and HGP in 

most test instances. In addition, the CUH surpasses UDS in the last two subsets, whilst 

the average gap has a very low value of just 0.03%, which is the least among sets B to G. 

Test instances with various spatial distribution (Loc) of tasks are provided in set D for a 

medium size vessel with 15 bays and four QCs. All test instances have 50 tasks with a 

low (f = 0.2) and a high (f = 0.8) handling rate. From the results, it will be seen that with 

the increasing handling rate (f), the average gap and the average computation time of the 

CUH increase compared to UDS. The average gap for set D also reveals that the CUH is 

able to provide better solutions for the test instances with smaller handling rate compared 
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with higher handling rate. Overall, the CUH performs the worst for this set, with a gap of 

0.17% when compared with UDS. 

Set E introduces test instances with varied precedence density (d) ranging from 0.80 to 

1.00. All test instances have 50 tasks, four QCs, and 15 bays (medium size vessels). In all 

subsets, the CUH outperforms HGA and HGP and the average performance gap for set E 

is 0.09% compared to UDS. This demonstrates the CUH is able to achieve satisfactory 

solutions when the precedence density among tasks of the same bay is less than 1. 

Finally, sets F and G have been introduced to explore the impact of a varied number of 

QCs and the associated safety distances, whilst the number of tasks is 50 and the number 

of bays is 15 in both sets. In set F, the number of QCs ranges from 2 to 6, with one bay 

safety distance, whilst in set G, the number of QCs is fixed to four in all test instances, 

but the safety distance ranges from 0 to 4 bays. Considering the results in both sets F and 

G, it is clear that the overall computational results are very similar to those obtained using 

UDS, HGA and HGP, whilst for some subsets the CUH provides better solutions. Indeed, 

the average gaps for sets F and G are very competitive, and these reveal that the CUH 

works well with different numbers of QCs and safety distances. 

With regard to the above results, it can be noted that the overall quality of solutions 

generated by CUH, supported by K-means and K-medoids algorithms, are satisfactory 

solutions and almost similar to the UDS, HGA and HGP. Although in the worst case (set 

D) the overall gap is 0.17%, across the totality of the sets the CUH can obtain high-quality

solutions, which is very similar to the existing methods in the literature. At the same time, 

CUH outperforms the UDS, HGA and HGP for a few sets. 



 

53 

 

Table 2.4 Comparison of the CUH performance for sets B, C, D, E, F, G 

   Makespan  Time (sec)  Gap (%) 

Set Problem  UDS HGA HGP CUH  UDS HGA HGP CUH  UDS HGA HGP 

B 45×4  775.8 776.8 775.0 776.4  713.0 64.7 94.9 2.3  0.08 −0.05 0.18 

 50×4  770.9 772.1 772.5 772.0  1251.0 66.6 80.4 3.0  0.14 −0.01 −0.06 

 55×4  771.9 774.4 773.9 773.1  1078.0 99.6 111.4 3.8  0.16 −0.17 −0.10 

 60×4  771.1 774.2 773.6 772.4  1317.0 128.2 121.0 4.8  0.17 −0.23 −0.16 

 65×4  769.0 772.6 771.7 771.0  2118.0 167.6 129.1 4.6  0.26 −0.21 −0.09 

 70×4  762.1 767.0 765.3 761.9  2231.0 168.7 183.6 6.3  −0.03 −0.66 −0.44 

 Avg.  770.1 772.9 772.0 771.1  1451.3 115.9 120.1 4.1  0.13 −0.22 −0.11 

C 75×6  1142.9 1143.5 1143.6 1143.0  3600.0 180.2 191.9 4.1  0.01 −0.05 −0.06 

 80×6  1120.4 1120.9 1120.6 1121.2  3248.0 330.0 263.1 4.3  0.08 0.03 0.05 

 85×6  1084.7 1089.5 1088.0 1086.2  3600.0 354.5 302.6 5.4  0.15 −0.32 −0.18 

 90×6  1068.9 1072.4 1071.9 1069.1  3600.0 290.2 305.2 5.5  0.02 −0.32 −0.28 

 95×6  1083.3 1086.5 1086.3 1082.9  3600.0 371.3 332.7 6.0  −0.04 −0.36 −0.34 

 100×6  1086.5 1092.7 1090.8 1086.1  3600.0 395.3 298.7 6.5  −0.04 −0.64 −0.46 

 Avg.  1097.8 1100.9 1100.2 1098.1  3541.3 320.3 282.4 5.3  0.03 −0.28 −0.21 

D 50×0.2×cl1  475.0 474.8 474.8 475.2  3240.0 1.9 1.7 2.1  0.04 0.08 0.08 

 50×0.2×cl2  367.6 367.3 367.6 367.9  2212.0 50.0 62.4 2.6  0.09 0.16 0.06 

 50×0.2×uni  349.5 349.9 349.3 349.7  2100.0 61.4 64.5 2.9  0.06 −0.08 0.11 

 50×0.8×cl1  1213.7 1215.0 1214.8 1216.3  7.0 66.2 93.5 2.9  0.21 0.11 0.12 

 50×0.8×cl2  1209.1 1212.1 1211.5 1212.9  508.0 119.7 131.6 3.6  0.31 0.07 0.12 

 50×0.8×uni  1209.0 1212.4 1211.2 1212.6  430.0 146.6 140.7 3.9  0.30 0.02 0.12 

 Avg.  804.0 805.3 804.9 805.8  1416.2 74.2 82.2 3.0  0.17 0.06 0.10 

E 50×0.80  769.0 771.0 770.1 769.7  3306.0 106.5 98.4 2.9  0.09 −0.17 −0.05 

 50×0.85  769.3 771.0 770.9 770.4  1958.0 106.7 103.2 3.0  0.14 −0.08 −0.07 

 50×0.90  769.7 771.9 771.0 770.4  870.0 87.3 82.3 3.0  0.09 −0.19 −0.08 

 50×0.95  769.7 771.8 770.9 770.4  481.0 76.9 71.1 3.1  0.09 −0.18 −0.07 

 50×1.00  770.9 772.1 771.8 771.2  41.0 65.3 68.3 3.1  0.04 −0.12 −0.08 

 Avg.  769.7 771.6 770.9 770.4  1331.2 88.5 84.7 3.0  0.09 −0.15 −0.07 

F 50×2  1509.7 1510.2 1509.7 1509.8  11.0 55.7 32.8 0.6  0.01 −0.03 0.01 

 50×3  1008.4 1011.5 1009.9 1008.9  199.0 103.4 114.6 2.3  0.05 −0.26 −0.10 

 50×4  770.9 772.1 771.8 772.0  1248.0 70.3 67.4 2.9  0.14 −0.01 0.03 

 50×5  737.3 737.8 738.0 737.6  2892.0 31.1 24.9 5.1  0.05 −0.03 −0.07 

 50×6  736.1 735.5 735.4 735.9  3600.0 56.5 37.0 10.1  −0.03 0.05 0.06 

 Avg.  952.5 953.4 953.0 952.8  1590.0 63.4 55.3 4.2  0.04 −0.06 −0.01 

G 50×0  758.4 760.9 761.3 759.6  2440.0 158.4 120.2 4.5  0.16 −0.17 −0.22 

 50×1  770.9 772.1 771.8 772.0  1248.0 66.5 66.7 2.9  0.14 −0.01 0.03 

 50×2  995.4 995.1 995.0 995.4  3252.0 31.6 33.3 2.3  0.00 0.03 0.04 

 50×3  1239.9 1239.8 1239.8 1240.2  3600.0 1.3 1.0 3.2  0.03 0.03 0.03 

 50×4  1405.4 1405.6 1405.4 1406.7  3600.0 2.9 9.7 4.2  0.09 0.08 0.09 

 Avg.  1034.0 1034.7 1034.7 1034.8  2828.2 51.9 45.8 3.4  0.08 −0.01 −0.01 
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2.5.1.2 Comparison of Computation Time 

The CUH greatly reduces the computation time when compared with the selected 

approaches in the literature. On average, the CUH only spends 0.2% of the computation 

time required by UDS across all test instances. When comparing with HGA and HGP, for 

set A, the CUH consumes 18.9% and 41.3% computation time of HGA and HGP; while 

for other sets, on average the CUH only needs 3.2% and 3.4% computation time of HGA 

and HGP respectively. This saving in computation time represents a very significant 

improvement in solving the QCSP. 

Although the actual computer equipment and associated software that have been used for 

computation differ between these methods, the computation times of the CUH are 

considerably shorter than other methods over all test instances. This is because the 

clustering algorithms offer a very fast method of generating task assignments and, in 

addition, they do not need any assumptions except the number of ‘K’. 

Therefore, due to the significant reduction in computation time, the CUH can be an 

alternative method for scheduling QCs in the real time. Overall, the CUH worked well 

for most of test instances and is very robust, with different values for tasks, QCs, bays, 

safety distance, handling rate, bay position of tasks and precedence density. 

2.5.2 Scheduling with Uncertain QC Processing Time 

Section 2.5.1 illustrated the performance of the CUH in different QCSP problem 

scenarios in a deterministic environment. The results demonstrated that the CUH 

approach can find high-quality solutions and in a faster computational time when 

compared with other methods. From the experiments, it can also be seen that the CUH is 

effective and efficient across a range of problems, from small to large size vessels, and 

also with different spatial distributions of container tasks. 

In reality, however, the handling of containers always has a degree of uncertainty due to 

the complexity of the environment and the number of pieces of equipment that must be 

integrated. Thus, whilst it is entirely possible to create an optimal baseline schedule using 

fixed and deterministic QC handling times, whenever any random or unexpected 

disruptions occur, the efficiency of the baseline schedule may be reduced or even become 

infeasible. Therefore, terminal planning based on the deterministic QCSP scheduling 
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results may lead to operational challenges, as a result of actual schedules needing more 

time than the planned makespans.  

With this in mind, in this section, the CUH is employed to solve the QCSP which is 

assumed to be stochastic in nature. To achieve this, a task is defined as a group of loading 

or unloading containers where their processing times are individually independent and 

identically distributed, and each container processing time has the same normal 

distribution, with parameters N~(μ = 1, σ2 = 0.01). Given that the processing time of 

every container can be considered as a mutually independent random variable, in 

probability theory the mean (μ) and the variance (σ2) of a group of independent random 

variables that are normally distributed can be evaluated through the means and variances 

of the original variables. Thus, if task i has m containers, then the processing time for task 

i is also normally distributed and can be calculated as follow: 

𝑁(𝜇1 + 𝜇2 … + 𝜇𝑚 , 𝜎1
2 + 𝜎2

2 + ⋯ + 𝜎𝑚
2 ) = 𝑁(𝜇′ , 𝜎′2) 

In order to achieve a baseline schedule (task sequence) that remains robust in the face of 

uncertainty in the QC processing time, each container task processing time is modified 

within one standard deviation (σ') of the mean (μ'), based on preliminary computational 

results. This amount of time is added to the original processing time of each task to absorb 

the uncertainty, and schedules are generated based on the modified processing times. It is 

noted that by applying this approach, the resultant schedule (task sequence) may be 

different from the previously computed deterministic schedule. The performance of the 

modified processing times will be evaluated using the same data instances as shown in 

Section 2.5.1, but denoted as the modified-CUH (M-CUH). 

M-CUH uses exactly the same approach as the CUH, but with the modified processing 

time for tasks to generate schedules. As buffering time has been built into the schedules, 

the generated makespans can better absorb the impact of the uncertain QC processing 

time. CUH and M-CUH are then evaluated by simulation replications in order to check 

how well these schedules will work in the face of uncertain processing times. To achieve 

this, in each simulation replication, the processing times for tasks are assumed to follow 

the above normal distribution, and random processing times are generated accordingly. 

CUH and M-CUH then use these processing times and strictly follow the task sequences 
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generated earlier until all tasks are processed. The ultimate makespan of each simulation 

run is recorded as the indicator of how well the calculated makespan is able to ‘cover’ the 

simulated makespan. If the calculated makespan is longer than the simulated one, then 

the reported makespan is reliable. Otherwise, the calculated makespan is too short and 

cannot be reliably used to guide terminal operations. 

Overall, 50 independent simulation replications are performed for each test instance. 

Table 2.5 summarises the performance of CUH and M-CUH in the simulation runs. 

Column 3 in Table 2.5 reports the makespan in the deterministic environment, and 

columns 4–8 list the detailed results from the 50 simulation replications where the 

minimum, maximum, and average makespan, as well as its standard deviation, are listed. 

The ‘Gap’ column provides the percentage difference between the maximum makespan 

in the simulation replications and the calculated makespan using the deterministic 

processing time (column 3). It can be observed that on average, the average makespan 

from the simulation runs is slightly longer than CUH’s calculated makespan, while the 

maximum makespan in the simulation replications always exceed the calculated 

makespan. This indicates that the CUH reported makespans using deterministic 

processing time are ‘too tight’, and in practice may not be achievable. 

Using a similar pattern, columns 9–14 present the computational results when the M-

CUH is used to generate baseline schedule to accommodate uncertainty. The makespan 

with the modified times for all test instances is, unsurprisingly, longer, reflecting the 

insertion of the additional buffer times. However, except for first scenario, the maximum 

makespan (‘Max’) from the simulation replications is always within the M-CUH 

makespan, which indicates the schedules are robust and able to handle uncertain events. 

By incorporating uncertainty into the scheduling process, more reliable makespans can 

be reported and this provides more assured planning results for terminal operators.  
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Table 2.5 Comparison of the makespan via simulation runs 

   CUH Simulation runs  M-CUH Simulation runs 

Set 
Scenario 

size 
 Makespan Min Max Avg. Std. 

Gap 

(%) 
 Makespan Min Max Avg. Std. 

Gap 

(%) 

A 10×2  516.4 511.68 521.57 516.65 2.23 1.00  521.0 511.68 521.57 516.65 2.23 0.11 

 15×2  509.9 505.92 514.86 510.25 1.99 0.97  515.6 506.17 514.82 510.31 1.92 −0.16 

 20×2  508.1 504.01 513.28 508.43 2.00 1.02  514.4 503.85 513.71 508.52 2.09 −0.13 

 25×2  507.0 503.52 512.24 507.67 1.90 1.03  514.5 503.72 512.18 507.67 1.92 −0.44 

 30×2  506.8 503.22 511.70 507.32 1.88 0.97  514.3 503.40 511.93 507.35 1.86 −0.47 

 35×2  507.1 503.03 512.58 507.57 2.01 1.08  515.6 503.46 512.98 507.74 1.99 −0.51 

 40×2  506.3 502.80 511.98 507.07 1.94 1.12  515.2 502.93 512.07 507.22 1.96 −0.6 

 Avg.  508.8 504.88 514.03 509.28 1.99 1.03  515.8 505.03 514.18 509.35 2.00 −0.31 

B 45×4  776.4 771.88 782.91 777.11 2.53 0.84  784.4 771.88 782.91 777.11 2.53 −0.18 

 50×4  772.0 767.24 777.98 772.73 2.39 0.77  780.0 767.04 777.68 772.45 2.36 −0.3 

 55×4  773.1 769.10 779.24 774.04 2.28 0.79  781.9 769.01 779.24 773.99 2.31 −0.34 

 60×4  772.4 768.07 779.06 773.39 2.36 0.86  781.6 768.02 778.95 773.25 2.37 −0.34 

 65×4  771.0 766.91 776.85 771.99 2.33 0.76  780.4 766.73 776.91 771.88 2.38 −0.45 

 70×4  761.9 759.30 768.5 763.50 2.17 0.87  771.7 758.72 768.43 763.10 2.15 −0.43 

 Avg.  771.1 767.08 777.42 772.13 2.34 0.82  780.0 766.90 777.35 771.96 2.35 −0.34 

C 75×6  1143.0 1136.63 1150.9 1143.62 2.99 0.69  1152.6 1136.47 1151.02 1143.41 3.09 −0.15 

 80×6  1121.2 1115.41 1128.76 1121.93 3.12 0.68  1130.9 1115.18 1128.76 1121.82 3.11 −0.19 

 85×6  1086.2 1080.41 1093.56 1087.01 2.98 0.68  1096.4 1080.33 1093.57 1086.85 3.06 −0.26 

 90×6  1069.1 1064.36 1076.51 1070.06 2.76 0.70  1079.5 1064.44 1076.62 1070.14 2.76 −0.26 

 95×6  1082.9 1078.31 1090.49 1084.13 2.72 0.70  1093.8 1077.33 1090.22 1083.72 2.88 −0.32 

 100×6  1086.1 1080.6 1094.33 1087.23 2.85 0.76  1097.2 1080.39 1093.99 1087.13 2.89 −0.29 

 Avg.  1098.1 1092.62 1105.76 1099.00 2.90 0.7.0  1108.4 1092.36 1105.69 1098.85 2.96 −0.24 

D 50×0.2×cl1  475.2 470.36 480.08 475.25 2.06 1.05  483.5 470.14 480.08 475.22 2.08 −0.69 

 50×0.2×cl2  367.9 364.53 372.12 368.36 1.63 1.16  373.8 364.58 372.10 368.30 1.63 −0.45 

 50×0.2×uni  349.7 346.42 354.04 350.13 1.62 1.26  355.6 346.18 354.06 350.07 1.64 −0.42 

 50×0.8×cl1  1216.3 1211.17 1224.32 1217.30 3.02 0.66  1228.7 1211.24 1224.38 1217.48 3.00 −0.35 

 50×0.8×cl2  1212.9 1208.74 1220.70 1214.27 2.59 0.64  1223.0 1208.20 1220.15 1213.72 2.65 −0.23 

 50×0.8×uni  1212.6 1209.05 1220.88 1214.47 2.56 0.68  1223.7 1208.91 1220.64 1214.45 2.61 −0.25 

 Avg.  805.8 801.71 812.02 806.63 2.25 0.91  814.7 801.54 811.90 806.54 2.27 −0.4 

E 50×0.80  769.7 766.37 776.25 770.77 2.20 0.85  777.8 766.30 776.09 770.76 2.20 −0.22 

 50×0.85  770.4 766.12 776.65 771.37 2.32 0.81  778.6 766.26 776.73 771.40 2.31 −0.24 

 50×0.90  770.4 765.88 776.14 771.23 2.24 0.74  778.6 765.89 776.20 771.27 2.27 −0.30 

 50×0.95  770.4 765.74 776.99 771.13 2.40 0.86  778.6 765.68 776.95 771.14 2.42 −0.21 

 50×1.00  771.2 767.03 777.74 772.08 2.42 0.85  779.3 767.00 777.72 772.03 2.41 −0.20 

 Avg.  770.4 766.23 776.75 771.31 2.32 0.82  778.6 766.23 776.74 771.32 2.32 −0.24 

F 50×2  1509.8 1504.92 1519.37 1511.47 3.21 0.63  1527.4 1505.06 1519.65 1511.62 3.24 −0.50 

 50×3  1008.9 1005.58 1016.72 1010.75 2.52 0.77  1020.9 1005.51 1016.8 1010.8 2.51 −0.40 

 50×4  772.0 766.99 778.41 772.79 2.47 0.83  780.0 766.86 778.59 772.82 2.49 −0.19 

 50×5  737.6 732.79 743.67 738.08 2.42 0.82  744.9 731.82 743.67 737.76 2.60 −0.17 

 50×6  735.9 730.89 741.78 736.16 2.44 0.80  743.2 730.40 741.70 735.86 2.48 −0.20 

 Avg.  952.8 948.23 959.99 953.85 2.61 0.77  963.3 947.93 960.08 953.77 2.66 −0.29 

G 50×0  759.6 757.37 766.60 761.50 2.00 0.92  768.8 757.45 766.82 761.72 2.06 −0.26 

 50×1  772.0 766.97 778.68 772.76 2.49 0.86  780.0 766.88 778.42 772.71 2.48 −0.20 

 50×2  995.4 988.39 1002.33 995.68 3.09 0.70  1005.5 988.39 1002.33 995.68 3.09 −0.30 

 50×3  1240.2 1232.84 1247.71 1240.29 3.36 0.62  1253.0 1232.95 1247.61 1240.24 3.35 −0.41 

 50×4  1406.7 1397.82 1414.91 1406.70 3.71 0.59  1421.6 1397.62 1414.71 1406.50 3.71 −0.48 

 Avg.  1034.8 1028.68 1042.05 1035.39 2.93 0.74  1045.8 1028.66 1041.98 1035.37 2.94 −0.33 
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2.6 Conclusion 

The problem of multiple quay crane scheduling has been researched in this paper. Given 

that QCs are extremely expensive assets, scheduling them is one of the most important 

problems in a container terminal, and solving this efficiently has a direct impact on the 

terminal’s throughput rate and vessel turnaround times. 

In this paper, a heuristic method – clustering unidirectional heuristic (CUH) – has been 

proposed for solving the QCSP with container group. The computational results 

demonstrated that the proposed method is an appropriate approach to reach near optimal 

solutions in significantly shorter computation times than other methods found in the 

literature. Recognising that in reality, there is highly likely uncertainty in the actual start 

and finish times for a particular operation, we expanded this solution to reflect the need 

to embrace uncertainty. The robustness of the schedule is examined by introducing buffer 

times. Numerical experiments on a well-known benchmark suite revealed that the CUH 

is able to produce a robust and efficient schedule that also validates the efficiency of K-

means and K-medoids clustering for future research in the QCSP. 
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Crane Scheduling Problem 
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A MODIFIED GENETIC ALGORITHM WITH AN INITIAL POPULATION

STRATEGY FOR THE QUAY CRANE SCHEDULING PROBLEM
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Abstract 

Within a container terminal the operational efficiency of quay cranes that load or unload 

a vessel is a key driver of the cost-effectiveness. It is, therefore, essential to have robust 

quay crane scheduling algorithms in order to determine the optimal sequence of loading 

and unloading operations for a given vessel prior to its berthing. This paper proposes a 

modified genetic algorithm based on the clustering approach for quay crane scheduling 

that takes into account a number of realistic constraints, namely: safety distance, non-

crossing constraint, quay crane travel time, and task precedence relations. The 

performance of the proposed method is compared with a well-known benchmark in the 

literature, and the numerical test scenarios show that the proposed method can reach 

optimum or near optimum solutions in a significantly shorter computational time. 

Keywords: quay crane scheduling, genetic algorithm, initial population strategy, 

clustering. 

3.1 Introduction 

Container terminals are a key element in today’s world of global manufacturing and 

international trade through their role as the interface between land and sea transport 

modes. Not only do they act as the location where containers are moved from road or rail 

transport to the ships (and vice versa), but they also operate as a storage yard providing a 

temporary holding area for inbound and outbound containers. It is unsurprising, therefore, 

that terminal operators are continually seeking new approaches to improve the efficiency 

and competitiveness of their container port operations. 

Notwithstanding the variations in the size, layout and, to an extent, the function of a 

manually operated terminal, each one generally uses the same sub-process and operations. 

These can be summarised as follows: once a vessel has arrived at the terminal, some or 

all of the containers are unloaded by means of a Quay Crane (QC). These containers are 

transferred by Yard Trucks (YTs) to a holding location where they are stacked using a 

Yard Cane (YC). This sequence is then reversed to allow the loading of containers onto 

the vessel. It will, therefore, be appreciated that the faster the overall sequence of 

unloading and loading can be completed, the sooner the vessel can leave the port and 
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continue on its revenue-earning voyage, thereby creating the space on the quay for the 

next ship to be unloaded or loaded. 

Within this overall process, QCs are not only the most expensive item of equipment, but 

they also typically represent the bottleneck in the overall container terminal handling 

system; thus, the efficiency of their operation has a direct impact on the overall 

productivity of the terminal. As a result, prior to the vessel’s arrival, a number of QCs are 

assigned and a loading and unloading plan is developed. This leads to the creation of the 

sequence of the loading and unloading operations for each QC, and the associated 

decision making is referred to as the quay crane scheduling problem. 

This problem involves multiple decisions including: (1) determining which QC will 

conduct a given set of container handling tasks, (2) finding the sequence of these tasks 

for each QC, and (3) providing the handling start time and completion time for each task. 

Within this overall model a ‘task’ refers to a group of containers that are stored in the 

same vessel bay. 

In solving the quay crane scheduling problem, a number of spatial constraints have to be 

taken into account. First, QCs are mounted on a railway that enables them to move along 

the wharf but, as all QCs work on the same track, there is potential for inter-crane 

interference. As a result, a safety distance must be maintained between each QC at all 

times – see Figure 3.1. Furthermore, since the QCs are working on the same track, they 

cannot pass each other. Finally, there is a precedence relationship between the different 

tasks that are to be undertaken in the same bay. In essence, this means that – for logical 

reasons – unloading tasks take priority over those that involve the loading of containers. 

 

Figure 3.1 Safety distance requirement between working QCs on a container vessel 
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The aim of this paper is to present a modified genetic algorithm (MGA) to solve the ‘quay 

crane scheduling problem with container groups’ (hereinafter abbreviated to QCSP) to 

minimise the vessel completion time. In the MGA, K-means and K-medoids clustering 

algorithms and local search are applied to reinforce the quality of the initial population 

for the genetic algorithm (GA). The goal is to reach an optimum or near-optimum solution 

in shorter computational times. 

The underpinning motivation for utilising the K-means and K-medoids clustering 

algorithms is to test an improved method for developing the solution space for the QCSP. 

The K-means and K-medoids algorithms were selected in view of their simplicity and 

their fast convergence rate. Thus, by combining this relatively simple approach together 

with unidirectional scheduling and a number of associated realistic constraints, high-

quality solutions can be swiftly delivered for any vessel size. Therefore, this algorithm is 

a practical and flexible tool to cope with real-world situations when multiple decisions 

have to be made quickly and efficiently against the background of a complex and 

challenging problem set. 

Although the QCSP has been extensively explored by multiple different models (as will 

be explained more fully in the review of the relevant literature), the use of clustering 

algorithms is not an approach that has been adopted previously. Thus, this paper 

demonstrates the effectiveness of the K-means and K-medoids clustering algorithms in 

resolving the QCSP.  

This paper is organised as follows: In Section 3.2 the relevant literature on the QCSP is 

reviewed, after which the QCSP is described in Section 3.3, and the proposed MGA in 

Section 3.4. The computational results that evaluate the performance of the MGA are 

presented in Section 3.5, and this is followed by a concluding discussion in Section 3.6. 

3.2 Literature Review 

The subject of improving QC operations has been extensively researched in the literature, 

and a number of significant models and decision-making processes have been proposed. 

These have been usefully analysed and classified in detail by Bierwirth and Meisel (2010, 

2015) and Carlo et al. (2015), and the following represents a summary of the approaches 

that are relevant to the aim of this paper. 
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The QCSP was researched in a seminal paper by Kim and Park (2004), who discussed 

QC operations taking into account crane interference and precedence constraints between 

tasks. Their main objective was to minimise the weighted sum of the total completion 

time of a vessel and the total completion time of all QCs. To achieve this, a branch and 

bound (B&B) algorithm and a greedy randomised adaptive search procedure (GRASP) 

were proposed. It was observed that the B&B algorithm obtained a better schedule in 

terms of solution quality, whilst for larger instances the GRASP found feasible schedules 

in a shorter computational time. Moccia et al. (2006) also solved the same problem by 

presenting a branch and cut (B&C) algorithm to cope with large size instances. The model 

used by Kim and Park (2004) was further improved by Sammarra et al. (2007), who 

focused on the inter-crane interference aspect, and proposed a tabu search algorithm to 

overcome this problem. Bierwirth and Meisel (2009) subsequently developed a faster 

algorithm in which the QCs must operate in one direction – called unidirectional 

scheduling (UDS) – and this outperformed previous methods. 

A GA was presented by Chung and Choy (2012) to solve the QCSP. These authors 

proposed a chromosome with two parts in which the initial population was randomly 

generated. Their overall results showed that the proposed GA worked well for small size 

problems. Kaveshgar et al. (2012) also applied a GA to solve the QCSP through the 

generation of independent unidirectional schedules where every QC can initially move in 

either direction, but they are then not allowed to change their direction after this first 

move. As part of this process, one initial solution, which was based on the S-load heuristic 

rule originally introduced by Sammarra et al. (2007), was inserted into the initial 

population to facilitate the search. The remaining individuals of the initial population 

were randomly generated based on the proposed lower and upper bounds. The results 

showed that the developed GA is able to find near optimal solutions in faster 

computational times than Meisel and Bierwirth (2011) for larger size problems. 

A new priority-based scheduling approach was introduced by Nguyen et al. (2013) to 

generate bidirectional schedules for the QCSP. Two approaches, based on a GA and 

genetic programming (GP), were developed to decide the priorities of tasks. In addition, 

a local search procedure was implemented to improve the solutions obtained from the GA 

and GP that were called, respectively, the hybrid genetic algorithm (HGA) and hybrid 

genetic programming (HGP). Chung and Chan (2013) have recently developed a model 
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for the QCSP in which a workload balancing genetic algorithm (WBGA) was designed 

in order to generate near optimal schedules for task-to-QC assignment among different 

QCs. Expósito-Izquierdo et al. (2013) introduced a hybrid estimation of a distribution 

algorithm with local search to solve the QCSP. A local branching method within a refined 

B&B algorithm has also been demonstrated by Legato and Trunfio (2014) under 

unidirectional schedules. Most recently, Al-Dhaheri et al. (2016) developed a simulation-

based GA method to generate QC schedules just for unloading containers under static as 

well as stochastic environments. 

In this paper, we propose a novel approach to the use of a GA for the scheduling of 

assigned QCs to a specific vessel with the objective of minimising the maximum 

completion time of all containers that need to be handled (the ‘makespan’). The main 

contribution of this paper is, therefore, to develop a GA that uses the K-means and K-

medoids clustering algorithms to reinforce the initial population. To achieve this, the K-

means and K-medoids functions, which are available in the latest version of the MATLAB 

2016a Statistic and Machine Learning Toolbox, are utilised to generate the initial 

population.  

3.3 Problem Description 

In this study, we consider multiple QCs working in the same bay, albeit at different times, 

and include interference constraints between adjacent QCs as well as precedence 

constraints between tasks. The QCSP is a scheduling framework for a vessel with b bays 

where a number of q identical QCs are assigned to undertake a set of n tasks. Each task 

represents the loading or unloading of a container group where, for each task, a processing 

time and a bay location have been given. 

Every task must be handled by one QC without pre-emption. All QCs are identical and 

have the same productivity in terms of the number of containers that they can move in a 

given time period. Each QC can handle tasks after its earliest ready time and its initial 

bay location have been given. Each QC travels from one bay to the next bay within t time 

units. All QCs are mounted on the same track along the quay and, as a result, QCs cannot 

pass each other. Furthermore, multiple QCs cannot operate in the same bay at the same 

time. To ensure this latter constraint is adhered to, a safety distance (bay units) has been 
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created in order to avoid any collision and maintain operational safety between adjacent 

QCs. 

Without loss of generality and as illustrated in Figure 3.1, the bays of a vessel and 

assigned QCs are numbered in an increasing sequence from left-to-right along the quay, 

that is, bay 1 and QC 1 are the left-most bay and left-most QC respectively. Tasks are 

sorted in relation to (1) increasing bay locations, and (2) by precedence constraints among 

tasks within the same bay. Any task can be operated by the assigned QC as long as all the 

preceding tasks have been handled. A simple example of the input data of the QCSP is 

illustrated in Table 3.1. Non-simultaneous task pairs are enforced by the safety distance 

requirement as well as the precedence constraints among corresponding tasks in each bay. 

Table 3.1 A small sample problem for the QCSP 

Task index 1 2 3 4 5 6 7 8 9 10 

Bay location 1 3 4 4 5 5 6 6 8 10 

Processing time 40 59 47 26 27 31 15 16 30 26 

Precedence constraints tasks  (3, 4), (5, 6), (7, 8) 

Non-simultaneous tasks (2, 3), (2, 4), (3, 4), (3, 5), (3, 6), (4, 5), (4, 6), (5, 6), (5, 7), (5, 8),  

(6, 7), (6, 8), (7, 8) 

Quay crane index 1 2         

Quay crane ready time 0 0         

Initial quay crane location 1 3         

Safety distance = 1 bay Travel time = 1 (time unit per bay) 

The resultant problem investigated in this research is to create a task-to-QC assignment, 

and then to determine the task sequence and time scheduling for each assignment. A 

widespread concept that has been used in the QCSP to determine the task sequence for 

each QC is to use unidirectional schedules within the search space. The use of 

unidirectional schedules provides a unique task sequence for each task-to-QC assignment 

because all available QCs are only allowed to reposition in the same direction whilst 

serving the assigned vessel.  

Due to the simplified decision-making process of unidirectional scheduling, in most cases 

it provides feasible solutions in a shorter time when compared to non-unidirectional and 

bidirectional schedules. In this study, taking into account the unidirectional scheduling 

rule, QCs can move either from left-to-right, or in the opposite direction from right-to-

left. As a result, due to the initial QC’s location and direction of QC’s movement, the 

optimal solution obtained with a left-to-right direction of movement can differ from that 

obtained from a right-to-left direction of QCs. Hence, for any given problem, the 
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unidirectional scheduling is applied twice (i.e., once left-to-right, and once right-to-left) 

in order to obtain the best schedule. Figure 3.2 illustrates a proposed left-to-right 

unidirectional schedule for the data in Table 3.1. 

 

Figure 3.2 An example of left-to-right unidirectional schedule of the data in Table 

3.1 

3.4 The Modified Genetic Algorithm 

The GA, originally developed by Holland (1975), is a kind of heuristic random search 

strategy that is mainly used for optimisation problems. It is based on a process of natural 

selection and has been effectively applied to solve many combinatorial problems that 

focus on optimisation and stochastic search challenges. In the next sub-sections, the 

proposed modified genetic algorithm (MGA) is described in detail. Figure 3.3 represents 

the framework of the MGA. 
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Figure 3.3 Flowchart of the MGA 

3.4.1 Chromosome Representation 

The initial step for solving problems using the GA is to represent the solutions of the 

given problem in the form of chromosomes (or individuals). The structure of a 

chromosome comprises a number of genes where each gene represents a particular value. 

The MGA uses chromosomes with n genes, where n represents the total number of the 

tasks to be scheduled. The value of a gene determines the QC assigned to the 

corresponding task; in other words, each chromosome represents the task-to-QC 

assignment problem. 

Figure 3.4 represents a sample of the chromosome encoding and decoding for the problem 

outlined in Table 3.1, which consists of 10 tasks and two QCs. As indicated in Figure 3.4, 

tasks 1, 2, 4, 6 are assigned to the first QC, and tasks 3, 5, 7, 8, 9, 10 are assigned to the 

second QC.  
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  Encoding of the chromosome  

Task index  1 2 3 4 5 6 7 8 9 10 

QC index 1 1 2 1 2 1 2 2 2 2 

           

  Decoding of the chromosome  

  QC number Task sequence  

  QC1 1, 2, 4, 6  

  QC2 3, 5, 7, 8, 9, 10  

Figure 3.4 Sample of the chromosome representation 

Once the task-to-QC assignment has been determined, a unidirectional search approach 

is adopted to determine the task sequence for each QC (i.e., decoding the chromosome). 

The unidirectional search can be applied to both left-to-right and right-to-left QC 

movements, and in this case, both movements are tested for each chromosome. 

3.4.2 Chromosome Validation 

A validation procedure is then used to ensure that the generated chromosomes represent 

feasible solutions for the unidirectional movement of QCs, taking into account the 

precedence constraint among tasks. For example, some of the tasks that are located in the 

same bay might be assigned to different QCs, and this would, therefore, potentially violate 

the unidirectional movement of QCs. As a result, the precedence constraint of tasks in the 

same bay is checked in the MGA to identify the infeasible chromosomes. If any are 

identified, then a repairing strategy is undertaken that takes the infeasible chromosome 

and generates a feasible one through swapping invalid genes. 

As an example, according to the data presented in Table 3.1, task 3 is required to be 

completed before task 4. However, in the illustrated chromosome in Figure 3.5 for the 

left-to-right unidirectional schedule, task 4 is assigned to QC2, which is an infeasible 

solution (i.e., task 4 will be operated before task 3). Thus, during the repairing procedure, 

invalid genes will be swapped to convert an infeasible chromosome into feasible one. 

Task index  1 2 3 4 5 6 7 8 9 10 

QC index 1 1 1 2 2 1 2 2 2 2 

           

QC index 1 1 2 1 2 1 2 2 2 2 

Figure 3.5 Chromosome validation 
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3.4.3 Fitness Function 

The objective (i.e., fitness function) is to minimise the longest completion time of all 

assigned QCs (the makespan), which results in the minimisation of the vessel’s handling 

time. In the case of two different schedules with the same makespan, the one with the 

lesser total QC completion time will be selected. 

3.4.4 Initial Population Generation 

After determining the way to convert each solution to its chromosome, an initial 

population can be generated, noting that this initial population plays an important role in 

the convergence, ability and performance of the GA (Toğan & Daloğlu, 2008). In this 

regard, Gen et al. (2008) suggested that in most research related to the use of a GA, there 

are two approaches to the generation of the initial population: (1) heuristic initialisation, 

and (2) random initialisation. Importantly, when the initial population is generated 

randomly, it not only takes a long time to find the optimum solution, but the possibility 

of finding the optimum solution also decreases. Conversely, although the heuristic 

initialisation generates individuals with better fitness, which may help the GA to reach a 

solution faster, the heuristic procedure in large size problems may converge to a local 

optimum and not to a global optimum due to the lack of diversity (Gen et al., 2008). 

In this study, the initial population is developed through a mix of K-means (Hartigan, 

1975) and K-medoids (Kaufman & Rousseeuw, 1987) clustering algorithms together with 

random initialisation. K-means and K-medoids are applied to generate half the initial 

population, with the other half being randomly generated. As will be demonstrated in 

Section 3.5, this initial population strategy is used to improve the performance of the GA 

and shorten the computational time. 

Both K-means and K-medoids clustering algorithms are data-partitioning methods that 

divide n data points into K mutually exclusive clusters. They require the number of 

clusters K to be known before commencement of the algorithm, and then allocate each 

data point to exactly one cluster (non-overlapping group) – hence, the data points within 

a specific cluster are similar to each other. Each particular cluster is defined by its centre 

and members. 
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K-means and K-medoids are iterative algorithms that aim to minimise the sum of the data-

to-cluster-centre distances across all K clusters. In the K-means algorithm, the centre of 

the particular cluster, named a centroid, is usually the mean of data points in the cluster, 

whereas in the K-medoids, the centre of the cluster is a member of that cluster, named a 

medoid. 

Both algorithms commence with selecting K data points as initial cluster centres. The 

initialisation method to select the initial cluster centres significantly impacts the 

performance of the final clusters; hence, different initial cluster centres may create 

different final solutions. For example, the K-means algorithm is very sensitive to the 

initial clustering and does not always produce unique clustering results (Peña et al., 1999; 

Park & Jun, 2009). 

In this study, the value of K is equal to the number of QCs assigned to the vessel, and the 

number of data points is equal to the total number of tasks to be scheduled (n). Whilst the 

bay location of each task is the key input data needed to partition all n tasks into K clusters 

for both algorithms, our initial investigations revealed that the generated clusters are not 

well formed, as all tasks in the same bay will be grouped into the same cluster; that is, 

there is no differentiation among all container tasks that are located in a particular bay. In 

order to overcome this drawback and achieve a better grouping of the container tasks, the 

input data for the K-means and the K-medoids algorithms are formed as a n-by-2 matrix 

(called matrix X), rather than by inserting the input data as one dimensional vector (i.e., 

only the bay locations of the tasks). In doing so, the bay locations of tasks are coupled 

with the task sequence in the unscheduled task list. For instance, the structure of matrix 

X for the data in Table 3.1 is as follows. 

1 1 

2 3 

3 4 

4 4 

5 5 

6 5 

7 6 

8 6 

9 8 

10 10 

 Figure 3.6 A simple example of matrix X 
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In this study, the K-means and K-medoids functions offered in the MATLAB 2016a 

Statistics and Machine Learning Toolbox are used. In order to generate diverse solutions 

by K-means and K-medoids clustering functions, the value of two input arguments, (1) 

cluster centre initialisation method (specified by ‘Start’), and (2) distance measure 

(specified by ‘Distance’) have been changed. We used random, as well as the K-means++ 

heuristic (Arthur & Vassilvitskii, 2007) options for assigning K initial cluster centres. For 

the distance measure, the squared Euclidean distance, together with the sum of absolute 

differences, have been used. Tables 3.2 and 3.3 describe the initialisation and distance 

methods that have been adopted.  

Table 3.2 Cluster centre initialisation methods (online MATLAB user’s guide) 

Initialisation 

method 

Specified name 

in MATLAB 
Description 

K-means++ ‘plus’ 
Select K points by implementing 

the K-means++ algorithm.  

Random ‘sample’ 
Select K points from matrix X at 

random. 

Table 3.3 Description of distance methods (online MATLAB user’s guide) 

Distance measure 
Specified name 

in MATLAB 
Description 

Squared Euclidean distance 'sqeuclidean' 𝑑(𝑥, 𝑐)  =  (𝑥 − 𝑐)(𝑥 − 𝑐)′ 

Sum of absolute differences 'cityblock' 𝑑(𝑥, 𝑐) = ∑ | 𝑥𝑗 − 𝑐𝑗 |

𝑝

𝑗=1

 

x is a data point (i.e., a row of matrix X) 

c is a centre (a row vector) 

p is the number of columns in matrix X 

In summary, the following MATLAB codes represent the different options that are used 

in this study by the K-means function (the same settings are also applied to the K-medoids 

function). 

idx #1 = kmeans (X, K, 'Distance', 'cityblock', 'Start', 'plus'); 

idx #2 = kmeans (X, K, 'Distance', 'cityblock', 'Start', 'sample'); 

idx #3 = kmeans (X, K, 'Distance', 'sqeuclidean', 'Start', 'plus'); 

idx #4 = kmeans (X, K, 'Distance', 'sqeuclidean', 'Start', 'sample'); 

Each of the K-means and K-medoids functions return an n-by-1 vector (named vector idx) 

that specifies the indices of the assigned cluster (i.e., assigned QC) to each task. Both 
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functions are iteratively called to generate distinctive initial solutions by using new initial 

cluster centre positions. The procedure stops if no new solution is generated after α 

successive iterations. 

3.4.5 Local Search Procedure 

Although K-means and K-medoids are simple data-partitioning algorithms with short 

computational times, different initial partitions can create different final clusters, albeit 

some of these have a low capability to converge to good solutions. Hence, in addition to 

the clustering algorithms, a simple local search procedure is performed to improve the 

quality of the generated initial population and better explore the solution space.  

To achieve this, two neighbourhood structures are used to produce different assignments 

of tasks between the available QCs. Our proposed local search generates feasible 

unidirectional schedules for each individual solution by performing both of the following 

strategies. In each case, the new solution is replaced if its fitness function value is better 

than the original solution, that is, it leads to a shorter makespan. 

1. Reassignment: Relocation of a single task that is currently assigned to a particular 

QC to its adjacent QC. 

2. Swapping: two tasks from two adjacent QCs are swapped, subject to the 

precedence constraints. 

It should be noted that this local search procedure is also applied to every new best 

solution found during the MGA run, in order to explore the local neighbourhood of the 

solution.  

3.4.6 Parent Selection Strategy 

In the selection process, chromosomes are selected from the mating pool according to 

their fitness to create the next generation. The method used is ‘roulette wheel selection’ 

in which chromosomes with better fitness value will have a higher probability of being 

selected to generate new chromosomes. 

3.4.7 Crossover Operator 

The use of a crossover process on two chromosomes (or parents) simultaneously can 

create new offspring (children) by combining both chromosomes. We applied a 
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parametrised uniform crossover operator in which the gene values for the child are copied 

from the first or second parent’s genes based on random numbers. To achieve this, a 

random number between 0 and 1 is created for each gene in the chromosome. Following 

Bean (1994), if the random number is less than 0.7, then the value from the first parent is 

assigned to the child, but the value of second parent is copied to the child when the random 

number is higher than or equal to 0.7. The parent with the better fitness value is assigned 

to Parent 1 to boost the impact of the better parent. 

An example of the parametrised uniform crossover operator is illustrated in Figure 3.7, 

which represents a chromosome with 10 tasks and two QCs. A crossover probability (Pc) 

is set in order to indicate how many parents will be selected for crossover using the 

selection strategy. 

Task index 1 2 3 4 5 6 7 8 9 10 

Parent 1 1 1 2 1 2 1 2 1 2 2 

Parent 2 1 1 1 1 2 2 2 2 2 2 

           

Random numbers 0.35 0.86 0.08 0.93 0.6 0.21 0.49 0.71 0.15 0.56 

           

Child  1 1 2 1 2 1 2 2 2 2 

Figure 3.7 Sample of uniform crossover 

3.4.8 Mutation Operator 

Mutation is a process that alters the value of one or more genes in a chromosome. 

Mutation can introduce some characteristics that are not seen in the original population 

and therefore keeps the GA from converging too swiftly; that is, the mutation operator 

allows for the possibility of escaping from local optimum points for the GA. Using the 

mutation operator, all genes in the population are checked one by one, and the values are 

flipped based on the mutation probability (Pm). The mutation probability is, in essence, a 

measure of the likelihood of a single gene changing. 

In the mutation process, a random variable between 0 and 1 is generated for each gene in 

a chromosome. For each gene, if this random number is less than or equal to the mutation 

probability (Pm), then the gene value is changed. In doing so, it will be reassigned to its 

adjacent QC based on the currently assigned QC index number. For example, if the 

selected gene (or task) is scheduled to be handled by QC c, then the mutation operator 
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will randomly reassign it to QC c – 1 or QC c + 1. In the cases of left-most and right-most 

QCs, there will only be one adjacent QC to reassign to. The aim here is to expand the 

diversity of the solution by assigning tasks to different QCs. 

A sample of the mutation procedure is illustrated in Figure 3.8 where Pm = 0.05. However, 

in this paper, the mutation operator is applied to all chromosomes in the population, and 

an offspring is accepted for new generation only if its fitness value is better than its parent. 

Task index 1 2 3 4 5 6 7 8 9 10 

Before mutation 1 1 2 2 2 1 2 2 2 2 

           

Random numbers 0.95 0.42 0.19 0.03 0.23 0.69 0.78 0.11 0.50 0.06 

           

After mutation 1 1 2 1 2 1 2 2 2 2 

Figure 3.8 Illustration of the random mutation 

3.4.9 Elitism 

After several generations, the GA population may gradually converge towards a near 

optimum solution. In the elitism strategy, the best chromosomes from the parents are 

retained at every generation of the GA. 

3.4.10 Termination Criteria 

In this research, the total number of generations is used as a termination criterion, thus 

the MGA is stopped when it reaches the maximum number of generations allowed (μ). In 

addition, the MGA is stopped if no improvement is reached after λ iterations (λ < μ). 

3.5 Numerical Experiments 

The MGA is implemented using MATLAB R2016a on a PC Intel Core i5, 3.2 GHz with 

8GB RAM. After preliminary experimentations, the GA parameters in Table 3.4 were 

used in this paper. Also, the value of α is set to 5 for sets A and F, and α = 10 for other 

data-sets.  
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Table 3.4 Proposed genetic algorithm parameters 

Parameter Set A Set F 
Other 

sets 

Elitism rate  0.1 0.1 0.04 

Crossover rate (Pc) 0.9 0.9 0.96 

Mutation rate (Pm) 0.05 0.1 0.15 

Maximum number of generations (μ) 20 20 50 

Population size 30 50 75 

Number of generations without improvement (λ) 10 15 20 

This section presents the computational results obtained by the MGA. In order to validate 

the effectiveness of the MGA, the benchmark data introduced by Meisel and Bierwirth 

(2011) were used. These authors provided a comprehensive benchmark suite for the 

QCSP using different parameters. This benchmark includes 400 test instances in seven 

different data sets. Each data-set covers different scenarios to reflect realistic instances of 

the QCSP. Every data-set includes the number of tasks (n), number of bays (b), container 

capacity per bay (c), handling rate (f), bay location parameters (Loc), precedence density 

(d), number of QCs (q), and safety distance (s). 

Table 3.5 shows the benchmark suite details that were initially introduced by Meisel and 

Bierwirth (2011). Within this, each single instance includes the total number of tasks, the 

task processing time, the number of QCs, the initial location of each QC, as well as the 

precedence constraints between the tasks. Each scenario in Table 3.5 includes 10 different 

instances where each instance is performed by the MGA using five independent runs.  

Table 3.5 Benchmark data set by Meisel and Bierwirth (2011) 

Set n b c f Loc d q s 
No of 

instances 

A 10, 15, 20, 25, 30, 35, 40 10 200 0.5 uni 1 2 1 70 

B 45, 50, 55, 60, 65, 70 15 400 0.5 uni 1 4 1 60 

C 75, 80, 85, 90, 95, 100 20 600 0.5 uni 1 6 1 60 

D 50 15 400 0.2, 0.8 cl 1, cl 2, uni 1 4 1 60 

E 50 15 400 0.5 uni 0.8, 0.85, 0.9, 0.95, 1.0 4 1 50 

F 50 15 400 0.5 uni 1 2, 3, 4, 5, 6 1 50 

G 50 15 400 0.5 uni 1 4 0, 1, 2, 3, 4 50 

3.5.1 Effectiveness of the Initial Population Strategy 

In order to provide an assessment of the effectiveness of the initial population strategy, 

the results for the proposed GA were first obtained using a process in which the whole 

initial population is randomly generated (as shown in Table 3.6). In other words, the MGA 
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is run without the K-means and K-medoids clustering algorithms (called MGA\CA) in 

order to observe the effectiveness of the clustering algorithms. The results obtained from 

MGA and MGA\CA are further compared by running the MGA without applying the 

developed local search procedure (called MGA\LS). All comparison techniques use the 

same genetic parameter values are presented in Table 3.4. 

Table 3.6 reports the average of computational results using the MGA, the MGA\CA, and 

the MGA\LS for all test instances presented in Table 3.5 for sets A to G. Within this table, 

sets A, B and C reflect different vessel sizes (small to large), and sets D to G are designed 

to investigate a number of important elements, including varied workload distributions 

and precedence densities for the medium size vessels. 

Table 3.6 includes the average of the makespan as well as the computational times (in 

seconds) for each set and method. The Gap column reports the average percentage gap 

with respect to the value delivered by the MGA, with positive figures indicating that 

MGA\CA and MGA\LS take longer.  

As can be seen from Table 3.6, in all instances, the proposed MGA delivers a better 

performance when compared to both MGA\CA and MGA\LS. The results obtained from 

the average of the makespan in Table 3.6 also demonstrate that the MGA\LS delivers 

better results when compared to the MGA\CA across all of the sets. This result clearly 

indicates that utilising the K-means and K-medoids clustering algorithms within the MGA 

has more effectiveness than the local search procedure. 

The experimental results in Table 3.6 also reveal that although MGA\CA and MGA\LS 

deliver competitive solutions for the QCSP in set A, as the vessel size increases, the 

performance of the MGA\CA and MGA\LS gradually decrease. This is particularly 

noticeable when the gaps of 3.26% (MGA\CA) and 0.5% (MGA\LS) for set C (large size 

vessels) is compared with the small gap differences for set A (small size vessels). Thus, 

it can be concluded that the impact of applying proposed reinforced initial population 

strategy on the performance of the MGA is significantly increased when the problem 

becomes more complex.  
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Table 3.6 Comparison of results between MGA, MGA\CA, and MGA\LS 

    Makespan    Time   *Gap (%) 

Set Scenario  MGA MGA\CA MGA\LS  MGA MGA\CA MGA\LS  MGA\CA MGA\LS 

A 10×2  516.4 516.4 516.4   2 2 1   0 0 

 15×2  509.9 510.3 509.9   2 3 2   0.08 0 

 20×2  508.1 508.9 508.3   4 4 3   0.16 0.04 

 25×2  507 507.7 507.5   4 5 3   0.14 0.1 

 30×2  506.8 507.5 506.9   4 5 3   0.14 0.02 

 35×2  507.1 507.8 507.2   5 6 4   0.14 0.02 

 40×2  506.3 506.9 506.4   6 7 5   0.12 0.02 

 Avg.  508.8 509.4 508.9   4 5 3   0.11 0.03 

B 45×4  776 784.5 780.3   39 64 44   1.1 0.56 

 50×4  771.2 787.9 774.2   45 69 50   2.18 0.39 

 55×4  772.5 790.1 775.5   48 84 52   2.29 0.39 

 60×4  771.4 787.6 775.6   59 88 58   2.11 0.55 

 65×4  769.6 779.3 772.4   56 98 68   1.28 0.37 

 70×4  761 773.7 766.4   66 101 81   1.67 0.71 

 Avg.  770.3 783.9 774.1   52 84 59   1.77 0.5 

C 75×6  1143 1169.1 1144.6   63 164 62   2.34 0.16 

 80×6  1121.1 1164.5 1125.1   70 172 79   4.09 0.39 

 85×6  1085.9 1133.1 1094.3   80 195 92   4.39 0.82 

 90×6  1069 1102.5 1072.2   86 201 95   3.22 0.32 

 95×6  1082.6 1106.2 1089.3   89 220 93   2.31 0.66 

 100×6  1085.5 1118.9 1092.4   93 238 109   3.19 0.68 

 Avg.  1097.9 1132.4 1103.0   80 198 88   3.26 0.5 

D 50×0.2×cl1  474.8 476.0 475.5   45 66 45   0.28 0.15 

 50×0.2×cl2  367.6 370.0 367.9   42 70 44   0.72 0.09 

 50×0.2×uni  349.7 353.4 350.5   42 71 41   1.11 0.24 

 50×0.8×cl1  1213.9 1244.7 1222.1   47 73 66   2.54 0.68 

 50×0.8×cl2  1210.1 1229.6 1216.7   47 72 62   1.61 0.55 

 50×0.8×uni  1210.3 1227.0 1219.0   47 72 54   1.38 0.72 

 Avg.  804.4 816.8 808.6   45 71 52   1.27 0.4 

E 50×0.80  769.6 785.2 771.8   68 270 257   2.04 0.29 

 50×0.85  770.3 787.2 773.1   67 272 225   2.22 0.37 

 50×0.90  770.3 785.0 772.6   64 270 157   1.92 0.30 

 50×0.95  770.3 785.9 771.9   64 272 168   2.04 0.21 

 50×1.00  771.2 784.3 773.1   43 73 50   1.71 0.25 

 Avg.  770.3 785.5 772.5   61 231 171   1.99 0.28 

F 50×2  1509.7 1511.1 1510.2   10 13 9   0.09 0.03 

 50×3  1008.7 1015.9 1013.4   14 20 12   0.71 0.47 

 50×4  771.2 796.5 777.6   15 24 13   3.30 0.84 

 50×5  737.3 752.5 737.8   15 29 12   2.17 0.07 

 50×6  735.9 751.7 736.0   17 33 13   2.26 0.01 

 Avg.  952.6 965.5 955.0   14 24 12   1.71 0.28 

G 50×0  758.6 767.3 763.9   50 66 67   1.15 0.70 

 50×1  771.2 783.7 774.8   45 69 49   1.63 0.47 

 50×2  995.4 999.0 995.4   40 81 38   0.37 0.00 

 50×3  1240.1 1245.1 1240.7   50 88 57   0.41 0.05 

 50×4  1405.9 1411.9 1408.9   63 91 86   0.43 0.22 

 Avg.  1034.2 1041.4 1036.7   50 79 60   0.80 0.29 

*Gap % = (ƒalg −ƒMGA) / ƒMGA ×100 where ƒalg is the makespan achieved by each method, and ƒMGA is the value of 

makespan achieved by the MGA. 
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Turning to the computational time, the overall results demonstrate that the proposed 

initial population strategy speeds up the computation of the MGA. Figure 3.9 illustrates 

the time required for each of the techniques over sets A, B and C. It will be noted that the 

average length of time to compute the makespan for the MGA is significantly less than 

that for the MGA\CA and MGA\LS, even though it requires additional steps – namely, 

the initial population generation and the local search – to run. The computational time 

advantage of adopting the clustering algorithms is particularly apparent for large size 

problems. Thus, the proposed incorporation of the K-means and K-medoids clustering 

algorithms and local search into the initial population of the MGA has the added benefit 

of speeding up the overall process. 

 

Figure 3.9 Comparisons of times between MGA, MGA\CA, and MGA\LS for sets 

A to C 

In the case of sets D, E, F and G, the vessel size is constant (a medium vessel), and the 

sets reflect different workload distributions, precedence densities, number of QCs, and 

safety distance. Nevertheless, the data in Table 3.6 clearly indicates that, on average, the 

MGA produces faster results than the MGA\CA, especially in the case of set E. The MGA 

also produces faster results than the MGA\LS with the exception of set F where it is 

slightly slower. 
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3.5.2 Comparison with Previous Methods 

Meisel and Bierwirth (2011) introduced a very challenging and comprehensive 

benchmark suite for comparing and validating approaches in the QCSP. Several published 

papers in the QCSP literature have used this benchmark suite to test and examine their 

proposed approaches, including Chen et al. (2014), Legato and Trunfio (2014), and 

Legato et al. (2012). However, the results presented in all these previous papers are 

limited to two sets of the complete benchmark suite (sets B and C). In a similar way, 

Kaveshgar et al. (2012) provided results just for sets A and F. As a result, the performance 

of the MGA is compared with the results provided by (1) unidirectional search (UDS; 

Meisel & Bierwirth, 2011), and (2) hybrid genetic algorithm (HGA) and hybrid genetic 

programming (HGP; Nguyen et al., 2013), as these are the only studies in the QCSP 

literature that have provided full analyses for all the data sets. 

Table 3.7 shows a summary of the results for sets A to G using the different methods, 

namely the UDS, HGA, HGP, and MGA. For each scenario, the data reported is the 

average of 10 test instances. 

Table 3.7 also reports the values of objective function (the makespan) and the 

computational time in seconds required by each method. The column LB presents the 

lower bound, as initially reported by Meisel and Bierwirth (2011). These values for the 

lower bounds were obtained by using the CPLEX program with a maximum 2 hours per 

instance. In addition, the performance of the MGA is compared with the other methods 

on the basis of the percentage gap. It should be noted that the results for the HGA, HGP 

and MGA are (1) the best makespans, and (2) the average time found from five 

independent runs for each test instance. In addition, the average of all test instances in 

each particular set is reported at the end of each data-set. 

Test instances in set A are related to small size vessels with 10 bays in which the number 

of tasks are varied from 10 to 40. This data set has seven test scenarios (i.e., 70 test 

instances), and all of them are handled by two QCs. From Table 3.7 it is clear that the 

results delivered by the MGA are very close to those achieved by the HGA and HGP. A 

comparison of the results with the UDS demonstrates that the MGA achieved exactly the 

same solutions for all instances in set A. In summary, the MGA is clearly shown to be 

capable of finding similar solutions to the alternatives with which it is being compared in 
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a reasonable amount of time for small size QCSP, noting that time data was only provided 

in summary form for UDS, HGA and HGP. 

Set B provides test instances for medium size vessels with 15 bays, and the number of 

tasks ranges from 45 to 70 with four QCs being used to operate each vessel. As shown in 

Table 3.7, the MGA outperformed HGA in all test scenarios. It also outperforms HGP in 

all except for the first test scenario with 45 tasks. When compared with UDS, the average 

gap for all test instances in set B is equal to 0.02%. In all cases, the MGA achieves the 

results in a faster time – this is especially true in the case of the UDS where the MGA 

requires an average of 52 seconds compared to 1,451 for UDS. 

Set C comprises test instances for large size vessels with 20 bays that are operated by six 

QCs, and the number of tasks varies from 75 to 100. Set C has the highest computational 

times when compared to the other sets, and this reflects the larger number of tasks and 

QCs that leads to an increased possibility of inter-crane interference. As can be seen from 

Table 3.7, the computational time increases for all four approaches, but the MGA again 

outperforms the others – in particular, the UDS. The MGA also outperforms the HGA 

and HGP in most test scenarios in terms of solution quality, and when compared with the 

UDS, the overall gap over all instances is just 0.01%. 

Set D introduces test instances with various spatial distributions (Loc) of tasks for medium 

size vessels with 15 bays. All test scenarios have 50 tasks and four QCs with both a low 

and a high handling rate. Although in the first test scenario, the MGA surpasses the UDS, 

the average of gap for MGA is increased with increasing handling rate (f). In terms of 

computational time, the MGA outperforms the alternatives in all cases, but especially the 

UDS. 

Test instances with various precedence density (d) ranges from 0.8 to 1 are presented in 

set E. All test scenarios have the same size parameters consisting of 50 tasks, 4 QCs, and 

15 bays. From the results it can be seen that the MGA outperforms the HGA and HGP in 

all cases. As shown in Table 3.7, the gap between the MGA and the UDS ranges from 

0.04% to 0.13%, with an average gap of 0.08%, which is the worst overall gap compared 

to the other sets. The overall results for set E reveal that when the precedence density is 

less than 1, the MGA is still capable of finding good solutions in less computational time 

than the alternatives. 
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In order to consider the impact of different numbers of QCs and associated safety 

distances, sets F and G have been developed. All test scenarios in sets F and G have the 

same task numbers and bays as found in sets D and E. However, in set F the number of 

QCs assigned to each vessel ranges from 2 to 6, with one bay safety distance, whereas the 

number of assigned QCs in set G is set at 4 in all cases, whilst the safety distance varies 

from 0 to 4 bays. Although in some test scenarios the HGA and HGP provide better 

solutions than the MGA, the average gap obtained by the MGA outperformed HGA and 

HGP in both sets. Indeed, when compared to UDS, the experimental results show that the 

MGA achieved a lower gap in both sets F and G (as compared to the performance in sets 

D and E). In summary, the average gaps for sets F and G are competitive, whilst the MGA 

is able to reach satisfactory solutions when the number of QCs and safety distance are 

varied and, once again, it does this in a shorter computational time. 

Although the actual computer and associated software used inevitably differs between 

these studies, it will be noted that except in the case of small size problems, the 

computational time for MGA is very much less than the UDS, HGA and HGP.  
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Table 3.7. Comparison of the MGA with other methods 

Makespan Time (sec) *Gap (%)

Set Scenario LB UDS HGA HGP MGA UDS HGA HGP MGA UDS HGA HGP 

A 10×2 516.3 516.4 516.3 516.3 516.4 † † † 2 0 0.02 0.02 

15×2 509.6 509.9 509.6 509.6 509.9 † † † 2 0 0.06 0.06 

20×2 506.8 508.1 508.3 508.3 508.1 † † † 4 0 −0.04 −0.04 

25×2 506.3 507.0 507.0 507.0 507 † † † 4 0 0 0 

30×2 506.0 506.8 507.0 506.9 506.8 † † † 4 0 −0.04 −0.02 

35×2 507.7 507.1 507.2 507.1 507.1 † † † 5 0 −0.02 0 

40×2 505.8 506.3 506.4 506.3 506.3 † † † 6 0 −0.02 0 

Avg. 508.1 508.8 508.8 508.8 508.8 <1 1.4 0.6 4 0 −0.01 0 

B 45×4 754.3 775.8 776.8 775.0 776 713 65 95 39 0.03 −0.11 0.13 

50×4 753.4 770.9 772.1 772.5 771.2 1251 67 80 45 0.04 −0.12 −0.17 

55×4 753.6 771.9 774.4 773.9 772.5 1078 100 111 48 0.08 −0.25 −0.18 

60×4 753.1 771.1 774.2 773.6 771.4 1317 128 121 59 0.04 −0.37 −0.29 

65×4 753.5 769.0 772.6 771.7 769.6 2118 168 129 56 0.08 −0.39 −0.27 

70×4 753.1 762.1 767.0 765.3 761 2231 169 184 66 −0.14 −0.78 −0.56 

Avg. 753.5 770.1 772.9 772.0 770.3 1451 116 120 52 0.02 −0.34 −0.22 

C 75×6  1003.0 1142.9 1143.5 1143.6 1143 3600 180 192 63 0.01 −0.05 −0.06 

80×6  1003.0 1120.4 1120.9 1120.6 1121.1 3248 330 263 70 0.07 0.02 0.04 

85×6  1003.1 1084.7 1089.5 1088.0 1085.9 3600 355 303 80 0.12 −0.35 −0.21 

90×6  1003.0 1068.9 1072.4 1071.9 1069 3600 290 305 86 0.01 −0.33 −0.29 

95×6  1003.0 1083.3 1086.5 1086.3 1082.6 3600 371 333 89 −0.07 −0.39 −0.36 

100×6  1003.0 1086.5 1092.7 1090.8 1085.5 3600 395 299 93 −0.1 −0.7 −0.52 

Avg.  1003.0 1097.8 1100.9 1100.2 1097.9 3541 320 282 80 0.01 −0.30 −0.23 

D 50×0.2×cl1 † 475.0 474.8 474.8 474.8 3240 2 2 45 −0.04 0.01 0.01 

50×0.2×cl2 † 367.6 367.3 367.6 367.6 2212 50 62 42 0 0.07 −0.03 

50×0.2×uni † 349.5 349.9 349.3 349.7 2100 61 64 42 0.06 −0.08 0.11 

50×0.8×cl1 † 1213.7 1215.0 1214.8 1213.9 7 66 94 47 0.02 −0.09 −0.07 

50×0.8×cl2 † 1209.1 1212.1 1211.5 1210.1 508 120 132 47 0.08 −0.16 −0.12 

50×0.8×uni † 1209.0 1212.4 1211.2 1210.3 430 147 141 47 0.11 −0.17 −0.07 

Avg. - 804.0 805.3 804.9 804.4 1416 74 82 45 0.04 −0.07 −0.03 

E 50×0.80 † 769.0 771.0 770.1 769.6 3306 106 98 68 0.08 −0.18 −0.07 

50×0.85 † 769.3 771.0 770.9 770.3 1958 107 103 67 0.13 −0.09 −0.08 

50×0.90 † 769.7 771.9 771.0 770.3 870 87 82 64 0.08 −0.21 −0.09 

50×0.95 † 769.7 771.8 770.9 770.3 481 77 71 64 0.08 −0.20 −0.08 

50×1.00 † 770.9 772.1 771.8 771.2 41 65 68 43 0.04 −0.12 −0.08 

Avg. - 769.7 771.6 770.9 770.3 1331 89 85 61 0.08 −0.16 −0.08 

F 50×2 † 1509.7 1510.2 1509.7 1509.7 11 56 33 10 0 −0.03 0 

50×3 † 1008.4 1011.5 1009.9 1008.7 199 103 115 14 0.03 −0.28 −0.12 

50×4 † 770.9 772.1 771.8 771.2 1248 70 67 15 0.04 −0.12 −0.08 

50×5 † 737.3 737.8 738.0 737.3 2892 31 25 15 0 −0.08 −0.11 

50×6 † 736.1 735.5 735.4 735.9 3600 57 37 17 −0.03 0.05 0.06 

Avg. - 952.5 953.4 953.0 952.6 1590 63 55 14 0.01 −0.09 −0.05 

G 50×0 † 758.4 760.9 761.3 758.6 2440 158 120 50 0.03 −0.30 −0.35 

50×1 † 770.9 772.1 771.8 771.2 1248 67 67 45 0.04 −0.12 −0.08 

50×2 † 995.4 995.1 995.0 995.4 3252 32 33 40 0 0.03 0.04 

50×3 † 1239.9 1239.8 1239.8 1240.1 3600 1 1 50 0.02 0.02 0.02 

50×4 † 1405.4 1405.6 1405.4 1405.9 3600 3 10 63 0.03 0.02 0.03 

Avg. - 1034.0 1034.7 1034.7 1034.2 2828 52 46 50 0.02 −0.07 −0.07 

† No result was reported 

* Gap % = (ƒMGA − ƒalg) / ƒalg ×100
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3.6 Conclusion 

This research has considered the ‘QCSP with container group’ problem, including 

realistic operational constraints; namely, safety distance, non-crossing cranes and 

precedence constraints between tasks. An MGA was proposed in which the initial 

population was reinforced by K-means and K-medoids clustering algorithms as well as a 

local search procedure. A well-known benchmarks were used to validate the efficiency 

of the MGA. 

In developing the MGA, the impact of applying clustering algorithms and local search on 

its performance has been determined, and the data demonstrated the superiority of 

applying a clustering algorithm over that of applying the local search procedure both in 

terms of the solution quality and computational time. Furthermore, the benefit of using 

the MGA becomes more apparent when the size of vessel increases. 

A comparison between other existing methods demonstrates that the MGA performs 

better overall when compared with the HGA and HGP. When compared to the UDS, its 

performance was broadly similar (maximum gap 0.08%), but it achieved the results in 

significantly shorter computational times. 

This research offers the first demonstration of the use of K-means and K-medoids 

clustering algorithms as an approach to solve the QCSP. Its simplicity and ability to 

overcome the more complex real-world scenarios clearly indicate its potential benefit in 

improving the operation of container ports. Furthermore, this approach is perceived to 

have potential benefit in resolving other similar operational challenges, such as those 

relating to the optimisation of YC and YT movements in container terminals. 
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Abstract 

Prior to the berthing of a container vessel, an accurate schedule for each assigned quay 

crane needs to be determined. The resultant ‘quay crane scheduling problem’ is used to 

determine the unloading and loading sequence for the set of quay cranes that have been 

assigned to serve a given vessel. In this study, in addition to some practical constraints 

including safety distance, non-crossing constraints and the precedence relations among 

tasks, the quay cranes assigned to a vessel have limited time availability. This reflects a 

scenario in which a number of quay cranes are diverted either temporarily or permanently 

to service a second vessel that has a higher priority. A hybrid genetic algorithm is 

proposed to deal with this problem in which the initial population is reinforced by means 

of clustering algorithms. A local search is also applied to each new individual generated 

by the initial population process in order to maximise its fitness value. The computational 

results reveal that the developed hybrid genetic algorithm is very effective in finding 

optimal or near optimal solutions, even in large size problems. 

Keywords: container terminal, quay crane scheduling, genetic algorithm, crane time 

windows, clustering, initial population strategy 

4.1 Introduction 

It has been estimated that the volume of global containerised trade has increased by 2.9% 

to reach 180 million TEUs (20-foot equivalent units) in 2016, up from 175 million TEUs 

in 2015 (UNCTAD, 2016). In light of this increase in global container trade, improving 

the productivity of container terminals is necessary both in order to cope with the growth 

in movements and to maintain their competitiveness. 

Since the replacement of older handling equipment with more efficient versions is an 

extremely expensive way of increasing a terminal’s handling capacity, the alternative of 

making more efficient use of existing handling and transportation equipment is frequently 

the preferred approach. Obtaining a smooth and continuous flow of containers clearly 

needs significant coordination between the different types of handling equipment which, 

in a typical container terminal, consist of quay cranes (QCs), yard trucks or trains (YTs), 

and yard cranes (YCs) or straddle carriers (SCs). Of these, QCs, which unload and load 

the containers from/onto the vessel, are the most expensive item of equipment in a 
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container terminal. QCs are typically deployed alongside the berth and operate on a 

railway track, which means that they cannot pass each other. In other words, the sequence 

of QCs alongside the berth is fixed. A schematic view of a section of a container terminal 

is shown in Figure 4.1. 

Figure 4.1 An illustration of a container terminal 

The main processes of QCs can be categorised into two decisions, the first of which is the 

quay crane assignment problem (QCAP), which considers the assignment of an 

appropriate number of QCs to handle a given vessel. This is an important decision given 

there is a limited number of QCs available to service a particular berth. Furthermore, the 

workload of each QC changes over time and hence the optimal assignment of QCs to a 

given vessel has a significant impact on the efficiency of container terminal operations. 

In this study, the QCAP is considered as an input.  

The second decision is the quay crane scheduling problem (QCSP), which determines the 

container sequence and the running time for each QC assigned to serve the given vessel. 

The QCSP is also responsible for ensuring that the QCs remain separated by a minimum 

safety distance to avoid QC-QC interference, noting that, as indicated earlier, QCs cannot 

cross each other at any time. 

A vessel is normally divided into multiple bays in which the containers are stacked, with 

the actual number of bays depending on the length of the vessel. Bays are non-overlapping 

areas of the vessel such that, at any given time, only one QC can work on each bay (see 
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Figure 4.1). The capacity of each bay will also differ depending on the vessel’s 

dimensions. At the next level of granularity, a task refers to the loading or unloading of a 

set of containers and, according to Meisel and Bierwirth (2011), a task can be specified 

as (1) a group of containers located in the same bay, (2) all containers within a particular 

bay, or (3) all containers within an area of linked bays. All containers in each task must 

be handled by one QC without pre-emption, and the workload of a given task thus 

depends on the number of containers that need to be moved. 

Although some QCSP models are able to handle a non-zero ready time for each QC, most 

of the papers within the literature consider the QCSP in which the QC-to-vessel 

assignment is fixed. Under this scenario, QCs are not allowed to move to a second vessel 

(Vessel B) during the handling time of the first (Vessel A), even if there is no task 

assigned to them. Clearly, this is a potentially inefficient and unrealistic constraint, and 

therefore in order to achieve improved QC performance and also to serve a vessel with a 

higher priority more swiftly, container terminals require a more complex QC-to-vessel 

assignment strategy. For example, although a QC is not allowed to move away from a 

given bay whilst undertaking a task, a QC could move from Vessel A to one that is 

adjacent if there is a gap in the tasking. Under this scenario it is possible for one or more 

QCs to be withdrawn from Vessel A to operate on Vessel B either temporarily or 

permanently. Within this paper, the term ‘time window’ will be used to reflect the time 

availability of a given QC at Vessel A. 

It will be appreciated from the above overview of the QCSP that, given the variable 

number of bays and the variable contents of a given bay, the QCs on a particular jetty 

may be more efficiently employed servicing Vessel A or the adjacent Vessel B. Thus, the 

focus of this research is on the QCSP with time window constraints for the QCs (named 

QCSPTW hereinafter), where the QC-to-vessel assignment is variable over time, and 

each QC can undertake the loading and unloading containers in one or more time 

windows (i.e., multiple time windows). 

The resultant objective of this article is to present a hybrid genetic algorithm (named 

HGATW) for the QCSPTW in which two popular clustering algorithms, K-means and K-

medoids, as well as a local search approach, are adopted in order to reinforce the initial 

population of the HGATW solutions. The HGATW is able to cope with time window 
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constraints and the temporary or permanent movement of QCs from Vessel A to Vessel 

B. Using the classification scheme proposed by Bierwirth and Meisel (2010), this research 

problem is classified by group, prec|TW, pos, move|cross, save|w1 max(compl) + w2 ∑util. 

The remainder of this article is organised as follows: the relevant literature is reviewed in 

Section 4.2, and the QCSPTW is explained in Section 4.3. In Section 4.4 a genetic 

algorithm (GA) is presented to solve the QCSPTW; the computational results are then 

compared in Section 4.5 followed by a final section in which the overall conclusions from 

this research are discussed. 

4.2 Literature Review 

Following on from the initial work of Daganzo (1989) and Peterkofsky and Daganzo 

(1990), who first considered the QCSP, different models and approaches have been 

proposed. A seminal contribution was the work of Kim and Park (2004), who proposed a 

mathematical programming model for the QCSP with container groups by considering a 

set of various realistic constraints. The Kim and Park (2004) benchmark has been 

followed by other significant contributions, including those of Moccia et al. (2006), 

Sammarra et al. (2007), Bierwirth and Meisel (2009), Legato et al. (2012), and Chen et 

al. (2014). Interested readers can find comprehensive reviews of the literature relating to 

the scheduling of QCs in Bierwirth and Meisel (2010, 2015) and Carlo et al. (2015), in 

which the various QCSP models are reviewed and classified according to the research 

problem and objective(s). 

Within the QCSP literature, a number of important aspects have been researched, 

including QC safety distances, precedence relations between tasks within a bay, non-

crossing QCs, and QC ready time. Different approaches have been offered to resolve the 

QCSP, including branch-and-bound (e.g., Bierwirth & Meisel, 2009; Kim & Park, 2004), 

branch-and-cut (e.g., Moccia et al., 2006), tabu Search (e.g., Sammarra et al., 2007), 

MILP models (e.g., Chen et al., 2014), constraint programming (e.g., Unsal & Oguz, 

2013), genetic algorithm (e.g., Chung & Chan, 2013; Kaveshgar et al., 2012; Tavakkoli-

Moghaddam et al., 2009), and estimation of distribution algorithm (e.g., Expósito-

Izquierdo et al., 2013). 
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However, although the QCSP has received considerable attention over more than two 

decades, the QCSPTW was not investigated prior to the contribution of Meisel (2011). In 

his work, a mathematical model and a lower bound were presented together with a 

heuristic method to deal with the time windows. Multiple time windows were considered 

under a unidirectional search space (UDSTW). The proposed solution by Meisel (2011) 

was based on the work of Bierwirth and Meisel (2009) for the QCSP under unidirectional 

crane movement. The computational findings revealed that the proposed heuristic 

(UDSTW) was able to find high-quality solutions for small, medium, as well as large size 

instances. 

A tabu search was introduced by Monaco and Sammarra (2011), which generated 

unidirectional solutions for the QCSPTW. Within this, QCs’ movements were limited 

either by space and time. Each QC operated within a specific working area and, although 

the QC availability was limited, this was by using the soft time windows – in other words, 

a QC continued to work on the vessel after the planned end of its time window. 

Subsequently, a GA was presented by Kaveshgar and Huynh (2015) in order to solve the 

QCSPTW. This GA was an extension of the work of Kaveshgar et al. (2012) for the 

QCSP, and it developed the earlier GA heuristic with respect to the scheduling of QCs 

under time windows. The resultant GA is able to generate solutions where the movement 

of QCs is not unidirectional. In this approach, the QCs move in both directions 

independently, but are not allowed to change direction after starting work on the particular 

vessel, except in a specific situation such as at the beginning of a new time window. 

Legato et al. (2012) proposed a novel timed petri net approach (denoted as LTM) that 

generated unidirectional solutions for the QCSP. Numerical results showed that the LTM 

is also able to cope with the QCSP where QCs have practical constraints such as 

individual (1) ready times, (2) due dates and (3) productivity rates. Unsal and Oguz (2013) 

applied a constraint programming approach, which solved the QCSP by considering 

traditional constraints and non-unidirectional schedules. These authors extended this 

approach to deal with the QCSPTW. 

As seen from the above summary, notwithstanding the practical reality of port operations 

in which the movement of QCs between vessels is a likely occurrence, there has been 

relatively limited consideration of the QCSPTW. With this in mind, this paper presents a 
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novel approach to this important problem and, as will be shown in Section 4.5, it leads to 

high quality results compared to a number of standard benchmarks taken from the 

literature. 

4.3 Preliminaries 

In this article, the QCSPTW has been developed from the model introduced by Meisel 

(2011). It assumes that a task refers to a group of containers, and as a result the workload 

of a task can be less than or equal to a bay capacity. This assumption increases the 

complexity of the problem as it implies that multiple tasks might be located in a given 

bay. The availability of QCs is also limited by time windows, with a maximum of two 

time windows for each QC. 

The QCSPTW is represented by a set of K identical QCs Ƙ = {1, 2… K} which are 

assigned to a vessel with b bays B = {1, 2… b} to undertake a set of n tasks T = {1, 2… 

n}. For each task j ∈ T, the required individual processing times (pj) and bay locations (lj) 

within the vessel are given. Since each task can be referred to a loading or unloading 

operation, all tasks are numbered sequentially from 1 to n in respect to (1) increasing bay 

location from bay 1 up to the last (rightmost) bay b (see Figure 4.1), and (2) precedence 

constraints between multiple tasks within a bay. 

As a result, in the case where there are both unloading and loading tasks within the same 

bay, all unloading tasks have higher priority and must be completed before the loading 

tasks commence. Furthermore, in relation to the unloading tasks in a given bay, those 

higher up in the vessel must be completed before containers are unloaded from the hold. 

In a similar way, when loading tasks are performed in the same bay, those moving a 

container into the hold must be undertaken before those on the deck. These precedence 

constraints must be followed during the handling of a vessel, and all tasks are numbered 

accordingly. Due to these precedence constraints, and noting that only one QC can operate 

in a given bay at any time, a unique task sequence can be developed for all of the tasks 

within a bay. 

In the current research, it is assumed that all QCs are identical and therefore have same 

productivity rate. Without loss of generality, the QCs are numbered in an ascending 

sequence order from the left end of the berth to the right (see Figure 4.1). Finally, due to 
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the size of QCs, they cannot work simultaneously when the distance between two adjacent 

QCs is less than the safety distance. As a result, some tasks in adjacent bays cannot be 

undertaken at the same time because of the QC safety distance requirements. 

In the QCSPTW, a set of time windows is provided for the QCs in order to limit their 

availability to service a given vessel. The QC-to-vessel assignment procedure is 

responsible for providing the time windows plan – in other words the periods when QCs 

are temporarily or permanently removed from Vessel A in order to service adjacent 

vessels. The key information regarding each time window is as follows: (1) ready time of 

the crane (i.e., the start time of the time window), (2) withdrawal time of the QC (i.e., the 

end time of the time window), (3) the location of the QC at the start of the time window, 

and (4) the final location of a crane at the end of the time window. In the case of multiple 

time windows for a given QC (i.e., when a QC is available to work on a vessel in more 

than one time window) separate information for each time window must be provided. 

In addition to the time window restrictions, and in order to achieve greater flexibility in 

the crane scheduling and to generate feasible solutions, a QC that is assigned to operate 

throughout the vessel handling time (i.e., available to work until completion of the 

vessel’s workload) has a relaxed withdrawal time. This is referred to as an open-ended 

time window and is a practical and realistic assumption that guarantees the scheduling 

method is able to generate at least one feasible solution for the QCSPTW. 

A simple example of the QCSPTW is provided in Table 4.1, which describes a vessel 

with 10 bays and 15 tasks, and with three QCs to handle the tasks. The tasks are 

sequentially numbered according to the bay numbers as well as precedence constraints. 

The processing time and bay location are provided for each task. One bay safety distance 

is used to ensure that there is enough space between working QCs. QC travel time is 1 

unit time per bay. The precedence relations among corresponding tasks in each bay are 

also reported. For example, tasks 8, 9 and 10 are located in a same bay (bay 7), so task 8 

must be completed before tasks 9 and 10. Similarly, task 9 must be undertaken after 

completion of task 8 and before task 10 begins.  
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Table 4.1 A sample test instance of the QCSPTW 

Number of QCs = 3 Safety distance = 1 bay QC travel time = 1 unit per bay       

Task index 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Bay location 1 3 3 4 4 5 5 7 7 7 8 9 9 10 10 

Processing time 15 30 24 20 40 20 23 10 32 26 26 8 17 30 20 

Precedence constraints tasks   (2,3) , (4,5) , (6,7) , (8,9) , (8,10) , (9,10) , (12,13) , (14,15) 

Quay Crane Index Ready time  Withdraw time  Initial location  Final location 

1  0    125    1    −1  

2  0    M*    3    3  

3  0    75    5    12  

3  125    M*    12    5  

*A large positive number to denote a relaxed withdraw time. 

                

The resultant QC-to-vessel assignment plan for this QCSPTW example is shown at the 

bottom of Table 4.1. All QCs are available to work at time 0, and they are initially lined 

up alongside the berth and ready to work after the vessel berths. Furthermore, there is one 

bay clearance (safety distance) between each of the QCs at their initial locations. 

QC1 is only available for one time window from the start of the vessel handling time to 

time 125. Although the initial location of QC1 is inside the vessel, its final location at the 

end of the time window is away from the vessel when QC1 is permanently removed from 

the vessel after its withdrawal time. QC2 is also available for a single time window that 

starts from time 0 but has a relaxed withdraw time (indicated by M*). Hence, QC2 has an 

open-ended time window and can operate on the vessel until completion of its handling. 

QC3 is available through two time windows. The first of these starts at time 0 in bay 5 

and finishes at time 75 (bay 12), after which the QC works on an adjacent vessel. It then 

returns for a second time window, which starts at time 125 at bay 12, and this time 

window has a relaxed withdraw time, that is, open-ended time window. QCs must be at 

the final location at the end of each time window; however, QC final relocation 

(repositioning) is not necessary for cranes with an open-ended time window. The QC-to-

vessel assignment to this instance is illustrated in Figure 4.2. The dashed line at the end 

of any time window rectangle indicates an open-ended time window. 

 

Figure 4.2 Quay crane assignment illustration of the sample instance in Table 4.1 
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One of the widely used strategies to generate the task sequence for each task-to-QC 

assignment is unidirectional scheduling. In this approach, the movement of all QCs 

working on the vessel is restricted to the same direction after the QCs’ initial relocation, 

and subsequently QCs are not allowed to change this direction. Furthermore, under 

unidirectional scheduling, a number of realistic operational constraints, including safety 

distance, non-crossing QCs and the precedence relation between tasks, can be followed. 

In this regard, Meisel (2011) has stated that although the unidirectional search heuristic 

might not be able to find an optimal solution for the QCSPTW, the best solutions obtained 

using a unidirectional heuristic are of a high quality. Thus, the unidirectional movement 

of QCs has been widely adopted by researchers to generate the QC task sequence due 

both to its simplicity and also the shorter running times needed to solve both the QCSP 

and the QCSPTW. 

The use of unidirectional schedules limits the search space of feasible solutions as QCs 

can only move alongside the berth, either from left-to-right or from right-to-left. 

Furthermore, after initial repositioning, the direction of the QC’s movement remains fixed 

for each time window. As a result, the unidirectional heuristic must be applied twice for 

a given instance in order to generate two different schedules (left-to-right and right-to 

left). 

For example, Figure 4.3 presents a left-to-right unidirectional solution for the QCSPTW 

instance in Table 4.1. In this case, tasks (1, 2, 3, 5) are assigned to QC1, tasks (4, 6, 7, 9, 

10, 11) are assigned to QC2, and QC3 handles tasks (8, 12, 13, 14, 15). As can be seen in 

Figure 4.3, the generated schedule is feasible as all assigned tasks are operated within the 

given time windows, and the resultant vessel handling time is 152 time units. 

The precedence relations between tasks in the same bay have also been followed. For 

example, although tasks 8, 9, and 10 in bay 7 are assigned to two different QCs, they are 

completed sequentially during the vessel handling time. A similar situation pertains for 

the tasks in bay 4. A safety distance of one bay is maintained at all times by the insertion 

of a waiting time into the schedule as necessary. 

It can also be noted that in the left-to-right unidirectional approach, the QC with the higher 

index number has a higher priority to complete its assigned tasks. For example, QC1 has 

to wait at bay 2 for five time units (from time 16 to time 21) in order to meet the safety 
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distance requirement driven by the need for QC2, which has a higher priority than QC1 

to complete task 4. 

 

Figure 4.3 A left-to-right unidirectional solution for the QCSPTW instance in 

Table 4.1 

Figure 4.4 illustrates a right-to-left unidirectional solution for the same QCSPTW 

instance. In the opposite way to the left-to-right direction demonstrated in Figure 4.3, the 

QC with the smaller index number (i.e., the leftmost QC) has a higher priority to complete 

its assigned tasks in the right-to-left unidirectional approach. Thus, contrary to Figure 4.3 

where QC1 is blocked by QC2 at bay 2, QC2 is forced to wait at bay 5 as it has a lesser 

priority than QC1 in the right-to-left movement of QCs as presented in Figure 4.4. 

 

Figure 4.4 A right-to-left unidirectional solution for the QCSPTW instance in 

Table 4.1 
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4.4 The Proposed Approach 

A GA is a well-known, meta-heuristic algorithm and has been widely applied to solve 

large and complex computational problems in various environments such as 

manufacturing scheduling, business planning, mathematics and computer science. A GA 

is a search and optimisation tool that uses genetics and natural selection. The idea of a 

GA was initially introduced by Holland (1975) before being contributed to, and 

popularized by, Goldberg (1989). A GA begins with a set of feasible solutions known as 

an initial population (i.e., a population of individuals), and a fitness value is assigned to 

each solution. The GA stops working when it converges with some predetermined 

criteria. In between, new individuals are generated by means of genetic operators, namely 

crossover and mutation. Each generation of GA is controlled by the selection strategy in 

which the fittest chromosomes have more chance of surviving and selection to produce 

new solutions. However, in a similar way to other meta-heuristic algorithms, a GA does 

not guarantee the optimal solution. With this in mind, a more efficient hybrid GA is 

proposed in this research to resolve the QCSPTW, and this has been denoted as the 

HGATW. 

4.4.1 Representation Scheme 

A GA requires encoding and decoding procedures between chromosomes and solutions. 

An accurate encoding of a solution into a chromosome plays a key role in ensuring that 

the GA maintains its effectiveness. In this respect, it has been extensively demonstrated 

that real-number encoding achieves better results when dealing with function 

optimisation problems (Gen et al., 2008). 

As previously mentioned, a GA begins with a group of chromosomes or individuals. Each 

individual presents a possible solution to the problem and consists of a set of genes. The 

HGATW uses real-number encoding where the number of genes in each chromosome is 

equal to the total number of tasks, or n. From the left-most to the right-most gene of a 

chromosome, these reflect the sequence from the first task (i.e., 1) to the last task (i.e., n). 

The value assigned to a gene ranges from 1 to the total number of QCs assigned to a 

vessel (i.e., K). In other words, each gene represents the assignment of a QC to perform 

the corresponding task, and a chromosome represents the task-to-QC assignment. 
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To evaluate an encoding, a chromosome needs to be decoded; a decoding procedure 

converts the chromosomes into solutions. The resulting encoding and decoding 

procedures for the HGATW are illustrated in Figure 4.5, which uses the instance 

presented in Table 4.1. 

Task number 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Assigned QC 1 1 1 2 1 2 2 3 2 2 2 3 3 3 3 

QC index Task sequence 

#1 1-2-3-5

#2 4-6-7-9-10-11

#3 8-12-13-14-15

Figure 4.5 Illustration of a chromosome representation with 15 tasks and 3 QCs 

4.4.2 Chromosome Validation 

Some of the generated chromosomes result in invalid solutions for the QCSPTW. This 

issue reflects the nature of the QCSPTW when the precedence constraints and 

unidirectional QC movement are considered. Gen et al. (2008) categorised the techniques 

to handle invalid chromosomes as follows: (1) a rejecting strategy, (2) a repairing 

strategy, (3) a modifying genetic operations strategy, and (4) a penalising strategy. 

In the QCSPTW, a repairing strategy has been implemented to regenerate valid solutions 

from those that are invalid. In this regard, a valid chromosome needs to follow the 

precedence constraints of the tasks in a given bay and, as mentioned previously, the tasks 

in the same bay are numbered sequentially based on the precedence constraints. As a 

result, the tasks must be handled in ascending order of the task numbers in the same bay. 

A chromosome is valid if the task sequence for each QC follows these precedence 

constraints, which, as explained above, depends on the movement direction of the QCs. 

In the case of any violation of task precedence constraints, swapping is undertaken to 

repair the sequence of tasks. 

In the example of the previous instance presented in Table 4.1, tasks 8, 9 and 10 are 

located in bay 7, so task 8 needs to precede tasks 9 and 10, and task 9 needs to precede 

task 10. In the case of the left-to-right unidirectional QC movements, the first presented 

chromosome in Figure 4.6 is an invalid solution. In this solution, tasks 8 and 9 are 

assigned to QC2, and task 10 is assigned to QC3. This solution is invalid because in the 
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left-to-right QC’s movement, a higher indexed QC has priority to undertake its tasks (i.e., 

tasks allocated to QC3 must be scheduled before QC1 and QC2); task 10, as the first task 

for QC3, would be operated before tasks 8 and 9, which violates the precedence relations. 

Thus, the QCs assigned to tasks 8 and 10 are swapped to regenerate a valid solution for 

the QCSPTW. 

Task number 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

1. Invalid chromosome 1 1 1 2 1 2 2 2 2 3 2 3 3 3 3 

                

2. Valid chromosome 1 1 1 2 1 2 2 3 2 2 2 3 3 3 3 

                

Figure 4.6 Example of repairing strategy for invalid chromosomes 

4.4.3  Objective Function Evaluation 

A fitness function (i.e., the objective function) is used in the GA to evaluate the quality 

of all the proposed chromosomes. The fitness value of a particular solution is the value 

of the objective function for that chromosome. In relation to the QCSPTW, the fitness 

value for a given problem depends on the number of available QCs, the task-to-QC 

assignment, the QCs movement direction (which leads to the QC task sequence), as well 

as the safety distance between adjacent QCs. The objective function of the QCSPTW can 

be formulated as follows (in the form of mathematical programming): 

min   𝛼1𝜔 +  𝛼2(1 − 
∑ 𝑈𝑖

𝐾
𝑖=1

𝐾
) 

Where 

K      : Number of quay cranes 

ω      : Makespan (the maximum completion time) of the schedule 

Ui     : Utilisation rate of the i-th QC 

𝛼1, 𝛼2 : Weights for the makespan and the gap to full utilisation  

 

The objective function aims to at minimise the weighted combination of the makespan 

and the gap between the average QC utilisation rates and full utilisation (i.e., 100% 

utilisation). As a vessel only leaves a container terminal after the completion of all tasks, 

the main objective of QC scheduling is to minimise this time (referred to as the 
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makespan). As a result, it is assumed that α1 >> α2. Given that different solutions can 

generate schedules with the same makespan, the one with the highest mean utilisation of 

QCs will be selected as the final solution. This reflects the fact that a solution with a 

higher QC utilisation rate minimises the QC idle times as well as the QC handling times. 

The resultant QC availability can then be employed on adjacent vessels, thereby reducing 

their handling times. 

4.4.4 Initial Population of Solutions 

The first step of any GA is to generate an initial population of solutions because this has 

a significant influence on both the performance of the final solution given by GA and the 

convergence speed. There are two methods used to develop the initial population: (1) 

randomly and (2) heuristically (Gen & Cheng, 2000). In the first method, all initial 

solutions are generated randomly. In the second method, initial solutions are generated 

by applying heuristic rules. A combination of these methods is adopted in the research. 

In this study, two well-known clustering algorithms, K-means and K-medoids, have been 

adopted for the generation of the initial population of solutions. Furthermore, in order to 

expand the exploration of the solution space and avoid getting stuck at suboptimal 

solutions, random generation is also used. Specifically, half of the population is obtained 

by means of clustering algorithms and the remaining half is randomly generated. 

Both K-means and K-medoids clustering algorithms represent techniques that are widely 

used to group a set of data points, normally in a d-dimensional vector, into a fixed number 

of clusters such that similar data are placed in the same cluster. The number of clusters 

must, however, be specified at the outset. In this research, the number of clusters is equal 

to the number of QCs with an open-ended time window (k) (noting that this might be less 

than the total number of QCs, i.e. k ≤ K), whilst the number of data points is the total 

number of tasks (n) assigned to a vessel. 

The task bay locations are the vital information needed for the clustering algorithms in 

order to partition the n tasks into k exclusive clusters in the QCSPTW. Although K-means 

and K-medoids could classify all n tasks into k clusters just by using the task’s bay 

location information, our initial research indicated this would restrict the resulting clusters 

and lead to suboptimal solutions. 
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As a result, if the datasets are inserted into the clustering algorithms with just the bay 

location information, all tasks in a particular bay will be assigned to the same cluster as 

they have the same bay value. In order to expand the search space of K-means and K-

medoids clustering algorithms and achieve clusters with different members, two heuristic 

procedures are proposed to insert extra values to the input dataset and thereby distinguish 

between data (i.e., tasks) with the same value (i.e., with the same bay). Both procedures 

restructure the input dataset by adding one more item of information to each member and 

thus return a two dimensional matrix (n-by-2). 

Let X = (x1, x2, …, xn) be a set of n data points that have to be partitioned into k clusters 

where each xj ∈ X (1 ≤  j ≤ n) is a two-dimensional vector. The following procedures are 

used to provide the input dataset matrix (labelled as X), which is then inserted into the K-

means and K-medoids clustering algorithms. 

Heuristic 1: Every xj ∈ X (1 ≤ j ≤ n) is a combination of (1) task index number and (2) 

task bay location; in other words xj = (j, lj). For example, the input dataset (X) for the 

previous instance in Table 4.1 is organised as follows: 

X = [(1, 1); (2, 3); (3, 3); (4, 4); (5, 4); (6, 5); (7, 5); (8, 7); (9, 7); (10, 7); (11, 8); (12, 9); 

(13, 9); (14, 10); (15, 10)] 

Heuristic 2: Every xj ∈ X (1 ≤ j ≤ n) is a combination of (1) task bay location and (2) half 

of the current task processing time plus the cumulative sum of previous tasks processing 

time. 

X = [(1, 7.5); (3, 30); (3, 57); (4, 79); (4, 109); (5, 139); (5, 160.5); (7, 177); (7, 198); (7, 

227); (8, 253); (9, 270); (9, 282.5); (10, 306); (10, 331)] 

4.4.5 Local Search 

Local search approaches have been extensively applied in developing solutions to 

scheduling problems as well as to genetic algorithms. They are able to improve the quality 

of the solutions by continuing the exploration of the solution space. Local search is 

capable of reaching a local optimum by exploiting the best solution that has been achieved 

by the earlier processes. 
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As mentioned in Section 4.3, the handling capacity of all QCs allocated to a given vessel 

is restricted to a set of time windows in the QCSPTW. Although all QCs with an open-

ended time window are available until the vessel completion time, others have limited 

time availability, and the tasks assigned to these QCs must not exceed these limited time 

windows. To avoid this, and also to ensure that there is no QC with a set of tasks where 

the handling will exceed its time window, in the initial population process only QCs with 

an open-ended time window are considered in order to generate feasible schedules for the 

QCSPTW. 

As a result, the task-to-QC assignments obtained by both the clustering algorithms and 

random generation do not utilise all the QCs that are available to service a given vessel. 

This can be seen from the instance reported in Table 4.1 where only QC2 and QC3 have 

an open-ended time window. As a result, in all task-to-QC assignments obtained by the 

initial population process, all tasks are assigned to QC2 or QC3 and no task is assigned 

to QC1. 

After the generation of a set of feasible solutions through the initial population strategy, 

further improvement by means of a local search approach is applied in order to reduce 

the vessel handling time by applying two simple neighbourhood structures. To achieve 

this, all the QCs allocated to a vessel (Ƙ) are divided into two groups: (1) a set of all QCs 

with an open-ended time window (Ƙ1); and (2) the remaining QCs, which are placed in 

the second group (Ƙ2). Thereafter the following procedure is adopted: 

1. Insert task: Randomly select a task from a QC in the Ƙ1, and reassign it to a QC

in the Ƙ2.

2. Swap task: Randomly select two tasks from two different QCs in the Ƙ, and switch

the corresponding QCs of these two tasks.

These movements are iteratively applied by the local search procedure in order to explore 

the immediate neighbourhood and to achieve a local optimum. It will be seen that the aim 

of the proposed local search is to assign tasks to the QCs without any allocated tasks, and 

thereby achieve solutions with a lower vessel handling time. The details of the proposed 

local search for the QCSPTW are presented in Figure 4.7. 
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Input data : Ψ = A task-to-QC assignment list 

Ƙ = A set of all available QCs to a vessel 

1. Ƙ1 = A set of all QCs with an open-ended time window;

2. Ƙ2 = Ƙ \ Ƙ1;

3. ωbest = Makespan of the schedule Ψ;

4. FOR each QC c in the set Ƙ2 DO

5. WHILE QC c is able to operate a new task DO

6. Find the nearest QC v in the list Ƙ1;

7. Randomly select task i from QC v;

8. Make a new task-to-QC assignment (Ψnew) by re-assigning task i to QC c;

9. ωnew = Makespan of the schedule Ψnew;

10. IF ωnew < ωbest THEN

11. ωbest = ωnew and Ψ = Ψnew;

12. END IF

13. END WHILE

14. END FOR

15. WHILE termination criteria is not reached DO

16. Randomly select two QCs c and v from Ƙ where c ≠ v;

17. Randomly select two tasks i and j from QCs c and v;

18. Make a new task-to-QC assignment (Ψnew) by swapping tasks i and j in Ψ;

19. ωnew = Makespan of the schedule Ψnew;

20. IF ωnew < ωbest THEN

21. ωbest = ωnew and Ψ = Ψnew;

22. END IF

23. END WHILE

24. Return Ψ and ωbest

Figure 4.7 Local search for the QCSPTW 

4.4.6 Genetic Operators 

Within the GA literature, a number of selection mechanisms are presented that select 

some of the current individuals from the mating pool to regenerate new offspring and 

create a new population. One of the most widely used of these selection mechanisms is 

called ‘roulette wheel selection’ and it has been applied in this research. In this method, 

a selection probability is assigned to each individual based on its fitness value. Although 

this is essentially a random selection process, individuals with a better fitness function 

have a higher probability of being selected and surviving. 

Once the selection mechanism has been applied to select a pair of chromosomes, a 

crossover operator is employed to generate new chromosomes, which are called 

offspring. In general terms, during the crossover, two chromosomes are combined to 

generate one or two good individuals. The proposed crossover operator is based on a 
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parametrised uniform crossover (Spears & De Jong, 1995) that generates solutions for the 

next generation. This crossover operator is used to mate the parent’s chromosomes and 

breed an offspring by observing the same constraints. It will be noted that the parent 

chromosome with a better fitness value has more impact on the offspring chromosome. 

The steps in the procedure of the parametrised uniform crossover is as follows: 

1. Use the selection mechanism to choose two chromosomes from current

generation.

2. In order to expand the role the good parent, the chromosome with the better fitness

value is allocated to Parent 1.

3. Generate a set of random numbers between 0 and 1 that is equal to the total

number of genes in a chromosome (i.e., total number of tasks n).

4. If the value of random number is less than 0.7, which was proposed by Bean

(1994), then select the gene from the first parent.

5. If the value of random number is equal to or greater than 0.7, then select the gene

from the second parent.

Figure 4.8 represents a simple example, with 15 tasks and three QCs, of this crossover 

operator, which has been used to simplify the structure of the parametrised uniform 

crossover for the QCSPTW. Two parents are shown, and it has been assumed that Parent 

1 results in a better makespan than Parent 2. As a part of the parametrised uniform 

crossover operator, 15 random numbers (i.e., the total number of genes in a chromosome 

or the total number of tasks) are generated between 0 and 1. The random numbers shaded 

in grey colour in Figure 4.8 tell us to copy the value from Parent 2, whilst the remaining 

values are copied from Parent 1 to the resultant offspring. 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Parent 1 1 1 1 2 1 2 2 2 2 2 2 3 3 3 3 

Parent 2 1 2 1 1 1 3 2 3 2 2 3 3 3 3 3 

Random numbers 0.88 0.25 0.96 0.16 0.68 0.02 0.35 0.91 0.45 0.55 0.1 0.19 0.72 0.38 0.59 

Offspring 1 1 1 2 1 2 2 3 2 2 2 3 3 3 3 

Figure 4.8 An illustrative example of the parametrised uniform crossover operator 

The next step in the GA is to use a mutation operator in order to diversify the solutions 

and ensure more effective exploration of the search space. Whilst the solution space of 
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the QCSPTW is restricted by a set of time windows, the mutation operator prevents 

premature convergence of the population toward a local optimum. In the HGATW, the 

mutation operator is applied to all individuals in the current population. The procedure 

for the proposed mutation operator is as follows: 

1. Select one chromosome from the current generation. 

2. Generate a set of random numbers between 0 and 1 that is equal to the total 

number of genes in a chromosome (i.e., total number of tasks n). 

3. If the value of the random number is less than or equal to the mutation probability 

(Pm), then the value of this gene is flipped and randomly reassigned to one of the 

neighbouring QCs. 

Figure 4.9 depicts an example of the mutation operator that represents a chromosome of 

the HGATW with 15 tasks and three QCs, where the mutation probability Pm = 0.05. 

Among all the randomly generated numbers, only the value of gene 8 (i.e., task 8) is less 

than Pm. Since task 8 is scheduled to be operated by QC2 in the original solution, 

following the mutation operation it can be allocated to QC1 or QC3. In this case, QC3 is 

randomly selected to operate task 8 rather than QC2. 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Before mutation 1 1 1 2 1 2 2 2 2 2 2 3 3 3 3 
                

Random numbers 0.99 0.26 0.58 0.88 0.43 0.57 0.61 0.04 0.12 0.98 0.36 0.39 0.65 0.78 0.09 

                

After mutation 1 1 1 2 1 2 2 3 2 2 2 3 3 3 3 

Figure 4.9 An illustrative example of the mutation operator 

Generation of the new population is accomplished by copying the best individual 

solutions to date from the current generation to the new one. This approach is called an 

elitism strategy, and it is designed to avoid missing the best individuals of the current 

population. 

4.4.7 Stopping Criteria 

Two criteria are used to determine when to terminate the HGATW. The first is the 

maximum number of generations in the HGATW process, which results in the HGATW 

stopping after μ generations. In addition, if no better solution is achieved after λ 

successive generations, the HGATW terminates. 
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4.5 Computational Investigation 

The computational results shown in this section were used to assess the performance of 

the HGATW, and its effectiveness is compared with previously published methods found 

in the literature. The HGATW has been implemented in MATLAB 2016a and has been 

tested on a PC Intel Core i5, 3.2GHz with 8GB of RAM.  

The following genetic algorithm parameters applied in the developed HGATW are based 

on preliminary tests:  

 Crossover rate = 0.9; 

 Mutation rate = 0.1; 

 Elitism rate = 0.1; 

 Population size = 50 (set A); = 75 (sets B and C); 

 Maximum number of generation =  25 (set A); = 50 (sets B and C);

 Number of generations without improvement = 10 (set A); = 20 (sets B and C).

A set of instances that were developed by Meisel (2011) has been adopted, and the 

parameters used to generate these instances are summarised in Table 4.2. This benchmark 

suite can be regenerated using the instance generator QCSPgen introduced in Meisel and 

Bierwirth (2011); and it was also used by Kaveshgar and Huynh (2015) to evaluate their 

proposed GA heuristic. 

The benchmark suite is grouped into three subsets named A, B and C, which correspond 

to vessels of small, medium and large sizes respectively. Each set consists of a 

combination of different parameters in order to introduce a wide range of realistic 

instances of the QCSPTW. The number of tasks varies from 20 to 80, all of which are on 

a single vessel, and the number of bays ranges from 10 to 20. All QCs are identical, and 

the assigned number of QCs is 2, 4, or 6. The safety distance between two adjacent QCs 

is assumed to be one bay, and QCs travel with the same speed of 1 time unit per bay. As 

will be seen from Table 4.2, there are seven different combinations of parameters (i.e., 

seven scenarios to test). For each test scenario, 10 different instances were generated and 

the benchmark suite therefore comprises a total of 70 instances. 
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Table 4.2 Parameters of Meisel (2011) benchmark suite 

Set 
Vessel 

description 

Number 

of QCs 

Number 

of tasks 

Number 

of bays 

Number of 

instances 
∑ 𝑝𝑖 

Bay 

capacity 

A Small     2, 4 20 10 20 1000 200 

B Medium     2, 4, 6 50 15 30 3000 400 

C Large         4, 6 80 20 20 6000 600 

        

Twelve different QC-to-vessel assignments were created by Meisel (2011) to analyse the 

benchmark suite, as shown in Figure 4.10. The proposed QC-to-vessel assignments 

include four different time window patterns and three different numbers of QCs that 

reflect different levels of QC availability for a given vessel. Ready times, withdraw times, 

initial locations and final locations of the QCs are given in each time window pattern in 

Figure 4.10. Every instance is independently run under four different QC-to-vessel 

assignment patterns, hence a total of 280 instances were considered for the computational 

comparisons. 

In pattern I, all QCs assigned to the vessel are available to work at the start of the vessel 

handling service. Half of these QCs are then permanently displaced from the primary 

vessel after a specific amount of time in order to handle other adjacent vessels. This 

pattern is designed to serve the primary vessel rapidly at the beginning of the 

unloading/loading process.  

Pattern II demonstrates a situation when all the originally assigned QCs are replaced by 

new QCs. In this scenario, the number of available QCs is kept fixed. 

Unlike patterns I and II where a set of QCs leaves the primary vessel permanently, 

patterns III and IV employ QCs that have more than one time window. In other words, 

they move to a second vessel part way through before returning to the primary vessel at 

a later stage. In Pattern III, all QCs are available at the beginning of the process, but half 

of them are temporarily replaced at the end of first time window before becoming 

available to support the primary vessel at the beginning of the second time window. This 

pattern reflects the case when a higher priority vessel needs more QCs to service it. 

Pattern IV demonstrates a case when the number of available QCs is kept constant. Thus, 

when one of the QCs leaves, it is replaced by another. This represents a scenario in which 
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QCs are shuffled down the length of the berthing jetty. Further details regarding the 

generating process can be found in Meisel (2011). 

 

 Figure 4.10 Time window patterns reproduced from Meisel (2011) 

4.5.1 Impact of Clustering Algorithms and Local Search on the HGATW 

In the proposed heuristic for solving the QCSPTW, both K-means and K-medoids 

clustering algorithms and a local search procedure have been applied to facilitate the 

exploration of the solution space and identify near optimal solutions for the QCSPTW. 

This subsection provides computational comparisons in order to demonstrate the 

efficiency of the clustering algorithms and the local search procedure on the final 

schedules returned by the HGATW. 

To achieve this, the following three approaches were compared: (1) the HGATW, which 

includes the basic developed GA together a with combination of clustering algorithms 

and local search; (2) the HGATW without applying clustering algorithms in the initial 

population generation, that is, a fully random initial population (denoted by 

HGATW\CA); and (3) the HGATW without applying local search procedure after initial 

population generation (denoted by HGATW\LS). All three approaches utilise the same 

genetic operators and parameters explained in the previous section, and the whole Meisel 

(2011) benchmark suite is solved by each of them separately. 
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In Table 4.3, a computational comparison between the HGATW, the HGATW\CA, and 

the HGATW\LS is presented. Each row presents the average value of the relevant 

parameters for each test scenario, which incorporates 10 different instances to solve. The 

columns labelled ‘Makespan’ present the average value of the objective function obtained 

by each method. The average percentage gaps (Gap %) are presented in the next columns 

where the percentage gap is calculated with respect to the makespan obtained by the 

HGATW. The value of the gap is used to compare the performance of these three 

methods. The required running times (in seconds) for each method are reported in the 

column headed ‘Time’. The last row of each set provides the average values of the whole 

set. 

Several conclusions emerge from the results presented in Table 4.3. First, in relation to 

sets A and B, where the number of QCs is two (i.e., K = 2), there is only one QC with an 

open-ended time window in patterns I, II, and IV (see Figure 4.10). Hence, in these test 

scenarios (sets A and B, patterns I, II and IV, K = 2), all three comparison techniques 

follow the same approach whereby all tasks are assigned to one QC by the initial 

population process and this is followed by the local search approach that assigns the tasks 

to another QC. It can be seen that HGATW\CA and HGATW\LS produce the same results 

as the HGATW for time window patterns I, II and IV with K = 2 in sets A and B, and that 

the average gap is 0%. 

Turning to the results for a small sized vessel (set A), it is clear that only in the case of 

patterns III and IV when K = 4 are the results achieved by the HGATW\CA very close to 

those achieved by the HGATW. The solutions obtained by HGATW\CA for patterns I 

and II have a higher gap value (up to 0.55%) when compared to patterns III and IV. For 

the HGATW\LS, when K = 4, the computed gaps range from 0.05% (pattern III) to a 

value of 3.03% (pattern II). 

It can also be seen from Table 4.3 that the HGATW outperforms both the HGATW\CA 

and HGATW\LS for the small size vessels both in respect of the makespan and the 

running time in all test instances. Also for set A, on average, the HGATW\CA provides 

better schedules than the HGATW\LS for the QCSPTW. It indicates that for the small 

size problems, local search procedure has more impact than clustering algorithms to 

improve the final schedule achieve by the HGATW. 
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The results for medium and large size vessels (sets B and C) reveal the same trend. Thus, 

in both sets (except when K = 2), noticeable gaps can be seen for all instances that range 

from 0.17% (set B, pattern IV, K = 4) up to 14.43% (set C, pattern III, K = 6). The average 

gap results for sets B and C confirm that as the number of QCs and total tasks increases, 

the performance of both the HGATW\CA and HGATW\LS decreases and fails to provide 

good quality schedules for the QCSPTW. In contrast to the case of small size vessels, the 

HGATW\LS achieves better schedules than the HGATW\CA for the medium and large 

size vessels. Hence, the impact of the clustering algorithms on the performance of the 

HGATW is greater than local search procedure in more complex problems. Thus, it will 

be appreciated that as the problem size grows, applying clustering algorithms to the 

HGATW has a greater impact when compared to that of applying local search in final 

schedules for the QCSPTW. 

In summary, the results in Table 4.3 demonstrate that the HGATW heuristic can achieve 

good quality schedules in all test scenarios from small to large size vessels. The results 

also indicate the superiority of the HGATW over the HGATW\CA and HGATW\LS, and 

that the HGATW performs significantly better when the problem becomes more complex. 

Although when compared to the HGATW\CA and HGATW\LS, the HGATW has extra 

steps to be completed (i.e., both the clustering algorithms and local search), the HGATW 

computational time is actually less than both the HGATW\CA and HGATW\LS, and this 

improvement in computational times is more clearly seen in the sets that reflect an 

increasing problem size. This somewhat counterintuitive result demonstrates that 

employing clustering algorithms actually boosts the convergence speed of the HGATW. 
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Table 4.3 Comparison of the results 

Set Pattern Crane 
Makespan Gap (%)* Time (sec) 

 HGATW HGATW\CA HGATW\LS  HGATW\CA HGATW\LS  HGATW HGATW\CA HGATW\LS 

Set 

A 
I 2 682.4 682.4 682.4 0.00 0.00 4 5 4 

4 392.5 393.9 402.2 0.36 2.47 9 12 7 

II 2 1020.9 1020.9 1020.9 0.00 0.00 7 7 6 

4 528.8 531.7 544.8 0.55 3.03 13 20 10 

III 2 625.1 625.1 625.3 0.00 0.03 5 7 5 

4 381.8 382.0 382.0 0.05 0.05 11 17 10 

IV 2 1045.9 1045.9 1045.9 0.00 0.00 7 7 7 

4 396.4 396.4 399.5 0.00 0.78 9 14 7 

Avg. 634.2 634.8 637.9 0.12 0.80 8 11 7 

Set 

B 
I 2 2023.3 2023.3 2023.3 0.00 0.00 25 29 23 

4 1022.6 1030.8 1036.7 0.80 1.38 49 79 54 

6 756.7 812.6 804.9 7.39 6.37 58 104 63 

II 2 3028.5 3028.5 3028.5 0.00 0.00 29 33 28 

4 1528.4 1534.9 1538.2 0.43 0.64 53 120 75 

6 1046.7 1056.1 1053.7 0.90 0.67 72 178 102 

III 2 1828.6 1828.8 1828.8 0.01 0.01 35 55 43 

4 954.4 974.0 959.0 2.05 0.48 51 103 57 

6 767.9 826.5 805.9 7.63 4.95 69 151 74 

IV 2 3054.3 3054.3 3054.3 0.00 0.00 36 38 39 

4 1048.0 1051.9 1049.8 0.37 0.17 50 89 54 

6 887.6 916.9 906.2 3.30 2.10 58 124 62 

Avg. 1495.6 1511.6 1507.4 1.91 1.40 49 92 56 

Set 

C 
I 4 2028.9 2035.6 2038.5 0.33 0.47 92 157 91 

6 1373.4 1525.3 1482.5 11.06 7.94 109 197 106 

II 4 3034.1 3044.0 3048.2 0.33 0.46 105 221 132 

6 2052.1 2063.4 2060.6 0.55 0.41 121 366 182 

III 4 1839.9 1924.0 1848.4 4.57 0.46 91 191 98 

6 1358.7 1554.8 1389.8 14.43 2.29 103 274 94 

IV 4 2031.6 2043.4 2036.7 0.58 0.25 95 170 92 

6 1633.8 1755.1 1668.4 7.42 2.12 107 235 104 

Avg. 1919.1 1993.2 1946.6 4.91 1.80 103 226 112 

*The % gap is computed as (ωalg − ωHGATW ) / ωHGATW ×100 where ωalg is the makespan obtained by each

method.

4.5.2 Comparisons with Previous Heuristics 

In this section, the quality of the proposed HGATW is demonstrated through comparisons 

with the results reported by (1) Meisel (2011) (UDSTW) and (2) Kaveshgar and Huynh 

(2015) (KHGATW). The results for the 20 test instances in set A under pattern I when K 

= 2 and K = 4 are presented in Table 4.4, with the column LB reporting the lower bound 

for each instance, as originally proposed by Meisel (2011). The reported lower bound in 

Meisel (2011) for the QCSPTW was based on the better one between (1) the calculated 

lower bound by the author and (2) the lower bound reported by CPLEX. The columns 

headed Makespan show the vessel handling time for each instance achieved by the 

UDSTW and the HGATW. The columns headed Gap report the value of percentage gap 
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with respect to the value of the HGATW against the LB and the UDSTW respectively. A 

negative value for the gap indicates that a better schedule has been achieved by the 

HGATW. 

Table 4.4 Results for set A under pattern I 

Crane Instance      LB 
Makespan  Gap (%)* 

UDSTW HGATW LB UDSTW 

2 1 685 685 684 −0.15 −0.15 

2 684 684 682 −0.29 −0.29 

3 684 684 682 −0.29 −0.29 

4 684 684 683 −0.15 −0.15 

5 683 684 679 −0.59 −0.73 

6 683 684 683 0.00 −0.15 

7 683 685 682 −0.15 −0.44 

8 685 685 684 −0.15 −0.15 

9 684 685 684 0.00 −0.15 

10 681 681 681 0.00 0.00 

Avg. 683.6 684.1 682.4 −0.18 −0.25 

4 1 348 384 384 10.34 0.00 

2 396 402 402 1.52 0.00 

3 349 398 398 14.04 0.00 

4 345 374 374 8.41 0.00 

5 370 385 385 4.05 0.00 

6 393 432 432 9.92 0.00 

7 367 398 398 8.45 0.00 

8 425 425 425 0.00 0.00 

9 349 375 375 7.45 0.00 

10 351 352 352 0.28 0.00 

Avg. 369.3 392.5 392.5 6.45 0.00 

*The % gap is computed as (ωHGATW − ωalg) / ωalg ×100 where

ωalg is the makespan obtained by each method.

In reporting the results in Table 4.4, and in particular the better performance achieved by 

the HGATW when compared with the LB for some instances, it should be noted that the 

instances used by the HGATW were reproduced using the instance generator developed 

by Meisel and Bierwirth (2011) (see Section 4.5, above). The authors strictly followed 

the instructions described in Meisel and Bierwirth (2011) for the instances and the 

production of the time windows detailed in Meisel (2011). The solutions were validated 

by running HGATW on a number of occasions, and in each case, the same improved 

results were achieved. Visual inspections were also deployed for the 10 instances in set 

A, pattern I with two cranes (i.e., top half of Table 4.4). Furthermore, in the Appendix to 

Meisel and Bierwirth (2011), a ‘worked example’ is offered. The instance generator 

supplied by Meisel and Bierwirth (2011) was used and the results replicated those found 

in the above-mentioned appendix. 
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Table 4.5 demonstrates the full results for set A with two or four QCs to handle 20 tasks. 

Each row reports the average of 10 instances in which the vessels are served using the 

different time window patterns and the different numbers of QCs. Within the results 

published by Meisel (2011) (UDSTW) and Kaveshgar and Huynh (2015) (KHGATW), 

only 20 different instances in set A were solved under four different time window 

patterns, so in total 80 instances were compared. 

Comparing the solution quality achieved by the HGATW and UDSTW, a range of gaps 

from −0.25% up to 0.7% can been seen, although both heuristics provide the same final 

solutions for eight out of the ten patterns. The average gap for set A (includes 80 

instances) is 0.06%. From information in Table 4.5 it is clear that although HGATW is 

able to achieve a better solution than the UDSTW for pattern I with K = 2, in most cases 

the results obtained by the HGATW and UDSTW are the same. That said, the overall 

performance of the UDSTW is better than the HGATW in terms of solution quality, as 

well as running time in the case of small size vessels. In respect of KHGATW, Table 4.5 

shows that the HGATW outperforms the KHGATW in most test scenarios, either in 

solutions quality or running time. 

Table 4.5 Comparison of solution methods for set A 

Pattern Crane LB 
Makespan Gap (%)* Time (sec) 

UDSTW KHGATW HGATW LB UDSTW KHGATW  UDSTW KHGATW HGATW 

I 2 683.6 684.1 684.4 682.4 −0.18 −0.25 −0.29 <1 14 4 

4 369.3 392.5 399.9 392.5 6.45 0.00 −1.85 1 19 9 

II 2  1020.9 1020.9 1029.7 1020.9 0.00 0.00 −0.85 <1 13 7 

4 519.4 525.1 548.4 528.8 1.81 0.70 −3.57 2 18 13 

III 2 612.6 625.1 634.2 625.1 2.04 0.00 −1.43 <1 15 5 

4 362.7 381.8 412.2 381.8 5.27 0.00 −7.38 21 21 11 

IV 2  1030.2 1045.9 1036.5 1045.9 1.52 0.00 0.91 <1 14 7 

4 370.3 396.4 415.7 396.4 7.05 0.00 −4.64 3 20 9 

Average 621.1 634.0 645.1 634.2 2.99 0.06 −2.39 4 17 8 

*The % gap is computed as (ωHGATW − ωalg) / ωalg ×100 where ωalg is the makespan obtained by each method.

The detailed computational results for set B are presented in Table 4.6. Set B includes a 

test instance for medium size vessels with 15 bays that are serviced by two to six QCs to 

undertake 50 loading/unloading tasks. It will be seen that the HGATW surpasses the 

UDSTW in 5 out of 12 test scenarios; in 2 test scenarios the HGATW finds the same 

results as the UDSTW, and in 5 test scenarios the UDSTW provides better solutions than 

the HGATW. On average in the case of set B for 120 test instances, the average 
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percentage gap is −0.28%, which means that the HGATW outperforms the UDSTW for 

medium sized vessels.  

In respect of the KHGATW results, no data were reported when K = 6 without any 

specific reason being offered in the paper. However, from Table 4.6 it will be seen that 

the HGATW yields better solutions than the KHGATW in most test scenarios, with an 

average gap of −0.99% for set B. 

Table 4.6 Comparison of solution methods for set B 

Pattern Crane LB 
Makespan Gap (%) Time (sec) 

UDSTW KHGATW HGATW LB UDSTW KHGATW  UDSTW KHGATW HGATW 

I 2  2025.1 2025.2 2025.1 2023.3 −0.09 −0.09 −0.09 277 35 25 

4  1015.5 1021.8 1034.8 1022.6 0.70 0.08 −1.18 587 40 49 

6 738.4 782.7 † 756.7 2.48 −3.32 † 354 † 58 

II 2  3024.5 3027.3 3035.6 3028.5 0.13 0.04 −0.23 6 30 29 

4  1504.0 1528.8 1553.0 1528.4 1.62 −0.03 −1.58 600 37 53 

6  1006.0 1047.2 † 1046.7 4.05 −0.05 † 600 † 72 

III 2  1811.5 1828.6 1826.7 1828.6 0.94 0.00 0.10 84 34 35 

4 906.0 953.3 1001.0 954.4 5.34 0.12 −4.66 577 40 51 

6 734.2 763.0 † 767.9 4.59 0.64 † 600 † 69 

IV 2  3028.8 3052.1 3040.2 3054.3 0.84 0.07 0.46 72 31 36 

4  1006.9 1048.0 1055.6 1048.0 4.08 0.00 −0.72 600 38 50 

6 764.0 894.4 † 887.6 16.18 −0.76 † 600 † 58 

Average  1463.7 1497.7 1821.5 1495.6 3.41 −0.28 −0.99 413 36 49 

† No result was reported 

Table 4.7 summarises the average computational results in set C that relates to a large 

size vessel with 20 bays, and the total number of tasks is 80. It will be observed that the 

HGATW performs better than the UDSTW in seven out of the eight test scenarios, with 

only one case (pattern III, K = 6) where the UDSTW provides a lower makespan. 

Furthermore, it is clear that the HGATW is able to produce a higher quality solution than 

the KHGATW in all test scenarios in set C. Notwithstanding that set C involves more 

complex instances, the HGATW delivers significantly better final schedules for the 

QCSPTW when compared to both UDSTW and KHGATW, with a noticeable increase 

in the average gap up to −0.84% and −3.75% respectively. 
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Table 4.7 Comparison of solution methods for set C 

Pattern Crane LB 
Makespan Gap (%) Time (sec) 

UDSTW KHGATW HGATW LB UDSTW KHGATW  UDSTW KHGATW HGATW 

I 4 2020.9 2031.5 2040 2028.9 0.40 −0.13 −0.54 600 57 92 

6 1349.7 1461.2 1548.7 1373.4 1.76 −6.01 −11.32 600 68 109 

II 4 3004 3036.6 3054.7 3034.1 1.00 −0.08 −0.67 600 56 105 

6 2006 2063.6 2126.1 2052.1 2.30 −0.56 −3.48 600 69 121 

III 4 1809 1841.2 1901.1 1839.9 1.71 −0.07 −3.22 600 60 91 

6 1208 1348.9 1441.8 1358.7 12.48 0.73 −5.76 600 76 103 

IV 4 2006 2034.7 2064.6 2031.6 1.28 −0.15 −1.60 600 57 95 

6 1509 1641.1 1691.5 1633.8 8.27 −0.44 −3.41 600 71 107 

Average 1864.1 1932.4 1983.6 1919.1 3.65 −0.84 −3.75 600 64 103 

Turning to the average running time comparisons, although the KHGATW is faster than 

the HGATW and UDSTW for solving the QCSPTW, the good performance of the 

HGATW – especially for large size vessels – overcome this weakness. 

In summary, the computational investigations clearly demonstrate the effectiveness of 

applying K-means and K-medoids clustering algorithms to mitigate the QCSPTW 

challenge when faced with restrictions in QCs’ time availability. Furthermore, as 

anticipated from the results reported in Table 4.3, the HGATW delivers high quality 

schedules within increasing vessel size. 

4.6 Conclusion 

In this paper the problem of scheduling quay cranes has been investigated when the 

availability of the quay cranes has been restricted to specific time windows. To achieve 

this, a genetic algorithm has been developed which incorporates K-means and K-medoids 

clustering algorithms as well as a local search procedure to reinforce the quality of the 

initial population. The developed GA takes into account a variety of practical restrictions 

including: unidirectional movement of QCs, safety distance between adjacent QCs, non-

crossing constraints and the precedence relations among tasks. 

The results in Table 4.3 demonstrate the quality of the approach that has been adopted, 

whilst Tables 4.5 to 4.7 provide a comparison with existing benchmark data that offers 

alternative approaches for solving the QCSPTW. The developed heuristic is highly 

competitive, especially when dealing with more complex problems.  

The overall results indicate that although K-mean and K-medoids clustering algorithms 

and the local search approach are simple strategies, they are efficient approaches for 
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responding to the time window restrictions in the QCSPTW and that they are, therefore, 

practical and robust techniques that can be used in the real-world QC scheduling 

environment. 

Future research should focus on considering the integration of QCAP and QCSPTW for 

a series of berths and not just for one single vessel. 
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5 Scheduling Two Yard Cranes with Uncertain Handling Times in a Single 

Container Yard Block 

CHAPTER 5

SCHEDULING TWO YARD CRANES WITH UNCERTAIN HANDLING

TIMES IN A SINGLE CONTAINER YARD BLOCK
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Abstract 

The effective and efficient scheduling of yard cranes (YCs) is fundamental to the success 

of operations within a container terminal. In essence, each YC has a job list to follow and 

its goal is to serve the yard trucks (YTs) as swiftly as possible. The YTs, in turn, serve 

the quay cranes (QCs) that load/unload the vessel. Thus, smooth and efficient YC 

operations result in a higher terminal throughput. Unsurprisingly, therefore, the 

scheduling of YCs has been widely researched, but generally only from a deterministic 

perspective. In reality, there are multiple ways in which a predetermined sequence of 

container movements can be disrupted, and so this research considers the scheduling 

challenge under uncertainty. Specifically, we address the two YC scheduling problem 

with both storage and retrieval containers. In doing so, we realistically consider the 

associated operational constraint that requires the maintenance of a safety distance 

between two adjacent non-crossing YCs. The objective is to improve the performance of 

the YCs with uncertain handling times. A heuristic approach that includes a sequence of 

algorithms is offered, and computational experiments are conducted to examine its 

effectiveness, and its robustness is validated through simulation. 

Keywords: yard crane scheduling, uncertainty, inter-crane interference, container 

terminal, heuristics. 

5.1 Introduction 

Since the invention of the container by Malcolm McLean in the 1950s, their use has 

grown dramatically, as demonstrated by data from UNCTAD [1] which reported that 

world container terminal throughput has increased to 684.4 million TEUs (20-foot 

equivalent units) in 2014. The size of container ships has also increased, with some of the 

latest ships having a capacity of 19,000 TEUs [1]. 

In parallel, there has been a significant increase in the number and size of global container 

terminals, as well as in the competition between such terminals. This, in turn, has led to 

a demand for increased utilisation of expensive equipment such as cranes. Inevitably, 

however, this growth in the operational tempo has led to challenges in achieving seamless 

interactions between the different operations and equipment within a container terminal, 
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thereby highlighting the need for effective decision-making models for the allocation and 

scheduling of resources. 

Whilst there are literally hundreds of items of container handling equipment in the world’s 

largest terminals, in most cases such equipment comes in three generic types: quay cranes 

(QCs) that transfer containers to and from the vessel; yard trucks (YTs) that transfer 

containers to and from the quayside to storage locations within the container yard; and 

yard cranes (YCs) that stack (and unstack) the containers in blocks within the container 

yard (see Figure 5.1). Within a container terminal, a container yard is the area where 

containers are temporarily placed prior to their next move. Within this complex multi-

equipment operation, this research focuses on the yard crane scheduling problem (YCSP). 

 

Figure 5.1 A typical container terminal and its equipment 

The resultant equipment scheduling problem has been considered by a number of authors, 

but to date, almost all approaches have been deterministic in nature. The aim of this 

research is, therefore, to propose a scheduling methodology that takes into account the 

inevitable uncertainty in YC handling times. 

Figure 5.1 offers a schematic overview of the operations of a manually operated container 

terminal, and these container flows can be summarised as follows: 

 In the unloading process, containers are discharged from a vessel using one or 

more QCs. 

 The QCs transfer containers from the vessel to the YTs. 

 The YTs carry the containers to a location in the container yard. 

 The YCs then unload the YTs and place the containers into the nominated yard 

block. 
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The containers that are transferred from the vessel through this unloading flow are called 

‘storage containers’. The loading process reverses the flow of the unloading operations, 

with the containers that will be loaded onto a vessel being described as ‘retrieval 

containers’. Furthermore, for simplicity, the term ‘job’ used in this paper corresponds to 

a container movement. Thus, it is necessary to consider the movement of both retrieval 

and storage jobs (i.e., containers) in the YCSP. Furthermore, in a typical container 

terminal, each YC handles both storage and retrieval containers within a given yard block, 

and this results in important scheduling constraints.  

A container yard is normally divided into multiple rectangular sections called yard blocks, 

with each yard block being subdivided into rows and slots. Each block generally has six 

rows for storing containers and one lane (called the transfer lane) for YTs to pick up or 

drop off containers (see Figure 5.2). Each block typically contains around 40 or 60 slots, 

each of which is one 20-foot container in length. Within each slot, and depending on the 

type of YCs used, some four to six containers are placed on top of each other in tiers. 

Thus, a typical yard block will hold between 960 (6×40×4) and 2160 (6×60×6) TEUs. 

 

Figure 5.2. Illustration of a single yard block 

Whilst it is theoretically possible for multiple YCs to operate within a given yard block, 

this research will, in common with the majority of the literature (see Section 5.2), consider 

the case in which the actual number of YCs is two. Importantly, therefore, because two 

adjacent YCs are operating simultaneously within a particular yard block, there is a need 

to include safety distances and non-interference restrictions as a constraint in the 

scheduling of the YCs. As can be seen from Figure 5.2, YTs need sufficient space to pull 

into and out of the transfer lane in order to avoid collisions. In most container terminals, 
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the minimum safety distance is a fixed space of eight slots length and, although this leads 

to reduced YC utilisation, it does have the benefit of also reducing YT waiting time by 

ensuring that their entry or exit route to the block will not be hindered by the YCs. The 

minimum safety distance of eight slots will be used throughout this research. 

Another YC constraint is that although two YCs can operate in the same lane and can 

move bidirectional, they cannot cross each other. For example, in Figure 5.2, YC2 is not 

able to serve the slots on the left side of YC1; and in a similar way, YC1 cannot travel to 

the slots on the right side of YC2. 

Within the overall container terminal, it is important to note that the maximum handling 

rate of a YC is typically between a half and one-third of a QC [2, 3]. As a result, in order 

to achieve a high QC handling rate at least two to three YCs are required for each QC [4]. 

It therefore follows that improving the productivity of YC operations directly benefits the 

efficiency of a container yard by reducing YT and QC waiting time, thus also reducing 

the time that a vessel is alongside a berth. In short, YCs are the equipment that is most 

likely to cause a bottleneck in the container handling process [5, 6]. 

The general approach that is used to orchestrate these multiple equipment movements is 

to develop a container-handling schedule. This details the sequence of loading and 

unloading moves and, typically, uses a standard time bracket for each part of the overall 

operation. Inevitably, however, container terminal handling operations do not always go 

smoothly to plan, not least due to the complexity of the environment and the number of 

both sequential and parallel tasks that must be performed. Examples of delays might 

include emergency stops, wrong or lost containers, congestion, human error, weather, and 

mechanical problems, each of which could result in the loading or unloading process for 

a given container needing to be conducted sooner or later than indicated in the baseline 

schedule. 

In light of these potential challenges, some techniques are typically used to cope with 

uncertainty in the scheduling problems. The first is referred to as a ‘reactive approach’ in 

which the baseline schedule is created and then adjusted as necessary in light of any 

unplanned or unexpected events. An alternative is a ‘proactive approach’, which aims to 

take into account the potential occurrence of disruptions or unexpected events in advance, 

and thereby generate a stable and robust baseline schedule that will continue to be feasible 
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throughout the required sequence of tasks [7-9]. Another possible approach is that of 

‘online optimisation’, which deals with problems that have incomplete information and 

data. In such a case, an offline algorithm is used to make a sequence of decisions before 

all the data is revealed, and then an updated algorithm is presented to deal with the data 

as it becomes available [10]. 

Clearly, however, it is not always possible to predict in advance what disruptions might 

occur – indeed, if this were possible these could be taken into account in the baseline 

schedule. An alternative approach that is explored in this conceptual research is the 

incorporation of uncertainty in the development of the baseline container movement 

schedule. With this in mind, the remainder of this paper is categorised as follows. The 

relevant literature related to the scheduling of YCs is reviewed in Section 5.2. The 

characteristics of the research problem are described in Section 5.3. The proposed 

heuristic approach is presented in Section 5.4. The computational results are provided in 

Section 5.5, with a summary of the research and recommendations for further work being 

offered in Section 5.6. 

5.2 Literature Review 

The drive for improved container terminal performance has, unsurprisingly, led to a 

significant growth in academic research, with numerous articles published discussing 

container terminal operations and the associated decision-making processes in a broad 

range of journals. These include a number of comprehensive literature reviews including 

those of Vis and de Koster [11], Steenken et al. [12], Murty et al. [13], and Stahlbock and 

Voβ [14]. More recently, a most comprehensive review and classification for container 

yard operations has been provided by Carlo et al. [15]. 

As outlined in the introduction to this research, the efficiency of the YC operations 

directly and indirectly affects the waiting times of QCs, YTs and vessels [16] and thus, 

as noted by Sharif and Huynh [17], maximising YC utilisation and thereby minimising 

YT waiting times are the main objectives of the YCSP. 

The scheduling challenge for a single YC has been addressed by a number of authors, 

including [2, 18], who considered the problem of scheduling a single YC that moves a 

given set of containers with different ready times, in order to optimise the total container 
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waiting times. To achieve this, Ng and Mak [18] first developed a heuristic and a lower 

bounding algorithm to benchmark the performance of the heuristic. These authors (Ng 

and Mak [2]) then proposed a branch and bound (B&B) algorithm based on the lower and 

upper bounds as a solution to this problem. 

The problem of a single YC carrying out retrieval and storage containers has been studied 

by Guo et al. [19], with the goal of minimising the average YT delay. In a follow-up 

study, Guo and Huang [20] proposed a time partition algorithm and a space partition 

algorithm to optimise the YC’s workload within a single row of yard blocks, and they 

demonstrated that the use of a time-partitioning algorithm outperformed that of a space-

partitioning algorithm. In a more recent study, Gharehgozli et al. [21] developed a 

continuous time integer programming model for finding the job sequence of a single YC 

engaged in the storage and retrieval of containers. This approach used a merging 

algorithm in the first stage, and if this was not able to achieve an optimal solution, a B&B 

algorithm was then employed to find the optimal solution. 

In addition to the research in relation to a single YC, several authors have considered the 

challenge of multiple YC dispatching and scheduling, and in doing so have developed 

approaches that can be applied in a deterministic environment. For example, Ng [6] 

presented an integer programming model, a dynamic programming-based heuristic, and 

a lower bound to solve the problem of scheduling multiple YCs. In particular, this 

research focused on the problem of inter-crane interference between two or more YCs 

that use a single bidirectional lane. Ng’s research was aimed at minimising the completion 

time of containers with different ready times. Jung and Kim [22] investigated the pickup-

scheduling problem of retrieval containers taking multiple YCs and multiple QCs into 

consideration. In doing so, the authors assumed that the work schedule for QCs was given, 

and they proposed a genetic algorithm and a simulated annealing approach to overcome 

interference among YCs. 

The problem of scheduling multiple YCs in a single block has also been considered by Li 

et al. [23], who formulated a discrete time mixed integer linear programming (MILP) 

model and a heuristic to minimise a linear combination of the retrieval earliness and 

storage/retrieval delays. They also introduced a rolling-horizon algorithm in order to 

achieve better solution values and reduced computational time. The resultant performance 
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of the proposed heuristics was demonstrated to be more efficient than the Ng [6] model. 

On the basis of their previous study, Li et al. [24] extended this work through the use of 

a continuous time MILP model and a rolling-horizon algorithm, and this approach 

reached a better solution value in a shortened computational time. In a follow-up study, 

Wu et al. [25] developed a robust clustering-reassigning approach to resolve the multiple 

YCs scheduling problem in a real-time environment with polynomial solution time. The 

real-time multiple YCSP and associated consideration of loading operations has also been 

studied by Chen and Langevin [26], whose research was aimed at minimising the 

completion time of the handling of loading containers. The authors determined the YC’s 

movement among different yard blocks and the YC’s sequence within a single block. 

Gharehgozli et al. [27] addressed the scheduling problem of two YCs given a set of 

storage and retrieval containers in a single block. Non-passing YCs and a safety distance 

between two YCs were assumed. To achieve this, they first developed a multiple 

asymmetric generalised travelling salesman problem with precedence constraints for 

small size problems. These authors then introduced an adaptive large neighbourhood 

summarise search heuristic to deal with real size problems. 

Aytug et al. [7] categorised the scheduling problems into two main subsets: (1) 

deterministic problems, in which all parameters are known and certain; and (2) stochastic 

problems, where some parameters have random variables. However, notwithstanding the 

recognition of these two categories over a decade ago, research into the latter has been 

limited. Rather, the extant literature into container terminals focuses on terminal 

equipment scheduling using a static and deterministic perspective, with only a few papers 

considering stochastic and uncertain events. However, as outlined earlier, the 

deterministic approach is unrealistic given the uncertainty surrounding container terminal 

operations, including the variable arrival time of YTs, unexpected events (e.g., crane 

breakdowns; weather related delays) and the interdependency of the operations of the key 

equipment (QC/YT/YC). 

However, some research into container terminal operations that considers uncertainty has 

indeed been published, including that of Zhen [28], which discussed the yard template 

planning problem in transhipment hubs with a consignment strategy that reflects 

uncertain berthing times and berthing positions, and he proposed a solution based on a 

meta-heuristic algorithm. More recently, Zhen [29] also proposed a real-time decision 
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support system for coping with uncertainties in the container yard storage allocation 

problem through consideration of the impact of unforeseen changes in vessel arrival times 

on loading and unloading plans. 

The integrated scheduling of QCs, YTs, and YCs was considered by Lu and Le [30], who 

took uncertainty in YT travel speed, YC speed and the unit time of YC hoisting and 

lowering operations into account. These authors deployed an integrated optimisation 

approach based on particle swarm optimisation; however, these authors did not consider 

any constraints among handling equipment such as the QC or YC safety distances. 

Steenken et al. [31] considered the problem of container stowage and transport planning 

in container terminals. Exact and heuristic approaches were applied to achieve online 

container scheduling with one QC. Due to various real-time influences on the loading 

process, an online optimisation model was proposed to update the previous assignment 

of containers and straddle carriers. Dekker et al. [32] also proposed several container 

stacking policies to achieve better results in stacking as well as online optimisation of 

stowage. A set of online stacking policies has been evaluated by Borgman et al. [33]. 

With the above review of the relevant literature in mind, the goal of this research is to 

develop a heuristic approach for managing YC operations in a real-world scheduling 

environment. To achieve this goal, this research will consider: (1) the assignment of a set 

of containers to each YC, and (2) the determination of the container handling sequence 

for each YC. In this respect, the introduction of handling time uncertainty into the 

modelling of the YC operations, as well as consideration of the issues of the maintenance 

of the required safety distance and inter-crane interference, make this a novel approach 

to the overall YCSP. 

5.3 Problem Characteristics 

5.3.1 Overlapping and Non-overlapping Containers 

As discussed above, there is a requirement to maintain a safety distance between the two 

YCs that are assumed to be operating in the same yard block. Thus, a theoretically 

efficient schedule may result in the ‘overlapping’ of containers where the planned slot 

difference is less than the safety distance. This is illustrated in Figure 5.3, which shows a 

sequence of containers in which the container illustrated with a grey rectangle (and 
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labelled X) and those rectangles numbered 1 to 4 are scheduled to be handled by two 

different YCs. 

The vertical axis in Figure 5.3 represents the time that the containers are scheduled to be 

handled. The location of each rectangle on this axis reflects the planned YC start and 

finish times, with the height of the rectangle representing the total time to serve the 

container (i.e., finish time less start time). The horizontal axis represents the slot number 

that containers are stored in or to be retrieved from. The centre of a rectangle’s width 

corresponds to the container slot number, noting that the width of each rectangle equates 

to the safety distance for YCs in the container yard. Each rectangle therefore acts as a 

symbol for one container, and it can also be seen as representing the physical space that 

a YC needs in order to handle that container. As a result, any overlapping of rectangles 

indicates the presence of overlapping containers. 

 
Figure 5.3 Overlapping and non-overlapping containers in terms of slot number 

Overlapping container(s) against container X (where the slot number difference is less 

than the minimum safety distance) can be identified if their handling time duration (i.e., 

from start time to finish time) overlaps the handling time duration of container X. Using 

this methodology, it will be seen that only containers 2 and 3 (in Figure 5.3) would be 

considered to be overlapping, with containers 1 and 4 being considered non-overlapping 

with respect to container X. Clearly, designating containers as overlapping indicates that 

it is infeasible for them to be undertaken by the planned YCs at the planned times. 

5.3.2 Potential Overlapping Area 

As will be discussed in greater detail in Section 5.4.1, the K-means clustering algorithm 

will be used to assign the containers to each YC. A safety distance (8 slots in this research) 
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is required between two adjacent YCs at all times, and thus the slots between the two 

adjacent YCs cannot be served simultaneously when the space is less than the minimum 

safety distance allowable. To overcome the overlapping conflict and to prevent the 

resultant deadlock, a given set of slots that are located in the space between the two YCs 

is marked as a ‘potential overlapping area’. The potential overlapping area for two 

adjacent YCs is defined and illustrated in Figure 5.4. 

 

Figure 5.4 Definition of potential overlapping area 

Figure 5.4 illustrates a 40-slot yard block with a set of containers to be handled by two 

YCs. After assigning containers to each YC, the minimum and maximum number of 

container slots for each YC can be identified. It can be seen that slot 22 is the maximum 

slot number for the containers assigned to the left side YC, whilst slot 25 is the minimum 

slot number for the containers assigned to the right side YC. Furthermore, containers to 

be moved by the left YC with slot number greater than 17 may be affected by the YC 

working on the right side. Similarly, containers assigned to the right YC with a slot 

number less than 30 may be affected by the YC serving the left side. Thus, it may become 

infeasible to serve the containers located in the potential overlapping area when the 

schedule is generated in the presence of uncertainty.  

5.3.3 Related Notation 

In proposing a methodology to solve the problem described in this research, the following 

notations and symbols are used: 
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Indices:   

c  Index for YCs.  

i  Index for containers/jobs. 

Sets:   

Jc  Container/job list for YC c. 

G  A group of containers to be re-scheduled. 

Variables:   

sti  Start time for handling container i. 

fti  Finish time for handling container i;  fti = sti + ht + gti(i+1). 

fsbi  
Feasibility for container i (1 for feasible container, 0 for infeasible 

container). 

Rl  Retrieval lateness.  

Re  Retrieval earliness. 

Sl  Storage lateness. 

Parameters :  

n  Total number of containers to be scheduled. 

sloti  The slot number of container i in a block. 

ht  YC handling time (to transfer one container between the yard and the YT).  

gti(i+1) 

 

YC gantry time (the required time to move one YC from the slot of 

container i to the slot of container i+1 immediately after the completion of 

the container i). 

tgti  Target time for container i (planned start time). 

θi  Dynamic buffer time for container i. 

S  Minimum slot difference between two adjacent YCs. 

wre  The weight of total earliness of retrieval containers. 

wrl  The weight of total lateness of retrieval containers. 

wsl  The weight of total lateness of storage containers. 

5.3.4 Objective Function 

The main aim of this research is to schedule YC operations under uncertain YC handling 

times, and the performance measurement approach that was proposed by Li et al. [23] has 

been adopted. Li et al. [23] presented a linear combination of total delay time for both 

retrieval and storage containers, and the earliness for retrieval containers on completing 

a given set of containers. 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∶        𝑤𝑟𝑙 ∑ 𝑅𝑙𝑖 +  𝑤𝑠𝑙  ∑ 𝑆𝑙𝑖

𝑛

𝑖=1

𝑛

𝑖=1

+  𝑤𝑟𝑒 ∑ 𝑅𝑒𝑖

𝑛

𝑖=1

 

This function is designed to minimise the YT’s (thus QCs) waiting time and thereby 

maximise the YC utilisation. This, in turn, results in the transfer of a given container close 

to its target time (i.e., planned start time). The function value is used as a selection 
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criterion to guide the proposed heuristic approach when there is more than one feasible 

solution. 

It is important to note that moving of storage containers is not allowed to take place earlier 

than their target time because the planned sequence is directly derived from QC and vessel 

planning schedules. Also, minimising any delay for storage containers merely leads to a 

higher utilisation of YTs. On the other hand, moving retrieval containers, which begins 

when the YCs start the loading process and containers are transferred to QCs, can take 

place ahead of their target time if this does not cause congestion at the quayside area. As 

a result, any improvement in the retrieval container schedule results in better QC and 

berth performance. Thus, when both types of container movements are being performed 

simultaneously in a container yard (as is the case in this research), retrieval containers 

need to be prioritised against storage containers. 

Thus, following the approach by Li et al. [23], storage lateness weight (wsl) and retrieval 

earliness weight (wre) are set to ‘1’, whilst the retrieval lateness weight (wrl) is set to ‘2’. 

Due to the higher weight for retrieval lateness this should be minimised in order to achieve 

a better performance. It also follows that when there are a number of consecutive 

container operations to be undertaken, where possible the movement of a retrieval 

container should be initiated a little earlier than its target time in order to eliminate 

retrieval lateness. 

5.3.5 Variability in Yard Crane Operating Time 

The total time taken by a YC to move a given container can be expressed in terms of two 

components: 

 The YC handling time (or processing time) of a container is the time a YC takes 

to lift a container from the yard slot and load it onto a YT (or vice versa). 

 The YC gantry time (or travelling time), which represents the required time for a 

YC to move from its current slot to the slot of its next job. 

According to Petering et al. [4], the handling time for a YC to move one container is best 

estimated by the use of a continuous probability triangular distribution. We adopt the 

triangular distribution suggested by Petering et al. [4] with minimum value 1.2 minutes, 

maximum value 3.4 minutes, and peak value 2.0 minutes. In order to generate a baseline 
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schedule in this research, the YC handling time is set as 2.2 minutes, which is the mean 

of the triangular distribution with parameters 1.2, 2.0 and 3.4 minutes. 

Turning to the YC gantry times, this will depend on the location of the two containers 

within a block and, hence, the time taken to move between them. Li et al. [24] proposed 

a formulation to calculate the YC gantry times (in minutes) in which YC acceleration and 

deceleration stages have been taken into consideration. This approach, which we have 

also used, is as follows: 

 Assume that there are two containers i and i+1 to be handled by the same YC in a 

yard block. 

 If the slot numbers of containers i and i+1 (sloti, sloti+1) are the same, the YC does 

not need to travel and in this case the gantry time is set to zero. 

 If containers i and i+1 are placed at different slots, the time taken by a YC to travel 

from the slot of container i to the slot of container i+1, in terms of minutes, can 

be predicted as follows: 

gti(i+1) = | sloti – sloti+1 | × 0.06 + 0.09 if sloti ≠ sloti+1 

gti(i+1) = 0 if sloti = sloti+1 

5.4 Proposed Heuristic Approach 

Finding an optimal solution for the multiple YCSP within a single yard block is NP-hard 

[6, 34]. This means that unless P = NP there is no polynomial time algorithm that solves 

every instance of the problem and, hence, one expects the computational time to increase 

exponentially with the problem size. A heuristic approach is thus proposed to handle a set 

of unscheduled containers by the two YCs in a block when YC handling times are 

uncertain. Since the proposed heuristic approach uses dynamic buffer time to overcome 

the impact of uncertainty, the resulting approach has been named the dynamic buffering 

for uncertainty (DBU). 

In order to cope with the presence of the two YCs, the DBU includes two sub-problems: 

(1) first selecting and assigning containers to a specific YC, and (2) deciding the sequence 

and movement time of each container allocated to a given YC.  

In summary, the steps in the DBU are as follows: 
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1. After using the K-means clustering algorithm to assign jobs to the two YCs, 

retrieval jobs are first scheduled by Algorithm 1 as they have higher priority. In 

the event that there are no retrieval jobs to be scheduled, the DBU moves on to 

consider the storage jobs (Step 3). 

2. Then, Algorithm 2 is used to insert dynamic buffer time into all jobs that are 

located in the potential overlapping area in order to overcome the impact of 

uncertainty. 

3. After taking into account the safety distance and the resultant scheduling of all 

retrieval jobs, Algorithm 3 inserts the storage jobs one by one into the schedule 

that was obtained by Algorithms 1 and 2. 

4. Once all storage jobs have been scheduled by Algorithm 3, Algorithm 2 is used 

once again to resolve the impact of any resultant overlapping of jobs. 

Figure 5.5 provides an overview of the DBU that will be used to solve the YCSPs. 

 

Figure 5.5 Framework of the DBU 
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5.4.1 K-means Clustering Algorithm 

The first step in the DBU is to dispatch YCs to serve containers in a yard block, taking 

into account non-crossing constraint. As the number of available YCs is known in 

advance, this process of YC dispatching will determine which YC will move which 

containers. This is achieved by using the K-means clustering algorithm [35], which is a 

popular method of partitioning a set of n data points into a certain number of clusters, in 

which the number of clusters is chosen in advance. Generally, each cluster is described 

by its data and its centre, or centroid. First, K initial centroids are selected using the K-

means++ algorithm [36]. The K-means clustering algorithm, in general, minimises the 

sum of the distances from all data points to its cluster centroid. To achieve this, each data 

are assigned to the nearest centroids, and then the cluster centroids are updated based on 

all the data in each cluster. The resulting new cluster centroids are the mean of data in 

that cluster. These steps are repeated until the centroids remain fixed. The details of the 

K-means algorithm are as follows: 

K-means Algorithm 

Input data : Number of clusters (K) 

1. Set ‘K’ positions as initial cluster centroids/centres 

2. REPEAT 

3.  Calculate the distance between each data point and all cluster centroids 

4.  Assign each data point to a cluster with nearest centroid 

5.  Assign new cluster centroids based on the means of data in the current 

clusters 

6. UNTIL Cluster centroids do not change 

In this research, the number of clusters needs to be equal to the number of YCs in a block, 

that is, two. In general, the data required for partitioning all n containers into K clusters 

(i.e, the YC job list) is the slot number (location) of each container. This structure for 

input data into K-means algorithm has been introduced by Wu et al. [25] to solve the 

YCSP. 

In the DBU, however, in order to obtain as good a grouping of the containers as possible 

(and thereby find better initial cluster centroids for the K-means algorithm to efficiently 

explore the solution space), and instead of inserting container slot numbers as a one-

dimensional (or n-by-1) vector into the K-means algorithm, they are combined using the 

sequence of sorted n containers. To achieve this, all n containers are sorted based on their 
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slot numbers in ascending order, and then for any container with an equal value in terms 

of its slot number, they are sorted by target time value.  

Next, the sorted containers are numbered from 1 to n. Now the input data for the K-means 

clustering algorithms are organised as a two-dimensional matrix in which the first 

dimension is the sequence of n containers and the second is the slot number of containers.  

After partitioning the n containers into two clusters using the K-means clustering 

algorithm and the subsequent assignment of a YC to each cluster, it is possible that some 

containers with the same slot number are assigned to two different YCs. A reassignment 

approach is therefore undertaken that moves all containers with the same slot number into 

one YC job list. This results in two possible container assignment partitions, and the one 

with the better performance after applying the DBU later will be reported as the final 

solution. A simple example of a YCSP is given in the Appendix to demonstrate the 

structure of input data for the K-means clustering algorithm. 

5.4.2 Algorithm 1 

After partitioning n jobs into two non-overlapping clusters and assigning a YC to handle 

each of these jobs, the next step in the DBU is to determine a job sequence for each YC 

(or cluster). Algorithm 1 is designed to find an initial job sequence for retrieval jobs for 

each YC using a fixed handling time. As both types of jobs (storage and retrieval) may 

exist in the YC job list, the first task is to separate all retrieval jobs and insert them into a 

YC job list named Jc and then sort them in ascending order based on their target times. 

The sequence of jobs in the list Jc is not changed during Algorithm 1, and thus we are 

able to set the start time for each job to minimise the objective function value. 

Next, for all jobs in the list Jc, the finish time is calculated based on their target times. 

Once the calculation of the finish time for all jobs in the list Jc is complete, feasible and 

infeasible jobs are identified and marked accordingly. A ‘feasible job’ refers to one where 

its finish time is equal to or less than the start time of the next job in the list Jc. An 

‘infeasible job’ means that it is impossible to perform the job at its target time, and thus 

its start time needs to be changed because its finish time is later than the next job’s start 

time. The feasible jobs are marked by ‘1’ and infeasible jobs are marked by ‘0’, which 
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facilitates the grouping of jobs in the list Jc that have very close target times and are thus 

not able to be handled at their target times. 

Now all infeasible retrieval jobs are rescheduled. To achieve this, all jobs in the list Jc are 

checked one by one from the beginning to the end until the first infeasible job is found. 

Then the search continues until the first feasible job is detected, and all jobs between these 

two points are marked as a group of infeasible jobs named G. 

Once group G has been identified, Forward and Backward Functions are used to re-

schedule jobs in group G without changing the job sequence in the list Jc. The details of 

these two functions will be described in Sections 5.4.2.1 and 5.4.2.2. Once all infeasible 

retrieval jobs in group G are fixed using both the Forward and Backward Functions, the 

one that generates a schedule with better performance is selected, and the times and 

feasibility for the relevant jobs in the list Jc are updated based on the selected schedule. 

Algorithm 1 continues working until all retrieval jobs become feasible. 

After all retrieval jobs have been rescheduled, a heuristic Backward-Forward Function, 

which is explained in Section 5.4.2.3, is applied to improve the objective function value. 

The details of Algorithm 1 are as follows:  
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Algorithm 1 :   Construct the initial solution for retrieval jobs 

Input data :   Unscheduled jobs for YC c 

1. Separate retrieval and storage jobs; 

2. Insert all retrieval jobs into an initial job list Jc based on target time; 

3. FOR each job i in the list Jc DO 

4.  Set  sti = tgti ; Calculate  fti = sti + ht + gti(i+1); 

5. END FOR 

6. FOR each job i in the list Jc DO 

7.  IF  fti ≤ sti+1  THEN 

8.  Set  fsbi = 1; 

9.  ELSE 

10.  Set  fsbi = 0; 

11.  END IF 

12. END FOR 

13. WHILE there are infeasible jobs in the list Jc DO  

14.  Pick the first infeasible job a in the list Jc (fsba = 0); 

15.  Pick the first feasible job b in the list Jc after job a (fsbb = 1); 

16.  Indicate all jobs between job a and b as a group of infeasible jobs named G; 

17.  By using Forward and Backward Functions for jobs in group G, determine 

which one generates a schedule with better performance; 

18.  Based on the better schedule, update the start time and finish time for 

relevant jobs in the list Jc and mark them as feasible jobs; 

19. END WHILE 

20. Use Backward-Forward Function. 

21. Return scheduled YC job list Jc; 

5.4.2.1 Forward Function 

The Forward Function is used to adjust a group of infeasible jobs in group G from the 

first to the last job. It starts with naming the first job in group G as the ‘reference job’, 

which is assumed to be performed exactly at its target time. As a result, the subsequent 

jobs in group G follow sequentially with no time gap among them (i.e., their start times 

are equal to the previous job finish times). 

After completing the rescheduling of all jobs in group G as feasible jobs, all jobs in group 

G are inserted back into the list Jc and the feasibility of the following jobs after group G 

in the list Jc are rechecked. If any feasible job after group G becomes infeasible, then the 

start time of this job must be modified according to the previous job finish time. The 

details of the Forward Function are as follows:  
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Forward Function 

Input data : Scheduled job list Jc for YC c, 

 Group G of infeasible jobs from the first job a to the last job b 

1. Set  sta = tgta ; Calculate  fta = sta + ht + gta(a+1); 

2. FOR each job j in group G from a+1 up to b DO 

3.  Set  stj = ftj−1 ; Calculate  ftj
 = stj + ht + gtj(j+1); 

4. END FOR  

5. j= b + 1; 

6. WHILE  ftj−1 > stj  Do 

7.  Set  stj = ftj−1 ; Calculate  ftj
 = stj + ht + gtj(j+1); 

8.  Set  j = j + 1; 

9. END WHILE 

10. Return scheduled YC job list Jc; 

5.4.2.2 Backward Function 

The Backward Function is essentially the same as the Forward Function, but it operates 

in the opposite direction. In other words, it tries to reschedule jobs in group G from the 

last to the first job. The last job in group G is considered as the reference job; hence, its 

start time is set to be equal to its target time. After scheduling the last job in group G, the 

finish time of the previous infeasible job in group G is set based on its next job’s start 

time. All jobs in group G would be rescheduled and become feasible using this function. 

After rescheduling all jobs in group G, the function is continued in order to recheck the 

feasibility of jobs before group G. If any job loses its feasibility after applying this 

Backward Function, its start and finish times are recalculated based on the next job’s start 

time. 

In some cases when the first retrieval job in the list Jc is rescheduled by the Backward 

Function, it is possible that the start time of the first job in the list Jc becomes earlier than 

the earliest possible start time. In this case, the solution obtained by the Backward 

Function is not acceptable and it needs to be rescheduled back to back (or with no time 

gap among jobs) from the first job in the list Jc to the last job of group G. In this way, the 

first job will be undertaken at the earliest possible start time, and the start times of 

subsequent jobs are calculated based on the previous job finish time. The details of the 

Backward Function are as follows:  
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Backward Function 

Input data : Scheduled job list Jc for YC c, 

  Group G of infeasible jobs from the first job a to the last job b 

1. Set  stb = tgtb ; Calculate  ftb = stb + ht + gtb(b+1); 

2. FOR each job j in group G from j= b – 1 down to a DO 

3.  Set  ftj = stj+1 ; Calculate  stj
 = ftj – ht – gtj(j+1); 

4. END FOR 

5. j= a – 1; 

6. WHILE  ftj > stj+1  Do 

7.  Set  ftj = stj+1 ; Calculate  stj
 = ftj – ht – gtj(j+1); 

8.  Set  j = j – 1; 

9. END WHILE  

10. IF st1 < earliest start time THEN 

11.  Set  st1 = earliest start time ; Calculate  ft1 = st1 + ht + gt12; 

12.  FOR each job j in the list Jc from 2 up to b DO 

13.   Set  stj = ftj−1 ; Calculate  ftj
 = stj + ht + gtj(j+1); 

14.  END FOR 

15. END IF 

16. Return scheduled YC job list Jc; 

5.4.2.3 Backward-Forward Function 

This function is a mix of Backward and Forward Functions as a means to improving the 

objective function value. This function begins when all retrieval jobs in the list Jc have 

been feasibly scheduled. In the first step, all retrieval jobs in the list Jc are classified into 

different groups. The consecutive jobs in the list Jc, in which there is no time gap among 

them, are assigned to the same group. In other words, jobs that are scheduled back to back 

are grouped together. 

The function is repeated for each group, with the maximum number of iterations for each 

group being equal to the number of jobs in the group. Each iteration generates a unique 

schedule, but if the generated schedule becomes infeasible, the loop for the current group 

of jobs will be stopped and the schedule with minimum objective function value will be 

chosen. The main idea is to change the reference job in each iteration, from the last job 

to the first job in each group. In each iteration, the reference job is scheduled to be served 

exactly at its target time, then for any jobs in the same group after the reference job, the 

start time is set according to the previous job finish time. For all jobs in the same group 

before the reference job, the job finish time follows the next job start time. For each group 

of jobs, a feasible schedule with minimum objective function value is kept. The details of 

the Backward-Forward Function are as follows: 
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Backward-Forward Function 

Input data : Scheduled job list Jc for YC c 

1. Grouping all jobs in the list Jc according to their operating time; The 

consecutive jobs whose operating times are back to back are grouped together; 

2. FOR each group from the end of the list Jc up to the beginning DO 

3.  FOR each job i from the end of the group up to the beginning DO 

4.  Set  job i as reference job sti = tgti; 

5.  Adjust all consecutive jobs in the same group based on reference job 

times; 

6.  IF the new schedule is feasible and has better performance THEN 

7.   Keep the new schedule; 

8.  ELSE 

9.   Keep the previous schedule; 

10.  END IF 

11.  END FOR 

12. END FOR 

13. Return scheduled YC job list Jc; 

5.4.3 Algorithm 2 

Algorithm 1 generates a solution that estimates the start time for each retrieval job in a 

deterministic way. However, when uncertainty is introduced, it has the potential to affect 

the proposed schedule, with a high possibility of overlapping occurring for jobs that are 

located in the potential overlapping area (see Figure 5.4). To deal with uncertain YC 

handling times, a proactive procedure is proposed in this research. The generated solution 

is checked for all jobs that may cause overlapping and a dynamic buffer time is introduced 

in order to achieve a baseline schedule that remains robust in the event of uncertain YC 

handling times. 

Algorithm 2 is designed to predict which jobs may cause overlapping in the face of 

uncertainty and to resolve the resultant problems. In doing so, virtual dynamic buffer 

times are inserted before and after these jobs, which are located in the potential 

overlapping area in order to recognise uncertainty in (1) the earliness of the start time, as 

well as (2) delays in the handling time of jobs. 

The value of the buffer time is not a fixed amount of time; rather, it is variable for each 

job. It will be appreciated that when there are more jobs that follow immediately after the 

previous one, more variability needs to be allocated to the buffer time. In the YCSP, the 

handling times for all jobs are individually independent and identically distributed. 

Hence, when there is a group of consecutive jobs in the current schedules, the handling 
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time of each job can be considered as a mutually independent random variable. The mean 

and the variance of a group of independent random variables can be evaluated through 

the means (μ) and variances (σ2) of the original variables. As all jobs have the same 

triangular distribution for the YC handling time, the mean (μ') and the variance (σ'2) of m 

consecutive jobs can be calculated as follows: 

μ' = m × μ       &     σ'2= m × σ2 

In order to calculate the buffer time θi, the first step is to determine how many consecutive 

jobs are handled before a job that is located in the potential overlapping area. Then, a 

dynamic buffer time is set to be equivalent to three standard deviations (3σ') of these 

consecutive jobs, where σ' is calculated using the equation above. The dynamic buffer 

time is then checked against the gap between this group of consecutive jobs and the 

previous group of consecutive jobs. If the buffer time is larger than the gap, then the 

previous group of consecutive jobs should also be included in the calculation and the gap 

will be deducted from the calculated buffer time. This process is repeated until the buffer 

time is less than a gap. It should be mentioned that the dynamic buffer time is only 

virtually inserted before and after the given job in order to identify any overlapping in the 

face of handling time uncertainty. 

Algorithm 2 is applied to the two YCs separately. It starts from the beginning of one YC 

job list and then adds dynamic buffer times before and after all jobs located in the potential 

overlapping area one by one. If virtually adding the buffer time to any job makes it an 

overlapping job, the first corresponding job in the neighbouring YC will be identified. 

Now, two jobs from two adjacent YCs are detected that may cause overlapping in the face 

of uncertainty. To resolve the problem, both overlapping jobs (from the different YCs) 

are moved to one of these two YC job lists, and then the new YC job lists are rescheduled, 

that is, starting from Algorithm 1. The new schedules will be rejected once again if the 

virtual insertion of a buffer time to these two jobs causes overlapping. If both new 

schedules are acceptable, the one with the better performance is retained. 

In the case where both schedules are rejected, Algorithm 2 attempts to find a new position 

for the overlapping jobs using their original YCs and then chooses a new schedule with a 



 

146 

 

smaller objective function value. Algorithm 2 continues to work until all jobs have been 

checked and found to be feasible. The details of Algorithm 2 are as follows: 

Algorithm 2 :   Predict overlapping jobs 

Input data : Scheduled job lists Jc and Jc' for YC c and YC c' 

1. FOR all jobs located in the potential overlapping area of YC c DO 

2.  Select the first unchecked job i in the potential overlapping area; 

3  Calculate buffer time θi for job i; 

4.  Virtually insert θi before the start time and after the finish time of job i. 

5.  IF inserting buffer time θi  causes overlapping with YC c' THEN 

6.  Find first job k in the list Jc' which is overlapping with job i; 

7.  Re-assign the job k to the list Jc, and reschedule job lists Jc and Jc' ; 

8.  Re-assign the job i to the list Jc', and reschedule job lists Jc and Jc' ; 

9.  Virtually insert buffer time into jobs i and k in both new schedules; 

10.  IF jobs i and k do not cause overlapping in both new schedules THEN 

11.  Keep the schedule with better objective function value; 

12.  ELSE IF jobs i and k only cause overlapping in one schedule THEN 

13.  Keep the feasible schedule; 

14.  ELSE 

15.  Postpone job i and k in the list Jc and Jc' in a way that it does not 

cause overlapping in the face of virtual buffer time; 

16.  Keep the schedule with better objective function value; 

17.  END IF 

18.  END IF 

19. END FOR 

20. Return scheduled YC job lists Jc and Jc' ; 

5.4.4 Algorithm 3 

After all retrieval jobs have been scheduled using Algorithms 1 and 2, the storage jobs 

are then considered for scheduling. All the storage jobs are inserted into temporary list Ĵs 

and sorted based on their target time. The storage jobs are then inserted into the list Jc one 

at a time. The earliest storage job is extracted from the list Ĵs, and the first available period 

of time in the list Jc equal to or after its target time is found, in which there is sufficient 

time to perform this job. If the proposed start time does not cause overlapping with the 

other YC job list, the start time is fixed for this storage job. Otherwise, Algorithm 3 

continues until this storage job can be inserted into the list Jc without causing an overlap. 

After completing the scheduling of all storage jobs, Algorithm 2 is recalled to scan all 

jobs and resolve any overlapping jobs that result from the introduction of buffer time. The 

details of Algorithm 3 are as follows:  
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Algorithm 3 : Schedule storage jobs 

Input data : Scheduled job list Jc for YC c 

1. Insert all storage jobs of YC c into the list Ĵs according to their target time; 

2. WHILE there is any unscheduled storage job in the Ĵs DO 

3.  Select the earliest storage job from list Ĵs; 

4.  
Determine the first available period of time in the list Jc that is equal to or 

after the target time of the new storage job considering overlapping; 

5.  
Insert the new storage job into the list Jc and update the start and finish 

times for the relevant jobs; 

6. END WHILE 

7. Return scheduled YC job list Jc; 

As a demonstration of the DBU, four job diagrams are plotted in Figures 5.6 and 5.7 for 

the illustrative YCSP instance presented in the Appendix. In each case, they show a set 

of 34 jobs with the 8-slot safety distance between two YCs in a 40-slot yard block. Using 

the convention adopted for Figure 5.3, scheduled containers are represented by rectangles 

with a solid line, and container moves at their target times are represented by rectangles 

with a dotted line. The assigned YC number, the job type (the letter S for storage jobs and 

the letter R for retrieval jobs), and the job index are labelled in each rectangle. As a result, 

any overlapping of rectangles with a solid line indicates an infeasible schedule. 

 

Figure 5.6 (a) The generated schedule before inserting buffer time, (b) Final 

baseline schedule to handle uncertainty 
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Figure 5.6(a) illustrates the schedule generated by Algorithms 1, 2 and 3 using a fixed 

handling time. It can be seen that although job 15 is planned to be handled before job 24, 

due to the higher priority for retrieval jobs and also in light of the safety distance 

requirement, jobs 15 and 12 have been postponed until job 24 is completed. 

Similarly, after job 20 has been carried out, although job 16 is available, YC2 has to stop 

working until the completion of job 14. Indeed, it can be seen from Figure 5.6(a) that 

there are three occasions where one YC has been forced to stop working due to the safety 

distance requirements (YC1 twice and YC2 once). 

Algorithm 2 is then recalled after inserting all storage jobs. Figure 5.6(b) demonstrates 

how Algorithm 2 introduces a buffer time into jobs that are located in the potential 

overlapping area. It can be seen that although the generated schedule in Figure 5.6(a) is 

feasible, in the face of uncertain handling times for job 24 in relation to job 15, and jobs 

23 and 16 with jobs 10 and 14, there is a high possibility that the schedule would become 

infeasible. As a result, Algorithm 2 is used to create the schedule in Figure 5.6(b). It can 

be seen that job 24 has been moved to YC1’s job list, and jobs 10 and 14 have been 

handled by YC2. The idea of Algorithm 2 is to identify possible jobs that will force one 

YC to stop working, and try to reschedule them as these jobs have a higher likelihood of 

becoming overlapping jobs in the face of uncertainty. 

 

Figure 5.7 (a and b) Final schedule with uncertain YC handling time  
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Figures 5.7(a) and 5.7(b) present two different simulation runs with uncertain YC 

handling times affecting the same generated schedule. It can be observed that by 

introducing uncertainty into YC handling times, the schedules look different and the 

impact of uncertainty on the final schedule is evident. However, they still follow the same 

sequence generated in Figure 5.6(b), and no crane is forced to stop due to the safety 

distance requirement. 

5.4.5 Time Complexity of the DBU 

The time complexity of an algorithm provides a measure of the computational time of the 

algorithm as the volume of input data grows. Given that our proposed heuristic approach 

is a sequence of four core algorithms (K-means and Algorithms 1, 2, and 3), the following 

provides an overview of the resultant time complexity based on Sipser [37]: 

The operation for each iteration of K-means includes: (a) calculation of distances 

(Squared Euclidean), (b) comparisons between distances and (c) calculation of centroids. 

In the case of this research, the K-means algorithm operates by partitioning n containers 

of p-dimensional data (p = 2 in this research) into K clusters (K = 2). The time complexity 

of the K-means algorithm is O(Knpl) where l is the number of iterations to converge. 

Since the input data have a clustering structure in nature, the number of iterations to 

converge is often very small. Since K and p are known constants, and l << n, the running 

time of the K-means clustering in this case can be considered as O(n). 

To analyse the time complexity of Algorithm 1, where first retrieval containers are 

scheduled in a linear direction from the beginning to the end of the list without changing 

the container sequence, the time complexity is therefore linear O(n). The time complexity 

of Algorithm 1 also depends on the time complexities of the three sub-algorithms. 

Forward and Backward Functions again have the time complexity of O(n) because they 

reschedule containers in a linear direction from the beginning to the end of YC job list 

and vice versa. For the Backward-Forward Function, given the fact that n containers are 

divided into m uneven non-overlapping groups, at most, n containers will be used as 

reference jobs in the function and therefore the time complexity of the Backward-Forward 

Function is O(n). Thus, the total running time of Algorithm 1 is O(n)+O(n)+O(n)+O(n), 

that is, O(n).  
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Likewise, Algorithm 2 inserts a dynamic buffer time to any container in the potential 

overlapping area and then once again reschedules the YC job lists using Algorithm 1. It 

is also worth noting that Algorithm 2 is merely applied to containers that are located in 

the potential overlapping area, which is less than the total number of containers to be 

scheduled, so its complexity would be at most O(n2), after incorporating Algorithm 1. 

Similarly, Algorithm 3 is linear O(n) for the scheduling of the storage containers. 

In summary, given the sequence of algorithms used as K-means algorithm, Algorithm 1, 

Algorithm 2 (which includes the calling of Algorithm 1), Algorithm 3, and then again 

Algorithm 2 (calling Algorithm 1), the time complexity of the DBU is O(n) + O(n) + 

O(n2) + O(n) + O(n2) = O(n2). Because the total number of containers (n) to be scheduled 

usually has a low value, this polynomial time complexity indicates the proposed heuristic 

approach is effective for practical applications. 

5.5 Computational Experiments 

We used the MATLAB R2014a software to code and implement the algorithms, and all 

tests were run on a PC with Intel Core i5 CPU 3.2 GHz and 8.0GB RAM under the 

Windows 7 operating system. One hundred numerical test scenarios, which were based 

on Petering et al. [4], were used to assess the performance of the DBU. 

To achieve this, it has been assumed that each yard block has a size of either 40 or 60 

slots and six rows. The test experiments included 55 test scenarios in a 40-slot yard block 

that contains between 19 and 55 jobs, and 45 test scenarios in a 60-slot yard block with 

between 26 and 69 jobs. Each scenario included a set of jobs with target time, slot number 

and job type defined for every container. These test scenarios were grouped based on yard 

block size, number of jobs, and three different job types, namely: only storage jobs (S), 

only retrieval jobs (R), and a mix of retrieval and storage jobs (R&S). Table 5.1 

summarises the characteristics and number of jobs in all test scenarios, as well as the 

numbers of test scenarios for each job type.  



 

151 

 

Table 5.1 Test instances specification 

Block Scenario Number Job Type Number of 

size size  of jobs R S R & S Scenarios 

40-slot Small 19-33 6 17 20 43 

40-slot Large 41-55 1 9 2 12 

60-slot Small 26-32 5 9 5 19 

60-slot Large 50-69 1 19 6 26 

Total   13 54 33 100 

The MILP model developed in Li et al. [24] was used to solve the YCSP with the same 

constraints as in this research and hence can be adopted to verify the performance of the 

DBU model for the YCSP. Also we have used the same formulation to calculate the YC 

gantry time as was introduced by Li et al. [24]. In their paper, they adopted total job 

completion time (TCT) as used by Ng [6] to compare the results for the YCSP. 

TCT = ∑(𝑠𝑡𝑖 + ℎ𝑡) 

𝑛

𝑖=1

 

It should be noted that a fixed 3.0-minute YC handling time was assumed to generate the 

optimum solution by Li et al. [24]. However, and as discussed in Section 5.3.5, the DBU 

generates a baseline schedule by using 2.2 minutes for YC handling time, which is the 

mean of the assumed triangular distribution, with dynamic buffer times to avoid conflicts 

in the face of uncertainty. Table 5.2 reports the value of the TCT for the MILP model and 

the DBU in minutes. The last column presents the percentage value of gap performance. 

It can be observed that except for one scenario, the DBU provides tighter schedules 

compared with the MILP model. This result reflects the fact that the DBU uses less YC 

handling time and inserts dynamic buffer times when necessary in order to avoid 

overlapping, as compared with deterministic approaches (such as used by [23-25]) that 

use a higher YC handling time to overcome the overlapping issue. The results in Table 

5.2 also demonstrate that the DBU provides more compact solutions, and is thus able to 

accommodate more jobs in a shorter timeframe.  
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Table 5.2 Performance comparison for only storage job scenarios with MILP 

model 

Block Number MILP 
DBU 

Gap*   Block Number MILP 
DBU 

Gap*  

size of jobs model (%)  size of jobs model (%) 

40-slot 20 1249.6 1225.3 −1.9  60-slot 27 1870.3 1846.9 −1.3 

Small 21 1505.1 1485.1 −1.3  Small 27 1794.4 1770.3 −1.3 

 22 1353.9 1335.6 −1.4   28 1876.6 1861.5 −0.8 

 22 856.4 833.9 −2.6   28 2176.6 2168.4 −0.4 

 23 1445.9 1424.6 −1.5   29 1803.2 1787.2 −0.9 

 24 1512.2 1495.6 −1.1   30 2135.7 2115.3 −1.0 

 24 1740.4 1724.6 −0.9   31 2203.2 2175.1 −1.3 

 25 1703.3 1679.7 −1.4   31 1661.5 1623.2 −2.3 

 25 1838.6 1817.2 −1.2   31 2245.8 2209.1 −1.6 

 25 1502.6 1480.7 −1.5       

 25 1817.7 1792.0 −1.4       

 26 1940.8 1920.4 −1.1       

 26 1383.8 1353.0 −2.2       

 27 1757.4 1742.4 −0.9       

 30 2164.8 2137.2 −1.3       

 32 2018.1 2002.7 −0.8       

 32 2086.4 2057.2 −1.4       

           

40-slot 45 3201.2 3171.3 −0.9  60-slot 50 3966.8 3901.8 −1.6 

Large 45 2961.2 2945.8 −0.5  Large 54 3713.9 3671.4 −1.1 

 46 2960.8 2944.9 −0.5   56 4163.2 4073.7 −2.1 

 48 2986.9 2960.0 −0.9   57 3772.7 3714.1 −1.6 

 49 3327.1 3257.0 −2.1   58 3673.5 3660.8 −0.3 

 50 3521.9 3475.9 −1.3   58 4070.7 4009.1 −1.5 

 50 3623.3 3569.7 −1.5   61 4494.8 4422.2 −1.6 

 51 3813.9 3768.2 −1.2   62 4082.0 3987.3 −2.3 

 52 3665.4 3663.2 −0.1   63 4214.1 4100.3 −2.7 

       63 4659.6 4725.7 1.4 

       64 4245.0 4101.6 −3.4 

       66 4612.3 4524.7 −1.9 

       69 4986.9 4760.5 −4.5 
*Gap = (TCTDBU − TCTMILP) / (TCTMILP) ×100 

 

 
    

As the DBU focuses on handling time uncertainty, we conducted simulation runs to assess 

and validate its effectiveness and robustness. In the simulation, the job sequence obtained 

by the DBU is strictly followed by simulation runs using uncertain YC handling times 

generated from the triangular distribution with parameters 1.2, 2.0 and 3.4 minutes. In 

order to validate how the generated schedules perform under different sets of uncertain 

YC handling times, each test scenario is repeated 30 times. 

However, to overcome the introduction of these uncertain YC handling times during 

simulation runs, the start time and finish time of jobs might need to be readjusted in each 

run. To achieve this, first, the consecutive jobs on the generated baseline schedule are 

categorised into subgroups. Jobs in which their finish time is equal to the start time of the 

next job are grouped together. Then the start and finish times for all jobs are recalculated 

based on the generated uncertain YC handling time. Within the new calculation, the start 
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time of the first job in each group does not change if it is more than the finish time of the 

previous job. The start and finish times of other jobs in each group are modified based on 

the finish time of the previous job, job type and uncertain YC handling time. The job 

sequence obtained by the DBU is not changed during simulation runs. 

Tables 5.3 to 5.6 summarise the results obtained using the DBU (with fixed YC handling 

time and dynamic buffer time) and using simulation runs (with uncertain YC handling 

times). The term ‘Number of resolved overlapping jobs’ in the tables indicates how many 

jobs are adjusted by the insertion of dynamic buffer time using the DBU, and the objective 

values of the generated baseline schedules by the DBU are presented in the next column. 

These objective values are presented in minutes with the ‘Min’, ‘Max’ and ‘Mean’ in the 

table reporting the minimum, maximum and mean figures for the objective function value 

using simulation runs over 30 instances. The ‘Gap’ performance is calculated as: 

Gap = Mean of simulation runs objective – Baseline schedule objective 

It can be noted from the results in Table 5.3 that for the small size test scenarios in the 

40-slot yard block, the minimum and maximum gap is −2.16 and 8.05 minutes 

respectively with an average gap of 1.77 minutes. Similarly, from Table 5.4 it can be 

observed that for the 60-slot yard block with small size test scenarios, the minimum gap 

is −1.56 minutes, the maximum gap is 4.98 minutes, and the average gap is 1.58 minutes. 

From Tables 5.3 and 5.4 it is clear that the DBU performs well for small size test scenarios 

in both the 40-slot and 60-slot yard block sizes. For example, there is no infeasible 

instance in all these test scenarios over the 30 simulation runs. The deviation of the 

objective function values between the simulations and the algorithm is also small, which 

in turn indicates that the proposed schedules could be properly followed in the simulation 

and hence is practical. This can be explained by the total number of jobs to be handled. 

When the number of jobs is relatively small, the DBU generates a baseline schedule with 

enough buffer times among jobs to absorb uncertainty. 
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Table 5.3 Performance results for 40-slot small test scenarios 

Job 

 type 

Number 

 of jobs 

Number of resolved 

overlapping jobs 

Objective 

of baseline 

schedule 

Objective of 

simulation runs Gap 

Min Max Mean 

R 19 11 24.43 23.42 51.38 32.48 8.05 

R 20 0 28.97 22.64 61.06 35.78 6.80 

R 22 0 3.67 4.13 10.07 6.58 2.91 

R 23 0 2.41 2.15 10.86 3.88 1.46 

R 24 0 2.41 2.05 10.77 4.61 2.20 

R 26 2 6.46 6.12 12.37 8.86 2.40 

S 20 0 54.43 37.65 65.38 52.26 −2.16 

S 21 0 2.27 1.02 4.64 2.62 0.35 

S 22 0 16.46 11.87 23.42 16.38 −0.07 

S 22 0 43.82 35.19 54.02 43.12 −0.70 

S 23 2 3.64 2.26 8.45 4.40 0.76 

S 24 0 8.98 5.37 11.86 9.04 0.06 

S 24 0 16.15 13.08 19.23 16.14 −0.01 

S 25 0 11.52 8.60 15.43 12.16 0.64 

S 25 2 9.02 4.58 11.68 8.67 −0.35 

S 25 4 12.63 10.22 17.12 12.96 0.32 

S 25 0 9.45 5.61 14.87 9.96 0.50 

S 26 0 19.08 14.10 27.13 19.61 0.53 

S 26 2 12.33 10.05 16.91 13.12 0.79 

S 27 4 10.92 7.87 16.63 11.42 0.50 

S 30 0 8.32 4.99 11.81 8.48 0.16 

S 32 2 19.29 15.07 21.93 18.92 −0.37 

S 32 2 19.71 16.68 22.68 19.63 −0.08 

R & S 19 0 40.54 34.75 54.39 42.44 1.90 

R & S 20 0 3.48 3.48 4.54 3.73 0.25 

R & S 20 0 70.40 54.12 94.37 73.37 2.97 

R & S 20 0 28.29 22.66 38.31 29.35 1.07 

R & S 21 0 0 0 1.01 0.25 0.25 

R & S 21 0 7.99 7.13 14.26 9.98 1.99 

R & S 23 2 39.52 34.27 53.81 42.69 3.18 

R & S 24 0 29.90 26.44 37.37 31.97 2.07 

R & S 24 0 29.03 26.28 42.34 32.25 3.22 

R & S 25 0 11.73 9.20 18.44 13.50 1.76 

R & S 25 0 27.44 23.26 35.65 28.66 1.21 

R & S 25 0 16.80 15.19 27.30 20.90 4.10 

R & S 25 13 60.62 51.80 85.60 66.90 6.29 

R & S 26 0 13.27 10.61 18.88 13.85 0.57 

R & S 27 0 19.38 12.32 45.77 24.03 4.64 

R & S 27 0 26.11 18.35 62.16 29.32 3.21 

R & S 27 0 36.15 25.24 57.96 38.78 2.62 

R & S 27 0 30.04 27.85 42.58 34.01 3.97 

R & S 28 0 21.92 15.40 32.14 23.93 2.01 

R & S 33 0 24.36 15.97 54.17 28.37 4.01 

Overall   20.54 0 94.37 22.31 1.77 
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Table 5.4 Performance results for 60-slot small test scenarios 

Job 

 type 

Number 

 of jobs 

Number of resolved 

overlapping jobs 

Objective 

of baseline 

schedule 

Objective of 

simulation runs Gap 

Min Max Mean 

R 28 0 1.08 0.83 6.73 2.52 1.45 

R 28 0 8.61 7.75 15.56 10.22 1.60 

R 31 4 38.19 36.14 46.64 40.75 2.56 

R 31 0 18.87 20.49 28.17 23.72 4.85 

R 32 0 16.06 18.64 25.27 21.04 4.98 

S 27 0 3.58 2.15 10.26 4.33 0.76 

S 27 2 13.73 9.48 19.42 14.46 0.73 

S 28 0 29.48 24.38 35.54 27.92 −1.56 

S 28 2 20.88 15.27 30.46 21.63 0.75 

S 29 13 84.72 61.44 102.50 84.23 −0.49 

S 30 0 14.75 10.33 20.84 15.01 0.26 

S 31 2 10.03 8.04 15.29 10.59 0.56 

S 31 0 15.94 11.33 21.35 15.86 −0.08 

S 31 2 12.74 9.88 16.24 13.46 0.72 

R & S 26 0 43.67 39.19 60.43 47.97 4.30 

R & S 27 0 48.75 36.00 70.29 50.78 2.03 

R & S 29 2 15.22 11.05 21.46 15.75 0.53 

R & S 29 0 54.65 45.96 84.93 57.75 3.10 

R & S 32 2 23.24 19.07 34.05 26.28 3.04 

Overall   24.96 0.83 102.50 26.54 1.58 

 

 

Table 5.5 Performance results for 40-slot large test scenarios 

Job  

type 

Number 

 of jobs 

Number of resolved 

overlapping jobs 

Objective 

of baseline 

schedule 

Objective of 

simulation runs Gap 

Min Max Mean 

R 47 0 127.97 108.40 176.01 136.86 8.89 

S 45 4 64.06 51.90 83.98 63.91 −0.14 

S 45 2 92.35 78.80 106.27 93.09 0.74 

S 46 4 109.55 66.35 160.62 111.64 2.09 

S 48 6 85.50 75.77 100.82 85.83 0.33 

S 49 8 80.48 70.06 91.45 79.36 −1.12 

S 50 7 82.09 65.80 94.76 81.50 −0.58 

S 50 4 93.41 71.11 116.23 95.40 1.99 

S 51 13 84.38 71.16 101.21 89.19 4.81 

S 52 2 160.29 133.06 194.75 158.66 −1.63 

R & S 41 0 42.86 39.41 67.14 52.72 9.86 

R & S 55 4 294.44 238.97 368.39 291.48 −2.96 

Overall   109.78 39.41 368.39 111.64 1.86 
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Table 5.6 Performance results for 60-slot large test scenarios 

Job  

type 

Number 

 of jobs 

Number of resolved 

overlapping jobs 

Objective 

of baseline 

schedule 

Objective of 

simulation runs Gap 

Min Max Mean 

R 56 0 129.88 119.17 179.04 146.45 16.57 

S 50 0 107.91 95.47 143.97 112.83 4.92 

S 51 0 48.13 37.25 77.94 53.29 5.17 

S 54 2 44.85 37.26 60.23 48.44 3.59 

S 54 0 142.97 111.97 179.25 149.96 6.99 

S 54 2 71.52 57.91 88.66 71.40 −0.13 

S 56 4 94.16 77.60 121.72 96.89 2.73 

S 57 4 85.78 72.38 106.49 88.57 2.79 

S 58 10 199.77 166.25 247.38 204.00 4.23 

S 58 4 149.55 121.72 188.72 155.31 5.76 

S 59 10 189.42 160.97 217.72 194.75 5.33 

S 60 11 220.59 189.39 252.50 221.33 0.74 

S 61 2 125.32 93.10 146.49 122.25 −3.07 

S 62 2 177.09 161.14 215.11 182.81 5.72 

S 63 9 221.31 170.45 260.98 215.15 −6.16 

S 63 16 338.12 281.83 410.60 343.36 5.24 

S 64 6 170.66 137.51 193.37 169.14 −1.52 

S 66 9 353.01 294.02 472.18 351.45 −1.55 

S 69 22 180.20 168.66 241.20 189.17 8.97 

S 69 0 162.55 145.78 202.18 171.70 9.15 

R & S 50 12 198.50 179.74 226.86 203.59 5.09 

R & S 53 31 296.64 267.78 340.89 301.22 4.58 

R & S 54 0 141.35 118.08 165.32 143.17 1.82 

R & S 55 4 495.61 436.34 626.41 498.07 2.46 

R & S 59 23 636.87 548.07 736.63 642.49 5.62 

R & S 62 2 372.02 326.37 416.33 370.50 −1.51 

Overall   205.91 37.25 736.63 209.51 3.60 

Tables 5.5 and 5.6 report the large size test scenarios, and it can be noted that for the 40-

slot yard block, the minimum and maximum gap is −2.96 and 9.86 minutes respectively 

with an average gap of 1.86 minutes. For the 60-slot yard block, the minimum gap is 

−6.16 minutes, the maximum gap is 16.57 minutes, and the average gap is 3.60 minutes. 

Compared to the small size test scenarios, the simulated objective function values from 

the large size test scenarios demonstrate a higher level of deviation from the algorithm-

generated objective function values. This is contributed to by the higher number of jobs 

to be handled, as more jobs will incur more variability in the YC handling times. The 

average gaps for both the 40-slot and 60-slot test scenarios, however, again indicate that 

the simulation results maintain a reasonable deviation from the algorithm generated 

results. 

The average gaps in Tables 5.3 to 5.6 lead us to conclude that the results generated by the 

DBU can offer practical guidance for operations planning. It also demonstrates the 

advantage of taking the average YC handling time of the triangular distribution (i.e., 2.2 

minutes) as a reasonable estimation of the actual time required for handling. By doing so, 
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we can avoid scheduling jobs unnecessarily early or late, as opposed to using a 

conservative YC handling time (i.e., 3.0 minutes), which is predominately adopted in the 

literature. This effect is especially prominent for retrieval jobs, as they can be scheduled 

at the right time, and hence it addresses potential congestion problems at the quayside, as 

well as improves the utilisation of YTs. 

Unsurprisingly, the chance of getting infeasible outcomes using the DBU increases when 

the number of jobs is high, as can be seen in Tables 5.3 to 5.6, in which the number of 

resolved overlapping jobs increases in the large size test scenarios. This is because when 

the YC workload is heavy, the time among jobs is not sufficient in the face of uncertainty, 

and overlapping is therefore more likely to occur as a result of the insertion of the dynamic 

buffer time. The results clearly demonstrate that, as the number of jobs increases, both 

the gap value and the number of resolved overlapping jobs grow, because of the greater 

variability among the jobs. However, across the 3,000 simulation runs, it will be noted 

that all test instances are able to adhere to the baseline schedules generated through the 

DBU, and that the introduction of uncertain YC handling times is acceptably 

accommodated. 

In summary, the numerical results demonstrate that the DBU is quite robust in its ability 

to overcome uncertainty in the YC handling times, as well as YC practical constraints 

such as fixed safety distance, non-crossing cranes, and the simultaneous storage and 

retrieval jobs. 

5.6 Conclusion 

Having effective and efficient scheduling of YCs is key to the operation of a container 

yard and, unlike the majority of earlier contributions in the relevant literature, the model 

described in this research takes into account both uncertainty and the need for a safety 

distance between adjacent YCs. 

In this research, a clustering based heuristic approach, called DBU, that models the 

detailed movement of every container, has been proposed for solving the problem of 

scheduling two YCs with uncertain handling times. Given that the building of such 

container movement schedules under uncertainty is NP-hard, a heuristic scheduling 

algorithm has been introduced that maximises the YC utilisation. The main challenge 
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facing the development of such heuristics comes from the incorporation of a variety of 

practical constraints such as the safety distance for YCs, non-crossing cranes, and the 

simultaneous storage and retrieval containers. However, computational experiments on a 

representative data-set revealed that the DBU was capable of solving 100% of all test 

instances, and this indicates that the DBU is robust and reliable for generating schedules 

under different test scenarios for the YCSP in the presence of uncertainty in YC handling 

times. It also revealed that the DBU is quite flexible and stable for overcoming practical 

constraints in the YCSP. 

Future research would include the use of this approach to manage the integration of all 

relevant container handling equipment (i.e., YTs and QCs, as well as YCs) with uncertain 

YC handling times. The approach described in this research could also be modified to 

schedule more than two YCs in a single yard block. Moreover, it is recommended that a 

further study considers the synchronisation of uncertain YT arrival times and YC 

handling times through the implementation of an online optimisation approach. 
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5.7 Appendix 

Table A1 provides an illustrative instance for the YCSP with 34 containers in a 40-slot 

yard block where two YCs are available to handle them. The job index, the target time 

(in minutes), the slot number and the job type are defined for all containers. The earliest 

start time for this instance is zero. This data-set is used to display and represent Figures 

5.6 and 5.7. Table A2 provides the sorted data for the illustrative data of Table A1. These 

data are inserted into K-means clustering, as represented in Table A3.  
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 Table A1 An Illustrative instance of a YCSP 

Job Target 
Slot 

Job  Job Target 
Slot 

Job 

index time type  index time type 

1 45.56 7 S  18 56.39 23 S 

2 31.32 7 S  19 29.04 29 S 

3 30.34 6 S  20 49.32 28 S 

4 8.96 8 S  21 10.85 35 R 

5 0.45 9 S  22 37.24 33 R 

6 24.00 11 S  23 51.35 23 R 

7 47.08 12 S  24 13.44 24 R 

8 25.11 15 S  25 50.68 22 R 

9 10.29 11 S  26 26.90 33 R 

10 50.96 20 S  27 35.20 33 R 

11 1.54 12 S  28 9.92 30 R 

12 14.81 17 S  29 38.77 33 R 

13 2.90 14 S  30 0.47 34 R 

14 53.13 20 S  31 24.88 26 R 

15 12.78 17 S  32 36.06 26 R 

16 55.88 22 S  33 39.01 15 R 

17 0.81 40 S  34 37.14 19 R 

Table A2 The corresponding sorted data 

Job Target 
Slot 

Job  Job Target 
Slot 

Job 

index time type  index time type 

3 30.34 6 S  25 50.68 22 R 

2 31.32 7 S  16 55.88 22 S 

1 45.56 7 S  23 51.35 23 R 

4 8.96 8 S  18 56.39 23 S 

5 0.45 9 S  24 13.44 24 R 

9 10.29 11 S  31 24.88 26 R 

6 24.00 11 S  32 36.06 26 R 

11 1.54 12 S  20 49.32 28 S 

7 47.08 12 S  19 29.04 29 S 

13 2.90 14 S  28 9.92 30 R 

8 25.11 15 S  26 26.90 33 R 

33 39.01 15 R  27 35.20 33 R 

15 12.78 17 S  22 37.24 33 R 

12 14.81 17 S  29 38.77 33 R 

34 37.14 19 R  30 0.47 34 R 

10 50.96 20 S  21 10.85 35 R 

14 53.13 20 S  17 0.81 40 S 

Table A3 Input data structure for K-means algorithm 

Sequence Slot  Sequence Slot 

1 6  18 22 

2 7  19 22 

3 7  20 23 

4 8  21 23 

5 9  22 24 

6 11  23 26 

7 11  24 26 

8 12  25 28 

9 12  26 29 

10 14  27 30 

11 15  28 33 

12 15  29 33 

13 17  30 33 

14 17  31 33 

15 19  32 34 

16 20  33 35 

17 20  34 40 
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6.1 Foreword 

This dissertation has clearly demonstrated the complexity of the container terminal 

scheduling environment that results from the diversity of the tasks, the different 

objectives, and the unevenness of the parameter values, which in turn reflect, among other 

factors, the constraints of competition and regulation. Improving the productivity of 

terminal operations is essential for terminals to cope with the growth in container 

movements and also to keep themselves competitive in the global trade. The development 

of more realistic scheduling procedures for both QCs and YCs, which would have direct 

impact on the vessel turnaround times and hence the profitability of both the shipping 

companies and the terminal operators, is the core goal of the research described in this 

dissertation. 

This dissertation consists of four completed scientific papers, each of which was designed 

to improve an important aspect of the scheduling problems found in container terminal 

operations. This chapter summarises the findings of this dissertation, discusses the 

limitations of the research and recommends a number of areas of further investigation. 

6.2 Review of the Findings of the Dissertation 

In the first investigation of this dissertation, the multiple quay crane scheduling problem 

was researched, and a fast clustering based heuristic algorithm was proposed. This paper 

successfully applied a clustering approach to resolve the QCSP with container groups. 

The results demonstrate that the computational time is dramatically decreased as a result 

of the approach, which employs algorithms that are not only relatively simple to 

implement and run, but which also work extremely well with large data-sets in the QCSP. 

Furthermore, in order to absorb the impact of the uncertain QC processing time, a buffer 

time is introduced within the processing time of each task. 

The results clearly demonstrate that the application of the K-means and K-medoids 

clustering algorithms leads to high quality schedules for the QCSP across small to large 

size vessels, as well as those with different spatial distribution of container tasks. This 

finding demonstrates the efficiency of K-means and K-medoids clustering and underpins 

their use for future research in the QCSP. In particular, both algorithms have the benefit 

of simplicity in that they utilise the single parameter of K, which represents the total 
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number of QCs assigned to a given vessel. Furthermore, by applying the proposed amount 

of buffer time, the resultant schedules can absorb the impact of the uncertain processing 

times. 

In the second study, a GA was developed to solve the QCSP with container groups in 

which a novel strategy is introduced to improve the quality of the initial population for 

the GA. In this strategy, half of the initial population of GA is generated through utilising 

K-means and K-medoids clustering algorithms, and this is followed by a local search 

procedure that delivers further improvement. The effectiveness of the GA was assessed 

through a well-known benchmark data suite. 

The experimental results demonstrate that due to lack of complexity and fast convergence 

rate of the K-means and K-medoids clustering algorithms, the proposed initial population 

strategy is a practical and flexible technique to improve the final solutions reached by 

GA. Further investigation demonstrated the superiority of utilising clustering algorithms 

over that of the local search procedure in terms of both the final schedules and 

computational time. 

 In the third study, the QCSPTW was investigated. In addition to the normal practical 

constraints for the QCSP, the use of time window constraints inserts an extra level of 

complexity to the QCSP, which is overcome by the use of an efficient GA. This method 

differs from those found within the literature through its use of clustering algorithms and 

a local search procedure to reinforce the quality of initial population. 

The computational results from this study clearly show the superiority of the developed 

GA for the QCSPTW over previous methods that have been employed – especially for 

large size vessels. In addition, the results indicate that clustering algorithms have more 

impact than the local search procedure in improving the final solution of the QCSPTW 

when the problem size grows. 

A novel heuristic approach is presented in Chapter 5 for the YCSP in the face of 

uncertainty. The YCSP determines the sequence of container loading and unloading; 

however, due to the complexity of the YC environment and the number of both sequential 

and parallel tasks that must be performed, YC handling operations do not always go to 

schedule. The developed model is able to handle the movement of a set of unscheduled 
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containers using two YCs operating in a single block where the YC handling times are 

uncertain. In this study, a dynamic buffer time was introduced to overcome the impact of 

uncertainty. The proposed buffer time was inserted before and after container movements 

that have the potential to be overlapping. The paper demonstrates that the developed 

heuristic generates a baseline schedule with sufficient buffer times to absorb uncertainty. 

6.3 Limitations of the Study 

As mentioned in Chapter 1, container terminal operations involve a sequence of decision 

problems, including the berth allocation problem, the QC assignment problem, the yard 

layout design problem, storage space assignment, truck scheduling and routing problems, 

and container reshuffling problems. 

However, the first limitation of this dissertation is that is only focused on the challenge 

of scheduling QCs and YC in the container terminals. 

The second limitation is that the number of assigned QCs to each vessel was assumed to 

be predetermined, and that YTs are always available to transport loading or unloading 

containers. 

Third, the proposed approaches for solving QCSP and QCSPTW are limited to 

unidirectional crane movement. Although it has been shown that a unidirectional schedule 

is always able to find at least one optimal solution for the QCSP and QCSPTW, it is 

recognised that the optimal solution for the QCSP and QCSPTW might not be limited to 

a unidirectional schedule. 

In order to bound the problem, it has been assumed that the terminal in question is a trans-

shipment terminal – in other words, there is no exit gate and XTs are therefore not 

employed. 

It has been assumed that the terminal is manned and not automated. This reflects the 

availability of literature that can be used to compare the efficiency of the proposed 

approaches. In reality, the same approaches could be used in an automated terminal, albeit 

some of the parameters such as the speed of the various equipment items and the size of 

container stacks within the storage yard may be changed. 



167 

Finally, it has been assumed that QCs can only lift one container at a time. This reflects 

the arrangement in the majority of container ports; however, there are some where double 

and quadruple lift capacities are being introduced. In principle though, the methodologies 

presented in this research are equally applicable in this scenario. 

6.4 Future Research 

As indicated earlier, formulating and scheduling a container terminal as a single system 

would require an impossibly large optimisation model and associated computational 

capacity. It is for this reason that a significant volume of literature on container terminal 

operations has focused on one single sub-process instead of the entire terminal. However, 

the clustering algorithm approach developed in this dissertation could potentially be 

extended to assist in overcoming the integration challenge by considering both loading 

and unloading operations for all handling equipment. 

A further area of development that leads on from this research is consideration of 

uncertainty as it relates to more than just equipment handling times. This should result in 

the ability to use simulation as a tool to help improve the integration of all of the yard 

components. 

As indicated in the discussion of the limitations of this research presented in Section 6.3, 

the approach that has been developed could be equally applied to the scheduling of YCs 

in relation to XTs (in addition to YTs), and also to the new generation of QCs that can 

move multiple containers. 
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7 Appendix A: Inclusion of Papers within the Thesis 

Appendix A: Inclusion of Papers within the Thesis1 

A.1 Overview 

This information is not relevant to those candidates enrolled in the PhD by Prior 

Publication program, 6002 or 6024. PhD by Prior Publication candidates should refer to 

the program specific thesis formatting information. 

HDR candidates may include one or more papers within the body of their thesis where 

such papers have been produced under supervision and during the period of candidature; 

and where the quality of such papers is appropriate to Doctoral or Masters (Research) 

level research. A thesis prepared in this way is a different thesis format, it is not a different 

degree. There are several advantages to organising a thesis in this way: 

- Preparing papers for publication saves time when preparing the thesis for examination 

as papers may make up one, or several, chapters within the thesis. 

- It is to your advantage to publish work from your thesis as a means of disseminating 

your research, and developing your writing skills. 

- It may improve the quality of your thesis as part of your thesis has already been subjected 

to peer review. 

- Examiners may have more confidence in your thesis if they can see that you have already 

published your research. In addition, you will have already met one of the criteria of 

examination, with the thesis suitable for publication. 

                                                 

1 This appendix is directly copied from the below link :  

https://www.griffith.edu.au/higher-degrees-research/current-research-

students/thesis/preparation/inclusion-of-papers-within-the-thesis 
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As a candidature requirement, all doctoral candidates are expected to have at least one 

peer reviewed output accepted for publication during candidature. Whilst not compulsory, 

candidates are encouraged to include this publication in the body of the thesis due to the 

advantages as outlined above. 

A.2 Requirement for Inclusion of Papers within the Thesis 

Higher degree by research is a program of independent supervised study that produces 

significant and original research outcomes, culminating in a thesis, exegesis or equivalent 

(refer to Higher Degree by Research Thesis). Inclusion of papers within a thesis is not a 

suitable thesis format for all research projects, for example: collaborative projects where 

there may be several co-authors for each paper which may make it difficult for the 

examiner to establish the independence of the candidates work; where primary data is not 

collected, or results obtained, until late in the candidature; or where the research will not 

produce a logical sequence of papers that are able to be presented as an integrated whole. 

Candidates should also take into account whether this thesis format is an accepted practice 

within their discipline and likely to be received well by the thesis examiners (refer also 

to the examination requirements below). Candidates are required to consult with their 

supervisor(s) early in their candidature to determine if this thesis format is appropriate. It 

is expected that candidates will identify as part of the confirmation of candidature 

milestone if their thesis is to be prepared in this format. 

Candidates should consult their Group specific guidelines in addition to the requirements 

detailed below. 

Candidates are also encouraged to attend the workshop: ‘Inclusion of papers within a 

thesis’ offered by the Griffith Graduate Research School. 

Refer also to the Griffith University Code for the Responsible Conduct of Research, 

specifically the sections pertaining to publication ethics and the dissemination of research 

findings, and authorship. 

Status of papers 

A thesis may include papers that have been submitted, accepted for publication, or 

published. 
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Some disciplines may specify a variation to the status of papers requirement, refer to your 

Group specific guidelines. 

Type of papers 

For the purpose of this requirement, papers are defined as a journal article, conference 

publication, book or book chapter. Papers which have been rejected by a publisher must 

not be included unless they have been substantially rewritten to address the reviewers’ 

comments, or have since been accepted for publication. Some disciplines may specify a 

variation to the type of papers requirement, refer to your Group specific guidelines. 

Number of papers 

A thesis may be entirely or partly comprised of papers. A paper maybe included as a 

single chapter if the paper contributes to the argument of the thesis, or several papers may 

form the core chapters of the theses where they present a cohesive argument. Where a 

thesis is entirely comprised of papers, there is no minimum requirement for the number 

of papers that must be included (except as noted below) and is a matter of professional 

judgment for the supervisor and the candidate. Overall, the material presented for 

examination needs to reflect the research thesis standard required for the award of the 

degree. For example, PhD candidates, on the basis of a program of independent 

supervised study, must produce a thesis that makes a significant and original contribution 

to knowledge and understanding in the relevant field of study. This remains a matter of 

professional judgment for the supervisor and the candidate. 

Where a thesis is entirely comprised of papers, some disciplines may specify a minimum 

number of papers to be included, refer to your Group specific guidelines. 

Authorship 

The candidate should normally be principal author (that is, responsible for the intellectual 

content and the majority of writing of the text) of any work included in the body of the 

thesis. Where a paper has been co-authored, the candidate is required to have made a 

substantial contribution to the intellectual content and writing of the text, Co-authored 

work in which the candidate was a minor author can only be used and referenced in the 

way common to any other research publication cited in the thesis. A signature from the 
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corresponding author is required in order to include co- authored material in the body of 

the thesis, refer to the declarations section below. 

For co-authored papers, the attribution of authorship must be in accordance with the 

Griffith University Code for the Responsible Conduct of Research, which specifies that 

‘authorship must be based on substantial contributions in one or more of:  

- Conception and design of the research project  

- Analysis and interpretation of research data 

- Drafting or making significant parts of the creative or scholarly work or critically 

revising it so as to contribute significantly to the final output’. 

Some disciplines may specify a variation to the authorship requirement, refer to your 

Group specific guidelines. 

Quality of papers 

Candidates should endeavour to publish their research in high quality peer reviewed 

publications. Papers to be included in the body of the thesis should be published (or 

submitted for publication) in reputable outlets that are held in higher regard in the relevant 

field of research. Candidates should consult their supervisor(s) for advice on suitable 

publications specific to their research discipline. Some disciplines may specify quality 

standards that must be met for papers to be included, refer to your Group specific 

guidelines. 

The library also provides support and advice to candidates on choosing a journal. 

Candidates are advised to note in particular advice in order to avoid ‘predatory’ 

publishers. 

- Research Guide: Higher degree research candidates - Get Published 

- Publishing in Open Access journals 

Copyright 

As copyright in an article is normally assigned to a publisher, the publisher must give 

permission to reproduce the work in the thesis and put a digital copy on the institutional 
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repository. Information on how to seek permission is available at: Copyright and Articles 

in thesis. 

If permission cannot be obtained, students may still include the publication in the body 

of the thesis, however following examination the relevant chapter(s) will be redacted from 

the digital copy to be held by the Griffith University Library so that the copyright material 

is not made publicly available in the institutional repository. Students are required to 

advise the copyright status of each publication included in the thesis via a declaration to 

be inserted in the thesis, as detailed below. 

Students requiring further advice regarding copyright issues can contact the Information 

Policy Officer on (07) 3735 5695 or copyright@griffith.edu.au. 

Group and discipline requirements 

Some Groups or Elements may specify additional requirements for including papers 

within a thesis, refer below: 

- Arts, Education and Law 

- Griffith Business School  

- Griffith Health 

- Griffith Sciences 

A.3 Format of thesis 

General 

Consult the thesis preparation and formatting guidelines for general information about 

the requirements for formatting the thesis. Some disciplines may specify a variation to 

the thesis format requirements below, refer to your Group specific guidelines. 

Structure of Thesis and linking Chapters 

The structure of the thesis will vary depending on whether the thesis is partly or entirely 

comprised of papers. Whatever the format, the thesis must present as a coherent and 

integrated body of work in which the research objectives, relationship to other scholarly 
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work, methodology and strategies employed, and the results obtained are identified, 

analysed and evaluated. 

In general every thesis should include a general introduction and general discussion to 

frame the internal chapters. The introduction should outline the scope of the research 

covered by the thesis and include an explanation of the organisation and structure of the 

thesis. The general discussion should draw together the main findings of the thesis and 

establish the significance of the work as a whole, and should not just restate the discussion 

points of each paper. 

It is important that candidates explicitly argue the coherence of the work and establish 

links between the various papers/chapters throughout the thesis. Linking text should be 

added to introduce each new paper or chapter, with a foreword which introduces the 

research and establishes its links to previous papers/chapters.  

Depending on the content of the paper(s) and nature of research, a research methods 

chapter may also be necessary to ensure that any work that is not included in the paper(s), 

but is integral to the research, is appropriately covered. Any data omitted from a paper 

may also be included as an addendum to the thesis. 

For further information on the thesis structure, refer to the following examples of 

acceptable ways to format the thesis when including papers. 

- See Examples of Table of Contents

Format of papers 

The papers may be rewritten for the thesis according to the general formatting guidelines; 

or they can be inserted in their published format, subject to copyright approval as detailed 

above. 

Pagination 

Candidates may repaginate the papers to be consistent with the thesis. However, this is at 

the discretion of the candidate. 
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Declarations 

All theses that include papers must include declarations which specify the publication 

status of the paper(s), your contribution to the paper(s), and the copyright status of the 

paper(s). The declarations must be signed by the corresponding author (where 

applicable). If you are the sole author, this still needs to be specified. The declaration will 

need to be inserted at the beginning of the thesis, and for any coauthored papers, 

additional declarations will need to be inserted at the beginning of each relevant chapter. 

You may wish to consult the declaration requirements for inclusion of papers diagram to 

ensure that you insert the correct declaration(s) within the thesis. Please note that 

completion of the declaration(s) does not negate the need to comply with any other 

University requirement relating to co-authored works as outlined in the Griffith 

University Code for the Responsible Conduct of Research. 

A.4 Examination Requirements 

Assessment by Examiners 

Candidates who wish to include papers within their thesis, and who have determined that 

this thesis format is appropriate to the research project, should also consider whether this 

thesis format will be well received by the thesis examiners. The inclusion of papers may 

negatively impact on the thesis upon assessment by the examiners where: the thesis 

format is not a common or accepted practice within the candidates discipline area; where 

the inclusion of co-authored papers makes it difficult for the examiner to establish the 

independence and originality of the candidates work; where the thesis does not present to 

the examiner as an integrated whole; or where there is too much repetition in the thesis 

which an examiner may view as a weakness. 

Theses that include papers are subject to the same examination criteria as theses submitted 

in the traditional format. It should also be noted that the inclusion of published papers 

within the thesis does not prevent an examiner from requesting amendments to that 

material. 

Candidates should discuss the suitability of this thesis format for examination with their 

supervisor(s). 
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Nomination of examiners 

It is the responsibility of the principal supervisor to nominate thesis examiners, and the 

process dictates that the principal supervisor must approach all nominees to determine 

their willingness to examine. Where a candidate’s thesis is formatted to include papers, 

the principal supervisor must also ensure that the examiners are familiar with and/or 

accepting of, this thesis format. 

Upon dispatch of a candidate’s thesis to an examiner, the examiner will be reminded that 

the thesis has been formatted to include papers. The examiner will also be provided with 

the relevant information and regulations regarding this thesis format. 




