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ABSTRACT

The ever increasing number of containers to be transported necessitates expanding the
capacity of container terminals. This can be achieved either by enlarging the container
terminals physically or by managing the container terminals better. Since the first alterna-
tive is costly, and sometimes not possible due to limited land, container terminal managers
focus on the second alternative. One possible way to increase the capacity of a container
terminal is to reduce the vessel handling times. By that way, containers will spend little or
no time at the yard storage phase, which will directly enhance the capability of container
terminals to compete with each other. This setting is applicable to large transshipment
hubs where many vessels can be moored and processed at the same time and discharged
containers can directly go to their outbound vessels. Since the yard is a critical resource
for the container terminal management, this environment will result in less cost and better
utilization of the yard space. In this study, we consider a transshipment container terminal
where all containers must be loaded to their outbound vessels directly after being unloaded
from their incoming vessels. Our aim is to determine a schedule of unloading and loading
times of containers while minimizing the makespan, which is the total completion time of
all operations. This problem has not been studied before. The most related work deals
with a case where there are two vessels and three types of containers, which are loaded,
unloaded and directly transshipped ones. In our study, we consider just the transshipment
containers but the number of vessels is not restricted to two. We develop a mathematical
model to represent the system and analyze its performance through computational studies.
We create instances from different sizes to understand the limits of the mathematical model.

After identifying these limits for the model, we study possible solution methodologies.
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OZET

Giiniimiizde artan konteyner tagimaciligi, konteyner terminallerinin birbirleriyle rekabet
edebilmeleri i¢in kapasitelerini arttirmalar: gerekliligini dogurmustur. Kapasite arttirimi
ya fiziksel olarak operasyon alanmimin genisletilmesi ya da varolan terminallerin daha iyi
yonetilmesiyle miimkiindiir. Birinci secenek ¢ok masrafli oldugu ve fiziksel aciddan miimkiin
olamayabilecegi i¢in, terminal yOnetimi igin ikinci alternatif {izerine yogunlagmak daha
mantiklidir. Konteyner terminallerinin rekabet yetenegi gemilerin rihtimda iglenme siiresine
fazlasiyla baghdir. Bu nedenle, gemilerin rihtimda daha az siire tutulmas: oldukca énemlidir.
Birgok geminin ayni anda demirleyebilecegi ve iglenebilecegi, bosaltilan konteynerlerin ise
dogrudan onlar1 gidecekleri yerlere tasiyacak olan gemilere aktarilabilecegi biiyiik aktarma
merkezleri bu amaca ulagsmak i¢in en uygun ortamlardan biridir. Bu c¢aligmada, biitiin
konteynerlerin boyle bir ortamda bosaltilip yiiklendigi bir konteyner aktarma merkezi in-
celenmigtir. Caligmada amag, tamamlanma zamanin en azlayarak konteynerlerin tahliye
ve yiikleme iglemlerini gosteren bir cizelge belirlemektir. Bdyle bir ortami inceleyen bir
caligma daha oOnce yapilmamig olmakla birlikte, yapilan en benzer caligma iki gemi ve
dogrudan aktarilan konteynerler disinda ithal ve ihrag¢ konteynerlerin de bulundugu bir
problemi inceleyen caligmadir. Bizim caligmamizda gemi sayisinin iki ile kisith kalmadig: ve
konteynerlerin hepsinin dogrudan aktarilmasi gerektigi bir ortam ele alinmigtir. Boyle bir
ortam icin konteynerlerin tahliye ve yiikleme gizelgesini belirleyecek bir tamsayili matem-
atiksel model gelistirilmis ve hesaplamali deneylerle sistemin performansi analiz edilmistir.
Modelin sinirlarini analiz edebilmek icin problem ornekleri yaratilmig ve muhtemel ¢6ziim

yontemleri incelenmigtir.
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Chapter 1

INTRODUCTION

Using containers for overseas shipping has caught considerable interest due to its various
advantages. The main benefits of using containers for long distance transportation are that
they have less damaging, require less packaging and leads to higher productivity. Containers
are moved from one destination to another by large ships, called vessels. Vessels arrive at a
port, occupy a place to moor and the incoming containers are unloaded while the outgoing
containers are loaded. These unloading and loading operations are performed by large
vehicles called Quay Cranes (QCs). It is crucial to manage these QCs efficiently since they
are very expensive and are critical resources for terminals.

The increasing volume of container shipping worldwide requires managing the terminals
better to stay stable in the competitive market. Terminals should find a way to increase
their capacity; they either need to enlarge their sizes or reduce the vessel handling times
to be able handle greater number of vessels and containers. It is a very difficult option to
enlarge the sizes of the container terminals since it is a very costly investment. Therefore,
the focus should be on finding and applying new methods to reduce the vessel handling
times. It is important for vessels to spend as little time as possible at container terminals
because the more a vessel waits to be processed, the later the containers are sent to their
destinations. This is not desirable for either the terminal management, ship owners or the
final customer because the containers on the vessels or in the yard storage mean money-
tied-up to inventories and wasted resources. If the yard storage phase is skipped, the
vessel handling time decreases. In order for containers to skip the yard storage phase, they
should directly move from one vessel to another without going to yard storage places. This
environment is observed in large transshipment hubs in which many vessels can be processed
simultaneously. When the inbound vessel (the vessel carrying the container to the terminal)

and the outbound vessel (the vessel which will take the container to its destination) of a



Chapter 1: Introduction 2

container are available at the same time, there is an opportunity to move that container
directly to its outbound vessel after unloading it from its inbound vessel. By that way, the
containers will lose no time at the yard storage phase. QCs which load and unload the
containers will be better utilized and the overall vessel handling time will decrease. With
this transshipment modality, the loading and unloading operations are handled together.
They are not regarded as two separate processes performed on a vessel anymore; they are
rather intertwined activities that should be planned accordingly. Different from classical
scheduling of loading or unloading operations of a vessel, both of the operations are executed
for more than one vessel at the same time for the transshipment case. The opportunity to
reduce the vessel handling times in transshipment container terminals is the main drive of
this study.

The solution methods utilized in this thesis are Tabu Search (TS) and Constraint Pro-
gramming (CP). TS is a metaheuristic method employing local search for optimization
problems. Local search moves from one solution to its adjacent ones with the hope of find-
ing better solutions. The enhancement of TS is in its ability to guide the search by using
memory techniques. The algorithm prevents moving to a previously visited non-promising
solution by marking a tabu status on that solution. TS is widely used for tackling combina-
torial optimization and scheduling problems. CP is a programming logic which makes use
of constraints in order to represent the problem. Constraints state the relations between
the variables and they specify the properties of a solution to be found. The CP approach
is to find the state in which all of the constraints are satisfied at the same time.

The content of this thesis can be explained as follows:

e We develop a mixed integer linear programming (MILP) model for the complex prob-
lem encountered at transshipment container terminals. The preliminary tests are

carried out to understand the characteristics of the model.

e A new instance generation scheme is proposed to test the performance of the model.

e We utilize Tabu Search (T'S) and Constraint Programming (CP) approaches, the latter

of which performs better in terms of solution time and quality.

The rest of the thesis is organized as follows. In Chapter 1, the main operations per-
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formed at container terminals are explained along with the definitions of basic concepts. In
Chapter 2, the related literature review is given. Chapter 3 provides the detailed problem
description along with the MILP formulation. Chapter 4 describes applied solution strate-
gies. Numerical experiments and computational results are presented in Chapter 5. In this
chapter, data generation is also explained. Chapter 6 gives the conclusion and the future

research directions.

1.1 An Overview of Container Terminals

In this section, the basic concepts related with container terminals are defined and the
main decisions to be made at container terminals are explained. An overview of a container
terminal can be seen in Figure 1.6. Stahlbock and VoS (2008) provides a comprehensive

survey of the operations at container terminals.

1.1.1 Container

A container (Figure 1.1) is a large reusable box which is used in intermodal transportation to
carry the goods between destinations. The containers are defined according to their lengths.
A standard containers is either 20-feet or 40-feet. A 20-feet equivalent container is referred
to as 1 TEU (twenty feet equivalent unit). 40- feet containers are called as 2 TEU. It is
important to have such standardization in containers since they are used interchangeably
by both carriers and companies. Containers are flexible in the sense that they can carry
a wide variety of goods such as liquids, manufactured goods, cars and perishable goods.
Containerization enables effective transfer between several modes of transport, which is a
major requirement for intermodal transportation.Containers are made of durable materials
which help to keep the content of the containers safe and stable. Another advantage of
the endurance of the containers is that they can easily be stacked. Since the space on the
vessels and on the land side of the terminals are limited, the stackability of containers helps

to manage the storage capacities better.

Containers are placed on the vessels according to a stowage plan. Each container is

attributed with a specific bay, row and tier number. Bays are the cross-wise areas of a
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Figure 1.1: A view of a container

vessel. Row is the position of the containers in bays while tier is the level on which the
container is stacked. These concepts are visualized in Figure 1.2. The stowage plan of a
vessel induces precedence relations among containers. There are some physical constraints
which should be taken into account while planning the loading and unloading operations.
The stowage plan is modified as the vessel proceeds between its destination ports with the

addition and removal of containers.

1.1.2  Quay Crane

Quay cranes (QCs) (Figure 1.3) are large equipment that are used to load and unload the in-
termodal containers. They are very expensive and one of the main investments of container
terminals. Moreover, QCs are the only equipment to perform the loading and unloading
operations. Therefore, it is important to manage the QCs efficiently. Their working sched-
ules directly affect the total waiting time of the vessels and the containers, which is the

performance of the terminal. That is why there is an intensive research discussing the quay
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Figure 1.2: A view of container positions on a vessel

crane scheduling (Bierwirth and Meisel (2010)).

1.1.3 Other Handling Equipment

Different types of material handling equipment are utilized in terminals while transferring
the containers. Once the containers are unloaded from vessels, they either go to other
transshipment modes or to the storage areas via trucks that travel between the vessels and
the related destination. The automated version of the trucks are called Automated Guided
Vehicles (AGVs) (Figure 1.4). The containers can also be moved via a Straddle Carrier
(SC) (Figure 1.5). SCs can both carry the containers and store them in stacks. Stacks are
storage places where the containers can be kept for a certain amount of time. A view of

stacks can be seen in Figure 1.7. They consist of lanes in which containers are placed on
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Figure 1.3: A view of a quay crane

top of each other.

1.1.4 Container Terminals

Since the first containerization in the 1950s, the overseas world trade has been increasing.
The expanding number of cargo carried in containers necessitated investments on the special
facilities which can effectively handle these containers. Maritime container terminals (Figure
1.6) are large facilities where container flow is executed between two interfaces; the waterside
and the landside. The waterside operations include the loading and the unloading of the
vessels by QCs. At the landside, the containers are carried from the vessels to the storage

areas or to other means of inland transportation. The containers arriving at port on vessels
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Figure 1.4: An automated guided vehicle

are called import containers. They need to be unloaded and then directed to other mode
of inland transport like truck or train to reach their final destinations. Conversely, the
containers that are subject to precarriage by trucks or trains to arrive at the port are called
export containers. They are loaded on the vessels and proceed to their final destinations.
There is another type of container, which we consider in this thesis; i.e. transshipment or
transit containers. Transshipment containers arrive at a port on vessels and go to their final
destinations via other vessels. The terminals that can handle this type of containers are
called transshipment container terminals and they are relatively larger and busier than the
other traditional container terminals.

The importance of container terminals has been improving as a result of globalisation
and economic growth. Most of the cargo is carried via sea freight because it is cost effective
and the containers have many advantages as stated in Section 1.1.1. The containerization
has an increasing trend which directly raises the workload of the container terminals and
necessitates larger and fully equipped container terminals that can handle more TEUs. As

a result of this development, the container terminals need to be better utilized in order
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to be able to compete with each other. The main performance measure of container ter-
minals is the turnover rate of containers. Therefore, finding ways to reduce the time that
the vessels spend at port is an objective of any container terminal and contributes to its

competitiveness.

1.2 Main Operations at Container Terminals

The main operations at container terminals can be classified into two: the waterside and

the landside operations.

1.2.1 Waterside Operations

The operations at the quayside include solving Berth Allocation Problem (BAP), Quay
Crane Allocation Problem (QCAP) and Quay Crane Scheduling Problem (QCSP). In this

subsection, each of these problems are explained.

Berth Allocation Problem

Vessels need to be assigned to berths to be served at container terminals. The terminal
management knows the schedule of the large cargo vessels approximately one year in ad-
vance. However, it is not easy to make berthing plans so far in advance because there
can be some ad-hoc or short notice vessels calling at the port. In this case, the terminal
management needs to revise the berthing plans and come up with another decision. There
are some important criteria while making this decision like the length of the vessel and the
depth of the berth positions. By taking all the constraints into account, a berthing plan
should be developed. The objectives of BAP can be minimizing the vessel handling times
or minimizing the total distance between the vessels. Bierwirth and Meisel (2010) provides

a comprehensive survey on BAP.

Quay Crane Assignment Problem

After a vessel is allocated a berth at the quay, the containers are moved by QCs. For

this purpose, a set of QCs are assigned to the vessel, which is referred to as Quay Crane
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Assignment Problem (QCAP). The number of QCs to be assigned to a vessel depends on
the workload and the priority of the vessel. Moreover, the physical characteristics of the
quay and the QCs like the size and accessibility play a role on the QC assignment. QCAP

is solved by Daganzo (1989) for small problem instances.

Quay Crane Scheduling Problem

Quay Crane Scheduling Problem (QCSP) aims to come up with a loading and unloading
plan for the containers on a single vessel while the objective is, most of the time, to minimize
the makespan; i.e. the completion time of the last container. Lim et al. (2007) proved that
QCSP with the objective of minimizing the makespan is NP-Hard. In order to get more
insight into the QCSP, which is the most related problem with the one in the thesis, it is
required to understand how the containers are treated in different problem settings. Firstly,
if all of the containers on a bay are regarded as a single task, then this problem is called
as QCSP with complete bays. The number of tasks is the same as the number of bays
and a task is to load or unload all of the containers on a bay. Secondly, if the containers
located on a bay are divided into groups and each group is treated separately, then this
problem is QCSP with container groups. Here, the containers are grouped according to
a common characteristic like destination. These two classes of problems are described in

detail in Bierwirth and Meisel (2010).

1.2.2  Landside Operations

The operations continue on the landside once the containers are unloaded from the vessel.
Conversely, if there are export containers to be loaded on the vessels, the landside is the
starting point of the operations. In this subsection, the main operations at the landside of

the ports are explained.

Landside Transport Operations

In order to enable the continuation of the process at container terminals, the containers need
to be transported between the ship and the stack. After the containers are taken off the
ship by QCs, they are located on the material handling vehicles to be carried to the storage

places. These vehicles should be managed carefully in order not to face any congestion in the
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yard. The vehicles can be automated like AGVs; therefore, a proper planning synchronized
with QC schedules is required. The more number of transport vehicles on the landside does
not necessarily reduce the vessel handling times because the congestions at the cranes and
in the yard tend to increase. Also, investing more in such vehicles adds up to the total
operational cost of the terminal and sea freight might lose its economical advantages. The

transport operations in container terminals are discussed in detail by Carlo et al. (2014a).

Landside Storage Operations

In container terminals, the space is limited. Containers need to be organized in a smart
way to facilitate the exchange between different transportation modes. Containers are kept
in stacks temporarily before they are canalized to other transportation means. Similar to
their stowage positions on the vessels, they are given a block, bay, row and tier. A view of
containers in the stacks can be seen in Figure 1.7. Carlo et al. (2014b) give an overview of

the storage operations in container terminals.

Since the land is a scarce source for the terminals, it is important to optimize the stacking
operations. According to the dispatching schedules of containers to and from the stacks,
suitable positions in the stack should be assigned to containers such that reshuffling jobs are
minimized. Reshuffling occurs when accessing the containers that are located below others.
The upper ones have to be moved to other storage locations first and then repositioned again
as explained in Vis and de Koster (2003)). The organization of the blocks in the stacks is
related to the attribute of the containers. The containers sharing the same destination
are usually stacked close to each other. There might also be some special requirements
of reefer or refrigerated containers, which implies storage in some designated areas. The
characteristics and the capacity of the material handling equipment like Straddle Carriers
(SCs) affect the stacking structure. The height of the stack is determined by the employed
SCs. The yard storage phase adds more time to the overall vessel handling time, which

should be kept at minimum to be more competitive.
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Figure 1.6: An overview of a container terminal

Figure 1.7: A view of container stacks
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Chapter 2

LITERATURE SURVEY

In this section, the two most related problems with the problem in this thesis are ex-
plained in detail. They are Quay Crane Scheduling Problem and Transshipment Problems.
Moreover, the state of the art on the solution methodologies, T'S and CP, are also examined

and the recent findings are explained.

2.1 Quay Crane Scheduling Problems

It is crucial to understand the main operations performed in container terminals to get more
insight into the problem discussed in this paper. Stahlbock and Vop (2008) classify and
explain the parts of the container terminal systems as handling equipment, human resources
and assisting systems. Later, the authors discuss the optimization problems encountered
both on the seaside and the landside. Lastly, the research on integrated systems like sim-
ulation based ones is explained. There is much research done on scheduling the QCs on a
single vessel. Bierwirth and Meisel (2010) provide a survey of QCSP and berth allocation
in container terminals. They first handle the planning of seaside operations and explain the
Berth Allocation Problem (BAP). According to the characteristics of vessel such as expected
time of arrival, estimated processing time and physical requirements, the problem is to find
a berthing position and time in order to fulfill a specific objective such as minimization of
makespan. The authors then explain the Quay Crane Assignment Problem (QCAP). After
a berthing plan is assigned to a vessel, the QCs to load and unload container should be
identified. As for Quay Crane Scheduling Problem (QCSP), the aim is to find a processing
schedule for QCs working on a vessel by obeying precedence relations and completing the
operations without preemption while minimizing the makespan. This problem is stated to
be similar to minimum makespan scheduling problem with identical parallel machines and
precedence relations in Pinedo (2002). The problem is represented as Pm|prec|Cmax in

three field notation and is known to be NP-hard as proven by Blazewicz et al. (1983).
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The general QCSP is divided into two classes based on the definition of a task, that is
defined on the basis of bays or containers. When a task shows one bay and each bay is
served by one QC, the problem is then called as QCSP with complete bays. On the other
hand, if a task represents a group of containers which usually have common characteristics,
then this problem is referred to as QCSP with container groups. In QCSP with complete
bays, each bay is treated separately by one QC, whose schedules are unidirectional, meaning
that QCs always move in the same direction according to Bierwirth and Meisel (2009). For
this type of the problem when the move type is unidirectional, Lim et al. (2007) shows
that there is always an optimal solution. The authors show that a minimum completion
time can always be found when the search is limited to crane allocations. They developed
optimization algorithms to solve the problem. For large problems, a simulated annealing
algorithm is proposed to determine crane and time allocations. In the simulated annealing
metaheuristic, the solutions are represented as crane allocations and an initial solution is
found by assigning the earliest available QC to the first position. The algorithm is found to
perform well when the number of QCs and containers are of realistic sizes.

QCSP with container groups, which was introduced by Kim and Park (2004), can have
more than one QC assigned to a bay. Therefore, additional crane crossing interferences
emerge, which makes the problem harder. Sammarra et al. (2007) proposes a Tabu Search
algorithm to handle QCSP with container groups. The authors decomposed the problem
into two: a routing problem and a scheduling problem. The routing problem is solved via
TS metaheuristic while the scheduling problem is handled with local search procedures.
The routing problem determines the sequence of tasks on each QC. The scheduling problem
attributes a starting time for each container on the sequence found by routing problem. The
authors utilized TS for the routing subproblem. The neighborhood structures are obtained
by swap or insertion moves, which are used in this thesis as well and the details will be
explained later in Section 2.3. The findings of the paper were promising, which directed us
to consider TS as a solution method for our problem.

In Meisel and Bierwirth (2011), a unified approach for evaluating the performance of
solution methods of different models is presented. The authors first explain that 3 different
problem classes emerge with different characteristics; QCSP with container groups, QCSP

with complete bays and QCSP with bay areas. The first two of these problems were ex-
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plained in the previous paragraphs. The latter problem, QCSP with bay areas, requires
the vessel to be partitioned into areas of bays such that the cranes operate separately on
these areas. After such classification of the problem, the authors detected a need for a basis
to compare the quality of the solutions of different quay crane scheduling models. They
created test data to compare the performances of different procedures tackling QCSP. They
described this new instance generation scheme for QCSP with container groups in detail.
The data set includes values for number of container groups on a vessel, number of bays
of a vessel, capacity per bay, number of QCs, crane travel time, crane safety margin, han-
dling rate, precedence density, density of non-simultaneity. The processing time of container
groups are extracted uniformly from the handling volume of bays. The precedence relations
are created randomly for each bay of a vessel with a uniform density across the bays. The
data generation scheme can be adapted to create instances for QCSP with complete bays
and QCSP with bay areas as well. The authors define seven instance sets to be represen-
tative of typical QCSP. These instances are reproducible via a tool called QCSPgen. The
parameters used in each set are described in detail as well as benchmark solutions. After
having a common platform for all of the three problem settings, the authors explain the
across model evaluation between the QCSP with container groups, QCSP with complete
bays and QCSP with bay areas. The findings of this paper is having a unified approach for
evaluation of different problems. No single modeling is found to be strictly dominant on the
others.

A recent study from Fu et al. (2014) deals with multi vessel quay crane assignment and
scheduling. They approach these two problems simultaneously by considering vessel priority
and safety margins of QCs. The authors develop an integer programming formulation with
the objective of minimizing the makespan of each vessel. The authors assumed that QCs
can move from one vessel to another when tasks are completed and their working rates
are identical. They propose a Genetic Algorithm (GA) to solve this integrated problem for
large instances. A comparison is made between the exact solutions from GAMS and the
GA results. The findings show that GA can report solutions in a reasonable time where the

exact model fails to reach any solution.
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Figure 2.1: The quay cranes working on a vessel

2.2 Transshipment Problems

The transshipment is the change in the mode of transport during the travel. The cargo can
be taken to an intermediate location to be consolidated with other cargo or to be transferred
via another transport vehicle. Transshipment takes place in large hubs. The transshipment
of containers at a container terminal means that the containers are transferred to another
vessel to reach their destinations after a temporary or no yard storage.

For this transshipment modality, the problems about the storage and cross docking
terminology seem related (Boysen et al. (2010)). In some of these problems, transshipment
containers are considered as well as import and export ones. Nishimura et al. (2009) address
the storage arrangement of transshipment containers on a container yard of a large terminal.
They discuss the movement of containers from mega-containership to feeder ships using

temporary yard storage. An optimization model is set to formulate the container flow and
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a lagrangian relaxation based on a heuristic approach is developed to solve the problem.
Another study examining the transshipment flows between mother vessels and feeders is
from Lee and Jin (2013). The authors proposed a mixed integer programming model and
a heuristic solution algorithm. The direct transshipment of containers is mostly studied for
the transportation modes like trucks and trains. The direct ship-to-ship transfer has not
been studied widely. Alicke (2002) investigates intermodal terminal concept and analyses
the advantages of transshipment of containers when different modes of transport is used.
C. Lian and and Gen (2011) consider the transshipment transport problem in a container
terminal where a mega-ship is used. They address the berth allocation planning problem
in which one-way direct transshipment between a mother vessel and a feeder is considered.

The most related paper with our study is from Monaco and Sammarra (2012). They
introduce a direct ship-to-ship container transshipment problem at a maritime terminal.
In addition to the classical ship-yard-ship cycle, the authors introduce a direct movement
of containers between vessels. In their study, they consider a situation of two vessels. In
addition to the containers which must be loaded and unloaded using traditional methods,
some of the containers on these vessels must be directly transshipped from one to another.
The vessels are attributed with an arrival time, a priority, a set of loading and unloading
operations, a set of QCs, a set of bays and available places for transshipment containers.
There are also some precedence and non-simultaneity constraints. In order to enable the
transshipment of containers, the two vessels need to be berthed at the same time or their
berthing schedules should at least overlap. The authors propose a mixed integer linear
model for this problem with the aim of determining the working schedules of all the QCs
working on these two vessels and assigning a stowage position to all the containers directly
transshipped. The objective is to minimize the service time of both vessels while reducing

the temporary storage of directly transshipped containers as much as possible.

2.3 Tabu Search

One of the solution methodologies utilized in this thesis is Tabu Search, proposed by Glover
and Laguna (1997), since it is widely applied as a solution method for the scheduling prob-

lems. Therefore, it is helpful to mention some of the related literature where TS is proposed.
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Wong and Kozan (2010) investigated container operations in multi-ship environment
and proposed List Scheduling and TS algorithms. They enriched their study with a real
case at Port of Brisbane. The proposed heuristic algorithms produced good results and
were promising for the future research. Another study for the scheduling optimization in
container terminals is from Zeng and Yang (2007). The authors developed an optimization
model for scheduling of QCs and yard cranes. They utilized TS metaheuristic to tackle
this problem and observed that TS was efficient in searching the solution space and finding
improved solutions for the terminal operations.

A TS algorithm for QCSP is proposed by Sammarra et al. (2007). The authors divided
the problem into two; a routing problem and a scheduling problem. For the routing part,
they developed a TS heuristic while the scheduling problem is solved by a local search
technique. The neighborhood functions utilized in the study are swap and insertion. The
swap move changes the positions of adjacent jobs by taking the precedence constraints into
account. The insertion move allows to move the containers to the QCs apart from the ones
they are initially assigned to. This insertion move is found to improve the makespan. The
search continues from one solution to another according to the neighborhood definition.
If a solution is removed from the neighborhood, then it is regarded as tabu and cannot
be visited again after a predetermined number of iterations. The only way to accept a
previously declared tabu solution before the iteration counter reaches a specified value is
that this solution satisfies the aspiration criteria. The aspiration condition is satisfied if
a move yields the best solution found so far. The number of iterations a solution will be
kept forbidden is referred to as short term memory. The short term memory prevents the
search to go to the previously visited solutions. The authors keep track of the number
of times an attribute is accepted as a solution, which is called frequency. This frequency
represent the long term memory which helps to diversify the search. The diversification in
TS is important since the unexplored regions may contain promising solutions. The initial
solution for the algorithm is driven by two different methods. One is found by assigning
each crane the same number of tasks. The second is obtained by assigning the same work
load to each QC. The initial solutions are significant in metaheuristic since they directly
affect the performance of the search. In order to decrease the effect of the initial solution,

a search should be properly diversified. The authors compare the performance of their TS
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algorithm with the results reported in Moccia et al. (2006).The TS algorithm is found to

perform well in terms of solution time and quality.

2.4 Constraint Programming

Another solution technique that we used the tackle the problem proposed in this thesis is
Constraint Programming (CP), which is a well-known method for combinatorial optimiza-
tion problems. The logic behind CP is to represent the problem via constraints and finding
the sets that satisfy all of these constraints. CP resembles Constraint Satisfaction Problem
(CSP) with the addition of an objective function as stated in Lustig and Puget (2001). The
constraints in CP are various like linear, nonlinear, boolean, finite or integer. The decision
variables are of two different types; interval and sequence. Laborie and Rogerie (2008) and
Laborie et al. (2009) define interval variable as the time interval in the planning horizon
in which an activity is performed. The interval variables have a start time, an execution
duration, a presence information and an end time. The authors also explain the sequence
variable as a permutation of a set of interval variables.The sequence variables can be used
to state specific requirements on the interval variables more effectively.

The problems in container terminals are described and classified in Rashidi and Tsang
(2013). The authors formulated CSPs for different scheduling problems faced at terminals
and found it to be more efficient for Integer Programming formulations for specific cases.
They considered BAP, QCAP and QCSP simultaneously because the total berthing time of
a vessel depends on the number of QCs assigned to it.When the number of QCs assigned to
a vessel increases, total handling time of the vessel decreases. The authors give a compact
formulation for these problems. A CP approach for QCSP is proposed by Unsal and Oguz
(2013). They formulated QCSP with container groups via CP using propositional logic.
They used global constraints to assign tasks to QCs without any interference. The authors
found out that the results have advantages over other solution methods. The computation
time was reduced significantly and effective QC schedules were found in shorter solution
time. This study reveals a fruitful area where research can be intensified and influences the

direction of the studies in this thesis.
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Chapter 3

PROBLEM DEFINITION

In our setting of transshipment container terminals, we deal with a case where many
vessels can be moored at the same time and all of the containers on each vessel are a
transshipment type. The containers will go to their destinations via other vessels, not by
any other transportation method such as road or rail. Therefore, no import or export
containers on the vessels are handled and no yard storage is necessary. A snapshot taken
from the system can show a number of vessels berthed at their corresponding places. All of
the vessels to be processed are assumed to be available at the time of use with known inbound
contents; i.e. stowage plans. Each container on a specific vessel will be taken to another one.
A container will not stay on the same vessel which had carried it to the terminal. Moreover,
the exact locations of containers on their inbound and outbound vessels are known. Exact
location means the corresponding vessel, the bay number on that vessel and the position on
that bay. Since containers are located in stacks on bays, certain precedence exists between
containers on the same bay. A container which is located on the top needs to be unloaded
before the one located below can be unloaded. The same logic is applicable to the loading
case. First, the containers that should be located at the bottom of the vessel are loaded so
that the others can be loaded on top of them.

Upon arrival of the vessels to the port, they are assigned a number of QCs. The con-
tainers will be unloaded from their inbound vessels and loaded to their outbound vessels
without preemption by these QCs. The QC-vessel assignment is kept constant through the
planning horizon. In this study, to simplify the handling of the problem, the correspond-
ing bays on each vessel where a specific QC will work are determined in advance. This
assumption scales down the complexity of the problem. If QCs are not assigned to specific
bays, it becomes more difficult to come up with a schedule for QCs because the domain
of the possible assignments gets much larger. Therefore, there is no decision of assigning

QCs to vessels and bays. Different from other studies in the literature, the loading and
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unloading operations by QCs might be performed simultaneously; a QC can first unload
a container and then load another container on one of the bays assigned to it. Suppose
that QC4 takes container, down the vesselx. When container 4 is placed on the material
handling equipment, it is observed that containerg to be loaded on vesselx by QC7 has
arrived. Containerpg has already been unloaded from vessely and carried to vesselx by
the time QC reached the ground. If the space on vesselx for containerp is available, then
QC1 can load containerp. By this way, QC1 is better utilized since it does not travel empty
from the ground to the vessel.

The containers will move from their inbound vessels once they are unloaded to their
outbound vessels to be loaded by material handling trucks. We assume that these material
handling trucks are unlimited in number and always available. This assumption is important
since we do not consider any yard storage process. Normally, containers go to temporary
yard storage areas after being unloaded or before being loaded. In our setting, we do
not deal with the storage of the containers in the stacks. We treat the material handling
trucks as if they can handle all of the containers and there is no need for temporary storage
between the transshipment. In order for a container to be loaded to its target bay, all of the
containers existing on that bay should first be unloaded. This imposes another relationship
between containers whose inbound and outbound bays are the same. For example, suppose
container 4 arrives at the port on bay; of vesselx and will leave the port on bays of vessely .
Initially, containerp is located on bays of vessely. In order for container 4 to be loaded on
bayo of vessely, containerp should first be unloaded from bays of vessely .

Each container has a processing time; that is, the time required to unload and load that
container. The processing time is assumed to be the same both for the loading and loading
operation of a specific container. The containers also need some time to be transferred
by material handling equipment from their origin vessels to destination vessels, which is
the travel time. The QCs working on specified bays are assumed to need no time to move
between bays; they instantaneously go from one bay to another to process containers so
there is no repositioning time. Our objective for this problem is to come up with a loading
and unloading schedule for each QC while minimizing the makespan; i.e the completion

time of the latest loaded container.
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3.1 Mathematical Model

In this section, a mixed integer linear programming (MILP) model is developed for trans-
shipment container terminal problem. The problem described above has not been analyzed
as it is; therefore, we came up with a new mathematical model. The modeling logic is
similar to the study of Sammarra et al. (2007), which is based on Kim and Park (2004) and
including the updates from Moccia et al. (2006). Sammarra et al. (2007) take the crane
interferences into account in their model. Since we are given initial assignments of QCs to

bays, we do not consider such interference.

3.1.1 Modeling Assumptions
The following assumptions are made while formulating the model.

e All of the containers on each vessel are transshipment type; there are no import or

export containers.

e All of the vessels are available at the same time at the beginning of the planning period
with known inbound and outbound content. Therefore, we know exactly which vessels

and which bay a container comes from and where it will go.

e All of the QCs are identical.

e The QCs are assigned to specific bays of a vessel. We know which QC will load or
unload the containers located on the bays of a vessel. Therefore, the cranes do not

interfere with each other.

e The QCs move instantaneously between the bays assigned to them; there is no repo-

sitioning time for QCs.

e The material handling vehicles carrying containers between vessels are unlimited in

number and always available.

These assumptions can be valid in very large transshipment hubs, which we accept as our

setting. There can be both import and transit containers on a vessel as well as the export
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ones to be loaded. We assume that we only deal with the transit containers on the vessels,
that is why the other two types are taken out of the scope of this study. Additionally, the
larger ports can handle many vessels and enormous number of containers at the same time,
which makes it worth to deal with the transshipment containers separately. Having all the
vessels available at time zero enables the aggregate planning of all loading and unloading
operations. If this assumption is removed, the system would need to handle the dynamism
and this will make the problem harder. All of the QCs are regarded as identical. Otherwise,
we would need to differentiate their working capabilities and speed, which would affect the
performance of the terminal. Also, known QC-bay assignment removes the necessity to
consider QC interferences in the model, inclusion of which would complicate the model.
As for the next assumption, the repositioning time for QCs are not considered. QCs are
supposed to move instantaneously between the bays meaning that the repositioning time is
so small with respect to the processing times. The last assumption is required since we do
not consider any yard storage. The unloaded containers are supposed to be waiting on the
material handling vehicles before being loaded. Otherwise, we would need to deal with the

temporary storage in the terminal, which would again make the problem more complex.

3.1.2 Model Formulation

In the proposed MILP model, the objective is to determine a schedule which states the
loading and unloading times of containers while minimizing the makespan. The following

indices, sets, triplets and parameters are defined to represent the model.

Indices
1,7: Containers

k,l: Quay cranes

Parameters
p;: Processing time of container %

t;: Travel time of container ¢ from its inbound vessel to its outbound vessel
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Sets and Triplets

Q: Set of quay cranes

Qp: Set of all containers that quay crane k should move, Vk € Q

With the addition of dummy containers 0 and T with zero processing times in order to
be able to represent the first and the last containers moved by the QCs;

00=0Qy, U {0}

o=, U {T}

Q.= U {0, T}

prec: The triplet of quay crane and containers showing which containers have precedence
relations when moved by a specific quay crane. When quay crane k should move container
i before container j, (k,i,j) € prec.

order: The triplet of container and quay cranes showing the quay cranes by which each
container should be unloaded and then loaded. When container ¢ should first be unloaded
by quay crane k and then should be loaded by quay crane [, (i,k,l) € order.

Here, the triplet prec emerges from the stowage plan of the containers. If a container is
located on top of another container, the QC unloading them will first move the one on the
top. Conversely, the QC will first load the one that should be at the bottom of the stack
while loading. This triplet has an element for each pair of such containers for both the
loading and the unloading cases. The triplet order represents the inbound and outbound
vessels of a container. Since we know which QC works on which vessel, we can directly
show the origin and destination of a container by QCs. This triplet has an element for

every container meaning that each container is addressed from its origin to its destination.

Decision Variables

Ajx: Start time of container ¢ on quay crane k, A;p > 0,Vi € Q,Vk € Q.

1 if container j is performed immediately after container ¢ by crane k,
X} = Vk € Q,Vi,j € Y;

0 otherwise.

w: Makespan, w > 0.
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Formulation
min w (3.1)
s.t.
w > Aik + p; Vi e Qk,Vk € Q (3.2)
> X =1 Vk e Q (3.3)
jeQl
> Xk =1 Vk € Q (3.4)
je?
Z Xk=1 Vie Q,Vk € Q (3.5)
jeal
XE+xk=1 Vi,j € Qp,Vk € Q (3.6)
ZX]’.@— ZX{;:O Vie Q,Vk e Q (3.7)
Jje? jeat
Air+pi < Aji + M(1— X[Y) Vi, j e QpVk eQ (3.8)
A +pi +t; < Ay Y(i,k, 1) € order (3.9)
Air +pi < Ajg V(k,i,j) € prec (3.10)
Xk e{o,1} Vi,j € Qi Vk € Q (3.11)
A >0 Vi€ Qp, Yk € Q (3.12)

The objective (3.1) is to minimize the makespan. Minimizing the makespan means
minimizing the vessel completion time, which is the common objective for most of the
container terminals. Each container has a start time at the respective QCs which load them
to their outbound vessels. When the time required to process a container is added to this
start time, we have a completion time for each container. Then, the makespan value is the
greatest completion time of all containers. Constraint set (3.2) calculates that makespan
value. Constraint set (3.3) determines the first container on each QC. The last container on
each QC is determined by constraint set (3.4). The processing order of containers in between
are determined by constraint set (3.5). Constraint set (3.6) ensures that either container;
is moved before container; or vice versa; only one of the containers can be preceding the
other. Constraint set (3.7) states that each unloaded container is then loaded. Here, every

container on each QC is evaluated. First sum in this constraint set shows the container
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that precedes container; and the seconds sum determines the following. Constraint sets
(3.3), (3.4), (3.5),(3.6) and (3.7) are the traditional routing constraints that are useful in
scheduling settings. Constraint set (3.8) determines the start time of consecutive containers
on each QC. Here, the big M notation is used to ensure that the start time of the containers
is calculated when they are processed one after another; i.e. when the ij variables take
the value 1. Constraint set (3.9) states that a container should be unloaded and carried to
its outbound vessel before it can be loaded. Constraint set (3.10) ensures the precedence
relations among containers. If QC k should perform container ¢ before container j, they
belong to a specific triplet prec and their start times are considered in this constraint set.

The constraint sets (3.11) and (3.12) are the integrality and the nonnegativity constraints.
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Chapter 4

SOLUTION APPROACHES

In this chapter, the solution approaches to tackle the problem are explained. First,
Tabu Search (TS), which is known to be an advantageous meta-heuristics for scheduling
problems, is applied to the problem. Having observed that there is room for improving
the solution quality and the solution time of TS, Constraint Programming (CP) is tried as

another solution methodology. The details of both procedures will be given in this chapter.

4.1 Tabu Search

Tabu Search (TS) is one of the mostly used metaheuristics for combinatorial optimization
problems. It is first proposed by Glover (1986) and perceived to work well with scheduling
problems. The basic idea behind TS is to guide the search process by using the history of
the search. TS takes an initial feasible solution and tries to improve it in the next iterations.
The neighborhood of a solution is the set of candidate solutions which are reachable by local
transformations in the existing solution. TS evaluates all of the neighboring solutions of the
current solution and the best solution in the neighborhood is chosen as the current solution.
TS uses a type of memory, called tabu list, to escape from local optima and to avoid cycling.
The recently visited solutions are kept in the tabu list and these solutions are banned to be
admitted in the neighborhood of the new solution. By that way, tabu list helps to explore
the areas that would be left unvisited by any other local search methods. The solutions in
the tabu list are left out of the neighborhood for a certain number of iterations during the
search. The number of solutions to be kept in the tabu list is called as tabu tenure. When
a new element is added to the tabu list, one of the already existing solutions in this list is
removed following a predetermined rule. The tabu status of a solution is overwritten when
it provides an objective function value better than the best known so far. This cancellation
of tabu status is called as aspiration condition. The algorithm terminates when a stopping

condition is satisfied.
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The main steps of TS can be summarized as follows:

TS Algorithm

Notation

so: the initial schedule,

s: the current schedule,

s*: the best known schedule,

fs: makespan of schedule s,

N(s): the neighborhood of schedule s,
s the schedule € N(s).

Algorithm 1 TS algorithm

Require: p;, t;, Q, Q, prec, order

—
e

— =
N =

,_.
w

—
>

15:
16: end while

Generate sg.
S < S¢.
Initialize T'abuList
while termination criterion is not met do
Calculate fs.
Construct N(s).
Generate 5" € N(s).
if s’ ¢ TabuList then
s Siter.
Update the T'abuList.
else
if foter < fs then
s — Sz'te'r.
end if
end if

> aspiration condition is met

4.2 Proposed TS Algorithm

We applied TS to solve the problem defined in this thesis. The reason why we prefer TS is its

success in several scheduling problems, as can be seen in Sammarra et al. (2007) and Cesaret

et al. (2012). TS is applied with different neighborhood structures and various additional

characteristics. The details of these elements are described in the following subsections.



Chapter 4: Solution Approaches 29

4.2.1 Solution Representation

A solution to the problem is represented by a Ngoc X Nypeq, matrix where Ngo shows the
number of QCs in the problem and Np,qz, is the maximum number of containers a QC needs
to process. The i*" row of the matrix shows the processing order of the " QC. The j**
column in the i** row, i.e. the (4, )" element of the matrix, indicates the (i, j)** container’s
sequence on " QC. As an example, a solution to the problem where there are3 QCs and 3

containers and the 15 QC must process only container 1, the 2"¢ QC must handle containers
1 00

2 and 3, the 3" QC must process all of the containers can be represented as |2 3 0].

1 2 3
Here, we understand that the 2"? QC first processes the 2" container and then the 37¢

container. According to the initial positions of the containers on the vessels, we can infer
whether the 2”@ QC loads or unloads these containers. The zeros in the rows state that
there are no more containers for this QC to process. This representation keeps the loading
and unloading information of each QC at the same time. We do not need to consider these

operations separately.

4.2.2  Initial Solution

An initial solution is created by randomly assigning a processing order of containers to each
QC. This random order may not always be feasible. When a container to be loaded by
a specific QC is assigned an order before unloading the one that is already existing in its
place, we face infeasibility. In order to avoid this issue, we perform a feasibility check to
this initial random solution. The sequence for each QC is checked to detect if there is a
container that violates the precedence requirements. If so, it is moved to the nearest place
where it does not cause any infeasibility. This process continues until we obtain an initial

feasible solution.

4.2.8  Mowe Operators and Neighborhood Definition

Two different move operators are tested in this thesis, they are swap and insertion. These
operators are known to be successful in creating efficient neighborhoods for meta heuristic

approaches as mentioned in Sammarra et al. (2007) and Cesaret et al. (2012). First, the
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swap move randomly selects a QC. This selection simply means choosing a row from the
solution matrix. After randomly determining the row; i.e. the QC, two random elements
are swapped. Here, in order to be able to apply the swap operator, a QC must process more
than one container. The chosen elements correspond to the containers whose processing
positions will be swapped. The final solution after swap is checked for feasibility to see if
any precedence relations are violated.

The insertion operator has a similar procedure with swap. A QC is randomly selected,
then a randomly selected container is inserted to a randomly selected position on this QC.
After insertion, a feasibility check is again performed and if any violations exist, they are

fixed following the precedence relationships.

4.2.4  Tabu List and Tabu Tenure

Tabu list is a special characteristic of TS which helps us avoid moving in similar regions
with the help of its memory. Tabu list keeps the record of a predetermined number of last
visited solutions and prevents cycling. This predetermined number of solutions to be kept
in the tabu list is referred as tabu tenure. In our study, preliminary tests are conducted
to determine the tabu tenure and they will be presented in next sections. In the tabu
list, the complete solutions are kept in order not to visit those solutions again. It is a
good implementation of T'S to keep some attributes of solutions in the tabu list instead of
the complete solutions. Our setting requires determining the schedules of several QCs at
the same time. Some containers can appear together on different QCs meaning that some
moves may affect more than one QC’s schedules. If we keep a part of the solution in tabu
list instead of the whole solution, there is a risk of loss of information and unvisited solutions

can obtain tabu status.

4.2.5  Aspiration and Termination Criteria

For the aspiration criteria, the widely used one is selected. If a solution in the tabu list gives
an objective function value better than that of the current best solution, its tabu status is
canceled. As for the termination criteria, the TS algorithm stops after either a fixed number

of iterations or a predetermined number of solutions are visited without improvement.
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4.2.6  Additional Procedures in Tabu Search

In order to enhance the performance of TS, some additional characteristics are utilized.
Frequency based memory is added to the algorithm to detect promising areas for the search.
It keeps the record of how many times a solution is visited, then after a number of iterations,
the search is started with the most frequently visited solution to better exploit this area.
This type of memory is applied with the neighborhood structures obtained by both swap
and insertion operations.

In our study, we also analyzed the effects of allowing infeasible solutions through the
search. For a certain number of iterations, the feasibility check is not performed and the
algorithm is iterated with infeasible solutions. When the iteration counter reaches a certain
value, the solution on hand is converted into a feasible solution by checking the precedence

rules.

4.3 Constraint Programming

Constraint Programming (CP) approach has been widely and successfully used for schedul-
ing problems. The problem is represented by using constraints in this method. The values
for variables that are violating these constraints are removed from the model, which leads
to reduced domains of variables, i.e. search space. New constraints are also inferred from
the existing ones and the search continues. According to (Lustig and Puget (2001)), CP
resembles a computer program that explains a method for solving a particular problem.

Constraint Satisfaction Problems (CSP) are an important class of combinatorial opti-
mization problems and they help to better understand the CP logic. CSP is a feasibility
problem over a set of domains for the variables, and a set of constraints over these variables.
The aim is to find a set of values for the variables from their domains such that all of the
constraints are satisfied. In CP concept, the problem also involves an objective function.
CP can find the optimal solution by first checking the feasibility of the current solution and
then adding a new constraint to the model stating that next solutions need to be better
than this current solution.

There are several ways to represent real world problems in CP. The logical constraints

can be easily embedded into CP, which makes it flexible with different problem types.
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Moreover, the type of variables and constraints enable the declarative modeling of different
settings in a compact way. The definitions of these characteristics are given in the following

subsections.

4.3.1  Variable Types in Constraint Programming

The problem in this thesis requires assigning a time window for each container on the re-
spective QCs that will unload and load it. That means containers are activities and the QCs
are the resources. Each container is attributed with a start time on its resources, i.e. QCs.
Each QC can handle only one container at a given time. This kind of activity-resource re-
lation infers disjunctive scheduling problem. In disjunctive scheduling, the operations must
be processed without interruption on scarce resources as described in Dorndorf et al. (2000).
The disjunctive modeling considers two general constraints: precedence and disjunctive re-
strictions. The precedence relations ensures a specified processing order for the activities.
The disjunctive relations prevents the overlapping assignments of activities to the resources.
In CP context, it is very practical to represent these relations using an interval variable.
An interval variable shows the interval of time in which an activity is processed. Each
activity should be assigned to an interval in which it will be processed without preemption.
Each interval variable has a start time, a processing time, and an end time. If all of
the activities need to be processed and none of them should be left unprocessed; then, this
requirement is ensured by declaring the presence of these activities to True or 1. We utilized
an interval variable both for the loading and the unloading operations in this study. An
interval variable is defined for each container that represents the time interval during which
it is loaded by the respective QC. Similarly, another interval variable shows the interval for
each container in which it is unloaded by the respective QC. The interval variables helped

to model our problem in an effective way without defining any other variables.

4.3.2  Constraint Types in Constraint Programming

In some problems, there are several constraints valid for most of the variables that can
easily be identified. These constraints can be stated via a conjunction of logical relations
in order to have stronger statements in the model. Such high level constraints are referred

to as global constraints in CP context. A good use of global constraints can enhance the
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performance of the model. Global constraints help to reduce the domain for the variables
faster by effective filtering algorithms as explained in Bordeaux et al. (2006). They allow
to represent the real world problems more easily. The constraints we utilized in this study
are presence, disjunctive and precedence.

Presence constraint is a Boolean constraint which takes a value of 0 or 1. It states
whether a certain interval, depicted via an interval variable, must be present or not. In
our problem, presence constraints are used to ensure a loading and unloading time interval
for each container.

Disjunctive constraint describes how to model disjunctive resources and activities in
CP context. It ensures non-overlapping activities for interval variables. An activity on
an interval variable should finish before another activity can start. In our modeling, we
utilize disjunctive constraints to guarantee that the loading and the unloading windows for
each container do not coincide.

Precedence constraint ensures the relation between the start and the end time of in-
tervals between which a certain precedence relation exists. It states that a certain activity
should be completed before the next activity can start. Precedence constraints help to
reduce the domain of the variables; thus it becomes easier to reach at good solutions. In
our context, precedence constraints are used to model the precedence relations emerging
from the stowage plan of the containers on the vessels. For example, if container, is lo-
cated on top of containery, then while unloading, container, should be removed first. Such

relationships are modeled with the help of precedence constraints.

4.3.8  Systematic Search and Backtracking

CP utilizes systematic search throughout its procedure. The possible assignments of values
in their domains to the variables are evaluated systematically. It is for sure that a solution
will be found or the problem will be proven to be insoluble. One of the most common
systematic search algorithms is backtracking. Backtracking is an incremental method which
completes a partial solution with the consistent values from the domain of the variables. The
unassigned variables are repeatedly attributed with a value and then a complete solution
is formed. In backtracking, the constraints are checked after each realization of a partial

solution. If a partial solution violates any of the constraint, the most recently added variable
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becomes subject to backtracking again. This property of backtracking enables CP algorithm
to eliminate a subspace from the variable domains (Ginsberg (1993)).

The most commonly used search technique is Large Neighborhood Search (LNS) (Shaw
(1998)). The main idea is to use a tree based backtracking search technique to evaluate
the feasibility of the move in the search. The important points are the relaxation and the
reoptimization parts. First, the solution on hand is relaxed and then reoptimized with the
hope of reaching every part of the neighborhood. Shaw (2005) improves LNS by adapting
the relaxation part to the scheduling problems. The CP solver ILOGs CP Optimizer 12.3,
which we used in this thesis as well, uses the logic from Shaw (2005) plus a learning scheme,
which was proposed by Laborie and Godard (2007). Learning is the key point in any
algorithm since it helps to diversify the search in the efficient neighborhoods and improve

the robustness of the algorithms.

4.8.4  Consistency Techniques and Constraint Propagation

The domains of the variables are reduced by filtering the constraints in CP. This filtering
is performed by consistency techniques and the most common consistency algorithm is
arc-consistency. In arc-consistency, the domain of the variables is investigated and the
search space is pruned for the inconsistent areas as explained in Bessiere et al. (2005). An
assignment is inconsistent if at least one constraint is violated. Suppose that there are
two constraints on some variables and the third constraint can easily be extracted from
the existing two constraints. Then, certainly the domain of the variables will be reduced
after checking the consistencies with these three constraints. As a result, some inconsistent
values are removed from the search by constraint filtering and the search continues on these
reduced domains. Consistency techniques help to direct the search in a shorter way to the
solution and improves the efficiency of the CP algorithm. Moreover, global constraints in
CP help to filter the constraints and handle the search space more effectively. Therefore, it
is recommended to use as many number of global constraints as possible in CP modeling.
Backtracking and consistency techniques alone are not efficient ways to solve constraint
satisfaction problems (CSP). A method which combines these procedures to enhance the
search is constraint propagation and it can completely solve the CSP. The integration of

backtracking and consistency techniques produced more efficient constraint programming
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algorithms.

4.4 Proposed CP Algorithm

We propose Constraint Programming approach to tackle the problem in this thesis. In
our CP model, the QCs are regarded as resources and the containers to be loaded and
unloaded by these QCs are considered as activities. An interval variable is defined for each
of the loading and unloading operations to show the interval of time that these activities
are executed. Since all of these operations must be performed without preemption, it is

assured by forcing the presence of these operations to True or 1 in the CP model.

4.4.1  CP Model Formulation

The corresponding CP model is given here.

Indices
1,7: Containers

k,l: Quay cranes

Parameters
p;: Processing time of container 7.

t;: Travel time of container ¢ from its inbound vessel to its outbound vessel.

Sets

Q: Set of quay cranes.

Q: Set of containers.

prec: The triplet of quay crane and containers showing which containers have precedence
relations when performed by a specific quay crane. When quay crane k should perform task
i before task j, (k,i,j) € prec.

PU: The set of unloading processes by quay cranes. When container ¢ should be un-
loaded by quay crane k, (i, k)€ PU.

PL: The set of loading processes by quay cranes. When container ¢ should be loaded
by quay crane k, (i,k)e PL.
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notPU: The set indicating the quay cranes by which the containers will not be unloaded.
When container ¢ should not be unloaded by quay crane k, (i, k)€ notPU.
notPL: The set indicating the quay cranes by which the containers will not be loaded.

When container ¢ should not be loaded by quay crane k, (i, k)€ notPL.

Deciston Variables

L;;: An interval variable that represents the interval in which container ¢ is loaded by
quay crane k.

Uir: An interval variable that represents the interval in which container ¢ is unloaded

by quay crane k.
The sizes of the interval variables L;; and Uj, are the processing time of container;,
namely p;. By being able to define sizes for interval variables, we do not need to again

consider p; values in the constraints of the model.

Formulation

min ierg’%éQ(end(Lik )

s.t.

Presence(L;;) = 1 V(i k) € PL
Presence(L;;) =0 V(i, k) € notPL
Presence(Uy,) = 1 V(i k) € PU
Presence(Uy,) =0 Y(i, k) € notPU
Disjunctive((Lix, Ui )|Vi € Q) Vk € Q
Precedence(Ly, Lji) V(k,i,j) € prec
Precedence(Us, Ujy,) V(k,i,j) € prec
Precedence(Usk, Ly, t;) Vie QV(k 1) e

The objective is to minimize the completion time of latest loaded container. end(L;)

depicts the end of the interval variable L;,, where L;;, shows the interval in which container;
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is loaded by QC}. Since container; is attributed with a processing time, p;, the end of
interval L;; is the start time of the loading operation plus the processing time. Constraint
sets (4.2) and (4.3) ensure that the containers are loaded by the QCs assigned to them.The
set PL clearly specifies which containers should be loaded by which QCs. The set notPL
is added to the model to ensure that the decision variables L, are forced to be False or 0
when container; should not be loaded by QCj. Constraint sets (4.4) and (4.5) guarantee
the same logic for the unloading case. Constraint set (4.6) states that the loading and
unloading activities of a task should not overlap. Here disjunctive constraints force the
loading and the unloading intervals of a container to be assigned to different points in the
planning horizon. Constraint sets (4.7) and (4.8) force the precedence relations between
the containers while loading and unloading, respectively. Constraint set (4.9) ensures that
a container is unloaded and carried to its outbound vessel before it can be loaded. Here
Precedence(Usk, Ly, t;) means that end of interval Uy, plus ¢; time units is less than or equal

to the start time of interval L;;.
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Chapter 5

COMPUTATIONAL STUDIES

This chapter explains the computational experiments conducted to test the performance
of the TS and CP algorithms. In Section 5.1, a new data generation scheme is proposed
and described in detail. The parameter settings for the TS algorithm is given in Section

5.2. In Section 5.3, the computational results of both TS and CP algorithms are presented.

5.1 Data Generation

To the best of our knowledge, the problem proposed in this thesis has not been studied
before. Therefore, we need to test the capability of the mathematical model given in Section
3.1 and the proposed solution methods via instances that would reflect different scenarios
for the setting. For this purpose, we developed a new instance generation scheme for the
transshipment container terminal problem. The existing instances in the literature do not
truly reflect our problem setting since our problem is defined for the first time in this thesis.

First, to test the computational limits of our exact model, we generated instances with
fixed number of vessels and containers from different sizes (fixed case). Then, to have an idea
on the capability of the model to handle randomness, we produced instances with varying
sizes (variable case). As for the fixed case, the number of vessels is 5, 7 and 10 while the
number of containers in total for all vessels is 30, 50 and 80. The number of QCs assigned to
each vessel is chosen uniformly between [1, 3]. Also, the number of bays a QC will serve on
a vessel is determined uniformly between [1, 4]. The containers are assigned randomly on
vessels. According to their positions on the vessels, a certain precedence relation is observed
while loading and unloading the containers. Moreover, the travel time of the containers from
their inbound vessels to their outbound vessels depends on their assignment to the vessels
too. The processing times of the containers; i.e. the time required to load and unload a
container, is drawn randomly between the interval [1, 20] and the processing time is the

same for both loading and unloading case. For each combination of vessel and container
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sizes, 5 instances are generated. An example instance for this fixed case is shown below:
Number of vessels: 7

Number of containers: 50

Number of QCs: 15

Processing times= [3 13 10 1775 718 16 14 9 18 11 1712 11 171519172071 18 6 10
191098 4631516161613799 7131869766 10]

Travel times= [ 6 14 48525 71112610636265/4884114535913156106
1411231021163213146 1485/

For the variable case, the intervals that the number of vessels and the number of con-
tainers are chosen from are seen in Table 5.1. The generation of other parameters like the
number of QCs or processing times of the containers follows the same procedure as the fixed
case explained above. An example instance for this variable case is shown below:

Number of vessels: 10

Number of containers: 27

Number of QCs: 10

Processing times= [78 128 18 814 7188 1212279715154 61991105 177]
Travel times= [13 52 16 84 47 31 5 33 42 17 41 43 12 36 4 38 37 56 49 25 18 41 54 7 3 9
59]

Table 5.1: The distributions of the number of vessels and containers for the variable case

Number of vessels (n,) | Number of containers (n.)
Instance Set 1 UJ[2,5] Ulny,15]
Instance Set 2 UJ2,10] Ulny,30]
Instance Set 3 U]2,15] Uln,,40]
Instance Set 4 UJ3,5] Ul[2n,,30]
Instance Set 5 UI[3,7] Ul[2n,,50]

These instances are used for preliminary tests on the exact model and the proposed
solution methodologies, whose results will be presented in the following sections. Later, the
instance creation procedure is modified to reflect similar characteristics with the study given
in Meisel and Bierwirth (2011). In this study, Meisel and Bierwirth give parameter settings

for different sizes of the problem for only one vessel. We duplicate this scheme for more
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than one vessel. We take the parameters which are used in our model as they are defined in
Meisel and Bierwirth (2011). The parameters are defined as depicted in Table 5.2 in Meisel
and Bierwirth (2011). For the rest of the parameters for which Meisel and Bierwirth (2011)
do not describe a method, we follow our previously defined procedure. For example, Meisel
and Bierwirth state the number of containers, number of bays and number of QCs on a
vessel. They give the interval for the number of containers and state the corresponding bay
and QC number required for these containers. We create a predefined number of vessels as
described in their study and take this setting as if they reflect the inbound content of the
vessels. For the case when the vessels leave from the terminal, i.e. the outbound content of
the vessels, we randomly assign containers to other vessels on random bays and extract the

corresponding precedence relations and the travel times as defined earlier.

Table 5.2: The parameters used for the generation of test instances in Meisel and Bierwirth
(2011)

Number of containers (n.) | Number of bays (n;) | Number of QCs (n4c)
[10, 15, ..., 40] 10 2
[45, 50, ..., 70) 15 4
75,80, ..., 100] 20 6

5.2 Parameter Settings for TS Algorithm

We performed preliminary tests in order to decide on the neighborhood structure, the tabu
tenure and the termination criterion.

Neighborhood Structure: As previously explained, we tried two different neighborhood
structures; swap and insertion. In order to decide on the best structure, we compared
maximum, average and minimum percentage deviations from the optimum solution if exists
or from the upper bound after 3 hours run of MILP model. We analyzed the results over
10 instances of each set for variable size case, whose characteristics were described in Table
5.1. We used a special setting of our TS algorithm where tabu tenure is 5. The algorithm
terminates when the number of iterations without improvement reaches 2000 or the total
number of iterations is 5000. This termination condition will be explained in the following

paragraphs. In Table 5.3, the comparison between the swap and insertion neighborhood
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structures is given.

Table 5.3: Preliminary test results for neighborhood structure

Percentage deviations from optimum or UB

Swap Insertion
Instance Set | Max Avg. Min | Max Avg. Min
1 4.1 0.7 0 4.1 0.7 0
2 33.3 167 0 45 143 0
3 41.9 149 0 | 46.7 16.3 0
4 12.8 1.4 0 12.8 2.1 0
5 6.2 0.8 0 35 0.3 0
Overall 45 6.9 0 | 46.7 6.7 0

As seen in Table 5.3, the average percentage deviation is slightly smaller in the insertion
neighborhood structure. Using insertion neighborhood structure produces better maximum
percentage deviations for instance sets 1, 2, 4 and 5. The worst maximum percentage
deviation we get from swap neighborhood, which is 45%, is better than that of insertion
neighborhood. However, since we decided to deal with the average performance of the
algorithm, we opt for the insertion neighborhood procedure for further analysis.

Tabu Tenure: Tabu tenure is one of the most critical parameters of TS algorithm as it
directly affects cycling and restriction. If tabu tenure is small, there is a risk of cycling; on
the other hand, if it is too large, the search might be restricted too much. To detect the best
tabu tenure value, we tested three values of tabu tenure, namely 3,5,7, over 10 instances
of variable size instance sets. The insertion neighborhood structure is used as decided in
the previous parameter setting. The number of iterations without improvement is 2000 and
termination criterion is 5000 iterations in order to be consistent in the parameter tuning.
The average percentage deviations of TS results over these 10 replications can be seen in

Table 5.4.
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Table 5.4: Percentage deviations of preliminary test results for tabu tenure

Instance Set | Tabu Tenure | Max Avg. Min
1 3 12.8 4.3 0
5 4.1 0.7 0
7 109 34 0
2 3 33.3 148 0
5 33.3 143 0
7 413 174 0
3 3 60.1 20.1 0
5 46.7 16.3 0
7 60.1 19.6 0
4 3 20.1  20.2 0
5 128 2.1 0
7 209 29 0
5 3 35 04 0
5 3.5 03 0
7 35 03 0

According to the results in Table 5.4, the best average performance of the algorithm
realizes when the tabu tenure is set to 5.

Termination Condition: We decided to stop the algorithm when the iteration counter
reaches a specified number or a predetermined number of iterations without any improve-
ment is observed. The iterations that cannot improve the existing solution are rejected
by the algorithm. Therefore, the number of iterations without any improvement is called
max rejects. As for the total number of iterations, we examined 5000 and 7000. After
experiencing the convergence as in Figure 5.1, 5000 was chosen to be the total number of
iterations. The average percentage deviations were similar in the both case; therefore, the
computation time helped us to choose the value for this parameter. The same test is applied
for fixing the number of non improving solutions. The results of these analysis can be seen

in Table 5.5.
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Figure 5.1: Convergence of the TS algorithm for an instance in Set 5
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Table 5.5: Preliminary test results for termination condition

Instance Set | Max rejects Max iterations | TS time (sec) % deviations
1 2000 5000 10 0.7
5000 7000 27 0.7
2 2000 5000 12 14.3
5000 7000 35 14.3
3 2000 5000 25 16.3
5000 7000 78 16.3
4 2000 5000 21 2.1
5000 7000 56 1.5
5 2000 5000 35 0.3
5000 7000 101 0.3

Additional Procedures: TS has some additional characteristics which might enhance
the search. We wanted to see if the performance of TS can be improved via including
frequency based memory and infeasible solutions in the algorithm. After having decided on
the neighborhood structure as insertion, the tabu tenure as 5,the number of non improving
solutions as 2000 and the total number of iterations as 5000, we performed tests to observe
the behavior of our TS algorithm with these extra procedures.

Frequency based memory records how many times a solution is visited and helps TS
to intensify the search. In our TS algorithm, the solutions that are frequently visited are
periodically identified and the search is differentiated accordingly. When frequency based
memory approach is applied, it is experienced that the maximum percentage deviation
from optimum or upper bound decreased while average percentage deviation increased as
seen in Table 5.6. Another way to diversify the search is to let infeasible solutions. For a
predetermined number of iterations, the search is performed without any feasibility checks.
Then, the solution on hand is converted into a feasible solution and the search continues
from that feasible solution. When our TS algorithm is run by letting infeasible solutions,
the average performance deviation is increased as seen in Table 5.6. After further analyzing

the results in Table 5.6, it is seen that TS with infeasible solutions produces worse results
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than TS with frequency based memory. Therefore, TS with infeasible solutions is excluded
from further analysis. When pure TS is compared to TS with frequency based memory,
the results indicate that the maximum percentage deviation in overall decreases with the
inclusion of frequency based memory whereas the same effect cannot be seen on the average
performance deviation. The average deviation is greater in T'S with frequency based memory
than the pure TS. Since we mentioned that we take the decisions on the characteristics of
the model according to the average performance deviations, our final TS algorithm does not

contain frequency based memory.

Table 5.6: Percentage deviations with additional procedures in Tabu Search

Insertion Insertion+Frequency | Insertion+Infeasibility

Instance Set | Max Avg. Min | Max Avg. Min | Max Avg. Min
1 4.1 0.7 0 11.1 5.2 0 4.1 0.7 0
2 3.3 143 0 33.3 175 0 45  23.5 0

3 46.7 16.3 0 29.4 16.1 0 419 276 9.22
4 128 2.1 0 323 0.3 0 3.2 0.3 0
5 3.5 0.3 0 3.5 0.3 0 3.5 0.4 0
Overall 46.7 6.7 0 333 79 0 45  10.5 0

5.3 Results of the Computational Experiments

This section explains the results driven from the computational studies and gives an analysis

on these results.

5.3.1 Computational Platform

The computational studies in this thesis are performed on a computer with an Intel(R)
Core(TM) processor, 2.50 GHz speed and 4GB of RAM. The mathematical model as well
as the CP algorithm proposed here are coded in CPLEX Studio IDE 12.5. The TS algorithm
is run in MATLAB R2010b.
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5.8.2  Computational Limits

We performed additional tests to detect the computational capacity of our model. As for
the MILP model described in Section 3.1, the computational limit is examined through the
fixed size instances and the variable size instances separately. These instances are run in
CPLEX for 3 hours. If the optimal value is not found in 3 hours, then the solution found so
far is recorded as the upper bound value to be compared later with the results of TS and
CP. By keeping the number of vessels and containers as deterministic as in the fixed size
instances, it is possible to identify the maximum problem size that the model can handle
in a reasonable computational time. The number of optimal solutions found in 3 hours

computational time is stated in Table 5.7.

Table 5.7: Number of optimal solutions out of 5 instances for the fixed size

Number of vessels | Number of containers | Number of optimal solutions
5 30 5
50
80
7 30
50
80
10 30
50
80

= Ot OO W O N =~

There are 5 instances for each combination of the values in the Table 5.7. The column
“Number of optimal solutions” points out how many of these 5 instances are solved to the
optimality. For example, we see on the fifth row of Table 5.7 that 3 instances out of 5 are
solved to the optimality in the time limit. Out of 45 instances in total, the model finds
the optimal solutions for 30 of them. For example, we see from the table that out of 5
instances which have 5 vessels and 50 containers, optimal solution is found for 4 of them
in the computational time limit. For a deeper consideration of this result, we can say that
when the average number of the containers on a vessel increases, it becomes hard to solve
this problem.

As for the variable case, there are 10 instances of each size as shown in rows of Table 5.1.

In Table 5.8, the number of optimal solutions found in each set of instances is presented.
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Table 5.8: Number of optimal solutions out of 10 instances for the variable size

Instance Set | Number of optimal solutions
1 10
2 8
3 6
4 10
5 8

The number of optimal solutions is found to decrease when the number of vessels and
containers increase, which is an expected case because the problem gets harder. Since the
numbers are chosen uniformly between the specified intervals, there is a chance to get a
higher number from the interval [2,10] than [2,5]. Therefore, Instance Set 2 might have
more number of vessels and containers than Instance Set 1, thus Instance Set 2 is somehow
more difficult and we have less number of optimal solutions found in computational time
limit than that of Instance Set 1. Similar comparisons can also be made between other
instance sets too. For example, the upper limit for number of containers is the same for
Instance Set 2 and 4. However, the number of vessels comes from different limits in this
case. The interval for Instance Set 2 is [2,10] while the one for Instance Set 4 is [3,5]. We see
that Instance Set 2 may have some realizations that have more number of vessels than any
instance in Instance Set 4. That probability of having a greater number of one parameter
while others are the same makes one problem harder than the other. This explains why the

number of optimal solutions found for Instance Set 2 is less than that of Instance Set 4.

5.3.83 Performance Measures

The MILP model is run for 1 hour for the instances which are created as explained in Meisel
and Bierwirth (2011) to identify the upper bounds, the lower bounds and the gaps. These
bounds are used to interpret the performance of the solution algorithms. The values for the
UBs, the LBs and the corresponding gaps for each instance at the start and at the end of the
computation period are shown separately in Table 5.9. In the same table, the percentage
deviations of the TS results from the optimal values obtained from CP algorithm are also
given. The instances for which no feasible solution can be found in 1 hour computational

w_»

time limit are indicated as in Table 5.9. The percentage gap cannot be calculated for
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these instances. Table 5.9 includes instances where n,, = 3 and n. = 10, n, = 5 and n. = 10,
n, = 3 and n, = 20. MILP model fails to report any feasible solutions when n, = 3 and
ne = 20, which indicates that no solution will be found for larger instances. That is why

the comparisons in Table 5.9 are limited for these three set of instances.
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Table 5.9: The performance comparison of the MILP model, CP and TS algorithms

Parameters MILP CP TS
Root Termination
Ny | Ne | Ny | nge | Instance || UB | LB | % Gap || UB | LB | % Gap || Optimum 7 % Gap
3 10 | 10 2 1 270 | 108 60 221 | 108 51.13 218 220 0.91
10 | 10 2 2 291 | 105 63.92 210 | 105 50 210 210 0
10 | 10 | 2 3 260 | 131 | 49.62 190 | 131 | 31.05 183 199 8.04
10 | 10 2 4 298 | 81 72.82 202 | 81 54.46 202 207 2.42
10| 10| 2 5 240 | 92 61.67 186 | 92 50.54 186 190 2.11
10 | 10 | 2 6 289 | 151 | 47.75 215 | 151 | 29.77 200 204 1.96
10| 10| 2 7 298 | 116 | 61.07 267 | 116 | 56.55 267 271 1.48
10 | 10 2 8 296 | 103 65.20 211 | 103 51.18 211 231 8.66
10 | 10 | 2 9 238 | 108 | 54.62 194 | 108 | 44.33 188 194 3.09
10 | 10 2 10 235 | 119 49.36 184 | 119 35.33 182 191 4.71
5 10 | 10 2 1 - 84 - - 88 - 153 192 20.31
10 | 10 2 2 - 90 - - 112 - 152 159 4.40
10 | 10 | 2 3 - 89 - - 89 - 195 251 | 22.31
10 | 10 | 2 4 - 80 - - 93 - 146 175 | 16.57
10 | 10 | 2 5 - 73 - - 73 - 137 162 | 15.43
10| 10| 2 6 256 | 81 68.36 153 | 81 47.06 153 173 | 11.56
10 | 10 | 2 7 209 | 69 66.99 139 | 69 50.36 139 164 | 15.24
10 | 10 2 8 251 84 66.53 161 84 47.83 161 165 2.42
10 10| 2 9 - 90 - - 90 - 157 180 | 12.78
10| 10| 2 10 - 90 - - 90 - 143 173 | 17.34
3 20 | 10 2 1 - 117 - - 117 - 288 331 12.99
20 | 10 | 2 2 - 104 - - 104 - 319 319 0
20 | 10 2 3 - 99 - - 99 - 285 318 10.38
20 | 10 2 4 - 127 - - 127 - 263 338 22.19
20 | 10 2 5 - 92 - - 92 - 254 254 0
20 | 10 | 2 6 - 83 - - 83 - 250 273 8.42
20 | 10 2 7 - 108 - - 108 - 290 290 0
20 | 10 | 2 8 - 109 - - 109 - 295 295 0
20 | 10 2 9 - 105 - - 105 - 279 281 0.71
20 | 10 | 2 10 - 115 - - 115 - 309 309 0




Chapter 5: Computational Studies 50

Table 5.10: Run time comparison of MILP model, CP and TS algorithms

Parameters Run times (sec)
Ny | Ne | my | nge | MILP | CP | TS
3 10 | 10| 2 - ) 26
20 |10 | 2 - 15 48
30 |10 | 2 - 30 75
40 | 10| 2 - 40 101
50 | 15| 4 - 118 | 126
70 |15 ] 4 - 148 | 192
90 |20 | 6 - 568 | 247
100 | 20 | 6 - 1241 | 275
5 [ 10 |10 | 2 - 6 42
20 | 10 | 2 - 17 85
30 | 10| 2 - 20 | 127
40 | 10| 2 - 45 180
50 | 15| 4 - 1106 | 231
70 |15 ] 4 - 3618 | 332
90 |20 | 6 - - 720
100 | 20 | 6 - - 813

Table 5.11: Performance summary of the TS algorithm

Parameters % deviations Run times

from optimum (sec)

Ny | Ne | My | Nge | Max | Ave. | Min | CP | TS
3 1010 | 2 8.66 | 3.34 0 5 26
5 |10 ] 10 2 22.31 | 13.84 | 2.42 6 42

3 120 (10| 2 |2219]| 547 0 15 48

Overall 22.31 | 7.55 0

The average run times of the MILP model, CP and TS algorithms for the instances
which are created as explained in Meisel and Bierwirth (2011) are reported in Table 5.10.
The run time is analyzed with more number of instances than the percentage deviation
analysis. The “parameters” columns of Table 5.10 show the corresponding instance sizes.
The “” in the cells of this table shows that no solutions are found for these instances in

the computational time limit.
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Table 5.11 summarizes the performance of the TS algorithm in terms of percentage devi-
ation and run time. Since we include percentage deviations in this summary, the instances

in Table 5.9 are included here.

5.4 Analysis of the Results

In this section, the results presented in Tables 5.9, 5.10, and 5.11 are interpreted.

5.4.1 Run Time Analysis

We tackled the problem proposed in this thesis with MILP model, CP and TS methods.
Therefore, we firstly compared the computational times of these algorithms. The average
run times over 10 instances of the corresponding sizes are shown in Table 5.10. It is antic-
ipated that MILP model could only solve small size instances since the problem described
in this study tries to find schedules for several QCs, which is alone known to be NP-hard.
Previously, the number of optimal solutions that MILP could find in 3 hours computational
time was reported in Section 5.3.2 for the preliminary test instances. As for the instances
used for performance evaluations (Meisel and Bierwirth (2011)), the MILP model runs for
1 hour and does not report an optimal solution for any of the instances. There are even
instances for which MILP model cannot find a feasible solution within this computational
time limit. For all of the ten instances whose parameters are given in the first row of Table
5.10, where n,, = 3 and n. = 10, MILP model could find a feasible solution in 1 hour. MILP
could also detect feasible solutions for three of the instances, where n, = 5 and n. = 10.
However, no feasible solutions are reported for further instances within 1 hour.

It is observed from Table 5.10 that CP model finds the optimal solution in a very short
time for the instances where the number of containers per vessel (n.) is up to 40. After
40 containers per vessel, the run time of the CP model increases. For the instances where
there are 3 vessels, the CP model can find the optimal solution for each of the instances.
The run time of the algorithm is below 100 seconds when n, is less than 50. It takes CP
model longer to converge into a solution when n. increases. As for the instances where the
number of vessels (n,) is 5, the same behavior is observed. The CP model cannot find the
optimal solution where n, is 90 and 100 in the computational time limit. Moreover, the

run time increases dramatically for 50 and 70 containers. We can induce from Table 5.10
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that the average run time of the CP model shows a very sharp rise when the total number
of containers in the model is more than 250, as in the case where n, = 3 and n. = 90 or
ny, = 5 and n. = 50.

From Table 5.10, we see that the run time of TS algorithm is worse than CP for the
instances where the total number of containers (n, X n. ) is less than 200. For the other
instances, TS can converge to a solution quicker than CP. We can state that for the larger
instances, TS algorithm stops before the half of the computational time of CP. It is important
to point out that run time is not a sufficient performance measure since it is highly affected
by coding skills and the computing platform. Therefore, the quality of the solutions obtained

by the algorithms is analyzed in the following section.

5.4.2 Percentage Deviations Analysis

We first analyzed the performance of the MILP model through the upper and the lower
bounds obtained in 1 hour computational time limit. The MILP columns in Table 5.9 show
the bounds at the root and the termination of the algorithm. At the root, i.e. the start of
the computation, the UB and the LB values are recorded. From these values, the percentage
gap at root is calculated for each instance. Similarly, the UB and the LB at termination;
i.e. the end of the computation, are used to calculate the percentage gap at termination.
It is observed from Table 5.9 that the MILP model cannot find an optimal solution for any
of the instances in 1 hour computational time limit. For the instances where n, = 3 and
n. = 10, the MILP model can find a feasible solution, thus we have the corresponding UB
values in Table 5.9. When n, = 5 and n. = 10, MILP model is able to find feasible solutions
for 3 instances out of 10. For the rest of 7 instances, no feasible solutions are recorded in 1
hour, which are shown as “-” in this table. Additionally, no feasible solutions are reported
by MILP for the instances where n, = 3 and n. = 20. It is also seen in Table 5.9 that the
LB values for the instances where n,, = 3 and n. = 10 stayed the same in the computational
time limit. The average gap at root is realized as 58.60% whereas it decreased to 45.98%

4t instances where

at termination. The LB values are improved for the 1%, 274 37 and
n, = 5 and n. = 10. However, no feasible solutions are found for these 4 instances, which
makes it impossible to calculate the gaps. As for the 6", 7" and 8" instances of the set

where n, = 5 and n, = 10, feasible solutions are found and the corresponding gaps are
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calculated. The MILP model cannot find a feasible solution for any of the instances where
n, = 3 and n, = 20. Therefore, no gaps are shown for these instances. The LB values
also stayed the same at root and termination, which implies that no improvement can be
observed within 1 hour computational time for these instances.

The CP model is able to obtain optimal solutions for each instance in Table 5.9. The
CP column in this table shows the corresponding optimum values. When we have a deeper
look at the instances where n, = 3 and n. = 10, we can see that the MILP model can find
the same solution with CP, which is in fact the optimal solution, for the 27¢, 4th 5th 7th
and 8" instances. However, the MILP model fails to prove the optimality of these solutions
within the given time limit. The solutions at termination for these instances where n, = 3
and n, = 10 are on average 1.7% far from the optimal solutions. For the instances of n, = 5
and n. = 10 where a feasible solution is found (6!, 7" and 8 instances), the feasible
solutions are exactly the optimal solutions, but their optimality cannot be proven within
the computational time limit. As for the case where n, = 3 and n. = 20, no instance can
be compared with the optimal solutions obtained by CP since no feasible solutions can be
found by MILP.

The performance of the TS algorithm can be seen in the last column of the Table 5.9. We
compare the solutions obtained by TS with the optimum solutions from CP. It is observed

2nd instance where n, = 3 and n. = 10.

that TS can detect the optimal solution for the
The average percentage deviation for these instances is 3.34% as summarized in Table 5.11.
For the instances where n, = 5 and n. = 10, the TS algorithm cannot report any optimal
solution. We also see from Table 5.11 that the worst maximum, average and minimum
percentage deviations are observed when n, = 5 and n. = 10. TS algorithm can find
the optimum solutions for 5 instances of the set where n, = 3 and n. = 20, which are
depicted as 0% deviations in Table 5.9. Here, the maximum, the average and the minimum
percentage deviations from the optimum values are shown. For the instances where n, = 3
and n. = 10, the performance deviation of TS algorithm is at its best. Since the problem
gets harder with the increase in n, or n, it is an expected outcome that the performance
of the algorithm will worsen as well. It becomes more difficult for T'S heuristic algorithm to

handle the precedence relations and the feasibility checks as the problem size gets bigger.

Therefore, the algorithm reports inferior solutions.
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Needless to say that, CP algorithm performs better than TS since CP can detect the
optimum solutions in a very short time for the instances considered in Table 5.9. The
solution quality and the solution time of CP make it a more convenient method for the
problem in this thesis.

It is observed that none of the instances in the analysis can be solved to the optimality
by the exact MILP model. The reason is that our problem has some features which make
the problem harder. When the characteristics of the problem are considered in detail, one
potential reason is found to be the precedence relations emerging from the stowage plan
of the inbound and the outbound vessels. The terminal management takes the precedence
constraints of the inbound vessels as constant and start the planning from there. However,
the stowage plan of the outgoing vessels could be modified if the containers have more than
one candidate locations on the vessels. Sometimes, the containers are flexible and can be
stacked on several bays of the vessels. This is because the characteristics of the containers
are similar to each other, which makes it possible for them to be stacked interchangeably
between the locations. In our problem, we assign the containers to the random bays of
the outbound vessels and extract the corresponding precedence relations for the loading
phase. We now want to observe if these precedence relations are so restrictive such that
they prevent the model from being solved to the optimality. Therefore, the precedence
constraints in the outbound vessels, which are seen in the loading stage of the vessels, are
relaxed such that no strict stacking order of containers is valid. By relaxing the precedence
constraints for the loading case, we somehow assume that the containers can be stored on
any bay of the vessel without any restrictions and there is available storage space for the
containers on the vessels. Each instance considered in Table 5.9 is modified such that the
precedence relations observed while loading the containers to their outbound vessels are
removed. The specific bay that a container needs to be loaded is the same; however, the
location on that bay is not specified for this modified case. If two containers need to be
loaded on the same bay, one of them can be located on top of the other; the loading order
is not strictly constrained. The other parameters and the precedence relations are kept the
same. We analyze the 1 hour run of the MILP model with the modified instances. Table

5.12 shows the results of this analysis.
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Table 5.12: Performance comparison of the original and the modified instances

Parameters Original instances Modified instances
# of feasible | Ave. % gap at | # of feasible | Ave. % gap at
Ny | Ne | My | Nge solutions termination solutions termination
3 10]10]| 2 10 45.98 10 57.37
5 110 10| 2 3 48.41 8 51.80
312010 2 0 - 2 49.09

We compare the MILP results of the modified instances with the original ones. The
MILP model cannot find any optimal solution for the modified instances also. The number
of feasible solutions increases when we remove the precedence constraints for the loading
case as seen in Table 5.12. Since the solution space becomes less restricted with the removal
of precedence relations, it becomes easier for the model to detect a solution. The average gap
at termination is recorded for these instances for which a feasible solution could be found as
well. The average gap of the model without precedence relations in the loading phase, i.e.
the modified instances, is slightly higher than that of original instance sets where n, = 3 and
n. = 10 or n, = 5 and n, = 10. The reason of this increase is that there are more number
of feasible solutions in the model and it becomes harder for the model to converge into one.
The same comparisons cannot be made for n,, = 3 and n. = 20 because no feasible solutions
are found for the original instances of this size. After these comparisons of performance of
two different settings, it can be stated that the difficulty of the problem does not only lie in
the precedence constraints of the loading phase. When some of the precedence constraints
are excluded from the model, it can still not detect the optimal solutions within the given
computational time limit. The problem itself requires managing the unloading and the
loading operations of several containers on several QCs at the same time. Although some
of the precedence constraints are relaxed, the problem remains difficult. Therefore, we can
conclude that stowage plans are not the only characteristics in the model which make the

problem harder.
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Chapter 6

CONCLUSIONS AND FUTURE RESEARCH

6.1 Conclusions

In this thesis, we consider a transshipment container terminal and analyze the operations
need to be carried out on the vessels which moor at this type of container terminals. The
aim of this study is to find a working schedule for the quay cranes simultaneously working on
the vessels while minimizing the total completion time of all operations, which is makespan.
To the best of our knowledge, the problem studied in this thesis has not been studied before.
Therefore we propose a compact setting along with a new modeling, an instance generation
scheme and solution methods for this problem.

We propose a mixed integer linear programming model for this complex problem faced
at transshipment container terminals by assuming that all the containers on each vessel are
a transshipment type. The mathematical model is tested in order to verify that it truly
reflects the setting discussed in this study. For the test purposes and for the performance
comparisons, a new instance generation scheme is developed. This instance generation
logic can be utilized for the similar problems which contain transshipment modality. In
order to have representative problem realizations, different test scenarios have been set and
interpreted.

After analyzing the limits of the mathematical model, it is required to come up with more
practical ways to tackle the problem. Therefore, we develop a Tabu Search metaheuristic
algorithm, which is known with its successful performance for combinatorial optimization
problems. We decide to use insertion neighborhood structure in TS rather than swap namely
because the insertion neighborhood produced better average performance results. Both of
the moves for neighborhood structure is performed randomly, enabling the diversification
in the algorithm. Moreover, additional procedures are tried in order to see if they will
positively affect the performance of the algorithm.

Another approach used as a solution procedure for the problem described here is Con-
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straint Programming. The proposed CP model makes use of propagation and search tech-
nique and easily detects the values for the interval variables described in the model. The
robustness of CP model is proven through the computations and the results emphasize the
effectiveness of the algorithm. The success of CP approach lies in its capability to search
the solution space after reducing the domains for the variables, which is also referred to as
backtracking. By incrementally constructing the solution from the reduced domains, CP
model can find consistent and complete solutions very efficiently. When we compare the
performance of CP model with that of TS algorithm, we see that CP outperforms TS in
both solution time and quality for the respective instances. Therefore, the proposed CP

algorithm is a good candidate to tackle the real life problems.

6.2 Future Research

For future research directions, the enhancements on the mathematical model can be con-
sidered. The bounds obtained from the MILP model has room for improvement. A proper
relaxation method can be applied to get stronger bounds on the model. Linear program-
ming relaxation and Lagrangian relaxation methods should be further analyzed to see if
they deserve future research. Furthermore, these improved lower bounds can be embedded

into the solution algorithms to help them reach better solutions.
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