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ABSTRACT

Maritime terminals are the key components of global freight transportation as they
handle over 80% of global trade by volume and more than 70% of value according
to United Nations. A steadily increasing workload causes maritime terminals around
the world to face with a high competitive pressure. Therefore, it is essential for them
to improve their performance levels in terms of service rate and costs. Maritime
terminals can be classified into two based on the transported materials: container
and bulk. Differently from container terminals in which standardized containers are
processed, bulk terminals deal with unpackaged natural resources and agricultural
products, such as iron ore, coal, grains, oil, and gas in large quantities. Operational
problems observed in both classes of maritime terminals are the variants of well stud-
ied operations research problems such as machine scheduling, vehicle routing, and
bin packing. However, they are more complex in nature because of the distinctive
characteristics of terminals. In this dissertation, we study three different but related
planning and scheduling problems of maritime terminals with a practical relevance:
quay crane assignment problem (QCAP), reclaimer scheduling problem (RSP) and
integrated dry bulk terminal (IDBT) problem. In each of these problems, we deal
with one of the most challenging characteristics which is caused by the fact that
bottleneck equipment in both classes of terminals, namely, quay cranes (QC) and
reclaimers, are mounted on the same rail track, thus their movements are restricted
by their respective positions over time.

In the first chapter, we introduce container and bulk terminals by presenting a
concise overview of their operations as well as the related literature. Within these
sections, we also describe our motivations and contributions for QCAP, RSP, and

IDBT problem, respectively. In Chapter 2, we study QCAP. In this problem, QCs
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are assigned to arriving vessels and handling time of a vessel depends on the number of
assigned QCs. As QCs are the bottleneck equipment in container terminals, they need
to be utilized efficiently. We study a QCAP by considering its various features, differ-
ently from the literature which deals with the simplest form of the problem. With our
approach, we can estimate the vessel handling times accurately and hence improve
the productivity as a result. We represent this problem as a moldable task scheduling
problem with contiguous assignments, and we formulate an extended time-indexed
model that additionally keeps specific task to machine information. Even though
extended formulation is flexible in terms of modeling different features of the prob-
lem, it has multiple computational issues. Therefore, we develop an exact solution
method by first hybridizing the formulation with a set of auxiliary variables to obtain
a decomposable structure, and then implementing logic-based Benders decomposition
(LBBD) with strong cuts. One limitation of this proposed method is excessive mem-
ory requirements for large instances, since it is based on a time-indexed formulation.
Hence, we propose methods to derive lower and upper bounds for larger problem
instances in Chapter 3. Since linear programming relaxations of time indexed for-
mulations are known to be very tight, we developed a column generation procedure
in which pricing problem can be solved in polynomial time. For an upper bound,
we introduce a constraint programming model that finds near optimal solutions in a
short time.

In Chapter 4, we introduce the reclaimer scheduling problem. Reclaimers handle
the dry bulk cargo, which is stacked as a stockpile. Reclaimers are mounted on the
multiple rail tracks. If there are two reclaimers on the same rail track, then they
cannot cross each other. Furthermore, a reclaimer can only handle stockpiles located
adjacent to its rail track. For this strongly NP-hard problem, we opt for a heuristic
approach by developing an arc-time-indexed lower bound model and constraint pro-
gramming model to find near optimal solutions. There are many relations between

operational problems in maritime terminals. If we solve these problems hierarchically,



we often end up with plans with poor overall quality. Accordingly, in Chapter 5, we
study the integrated problem dry bulk terminal operations, by considering berth al-
location, yard assignment, and reclaimer scheduling operations simultaneously. After
observing a key relation between problems, we decompose the problem into two easier
problems and solve with a novel LBBD. In this decomposition, we model master and
subproblems with mixed-integer programming and constraint programming, respec-
tively, by exploiting the respective advantages of programming paradigms. Results
show that the proposed method is able to solve considerably large instances to op-
timality in an acceptable time, compared to the monolithic approach. We conclude
the dissertation with Chapter 6 in which we present a concise overview of our contri-

butions and discuss future research directions.



OZETCE

Kiy1 terminalleri kiiresel tagimacilik aginin en 6énemli bilegenlerinden biridir. ()yle
ki, Birlegsmig Milletler raporlarina gore diinyada gergeklesen tiim tagimaciligin hacim
olarak %80, maddi deger olarak ise %70’inden fazlas1 bu terminaller tarafindan elleglen-
mektedir. Siirekli olarak artan igyiikii, kiy1 terminallerini rekabetten dogan baskiya
maruz birakmaktadir. Bu sebeple, kiy1 terminallerin servis orani ve maliyetler acisindan
performanslari arttirmalar: son derece 6nemlidir. Bu terminaller taginan materyaller
bakimindan konteyner ve dokme yiik terminalleri olmak tizere iki sinifa ayrilir. Biitiin
yiiklerin standartlasmig konteynerler ile tagindigi konteyner terminallerinden farklh
olarak, dokme yiik terminallerinde demir cevheri, komiir, tahillar ve benzin tiirevleri
gibi paketli olmayan biiyiik hacimlerdeki yiikler elleclenir. Kiy1 terminallerinde goriilen
operasyonel problemler makine ¢izelgeleme, arag rotalama ve paketleme gibi yogun
olarak caligilmig yoneylem arastirmasi problemlerinin tirevleridir. Ancak terminal-
lerin ayirt edici bazi ozellikleri sebebiyle karsilagilan problemler daha karmasik bir
yapidadir. Bu tezde birbiriyle iligkili ti¢ farkli operasyonel problem iizerinde calistik.
Bunlar rihtim vinci atama problemi (RVAP), bosaltic1 ¢izelgeleme problemi (BCP)
ve biitiinlegik kuru dékme yiik terminali problemidir (BKDYTP). Bu problemlerin
her birinde, dar bogaz ekipmanlarin ayni ray iizerinde ¢aligmalar1 sebebiyle ortaya
¢ikan ve kiy1 terminallerinin en zorlagtirici 6zelliklerinden olan birbirini gegememe
kisit1 kargimiza gikmaktadir.

Ik boliimde, meveut literatiirii de inceleyerek konteyner ve kuru yiik terminallerine
genel bir bakig ortaya koyuyoruz. Bu kisim ayrica RVAP, BCP ve BKDYTP i¢in moti-
vasyonlarimizi ve katkilarimizi da ozetlemektedir. Ikinci boliimde rihtim vinei atama
problemini ele almaktayiz. Terminale gelen her gemilere rihtim vinclerini atadigimiz

bu problemde, bir geminin elle¢gleme siiresi atanan rihtim vinglerinin sayisina bagh
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olarak degismektedir. Konteyner terminallerinde dar bogaz ekipman olan rihtim
vinglerinin verimli kullanilmasi ¢ok onemlidir. Bu dogrultuda, problemin en ba-
sit halini ele alan literatiirden farkli olarak, cesitli ozellikleri de goz Oniine aldik.
Yaklagimimiz, gemilerin ellegleme siirelerini isabetli olarak hesaplamay ve sonug olarak
da sistemin verimliligini arttirmamiza imkan sagliyor. Her konteyner terminalinde
kargimiza ¢ikan bu operasyonel problemi bitisik atama kisith sekillendirilebilir ig
cizelgeleme problemi olarak tasvir ederek ig-makine atamalar1 bilgisini goz Oniine
alan zaman indisli bir formiilasyon geligtirdik. Bu genisletilmis formiilasyon prob-
lemin farkli ozelliklerini modellemeyi miimkiin kilmasina ragmen bazi hesaplama
zorluklarina sahiptir. Bu dogrultuda, olusturdugumuz formiilasyonu ayristirilabilir
bir yapiya kavusturmak icin yardimec: karar degiskenleri kullanarak genislettik. Son-
rasinda ise geligtirdigimiz mantik tabanli Benders ayrigtirmasini kullanarak eniyiledik.
Bu ¢6ziim yontemi zaman indisli karar degiskenleri kullanan bir formiilasyon tizerinden
olugturuldugu i¢in biiyiik problem orneklerini ¢ozmek asir1 bellek gereksinimleri se-
bebiyle miimkiin olmamaktadir. Bu sebeple, 3. boliimde biiylik problemler icin alt
ve st siirlar elde edebilecegimiz yontemler gelistirdik. Cizelgeleme problemleri igin
zaman indisli formiilasyonlarin siki dogrusal programlama gevsetmelerine sahip olduk-
lar1 bilinmektedir. Bu sebeple, bir 6nceki béliimde sundugumuz formiilasyondan yola
gikarak, yan problemin polinom zamanda ¢oziilebildigi etkili bir siitun olugturma al-
goritmasi araciligiyla alt sinir elde ettik. Ust sinur icin ise, kisa siirede eniyiye yaklagik
degerler tireten bir kisit programlama formiilasyonu sunduk.

Tezin 4. boliimiinde kuru dokme yiik terminalinde karsilagilan bogaltici cizelgeme
problemini ele aldik. Bosgalticilar yigin olarak depolanan kuru dokme yiikleri ellegler.
Bir stok alaninda bosalticilar birden fazla paralel ray tizerinde bulunabilir. Ayrica bir
ray luzerinde iki bosaltici makine bulunabilir ve bu durumda bosgalticilarinin birbir-
lerini ge¢gmeleri engellenmelidir. Bu NP-zor problem igin sezgisel yontemler geligtirmeyi
tercih ettik ve alt siir i¢in yay-zaman indisli bir formiilasyon, en iyiye yaklagik

sonuclar bulmak i¢in ise kisit programlama formiilasyonu geligtirdik. Kiy1 termi-



nallerinde karsilasilan operasyonel problemler arasinda pek ¢ok iliski bulunmaktadir.
Bu iligkili problemleri hiyerarsik olarak ¢ozdiigimiizde ise siklikla diigiik verimli plan-
lar elde ederiz. Bu sebeple, 5. boliimde, en 6énemli kuru dékme yiik terminal op-
erasyonlart olan rihtim atama, depo atama ve bosaltici ¢izelgeleme problemlerini
biittinlesik olarak ele aldik. Bu problemler arasindaki kritik iligkileri tespit ettikten
sonra biitiinlegik problemi gorece daha kolay iki probleme ayirdik ve mantik tabanl
Benders ayrigtirmasi ile eniyiledik. Bu yontemde ana problemi karigik-tam sayili
dogrusal programlama, yan problemi ise kisit programlama ile ¢ozerek bu program-
lama tekniklerinin birbirlerine olan avantajlarini ortaya cikardik. Nimerik sonuglar
gelistirdigimiz ayrigtirma yonteminin bu zorlu biitiinlesik problemi iki haftalik bir
planlama periyodu icin kisa bir siirede ¢ozebildigini gosterdi. Caligmamizi literatiire
olan katkilarimizi 6zetledigimiz ve gelecek aragtirma imkanlarina degindigimiz 6. bolim

ile noktaladik.
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Chapter 1

INTRODUCTION

Over the last few decades, the distance between production and consumption
points has increased because of globalized economy and maritime transportation be-
came more important. According to UNCTAD (2017), more than 80% of global trade
by volume and 70% by value are carried by sea and handled at maritime terminals.

Maritime terminals are the key components of global freight transportation, since
they connect sea-freight and means of land transportation. We can classify maritime
terminals into two based on the transported materials: container terminals and bulk
terminals. Container terminals are the facilities where containers are transshipped
between different means of transport for onward transportation. Bulk terminals han-
dle unpackaged natural resources and agricultural products, such as iron ore, coal,
grains, oil, and gas in large quantities.

Total volume of maritime transport has increased by a yearly average of 3% over
the past four decades. This results in an increasing workload for maritime terminals.
Figure 1.1 illustrates this growth in maritime transport over the years for containers
and dry bulk loads (in millions of tons). The upward trend causes maritime terminals
around the world to face with a high competitive pressure. Therefore, it is essential for
them to improve their performance levels in terms of service rate and costs. Otherwise,
inefficient ones are expected to lose potential customers to better performing nearby
terminals.

A maritime terminal is a complex facility in which a set of logistic processes
are performed. Operations research (OR) methods provide opportunities to these

complex facilities for managing their operations efficiently (Steenken et al., 2004). OR
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Figure 1.1: Growth of maritime transportation

methods used in terminals include but not limited to various optimization algorithms,
queuing and simulation models. The rapid increase in number of related publications
in the last two and a half decades indicates the importance of implementing OR
methods in maritime terminals (WOS, 2018). Today, the number of terminals that
utilize these methods is growing, in line with the success of previous implementations
and easier accessibility to modern information technologies.

Operational problems observed in maritime terminals are the variants of well stud-
ied OR problems such as machine scheduling, vehicle routing, and bin packing. How-
ever, they are more complex in nature because of the distinctive characteristics of
terminals (Meisel and Bierwirth, 2010). One of the most challenging characteristic
is caused by the fact that bottleneck equipment in both classes of terminals, namely,
quay cranes (QC) and reclaimers, are mounted on the same rail track. Hence, their
movements along the rail track are limited (Unsal and Oguz, 2013).

In this dissertation, we study three challenging planning and scheduling prob-
lems of maritime terminals with a practical relevance: quay crane assignment prob-
lem (QCAP), reclaimer scheduling problem (RSP) and integrated dry bulk terminal

(IDBT) problem. What these problems have in common is the existence of the char-
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acteristic that we previously described. In the following, we introduce container and
bulk terminals by presenting a concise overview of their operations as well as the
related OR literature. Within these sections, we also describe our motivations and

contributions for QCAP, RSP, and IDBT problem, respectively.

1.1 Container Terminals

As the first container vessel is docked in 1956, containerization of cargoes is becoming
ever more popular. Today, almost all types of goods are transported by containers.
A container is a rectangular box which is used for transporting goods with different
means of transport.

Total workload and capacity of the container vessels are represented in TEUs. A
TEU stands for a 20-foot (6.1 meters) container. In addition to a standard 1-TEU
container, other common types of containers are 2-TEU, open top, refrigerated, and
flat rack. All of these types of containers are manufactured with respect to some
international standards; thus, they are interchangeable between different companies
and carriers. This standardization helps to carry and handle containers easily by
various means of transportation, such as vessels, trains, and trucks. Furthermore,
containers are manufactured from very strong materials. For this reason, they can
be stacked easily. A container is also known to be the most secure way to transport
goods without being damaged.

A container terminal (CT) is a huge facility where containers are handled and
transshipped. Most container terminals are located at a seaside. They provide a
connection for outbound and inbound container traffic between sea and land trans-
portation. In addition to that, a CT allows transshipment of containers between
vessels. CT's consist of seaside (i.e., quayside) and landside. In a CT, common activi-
ties that need to be performed are loading (unloading) of containers to (from) vessels,
transporting cargoes between storage and berth areas, temporarily stacking and han-
dling them in storage area. The most general representation of a CT is depicted in

Figure 1.2.
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At the seaside, container vessels moor to berths, and their loading/unloading
operations are performed by a set of quay cranes. At the landside, there is a storage
area in which containers are temporarily stored in stacks. Trucks and automated
guided vehicles (AGVs) transfer containers between the seaside and the storage area
continuously. Moreover, containers which are coming from (or going through) land
transportation are also transferred between storage area and gates of CT by trucks
and AGVs.

Containers support a vast increase in overseas trading by allowing the effective
transportation of goods over the long distances. This intercontinental container traffic
passes through a large number of container terminals all around the world. In Table
1.1, we list the top five terminals of the world and of Europe, in terms of annual
workloads in units of thousands of TEU (Lloyd’s List Intelligence, 2017). Based on
the same data, Ambarli and Mersin terminals in Turkey are ranked as 54th and 96th
with a combined annual throughput of 4,256,000 TEUs.

We can convert the numbers in Table 1.1 to a daily workload in terms of approx-
imate number of vessels and containers. For example, based on 2017 data, average
number of 450 container vessels arrived to Shanghai terminal daily. In other words,

the terminal handled around 110,000 TEUs of containers each day. Such a huge
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Table 1.1: Annual workloads of world’s busiest terminals (in x1000 TEUs)

World Europe
Global Global
Terminal, Country 2010 2017 Terminal, Country 2010 2017
Rank Rank
1 Shanghai, China 29,069 40,230 11 Rotterdam, Netherlands 11,146 13,600
2 Singapore 28,431 33,670 13 Antwerp, Belgium 8,468 10,450
3 Shenzhen, China 22,510 25,210 18 Hamburg, Germany 7,905 9,000
4 Ningbo-Zhoushan, China 13,144 24,610 26 Bremerhaven, Germany 4,871 5,700
5 Busan, South Korea 14,157 21,400 28 Algeciras, Spain 2,810 4,850

amount of workload suggests that the efficient operations planning is key for the
success of any container terminal.

Operations research (OR) methods help terminals to improve their productivity by
providing decision support systems (Stahlbock and Voss, 2008). The literature on the
subject is steadily growing with the technological improvements and emerging trends
in container terminals. OR problems in container terminals can be classified into two
such that seaside operations and landside operations. At the landside, we mainly deal
with storage operations and inter-terminal transportation. These operations are out
of the scope of this dissertation, and we refer the reader to Carlo et al. (2014a, 2014b)
for detailed reviews.

At the seaside of a container terminal, the literature defines operational prob-
lems of allocation of berth area to vessels, assignment of quay cranes to vessels, and
scheduling of these quay cranes. In many container terminals, seaside operations are
the bottleneck for the productivity (Carlo et al., 2015). All vessels that are moored
at the seaside of a terminal need to be serviced with quay cranes (QCs), huge and
expensive machines that unload (load) containers from (to) vessels. As a result, ef-

ficient allocation and utilization of QCs become vital for the overall performance of
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terminals.

QCs move along the rail track to serve different vessels and different bays of a
vessel, and in most of the cases, all QCs that serve a berth operate on the same rail
track. This distinctive characteristic complicates the operational problems observed
at the seaside of a terminal. Specifically, we must take two important constraints
that restrict the movement of QCs into account: non-crossing and non-interference
of QCs. Non-crossing constraint ensures that (QCs cannot cross each other, thus
they keep their respective ordering on the rail track at any time. Non-interference
constraint consists of two components. First, a bay of a vessel can be serviced by at
most one QC at a time. Second, a specific safety distance must be kept between two
adjacent cranes.

In the following, we present a brief literature review of the related problems and
our contributions on the subject. For more comprehensive reviews of OR problems

on seaside operations, see Bierwirth and Meisel (2010, 2015).

Berth Allocation Problem (BAP):

This operational problem is to allocate mooring positions over the berth area to ves-
sels such that vessels occupying the same berth position must be non-overlapping in
time. In literature, three different berth layouts are considered: discrete (Imai et
al., 2001), continuous (Park and Kim, 2003), and hybrid (Nishimura et al., 2001).
Moreover, it can be assumed that all vessels are available for mooring at the begin-
ning of planning horizon (static problem) or they arrive during the planning horizon
(dynamic problem).

In discrete berth layout, each berth is a discrete resource with a single vessel
capacity. Without any other constraint, a dynamic and a static BAP with a discrete
berth layout are equivalent to parallel machine scheduling problem (PMSP) with and
without release times, respectively. Imai et al. (2001) define and study the dynamic
problem by developing a Lagrangian relaxation based heuristic. In reality, not all
vessels are available at the beginning but they arrive in different time points over

the planning horizon. That is the reason why the dynamic variant of the problem
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is studied more. Imai et al. (2003) study the dynamic problem by also considering
priorities among vessels and solve the resulting problem with a genetic algorithm.
Hansen et al. (2008) develop a variable neighborhood search heuristic that generates
near optimal solutions in a very short time. Bhurkal (2011) compare various mixed
integer programming models and identify set partitioning formulation as the best
performing one.

Continuous layout assumes that there is no partitioning of the berth area. That
is, vessels can moor at arbitrary positions as long as they do not overlap in time
and space. This type of layout can be modeled as a two dimensional bin packing
problem where each vessel is a rectangle (Lim, 1998). In this representation, physical
length and duration of stay of a vessel corresponds to width and height of a rectangle,
respectively, assuming y-axis stands for the time space in corresponding bin packing
problem. Lee et al. (2010) develop an effective GRASP heuristic for the dynamic
problem. Imai et al. (2005) also study dynamic problem, by assuming handling time
of a vessel depends on its berthing position. The same variant is also studied by
Golias et al. (2009) in which an efficient genetic algorithm is presented.

Hybrid layout discretizes berth area as multiple sections of same or different sizes,
similar to discrete layout. Differently, a vessel can occupy multiple berth sections at
a time, based on its length. If we assume unit length berth sections, then we obtain
an instance of a multiprocessor task scheduling problem with contiguous assignment
of resources (Guan et al., 2002). Berth allocation with hybrid layout is studied by
Imai et al. (2007), Dai et al. (2008), and Lee et al. (2012).

The main difference between these layouts is the level of utilization that they
provide. Optimal solution to the problem with continuous layout provide a better
utilization than those of discrete and hybrid layouts, since it can eliminate the wasted
space caused by the difference between the lengths of vessel and berth section. At
the same time, however, planning with continuous layout is harder than discretized
layouts in general.

Furthermore, there are many other features of BAP considered in literature such
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that uncertainty on arrival (Golias et al., 2014) and handling time (Zhen, 2015) of
vessels, tidal time windows (Ernst et al., 2017, Song et al., 2018, Xu et al., 2012), fuel

consumption and emissions (Venturini et al., 2017, Wang et al., 2018).

Quay Crane Assignment Problem (QCAP):

QCAP is to allocate QCs to each arriving vessel for loading/unloading operations
by considering the fact that all QCs are mounted on the same rail track, thus, they
cannot cross each other. In container terminals, handling time of a vessel depends on
number of assigned QCs, which is a critical capacity allocation decision regarding to
the bottleneck equipment. However, the relation of the number of assigned QCs to
vessel and its handling time is not linear because of crane interference, and we observe
marginal productivity losses as we assign more QCs to a vessel.

The only study that consider the problem individually is Blazewicz et al. (2011).
They define the problem such that number of assigned QCs to a vessel does not change
during its handling (time-invariant QCAP). Then, they show that the resulting prob-
lem can be modeled as a moldable task scheduling problem (MTSP) with contiguous
assignments of QCs, since MTSP allows modeling number of QCs dependent process-
ing times and can incorporate the effect of crane interference.

The rest of the literature studies this problem as a component of BAP, to determine
vessel handling times. By assuming time-invariant QCAP, Liang et al. (2009) and
Turkogullari et al. (2014) study the integrated problem by considering discrete and
hybrid berth layouts, respectively.

On the other hand, some studies assume that the number of QCs can change
during handling of a vessel (time-variant QCAP). Time-variant QCAP is first studied
by Park and Kim (2003) with continuous berth layout. However, the authors ignored
not only the fact that QCs operate on a same rail track but also the effect of crane
interference. Meisel and Bierwirth (2009) study the same problem by taking both of
these features into account. Even though time-variant QC assignment strategy can
lead to better utilization compared to time-invariant, it may often not be desirable

for the terminal management.
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It is worth mentioning that plenty of studies solve QCAP by simply determining
the number of assigned QCs without specifying vessel-QC assignments. As such an
approach ignores the non-crossing of QCs, it is not guaranteed to have a feasible QC
to vessel assignment even if total number of QCs assigned to vessels at any time is

less than or equal to the number of available QCs (see Appendix B).

Quay Crane Scheduling Problem (QCSP):

As one can observe, QCAP is a berth level planning problem in which we assign a set
of QCs to multiple vessels that arrive within a planning horizon. On the other hand,
QCSP deals with a planning operation of a single vessel. Given a number of assigned
QCs, QCSP is to schedule loading and unloading tasks of a vessel with respect to
properties such as non-crossing constraint, safety distances between adjacent QCs,
and travel times along the rail track.

Based on the definition of a task, we can group QCSP studies into three: com-
plete bay, container groups, and a container. The first one defines a task as load-
ing/unloading of all containers on a bay of a vessel. In reality, containers associated
with same owner (and same destination) are stored adjacently on a bay. There can
be multiple tasks on a single bay, and tasks that are located on the same bay cannot
be handled at the same time. For this reason, most of the related literature defines
a task as a container group. By assuming each container group as a task, a research
stream that includes Kim and Park (2004), Moccia et al. (2006), Meisel and Bier-
wirth (2009), and Unsal and Oguz (2013) provide various solution techniques for the
detailed problem with all of above mentioned properties. Legato et al. (2012) and
Meisel (2011) further extend the problem considered on that stream with uniform

QCs and QC unavailability, respectively.

Integrated Operations:
BAP, QCAP, and QCSP are highly interrelated operational problems. For example,
the solution to a QCAP is an input to QCSP. QCAP and QCSP affect berth allocation

decisions, as they determine handling times of vessels. If we solve these problems
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hierarchically by ignoring their relations, we often end up with plans with poor overall
quality (Bierwirth and Meisel, 2010). Accordingly, many studies address the deep
integration of seaside operations, i.e., solving multiple problems simultaneously while
considering their interrelationships. We have previously mentioned the studies that
integrate BAP and QCAP. Deep integration of the time-variant QCAP with a detailed
QCSP is studied by Unsal and Oguz (2013).

In one of the most comprehensive studies of seaside operations, Meisel and Bier-
wirth (2013) propose a framework to integrate all seaside operations by an algorithm
which consists of preprocessing and feedback loops among problems. Note that their
method is not exact since they utilize existing heuristics to solve various subproblems
within their algorithm. Still, they show that it performs much better than the cor-
responding hierarchical approach, highlighting the importance of integrated planning

once more.

Our Contributions on Container Terminal Operations:

As QCs are the bottleneck equipment in container terminals, they need to be utilized
efficiently. Up to now, the literature deals with the simplest form of the QC allocation
operation by assuming all QCs are identical and are available during the planning
horizon. On the other hand, in real world terminals, we deal with the various features
of the problem such as QCs with different processing rates, periodic maintenance of
QCs, and QC eligibility. If we ignore these features, we cannot estimate the vessel
handling times accurately and experience a loss of productivity in terminal operations
as a result.

In this dissertation, to fill this gap in the literature, we study QCAP in more
details to be able to cope with above mentioned features of the problem. We rep-
resent this problem as a variant of moldable task scheduling problem (MTSP) with
contiguous assignments of QCs. We develop a flexible and robust logic-based Benders
decomposition with strong cuts, based on the extended formulation of the MTSP that
specifies task to machine assignments. Furthermore, we present a compact contiguous

assignment constraint for the assignments of QCs. One limitation of the proposed
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solution method is the excessive memory requirements for the large instances, since
it is constructed with time-indexed variables. To solve the larger problem instances,
we develop a constraint programming (CP) model to find near optimal solutions in a
short time and a column generation procedure that provides very tight lower bounds

that helps us to measure the performance of the CP model accurately.

1.2 Bulk Terminals

Bulk terminals are seaside facilities in which products such as agricultural products
and natural resources are stored and transshipped in very large volumes. Most of
the cargo that is handled in these terminals is the major import and export products
such as coal, grains, iron ore, and petroleum products. Each of these products is
only exported by a few countries. For example, 82% of all iron ore is exported from
Australia and Brazil, while 71% is imported by China. For this reason, bulk loads
consist of 83% of all sea-freight in volumes. This indicates the critical role of bulk
terminals on the global trade.

Similar to container terminals, bulk terminals also consist of seaside and yard area.
However, they differentiate in terms of the type of cargo. In contrast to container
terminals in which all cargo are transported in a standardized container, means of
storage and handling of cargo varies for different types of materials in bulk terminals.

Bulk terminals can be classified as dry bulk terminals and gas/liquid terminals.
In this dissertation, we consider dry bulk terminals (DBT) that handle dry loads such
as grains, coals, and iron ore. We consider an export DBT, and the general structure
of the terminal and the flow of loads can be described as follows: Dry cargo arrives to
the terminal by train and is stored in the stockyard as stockpiles. After mooring of the
vessels to the berths, related stockpiles are reclaimed by reclaimers and transferred
to the quay area via conveyor belt systems where vessels are loaded by ship loaders.
Berth allocation in DBTs is often affected by tidal conditions; that is, departure of a
vessel is constrained by high tide periods. Moreover, there are very limited number

of ship loaders, in contrast to the number of QCs in a typical container terminal.
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Therefore, the number of vessels that can be loaded simultaneously is often limited

by the number ship loaders, rather than the length of berth area.

Figure 1.3: A typical dry bulk terminal that exports coal (downloaded from
http://shippingherald.com in May 2018)

The major operational problems observed in dry bulk terminals can be given as
berth allocation, reclaimer scheduling, and yard allocation. Other problems observed
in these terminals are blending of loads, design of stockyard and conveyor belt sys-
tems. Even though bulk loads constitute the largest portion of all loads maritime
transportation, operational problems of bulk terminals are studied less in the litera-
ture compared to those of container terminals. As the OR literature on the subject
only consists of a handful of studies, we will introduce them within the related chap-
ters of the dissertation.

Our contribution on the subject is two fold. We first study reclaimer scheduling
problem (RSP) to determine schedules for reclaiming stockpiles from the stockyard.

Then, we study integrated operations planning problem of dry bulk terminals.
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In our previous work, we show that constraint programming (CP) is a suitable
tool to cope with non-crossing constraint (Unsal and Oguz, 2013). Based on this
finding, we develop a CP model that can find near optimal solutions to RSP. We also
present an arc-time-indexed lower bound model by relaxing non-crossing constraint of
the problem to test the performance of the CP model. To the best of our knowledge,
this is the first RSP study that considers all realistic features of the problem. Results
of computational experiments indicate that the proposed method is able to provide
quality solutions for different stockyard configurations within a minute.

It is easy to see that operational problems in these terminals are also strongly in-
terrelated. For example, the schedule of the reclaimers will directly affect the loading
of the vessels, and in turn the time that a vessel can leave the berth. Similarly, deci-
sions on the positioning of stockpiles over the stockyard affect reclaimer scheduling,
since they generate non-eligibility of some stockpile-reclaimer assignments.

Accordingly, we study the integrated dry bulk terminal (IDBT) problem. It con-
sists of the deep integration of three important DBT operations, namely, berth allo-
cation, yard allocation, and reclaimer scheduling, by taking various characteristics of
the respective problems into account. After observing a key relation between prob-
lems, we decompose the integrated problem into two easier problems and develop
a novel logic-based Benders decomposition. In this decomposition, we model master
and subproblems with mixed-integer programming and CP, respectively, by exploiting
the respective advantages of these programming paradigms. We develop CP subprob-
lem by simply extending the model that we provide for RSP. Results show that the
proposed method is able to solve considerably large instances to optimality in an
acceptable time, compared to the monolithic approach. This is one of the very few
studies in the whole maritime terminals literature and the first in bulk terminals lit-

erature that intends to simultaneously solve three operational problems to optimality.
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1.3 DMethodology

In this section, we introduce contraint programming (CP) and logic-based Benders
decomposition (LBBD) techniques which we use in the multiple sections of the disser-
tation. We use CP (i) to find near optimal solutions to QCAP and (ii) RSP, as well
as (i1i) to solve a feasibility subproblem to LBBD implementation of IDBT problem.
We implement LBBD with different decomposition structures to solve QCAP and
IDBT problem to optimality, respectively.

In addition to these two methods, we also use column generation to solve QCAP.

We left its description to the beginning of the related section.

1.3.1 Constraint Programming

Constraint programming (CP) is a technique that can be used for representing and
solving combinatorial problems which are hard to solve. Similar to mathematical
programming, CP is a combination of defining constraints about the problem via
variables and finding a solution that satisfies all constraints. However, in CP, con-
straints are used actively to infer new constraints and to reduce domains of variables
by removing certain values that violate constraints. Differently from the mathemati-
cal programming, the main focus of CP is on constraints and feasibility, rather than
the objective function and the optimality.

Constraint programming also provides rich modeling tools (Lustig and Puget,
2001) to represent complex combinatorial problems compactly. In a nutshell, CP can
be viewed as a heuristic method that consists of three main components: modeling,
filtering of domains of variables based on the constraints, and the search phase that
utilizes backtracking. In the following, some concepts related to the methodology
used in this section are briefly introduced. For more detailed information on CP

technique, see Apt (2003), Baptiste et al. (2001), and Unsal (2013).

Activities and Interval Variables:

Scheduling problems in CP can be represented in terms of activities and resources.
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For example, if we consider QCAP, an activity corresponds to the complete handling
operations of a vessel, and resources correspond to quay cranes. In the following,
we define some important concepts of CP which we used in this dissertation. Each
activity A; has a start time start(A;), a processing time p(A4;), and an end time
end(A;) = start(A;) + p(A;). Each activity also has a discrete domain of domain(A;)
which represents the time interval that task ¢ can be processed.

An interval variable (Laborie and Rogerie, 2008) is an interval of time during
which an activity is executed. The decision here is to select a time interval during
the planning horizon to execute this activity. Each interval variable is characterized
not only by a start time, an end time, and a processing time but also with a presence
information, presence(A;). An interval variable can be optional; therefore, the activ-
ity can be left unexecuted. In these situations, unexecuted activity is indicated by
presence(A;) = False (or 0). On the other hand, for all executed optional interval
variables, presence(A;) takes the value of True (or 1). This property of an interval
variable helps us to model the problem when there are activities that can be executed

on a set of alternative resources.

Global Constraints:

A global constraint in CP can represent the complex relationships between the prob-
lem variables as a single constraint. As global constraints deal with many problem
variables at the same time, they provide faster and effective domain reduction by
using specialized filtering algorithms. The most widely known global constraint is
allDif ferent(Yv;), where v;,i € {1,...,n}, is a decision variable with domain(v;) in-
cludes the possible values that v; can take. It ensures that each variable v; must take
a different value from its domain. In contrast, n.(n — 1)/2 constraints are required
to represent such a relationship within a mixed-integer programming model. Global
constraints have many specialized filtering algorithms; e.g. Lopez-Ortiz et al.. (2003)
for allDif ferent constraint. This kind of algorithms usually offers more effective do-
main reductions. Therefore, in constraint programming, it is important to represent

the model with global constraints as much as possible.
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There are many global constraints in the literature and 6 of them are consid-
ered in this dissertation. The alternative(A;, (Y;;|Vj € S;), Z;) constraint (Beck and
Fox, 1999) simply assigns each activity ¢ to Z; different resources within a subset of
resources which are elements of set S;. The property of optionality of the interval
variables makes sense here. Assume that activity ¢ is assigned to an only one resource
(). Then, Y;; variables are not taken into account for each j € S; if j # j', by setting
their domains as domain(Y;;) = {0}.

Furthermore, a disjunctive(A;|Vi € P) global constraint ensures that the activ-
ities, which are the elements of some set P, do not overlap. span(A;, B;|Vi € E)
ensures that the interval represented by activity A; spans the resulting union of
B; interval variables, Vi € E. In other words, start(A;) = min,g start(B;) and
end(A;) = max;ep end(B;). EndBeforeStart(A;, B;) states that activity B; cannot
start before activity A; ends and updates their domains accordingly. For example,
let domain(A;) = [20,50], domain(B;) = [10,40] and their processing times are 5
and 10, respectively. Then, this constraint updates domain(B;) as [25,40]. Similarly,
constraints Start AtStart(A, B) and EndAtEnd(A, B) enforce activities A and B to

start and end at the same time, respectively.

1.3.2 Logic-Based Benders Decomposition

Benders decomposition (BD) (Benders, 1962) is a technique to solve large-scale opti-
mization problems that uses the strategy of “learning from mistakes”. It partitions
the variables of the global problem into smaller subsets: first master problem is solved
for a subset of variables and their optimal values are fixed. After that, subproblem is
solved with these fixed values to determine values for remaining subset of variables. If
subproblem determines that fixed variables are infeasible (or not optimal), then cuts
that eliminate this portion of the search space are added to the master problem.

In BD, subproblem needs to be a linear programming (LP) model. However, it
may not be possible to decompose many combinatorial optimization problems such

that subproblem is an LP. For this reason, Hooker and Ottoson (2003) generalize
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BD as logic-based Benders decomposition (LBBD) which relies on inferring cuts via
inference dual rather than LP duality. In general, a solution to inference dual provides
an explanation for why a solution is optimal, or is infeasible.

Consider the following general mathematical model. Note that we derive the
following description from the Hooker (2007) which is one of the pioneering papers

on the methodology.

minimize f(x,y)

subject to:
C(z,y) (1.1)
x € Dy,ye D, (1.2)

C(z,y) represents the set of constraints that contain variables x and y. D, and
D, stand for the domains of respective variables. If z values are fixed to Z, we obtain

the following subproblem for the rest of the variables.

minimize f(Z,y)

subject to:
C(7,y) (1.3)
ye D, (1.4)

The inference dual of this subproblem is the problem of inferring the best possible

lower bound for f(Z,y) from C(z,y).
minimize v
subject to:
C@.y) = [(@,y) > v (1.5)

ye D, PeP (1.6)
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That is, proof P deduces f(Z,y) > v from C(Z,y) where P is a family of proofs.
The solution to above inference dual is a proof of the tightest bound v" on f(Z,v).
We use the same proof schema to obtain a bound Bz. This bound needs to satisfy

two properties to be a Benders cut:

(1) Bz provides a valid lower bound for not only Z, but also any given x # Z, x € D,.

(i1) By = v

The bounding function Bz is obtained by examining the type of reasoning that
led to a bound for x = T and we extend this reasoning to obtain a bound for any
x € D,. In other words, the solution to inference dual provides an explanation for why
a solution is optimal, or is infeasible. If objective of original problem (1.1)-(1.2) only
consists of x variables, a valid Benders cut rules out assigning Z in next iterations.
This simple cut is called “nogood” and it can be strengthened if we can find a subset
of T that cause infeasibility, via inference dual.

If objective of original problem also contain y variables, we should take v" ( best
possible lower bound) into account at each iteration, while deriving a Benders cut.

For that case, we refer readers to (Hooker, 2000).
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QUAY CRANE ASSIGNMENT PROBLEM

2.1 Introduction

In this chapter, we consider quay crane assignment problem (QCAP) which deals
with allocation of these scarce resource to incoming vessels. In QCAP, the handling
time of a vessel depends on a number of assigned QCs. As this number increases its
handling time reduces. However, the relation between the number of assigned cranes
and handling time is not linear due to crane interference.

We represent this problem as a variant of moldable task scheduling problem
(MTSP) in which contiguous assignments of machines are considered (Blazewicz et
al., 2011). In MTSP, there are |.J| tasks to be non-preemptively performed by |K| par-
allel machines. The duration of a task is a discrete function of the number of machines
assigned to this task. This number is determined at the beginning of the planning
period and cannot be changed during the execution. In this representation of QCAP,
a task stands for the complete handling operations of a vessel while machines are
QCs. QCs operate on a single rail track, hence they cannot cross each other. Thus,
we need to take two critical features of the problem into account: QC interference
and contiguous assignment of QCs. MTSP formulation allows us to incorporate the
effect of crane interference into handling times. Moreover, we can assign a set of QCs
to a vessel if and only if these QQCs are located consecutively on a rail track.

Up to date, most of the studies have analyzed MTSP in its simplest form, in
line with the needs of their respective domains. They assume that the resources
are identical, and there is no specific property of the problem other than precedence
relationships. The resulting problem can be solved by determining the number of

machines for each task while ensuring the total resource (machine) consumption at any
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time to be less than the total amount of available resources. On the other hand, there
are additional properties of scheduling problems associated with production/service

systems such as QCAP. For QCAP, these properties are as follows:

QC assignments to a vessel should be contiguous (Lu et al., 2012). That is,
indices of the machines assigned to a task must be a sequence of consecutive

numbers.

e QCs may have different processing rates based on the type of equipment and/or

operators’ experience (Legato et al., 2013).

e (QCs may have unavailable time windows because of scheduled or periodic main-
tenance. Another reason for QCs to have unavailable time windows is crane

interference based on berthing and QC assignment plans (Meisel, 2011).

e Some task-to-machine assignments may be forbidden because of two reasons:

— Case 1: A vessel may not be within the reach of an assigned QC, since all

QCs are located on the same rail track (Unsal and Oguz, 2013).

— Case 2: QCs may have types. There are different types of vessels. For
example, it may not be possible to handle jumbo container vessels with

standard size quay cranes.

e While shifting from one vessel to another, a QC requires some travel time, i.e.,

sequence dependent setup times (Moccia et al., 2006).

The approaches developed for solving MTSP fail to cope with the problem having
properties described above. The aim of this study is to provide a flexible exact so-
lution framework for QCAP, which can solve the problem with such properties. For
this purpose, we started with investigating the literature for similar scheduling prob-
lems to see how these properties are handled. We observed that these properties are

intensively studied for parallel machine scheduling and resource constrained project
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scheduling problems by specifying task to machine assignments, but have not been
considered for MTSP yet.

In this study, we develop a logic-based Benders decomposition (LBBD) algorithm
that utilizes time-indexed formulation for MTSP. This formulation provides a flexi-
bility to implement different features of QCAP as it specifies task to machine assign-
ments. However, this flexibility is achieved at the expense of a significant computa-
tional difficulty: for an instance with 5 machines and |J| tasks, there are Zle (‘Z’) =31
machine assignment alternatives for any task, and the total number of possible assign-
ments for the problem is 31!/I. For MTSP without specific assignments, the number
of possible assignments is only 57!,

The rest of the chapter is organized as follows. In Section 2.2, we present a review
of related problems observed in the literature and discuss their relations. In Section
2.3, after presenting a novel formulation for MTSP with contiguous assignments, we
propose an LBBD algorithm, a strong Benders cut, and a compact contiguous as-
signments constraint. In Section 2.4, we extend the solution approach for unavailable
time windows for QCs and QCs with different processing rates. Then, we present an
application of QCAP for a terminal with a specific configuration that requires com-
bination of these properties of QCs. In Section 2.5, we measure the performance of
the proposed method with a set of detailed computational experiments. We discuss
the relationship of the proposed approach with other scheduling problems in Section

2.6 and conclude the chapter with Section 2.7.

2.2 Literature Review

Most of the scheduling literature assumes that processing time of a task is a parameter
of the problem. In many practical cases, though, processing time of a task can be
controlled by allocating different amount of resources. These resources can be either
discretely divisible (i.e. man power, machines) or continuously divisible (i.e. energy,
money). A resource can also be either renewable or non-renewable. The problems

with continuously divisible and/or non-renewable resources are beyond the scope of
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this study, and we refer readers to Shabtay and Steiner (2007).

The problem we consider is a variant of a more general scheduling problem with
a single renewable and discretely divisible resource where processing time of a task
depends on the number of resource units assigned. This number is determined at
the beginning of the planning horizon and cannot be changed during the execution.
Scheduling problems with this combination of properties are observed in parallel pro-
cessing, project management, and machine scheduling. In the following, we first
present the literature for related problems and then discuss the existing literature on
QCAP, while highlighting the contribution of our study.

In parallel processing context, by definition, a parallel task can be processed by
more than one processor simultaneously (Drozdowski, 2009). Du and Leung (1989)
present moldable task scheduling problem (MTSP) as a generalization of multipro-
cessor task (MPT) scheduling problem (Drozdowski, 1996). The authors define that
processing time of a moldable task depends on the number of processors allocated,
hence it is a generalization of MPT scheduling problem in which the number of pro-
cessors needed to perform a task is fixed a priori.

Contiguous assignments of processors are also considered in this domain because
it may be desirable to maintain the physical proximity of cooperating processors
(i.e. non-fragmentable multiprocessor system). By considering a makespan mini-
mization objective and contiguous assignment of processors, Turek et al. (1992),
Ludwig (1995), and Mounie et al. (1999, 2008) develop approximation algorithms
with performance ratios 2.5, 2, v/3, and 1.5, respectively. The algorithms proposed
in these studies assume non-decreasing processing times, except the one proposed by
Ludwig (1995) which is valid for any speed up function. In another research stream,
Lepere et al. (2002), Jansen and Zhang (2006), and Gunther et al. (2014) present
approximation algorithms for MTSP in the presence of precedence constraints.

Even though approximation algorithms fit well with the needs of multiprocessor
scheduling systems where large number of tasks need to be scheduled in a very short

time, they have some important drawbacks (Feitelson et al., 1997). First of all, the
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approximation factor is usually of little relevance to a practical problem, since a worst
case schedule is often unacceptable for a production schedule. As we discussed for the
problem of allocation of QCs to vessels, scheduling problems in production/service
systems require many different constraints to be taken into account. However, approx-
imation algorithms are developed based on restricted models that deviate significantly
from real life situations. An addition of a very simple property such as release times
of tasks can make the results of approximation algorithms invalid.

In project management context, resource dependent activity processing times are
studied as an extension of resource constrained project scheduling problem (RCPSP),
and this extension is entitled as multi-mode RCPSP (MRCPSP, Weglarz et al., 2011).
In MRCPSP, processing time of a task is not fixed but a function of amount of
resources (renewable, non-renewable and doubly constrained) is allocated. Here, a
mode reflects a feasible way to combine duration and resource requests that allows
accomplishing the underlying activity. Most of the time, however, there is only one
of these three types of resources in the same model. If there only exists a single non-
renewable resource, such as total budget, the problem is called as time/cost trade-off
problem (DTCTP, Demeulemeester and Herroelen, 2002). If there is only a single
renewable resource, as in the problem we study, this special case of MRCPSP is
called time/resource trade-off problem (DTRTP).

Griorgiev et al. (2007) point out that time/resource trade-off problems have re-
ceived much less attention compared to time/cost trade-off problems, although they
are not less appealing from a practical viewpoint. For DTRTP, De Reyck et al.
(1998) propose a tabu search heuristic to cope with the problem. Demeulemeester
et al. (2000) develop a branch and bound procedure based on general multi-mode
RCPSP formulation of Talbot (1982). Ranjbar and Kiafar (2007) present a genetic
algorithm that outperforms the result of De Reyck et al. (1998). Ranjbar et al. (2009)
further extend the problem with multiple renewable resources. Note that the solution
methods developed for multi-mode RCPSP can also cope with DTRTP, since it is a

special case of multi-mode RCPSP.
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Strong precedence relations among tasks is a key property of project scheduling
problems. Accordingly, the solution techniques for these problems are mainly based
on precedence relations. The existence of this type of relations among tasks is not
always the case for the scheduling problems observed in production/service systems,
as in the case of QCAP. Thus, these solution techniques may not be effective for the
scheduling problems with independent tasks.

We observe the same combination of properties in parallel machine scheduling
(PMS) literature in terms of machine scheduling with resource dependent processing
times (PMS-RDPT) (or PMS with additional resources). In most of the PMS studies
in the literature, the only resource is a machine. However, as Edis et al. (2013)
note, there are many real-world scheduling problems that require additional resources.
Based on this fact, Daniels (1999) introduces a problem of PMS where processing time
of a task is a non-increasing function of the number of additional allocated resource
(single and renewable). This type of problem should solve an additional resource
allocation problem to determine processing times of tasks, which adds significant
complexity to the problem.

As one can observe, MTSP is a special case of PMS-RDPT, in which each task has
its own machine. In Figure 2.1, we present reductions among related problems from
above discussed problem domains. An arrow from problem z to problem y implies
that problem z is a special case of problem y. Hence, problem y is as hard as problem
x for the same objective function. Even though most of these relations are already
presented in literature, to the best of our knowledge, the relation between DTRTP
and MTSP has not yet been analyzed.

Proposition 1. MTSP and DTRTP are equivalent problems when we assume integer

processing times.
Proof. See Appendix A. m

Integer processing times are common for scheduling problems in production /service

systems. It implies that processing times can be accurately represented by multiple
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Figure 2.1: Relationship among related problems

equal length time intervals, as in man-hours (or machine-hours), contrary to multi-
processor systems where tasks can be executed even in milliseconds.

Quay crane assignment problem (QCAP) is an important application of the general
scheduling problem that needs to be dealt in each maritime container terminal. The
literature investigates QCAP in two different cases: time-variant and time-invariant.
In both cases, processing time is a function of number of QCs. However, time-invariant
QCAP assumes that the number of QCs assigned to a vessel does not change during
the handling operation, while in time-variant case we relax this assumption. The
problem we consider in this study is time-invariant. In theory, it is possible to increase
productivity by assuming time-variant case, but as Blazewicz et al. (2011) point out,
it might not be desirable from the point of view of terminal management.

The literature often investigates QCAP as a component of the berth allocation
problem based on the fact that in reality QC allocations affect the handling times of
vessels. Liang et al. (2009), Blazewicz et al. (2011), Yang et al. (2012), Chen et al.
(2012), Turkogullari et al. (2014), and Iris et al. (2015) study integrated problem
of berth allocation and quay crane assignments with an assumption of time-invariant
allocation of QCs. While time-invariant QCAP is strongly related to the more general
scheduling problem that we define at the beginning of this section, only two of these
studies utilize previous work from the related literature: Blazewicz et al. (2011)

approach this problem as a moldable task scheduling problem where handling of a
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vessel is a task and QC is a processor, respectively. Turkogullari et al. (2014) use the
mathematical formulation of multi-mode RCPSP provided by Talbot (1982) as the
basis of their model.

Furthermore, all of the mentioned studies assume that QCs are identical and avail-
able during the whole planning period. QCs are identified as bottleneck equipment
in a terminal, thus, allocation of these scarce resources is critical for the performance
of terminals. If we do not take the various properties of QCAP into account, we may
estimate the handling times of vessels inaccurately, resulting in a loss of productiv-
ity of overall terminal operations. This study differentiates from the literature by
investigating QCAP in greater detail. We develop an exact solution method based
on a mixed integer programming formulation of MTSP that specifies task to machine
assignments. By this way, we can handle the properties that are commonly observed
in container terminals, e.g. unavailability of QCs and different processing rates of
QCs. Such a modeling flexibility is important because not every container terminal

has the same configuration.

2.3 Mixed-Integer Programming Formulation for M'TSP with Contigu-

ous Assignments

In this section, we present a time-indexed integer programming formulation for MTSP
with contiguous assignments. A key feature of this formulation is specifying task to
machine assignments. The sets and parameters to be used are presented as follows.
Note that we use the terms machine and resource interchangeably, and both refers
to a QC in a container terminal setting. Similarly, a task stands for the complete

handling operations of a vessel.

e J set of tasks; indexed by i = {1,...,]J|},

e K set of machines; indexed by | = {1,...,|K|},

e W set of number of total machines that can be assigned to a task; indexed by
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[ ={1,...,6;}, where ¢; stands for the maximum number of machines that can

be assigned to task ¢,

T set of times; indexed by t = {1,...,|T|},

S set of all non-contiguous machine assignments,

w; weight (importance) of task i,
e p; processing time of task ¢ if it is processed by [ machines.

Parameter p;; denotes the processing time of task 7 when processed by a single
machine. Speed up function f; then defines the relation between the processing time
and the total number of assigned machines such that p;= [p;1/fi], and Ip; stands for
the total amount of work to be done by all assigned machines.

Let Z;i; be a binary variable that takes the value of 1 if task ¢ is assigned to
machine j and a total number of [ machines, and starts at time ¢, 0 otherwise. As we
mentioned, this variable keeps the information of specific task to machine assignments
as well as the number of machines assigned to each task at the same time. The

formulation [MTSP — C'A] is presented below.

minimize Z Z Z Z(t + pi)wiZiji /1
i 1t

subject to:

2.2 Zin/l=1 Vi (2.1)

t
2.0 > Zijin <1 ViVt (2.2)
7 l

h=maz(1,t—p;;+1)

SN Zijjup < Jul -1 Vi,u€e S (2.3)

jEu t



28 Chapter 2: Quay Crane Assignment Problem

Zijit + Zign < 1 Vi, V5, Yk, Vt,Vh, VIl : t > h (2.4)
Zijit + Zygy, < 1 Vi, V5, Yk, VEVLYE o 1> 1 (2.5)
Zin € {0,1} Vi, V3, VI, vt (2.6)

The objective function is to minimize total weighted completion time of tasks.
For each task, constraint (2.1) assigns a start time, a total number of machines to
be used (1), and also specific machines to be used. Capacity constraint (2.2) ensures
non-overlapping of tasks that are assigned to the same machine. By constraint (2.3),
we ensure that a set of machines that are assigned to a task to be contiguous; that is,
indices of these machines are a sequence of consecutive numbers. This enumeration
based constraint forbids all possible non-contiguous machine assignments for each
task: if there are |u| machines in element u of S3, then we restrict the cases where a
task is assigned to |u| total machines, and these machines are j € u.

Constraints (2.4) and (2.5) address two unique properties associated with the
given MTSP formulation. These computationally expensive constraints describe the
relation of machine index j with indices of total number of machines (1) and time (),

respectively.

Property 1 A task that is processed by more than one machine must start on all of
these assigned machines at the same time t. Let task ¢ is assigned to machines 1 and
2. Without constraint (2.4), it is possible that Z;1o; and Z;59p both take the value of
1, where t # t.

Property 2 A task that is processed by different machines must be assigned to
the same number of total machines, denoted by [, for each of these machines (Con-
straint (2.5)). Assume that task i is assigned to machines 1, 2, and 3. Without this
constraint, Z;1o;, Zioar and Z;34 can all take the value of 1 since these assignments

satisfy constraint (2.1).
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In addition to expensive constraints (2.3), (2.4), and (2.5), capacity constraint
(2.2) also makes the formulation harder to solve. It is known that the capacity
constraint of time-indexed scheduling problem formulations is a major cause of a
computational difficulty (Van der Akker, 2000). Existence of machine index “;” in
the formulation further complicates the capacity constraint: it has very large number

of constraints and non-zero coefficients. As a result, the formulation [MTSP — C'A]

fails to solve even small-sized instances because of excessive memory requirements.

2.4 Logic-Based Benders Decomposition for MTSP with Contiguous

Assignments

Due to the limitations of the model proposed, we develop a logic-based Benders de-
composition (LBBD) procedure based on formulation [MTSP — C'A]. LBBD is first
implemented for scheduling problems by Hooker (2007). In this pioneering paper,
the author proposes a novel decomposition structure for a variant of a parallel ma-
chine scheduling problem which is then adapted by many other studies. It simply
decomposes the original problem into a master problem in which task to machine as-
signments are made but scheduling decisions are disregarded, and a subproblem which
solves an easy single machine scheduling problem. In Appendix E, we discussed the
implementation of this decomposition strategy for our problem and showed that it is
not suitable for our problem.

Therefore, we develop another decomposition strategy for solving our problem.
We first extend the formulation with a new set of variables to get rid of two expen-
sive constraints associated with unique properties. Then, we decompose the resulting
formulation such that the determination of specific task to machine assignments and
contiguous assignments constraint are left to the subproblem. At the last part of the
section, we propose a compact contiguous assignments constraint that allows restrict-
ing all non-contiguous assignments with a smaller number of constraints compared to
enumerating all of these assignments.

Let Qi be a binary decision which is simply a restricted version of Z;;;; without
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specific assignment information. It takes the value of 1 if task ¢ is processed by [
total machines simultaneously and starts at time ¢, 0 otherwise. We introduce Q;;;

variables and add linking constraint (2.7) to formulation [MTSP — C'A]:

Z Zijiw = Qi Vi, VI,Vt (2.7)
J

The resulting hybrid formulation makes it possible to remove constraints which

are associated with two unique properties of formulation with Z;;;; variables.

Proposition 2. If we introduce Qu; variables and replace constraint (2.4) with con-
straint (2.7), then the model ensures that start time of a task on different machines

cannot be assigned to two different time points.

Proof. Assume that constraint (2.4) is replaced with constraints (2.7), and start time
of a task on [ different machines (I > 1 and [ is bounded) is assigned to two different
time points ¢; and ty. That is, Z; j, 1+, = 1 and Z, j, 14, = 1.

Constraint (2.7) states that for each 7, [, and ¢, Zj Zijiw = Q. Therefore, for
i,l, and t;, left hand side of (2.7) is at least 1 and at most { — 1 because Z; j, 14, = 1
and t; # to. Accordingly, Q;;, takes the value of at least 1/] and at most (I —1)/1.
However, domain of @y, is {0,1}: @y variables can only take a value of 0 or 1. Thus,
start time of a task on different machines must be assigned to the same time point.

This contradicts our first assumption. [

We make the following claims for the second property which addresses the relation

between j and [ indices of Z;;;; variables.

Claim 1 If task i is assigned to only one machine, then this task cannot be assigned
to different total number of machines.

Proof. By constraint (2.1), for each task i, we have >, > > Zij/l = 1. Let this
task is assigned to machine j;, such that Z; ; 1, = 1. We cannot have another Z,j,

variable for task ¢ with a positive value. 1.
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Claim 2 If |K|=2, then a task cannot be assigned to different total number of ma-
chines.

Proof. If we have two machines in total, then a task needs to be assigned to both one
total machine (I = 1) and two total machines (I = 2) for this situation to occur. By

Claim 1, it is not possible. [

Proposition 3. If we introduce Q;; variables and replace constraint (2.5) with con-
straint (2.7), then the model ensures that a task which is assigned to different machines

cannot be assigned to different total number of machines.

Proof. Assume there are |K| total machines (|K|>2 and is bounded), and task i is
assigned to both j; and j, which are different machines as well as two different total
number of machines l; and l;. That is, Z; j, ;, =1 and Z; ,;,+=1. Constraint (2.7)
states that for each 7, [, and ¢, Zj Zijiw = lQuyu. For i, 1 ,and ¢, left hand side of (2.7)
takes a value of at least 1 (because Z; ;, 5, :=1) and at most |K| — 1 since Z; j,1,:=1,
Iy # ly. Therefore, @Q;;,+ can take values between 1/l; and (|K| — 1)/l;. Similarly,
for 7, Iy, and t, left hand side of (2.7) takes a value at least 1 and at most |K|-1 since
Zijynt=1, li # lo. So, Q;,+ can only take values between 1/l and (|K| — 1)/l .
Observe that these values are positive as 1/l; > 0 and 1/l; > 0, and they should take
the value of 1 because Q;;; € {0,1}. There are four possible cases in which they both
take the value of 1:

(i) iy =1, s =1 Contradicts ({1 # ls)
(ii) I =1, I = |K| — 1 Contradicts Claim 1
(iii) ; = |K| -1, [y = 1 Contradicts Claim 1
(iv) I = |K| =1, Iy = |K| — 1 Contradicts (I; # [2)

Hence, a task cannot be assigned to different total number of machines, and this

contradicts our assumptions. [
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The resulting hybrid formulation contain both @ and Z;;, variables. In our
LBBD implementation, we utilize respective advantages of these two sets of variables
to decompose [MTSP — C'A] into two easier problems, even though such an integra-
tion increases total number of variables and constraints within the formulation. The
master problem is a relaxation of the hybrid formulation in which computationally
expensive capacity constraint (2.2) is replaced by the one that utilizes Q; variables
to ensure that the total machine usage is less than or equal to available number of
machines at any time. That is, we delay determination of specific task to machine
assignments until the subproblem in which non-overlapping of tasks on each machine
is ensured.

We add contiguous assignment constraint only to the subproblem because it is
redundant in the master problem: the master problem can simply find a solution in
which each task is assigned to machines with consecutive indices starting from j = 1
because we do not consider non-overlapping on tasks for each machine. In addition,
the structure of the proposed LBBD allows the subproblem to further utilize this

constraint as the subproblem only deals with a limited number of variables.

[MP]: Master Problem of LBBD

minimize Z Z Z Z(t + pi)wiZiji /!
i1t

subject to:

SN Zjui=1 Vi (2.8)

Z Zigie = Qi Vi, VI, Vt (2.9)
J

> Y QusIK| vt (2.10)
7 l

s=maz(1l,t—p;;+1)
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> Qu < |CutSety| — 1 Vh (2.11)

(3,l,t)eCutSety,

Ziju € {0,1}, Quy € {0,1} Vi, Vi, VI,V (2.12)

[SP]: Subproblem of LBBD

minimize Z Z Z Z(t + pi)wi Zijie /1
i i 1t

subject to:

> Ziyu=1 V(i,1,t) € SOLUTIONprp (2-13)
J

Z Zijis < 1 Vi, vt (2.14)
(i,l,)€SOLUTION s p:
se{max(1l,t—p;;+1),...,t}

JjEu
Ziju € {0,1} V(i,1,t) € SOLUTIONpp (2.16)

We solve the master problem [M P] to optimality and then pass the solution in
terms of optimal start times and number of machines assigned to each task to the sub-
problem [SP], but not specific task to machine assignments, i.e., SOLUTIONp) =
{Gi,1,t) : Qp, =1, Vi,VI,Vt}. Given SOLUTION y;p), the subproblem checks capac-
ity constraint for each machine and enforce contiguous assignments over Z;;;; variables.
In other words, [SP] simply removes the overlapping of tasks on machines by changing
task to machine assignments while ensuring contiguous assignment of machines for
each task.

Despite containing a capacity constraint which we previously identified as a source

of computational difficulty, [SP] is significantly easier to solve since we work with a
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limited set of variables as we have already fixed number of assigned machines and
start time for each task. Note that there are O(|J||K||L||T|) total Z;;, variables and
we only work with O(|J||K]) of them in the subproblem.

If [SP] turns out to be infeasible, we add a cut to [M P] that removes infeasible
solution(s) from its solution space. This procedure is repeated until [SP] identifies a
feasible allocation of tasks to machines. We present the pseudocode of the proposed
LBBD in Algorithm 2.1.

The simplest cut for LBBD is called nogood, a cut that removes current solution
from the search space of master problem. Nogood cuts are often weak, thus it is better
to develop a cut that removes a larger portion of solution space (Hooker, 2007). We

propose a stronger Benders cut in the following.

Algorithm 2.1: Pseudocode of proposed LBBD

inatialize : v =0, LB = 0, 1teration = 0,
SOLUTIONyp) = @, CutSet = &
while v=0 do
solve [MP]
SOLUTIONpp = {(3,1,t) : Qj, = 1}
solve [SP] given SOLUTIONyp
if [SP] is feasible then

vy=1
else
LB = ZSOLUTION p1py
BendersCut(SOLUTIONp))
CutSet < CutSet U CutSetiteration
add cut z < LB to [MP]
end if
wteration < iteration + 1

end while
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2.4.1 Proposed Benders Cut

Definition A cut is a valid Benders cut if and only if it does not remove any optimal
solution to global problem and guarantees the finite convergence of algorithm (Hooker,
2007).

According to this definition, nogood cut is a valid Benders cut since (i) it removes
a complete solution from master problem which is proved to be infeasible for global
problem and (i7) master problem has a finite domain. Assume that we are given an
optimal solution to the master problem and subproblem turns out to be infeasible.
Let there exists a task ¢ (or set of tasks) which has a value of one in that solution to
the master problem and the corresponding subproblem becomes feasible if we remove
this set of tasks. Still, we cannot claim that would be a valid Benders cut since it
may cut an optimal solution: there might exist an optimal solution in which related
variable(s) takes a value of 1 with different assignments of other variables. That is,
we need to consider the whole schedule generated by the master problem to be able
to generate a valid Benders cuts.

This observation led us to develop a strong Benders cut, by considering the fact
that [SP] can be solved multiple times within a short time. Given SOLUTIONypy,
we repeatedly solve [SP] by eliminating a task with the largest completion time at
once, until infeasibility resolves. The remaining solution together with the last elim-
inated task then constitutes a subset of SOLUTIONyp) which is still infeasible,
independent of the eliminated part of the solution. This cut generation procedure
proves via optimization that if SOLUTIONp) contains this subset, then corre-
sponding [SP] is infeasible. Let this subset be an element of set CutSet. Then, we
add constraint ;) couser, Qe < |CutSetp| —1 to [MP] for each iteration h as we
need to change at least one element of the subset to be able to find a feasible solu-
tion to [SP]. Algorithm 2.2 presents the pseudocode for the proposed cut generation

procedure.

Algorithm 2.2: Procedure for cut generation (BendersCut(SOLUTIONp)))
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initialize : 0 = 0,8 = &, CutSetiteration = &
sort SOLUTIONp) in non-increasing order of (t* 4 py)
while =0 do
S+ SOLUTIONpp \ S
solve [SP] for SOLUTIONyp) \ S
if [SP] is feasible then
add symmetric solutions to SOLUTTONypy
CutSetiteration <~ SOLUTITON |y p)
o=1
else
SOLUTIONpp) < SOLUTIONpp) \ SOLUTIONpp)(1)
end if

end while

Proposition 4. The proposed cut is as strong as nogood cut.

If the procedure terminates after removing a single task from SOLUTIONyp
(i.e. the task with the largest completion time), then the proposed cut (without
considering symmetric task pairs) is identical to nogood cut. In other words, [SP]
becomes feasible by removing the task with the largest completion time, hence the
proposed cut includes all elements of SOLUTIONyp) by definition. If the proposed
cut requires at least one task with the largest completion time to be removed from
SOLUTIONrpy, then it removes a strictly larger portion of the search space of the
global problem which includes the part removed by nogood cut.

Proposition 5. The proposed cut is a valid Benders cut.

The procedure we previously explained identifies a subset of SOLUTION;p) that
causes infeasibility, by testing iteratively via optimization model [SP]. Therefore, it
only removes a portion from the master problem which is infeasible for the global
problem. The proposed cut is as strong as nogood cut, and finite convergence with

nogood cut is guaranteed as long as variables have finite domain (Chu and Xia, 2004).
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Proposition 6. Without contiguous assignment constraint, the proposed LBBD is
guaranteed to be solved to the optimality in the first iteration, if there exists a feasible

solution to the master problem.

Proof. Let us first solve the master problem to optimality. Given (i,1,t) € SOLUTIONyp),
task 7 can be decomposed into [ identical tasks with one unit resource requirement.
Start and end times of each of these identical tasks fixed to ¢t and ¢ + p;;, respectively.
The subproblem is now equivalent to tactical fixed job scheduling problem (Kolen et
al., 2007), and in [MP], the maximum number of tasks that overlaps at any time
(“job overlap™) is bounded by total number of machines |K| by constraint (2.10).
Dilworth’s chain decomposition theorem suggests that there exists a feasible sched-

ule, if we have “job overlap” machines which is less than or equal to | K| (Dilworth,

1959). 0

Recall that we represent QCAP as a MTSP with contiguous assignments. Propo-
sition 6 is no more valid when we consider contiguous assignments of machines. In
Appendix B, we present a counter example in which subproblem turns out to be
infeasible, given SOLUTION s p).

The proposed LBBD algorithm differentiates from the literature in terms of the
decomposition strategy. Common approach in the literature is to separate variables of
global problem associated with different decisions into easier problems. However, in
our case, we further extend variable space of the original problem (i.e., [MTSP—CA])
by introducing new set of variables (Q;;) and integrate them with Z;;; variables
in the master problem. This integration utilizes Z;j;; and Q);; variables such that
the former allows modeling various problem constraints, as we described for QCAP
while the latter ensures Properties 1 and 2 without expensive constraints (2.4) and
(2.5) and also allows us to provide a relaxation for capacity constraint (2.2). The
solution approach we proposed in this section provides a flexible framework such that
various features of QCAP such as machine unavailability, contiguous assignments,

and uniform machines can be implemented straightforwardly.
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2.4.2 Contiguous Assignments Constraint

In a schedule constructed with contiguous assignment, indices of the machines as-
signed to a task must be a sequence of consecutive numbers (Bladek et al., 2014).
Common applications of this case are assignment of check-in desks to flights in air-
ports and assignments of quay cranes to container vessels in maritime terminals where
non-contiguous assignments often generate infeasible solutions since quay cranes are
operating on the same rail track (Bierwirth and Meisel, 2010). By utilizing the abil-
ity of the proposed approach to capture specific task to machine assignments, we
can develop a more compact contiguous assignment constraint than enumerating all

non-contiguous assignments. We define new sets and parameters as follows.

S1 set of all combinations of possible machine assignments for each task,
So set of contiguous machine assignments for each task,
S set of all non-contiguous machine assignments, i.e., S = 5;/.955.

As we mentioned within the MIP formulation of the problem, the straightforward
approach would be to enumerate all non-contiguous assignments and then to forbid
the existence of any of them in a schedule. For |K| total number of machines, num-
ber of elements are ), (lfl) and \K\(@) + |K| (ie., ]K](@)) for S and Sy,
respectively. For each element in set S, constraint (2.17) restricts a non-contiguous
assignment by taking the number of total machines in such an assignment into ac-

count.

D00 Zigpe < lul -1 Vi,Vu e S (2.17)

i jeu t
By this constraint, we restrict the cases where a task is assigned to |u| total machines
if each of these machines is an element of u. For example assume that total of five
machines are located in sequence of 1, 2, 3,4, 5. Then u = {1,2,5} € S with |u| = 3.

Constraint (2.17) states that if any task 7 assigned to total of three machines, then
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these machines cannot be 1, 2, and 5.

Alternatively, we take the advantage of the observation that all non-contiguous ma-
chine assignments can be restricted with a significantly lesser number of constraints
compared to enumerating all non-contiguous assignments. In this approach, we need
to check for non-contiguous assignments by considering machines two by two implic-
itly, without checking all 2-combinations of the machine set. Let us investigate this
approach for |K|=4, in details. For machines (1,4), we need to check for total num-
ber of machines 2 and 3. That is, there are two constraints for each task, and more
specifically, if any task ¢ is assigned to two total machines, these machines cannot
be 1 and 4. Similarly, if any task ¢ is assigned to three total machines, two of these
machines cannot be machines 1 and 4 at the same time because whatever the third
machine assigned to task 4, this will be a non-contiguous assignment. For (1,3) and
(2,4), we need to check for total number of machines 2. So, there is one constraint for
each of them. For (1,2), (2,3) and (3,4), there is no such case. As a result, for |K|=4,
we need to restrict four assignments for each task by the proposed approach. By the
same way, for |K|=5, we obtain this number as 10. We generalize these restrictions

for MTSP with specific assignments formulation with the following constraint.

Zijit + Zigir < 1 Vi, Vi, k, YtV € {2,...,(k—7)}: kE>j+1 (2.18)

Even though the total number of non-contiguous machine assignments grows expo-
nentially with the number of machines |K|, by this approach, we can restrict all

non-contiguous assignment by using a relatively small number of constraints.

K|(|K|+1
KUK o

Proposition 7. In an instance with |K| machines, there are 21%1-1-

contiguous machine assignments for each task. At the same time, we can restrict all

(IKI°=3|K|*+2|K])
6

possible non-contiguous assignments by considering assignments.

Proof. We previously explained the derivation of the number of non-contiguous ma-

chine assignments. By observation, we can calculate that the number of assignments

required to be restricted by the proposed approach is Z‘k@l— “k+ Zl,fil_ k-4
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S k+>,_, kfor |[K| >5 total machines. That is, (K_Q)Q(K_l) + (K_3)2(K_2) +- 4+

@6 4 % which equals leg_l MZKHH) After some simplifications we obtain

2
3 2
(IK[°-3|K P +2|K)) o

6 .

Table 2.1 shows that constraint (2.18) has a significant advantage over the enumer-
ation based constraint especially when |K| is getting larger, since the number of

restricted assignments by the proposed constraint has polynomial growth.

Table 2.1: Comparison of two different contiguous assignments constraints

|K| Enumeration Proposed

3 1 1
4 5 4
5) 16 10
6 42 20
7 99 35
8 219 96
9 466 84
10 968 120
15 32647 455
20 1048365 1140

Example for the proposed LBBD

In the following, we present the execution of LBBD algorithm with proposed Benders
cut iteration-by-iteration. It is the instance 9th of 20 tasks 6 machines instances with
pa € [20,60] and speed-up function f.

Given an instance, tasks ¢ and 7 are symmetric if p; = p;l and w; = w;. Symmetric
tasks can be swapped in SOLUTIONy;p) without affecting the rest of the schedule.

In that case, additional cuts that contain these symmetric solutions must be added
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to the master problem as well. This instance, however, does not contain symmetric
tasks and takes 94 iterations to solve (~55 minutes) with nogoods cuts, while it can
be solved with just 8 iterations (~2 minutes) with the proposed Benders cut.

As a side note, if we add this contiguous assignments constraint directly to the
hybrid formulation rather than to the subproblem of LBBD, it cannot be solved within
even 5 hours of time-limit. This result shows the significance of the decomposition.
In Table 2.2, we present all iterations of LBBD with the proposed cut.

As can be observed, the proposed Benders cut identifies that almost half of the
tasks in the optimal solutions of master problem are independent of the subset of the
tasks that causes infeasibility. That is, removing these tasks cannot eliminate the
infeasibility, so we can derive a valid Benders cut without taking them into account.
Note that the proposed cut removes larger portion of feasible space of master problem
compared to nogood cuts. Such a strengthening helps the algorithm to find the

optimal solution within significantly lesser number of iterations.

2.5 Extensions

2.5.1 Machine Availability

In this extension of the problem, we take into account that some machines may have
limited availability over the planning period (Meisel, 2011, Schmidt, 2000). We define
the following parameters associated with unavailability and add constraints (2.19) and

(2.20) to the master problem.

o f;: parameter that indicates the unavailability of machine j at time period ¢. It

has a value of 1 if machine j is available at time ¢, 0 otherwise.

e v; parameter that represents the number of available machines at time ¢, i.e.,

Uy = Zj fjt'
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Table 2.2: LBBD iterations for an instance with |.J|=20 and |K|=6

iteration

Master Problem: z*=6870 Subproblem: infeasible
Proposed Cut: CutSet;={(6,2,44),(20,2,40), (10,2,37), (9,2,19), (13,1,13),
(18,1,15), (14,1,13), (4,1,15), (16,2,1), (1,2,1), (17,2,1)} and |CutSet;|=11

Master Problem: z*=6870 Subproblem: infeasible
Proposed Cut: CutSety={(6,2,40), (20,2,44), (10,2,37), (9,2,19), (13,1,13),
(18,1,15), (14,1,13), (4,1,15), (16,2,1), (1,2,1), (17,2,1)} and |CutSets|=11

Master Problem: z*=6871 Subproblem: infeasible
Proposed Cut: CutSet3={(6,2,44), (10,2,37), (20,2,37), (9,2,19), (13,1,13),
(18,1,15), (14,1,13), (4,1,15), (16,2,1), (1,2,1), (17,2,1)} and |CutSets|=11

Master Problem: z*=6871 Subproblem: infeasible
Proposed Cut: CutSety={(6,2,44), (10,2,37), (9,2,19), (13,1,13), (18,1,15),
(14,1,13), (4,1,15), (16,2,1), (1,2,1), (17,2,1)} and |CutSets|=10

Master Problem: z*=6872 Subproblem: infeasible
Proposed Cut: CutSets;={(6,2,44), (20,2,40), (10,2,37), (9,2,19), (13,1,13),
(18,1,16), (14,1,13), (4,1,15), (16,2,1), (1,2,1), (17,2,1)} and |CutSets|=11

Master Problem: z*= 6873 Subproblem: infeasible
Proposed Cut: CutSets={(6,2,37), (20,2,44), (10,2,40), (9,2,19), (13,1,13),
(18,1,15), (14,1,13), (4,1,15), (16,2,1), (1,2,1), (17,2,1)} and |CutSets|=10

Master Problem: z*=6873 Subproblem: infeasible
Proposed Cut: CutSet:={(6,2,37), (15,2,44), (10,2,40), (9,2,19), (13,1,13),
(18,1,15), (14,1,13), (4,1,15), (16,2,1), (1,2,1), (17,2,1)} and |CutSet7|=11

Master Problem: z*=6877 subproblem = feasible & optimal
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t
Z Z Z Zijis =0 ViVt fii =0 (2.19)
) l

s=maz(1l,t—p;;+1)

t
Y > Qu<w Vt (2.20)
i l

s=maz(1l,t—p;;+1)

Constraint (2.19) restricts the cases in which machine j processes task ¢ in one of
its unavailable periods. We are able to model this extension without using capacity
constraint with Z;;; variables that checks capacity for each machine, even though
the number of available machines changes over time: since constraint (2.19) does not
allow processing of task while machines are unavailable, we can keep track of total
capacity usage at any time with a capacity constraint that has a time dependent
right-hand-side (v;). We add constraint (2.19) to the subproblem as well.

Assuming contiguous assignments of machines, unavailability of machines during
the planning period can further limit the distribution of QCs to vessels. For example,
consider a terminal with 5 QCs, and QC 2 is unavailable within time interval [¢;,t5].
If we assign 2 QCs to each of two vessels during that interval, then we can satisfy
constraints (2.19) and (2.20). However, the subproblem turns out to be infeasible
because of the contiguous assignment constraint: given the solution to the master
problem, even though there are 4 total QCs available during [t1, ], there is no feasible
distribution because of the position of unavailable machine. We can propose the

following valid inequality to prevent such a situation in the master problem:

oY Qu<i Vit € [t t] (2.21)

t  h=maz(l,t—p;;+1)
This valid inequality depends on the terminal configuration. Hence, we need to

investigate the configuration and manually add this constraint.
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2.5.2 Unaiform Machines

Up to this point, we assume that all machines are identical; that is, they have the
same processing rate. Scheduling with identical machines has a large applicability
(Belouadah and Potts, 1991) since machines often tend to have similar processing
speeds in many environments. At the same time, there are lots of cases in which there
are machines with different processing capabilities in parallel (Li and Yang, 2009).

There are two types of non-identical machine scheduling problems in the literature:

e Unrelated machines: processing time of a task depends on the machine (Vrede-

veld and Hurkens, 2002).

e Uniform machines: each machine has processing rate (speed) and processing
time of a task is proportional to processing rate of machine that it is assigned

(Azizoglu and Kirca, 1999).

In this extension, we consider the uniform machine environment (Azizoglu and
Kirca, 1999) and study the following variant of the problem: Each machine has a
different processing rate and a task can be assigned to more than one machine. Pro-
cessing time of a task then depends on the total processing rate of assigned machines,
rather than the total number of them.

An example can be given as quay crane assignment and/or quay crane scheduling
problem. Legato et al. (2013) study quay crane scheduling problem with the assump-
tion of quay cranes having different processing rates. Their motivation comes from
the fact that processing time of a task often depends on the particular crane, as it
is affected by the experience of crane drivers. It is also possible that a terminal can
have different types of quay cranes on the same rail track, such as cranes with single
lift and twin lift. For this reason, we can claim that the handling time of a vessel also
depends on the processing rates of assigned quay cranes.

For the mathematical formulation, we modify the definition of [ index of Z;;;; and

Qi variables: the [ index still determines processing time of a task, however, this
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time it stands for a total processing rate of assigned machines. Let s; to be the
processing rate of machine j. The corresponding mathematical formulation for the

master problem is given as follows.

minimize Z Z Z Z(t + pi)wiS; Ziji/!
i 1t

subject to:

DD s/l =1 Vi (2.22)

> 85 Ziu = 1Quy Vi, VI, vt (2.23)

J

2.0, D Q< Z Sj Vit (2.24)

I h=maz(1l,t—p;+1)

Zijie € {0,1}, Qur € {0, 1} Vi, V3, VI,V (2.25)

We first modify the objective function, assignment, and linking constraints with
respect to new definition of variables. By this way, we can relate processing time of
each task with the total processing rate of assigned machines. Consider an instance
with one task and 2 machines. Machine 1 is two times faster than machine 2, therefore
we can claim that s; equals to 2 and 1, respectively, without loss of generality. Now
consider the assignment constraint with this instance: Zj131/3 + Z1931/3 = 2/3. The
reason is obvious: in this extension, [ index stands for total rate (speed) of assigned
machines, rather than the total number of them and we need to incorporate processing
speed of each machine with this constraint. To accomplish that, we multiply each
element of left-hand-side of constraint with s;: s1Z1131/3 + s2Z1231/3, and it follows
that (2.1)/3 + (1.1)/3 = 1. The same modification is also needed for objective function

and linking constraint.
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Furthermore, we need to revisit capacity constraint. Constraint (2.24) simply
ensures that total processing rate usage must be less than the total processing rate
of machines (}_; s;), rather than the total number of machines (|K[).

For the subproblem, we need to make the same modification on assignment con-
straint to interpret machines with different processing rates. In addition to that, con-
tiguous assignment constraint (2.18) needs to be modified because of the existence of
machines with s; > 1. We define additional processing rate of a machine j as s; — 1,
by assuming base processing rate to be 1. Then, the expression Zf/ _j s;- —(k—j+1)
stands for the amount of total additional processing rate from machines j to k, k > j.
The following constraint then ensures contiguous assignments of machines within the

environment of uniform machines.
Zijit + Zigie < 1

k
Vi, Vi VENVENL € (2, (k= §)+ > sy — (k—j+1)  k>j (2.26)
i'=i

For example, assume that machine 1 is two times faster than machines 2 and
3, i.e., s1=2, so=s3=1. Then, we should also restrict the case in which machines 1
and 3 are assigned to the same task and to total processing rate of 3 in addition
to 2. Otherwise, we could mistakenly assign machines 1 and 3 to a same task and
total processing rate of 3 by disregarding the existence of in-between machine. In
other words, if machines 1 and 3 are assigned to same machine, then they cannot be
assigned to any total processing rate less than 4, by considering not only the presence

of machine 2, but also the fact that processing rate of machine 1 being 2.
Proposition 6 suggests that LBBD algorithm for MTSP without contiguous as-
signments is guaranteed to be solved within the first iteration. Unfortunately, it does
not hold for any of the extensions/properties when we consider QCAP environment
because all other constraints need to be implemented together with contiguous as-
signments of machines. Moreover, in LBBD, it is important to embed a relaxation
of the subproblem in the master problem (Hooker, 2007). Thus, we can eliminate

some of the solutions that do not satisfy the subproblem by adding the following
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valid inequalities to the master problem.

o “Total number of vessels that are being serviced at any time must be less than

or equal to the total number of QQCs.”

t
>0, 2. Qu<lK| vt (2.27)
i 1 h=maz(l,t—py+1)

o “Total number vessels that are assigned to a total processing rate of one must
be less than total number of (QCs with sj=1."” We only add this constraint to
master problem if an infeasibility found at the first iteration because we observe
that it does not affect the result of the first iteration while increasing solution
time significantly. However, if an infeasibility is found, then it decreases the

number of iterations.

t

o> Qus D s Wt (2.28)

i h=maz(1,t—p;1+1) jisj=
o “Some combinations of total processing rates cannot be assigned to vessels at the
same time.” In container terminals, cranes with the same processing rate are
located adjacently rather than arbitrarily. This makes simultaneous existence
of some combinations of odd numbered total processing rates infeasible even
it satisfies all other constraints. We should investigate terminal setting and

manually add such constraints to the master problem.

For example, consider a terminal with 6 QCs with respective processing rates
of 2,2, 2 1,1, and 1. In such a setting, we cannot assign two vessels with 3
total processing rate each, if they overlap in time. Even if it satisfies constraints
(2.22), (2.23) and (2.24), there are only two possible assignments that result in
total processing rate of 3, {QC 3, QC 4} and {QC 4, QC 5, QC 6}, which both
require QC 4. Therefore, we should add the following constraint.

Z Z Qizn <1 vt (2.29)

t  h=maz(l,t—p;3+1)
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2.5.3 Other Objective Functions

In container terminals, different objectives are considered for operational problems
by the terminal management (Bierwirth and Meisel, 2010). One advantage of the
proposed solution technique is the flexibility to model different objective functions
since it is developed based on mathematical programming.

In this chapter, we consider the objective of minimizing total weighted comple-
tion times of all vessels. A special case of this objective function, minimizing total
completion times of vessels, can be simply derived by setting weight as 1 for all ves-
sels. Another objective function which is frequently considered in the literature is
to minimize makespan, i.e., minimizing the maximum completion time. Let ()., be
a continuous decision variable. Then, we add constraints (2.30) and (2.31) to the

master problem.
Coaz = Y>> (t+pa) Zijue/1 Vi (2.30)
i1t

Crnaz = (Z min(pal))/| K| (2.31)

The objective function should be modified as minimization of C,,,,. Constraint
(2.30) ensures that the value of makespan to be greater than or equal to the completion
time of each task. When considered together with the objective function, it is equal to
the largest completion time. In contrast to the problem with total completion times
objectives, the LP relaxation is not tight for this objective. That is why we introduce
preemptive lower bound by constraint (2.31).

In computational experiments section, we test the performance of the proposed
approach with these two objective functions, in addition to minimizing total weighted
completion times of vessels. Other objective functions such as minimization of ear-
liness/tardiness, total tardiness, and number of late jobs can also be implemented

within the proposed LBBD straightforwardly.
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2.5.4 Application to Detailed QCAP

Recall that we represent QCAP as a variant of MTSP in which contiguous assignments
of QCs are considered because MTSP allows modeling of handling time of a vessel
which depends on the number of assigned QCs. In any container terminal, QCs
are located on the same rail track, and we ensure this via contiguous assignments
constraint. Moreover, we consider an extended formulation of MTSP with specific
task to machine assignments to be able to implement various properties of QCAP.
In the following, we introduce a detailed QCAP by utilizing the methods we
previously presented: we determine specific QC to vessel assignments and schedules,
while considering different vessel classes, tidal time windows, QC maintenance, and
QCs with different processing rates. Up to date, the literature studied QCAP without
considering any of these properties. The flexibility obtained by specifying assignments
allows us to formulate this detailed problem. In this application, there are |J| vessels
and |K| QCs, and each vessel i have total workload of p;; given in time units of hours.

Other properties as well as assumptions of the problem are listed as follows:
e There are three different classes of vessels: Feeder, Medium, Jumbo.

e There are | R| tidal time periods, and a vessel can only depart during a high tide.

Start and end times for each of these periods are represented as (b,,e,), r =

,...,|R|}.

e Number of QCs to handle a vessel is pre-specified between a lower bound 9, and

an upper bound 9;, based on the class of this vessel.

e As they have twin-lifts, Some QCs are two times faster (s; = 2) than others

(s; =1).

e Let M be the set of QCs that require maintenance in the planning period,
M C K. Then maintenance period for QC j is defined as (mb;, me;), if j € M.
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The literature mostly addresses time-invariant QCAP together with berth allocation
decisions. Even though we do not specify exact berthing position in the proposed
model (as in Blazewicz et al., 2011), it can be derived from the solution to QCAP.
That is, we consider contiguous assignments of QCs, thus we obtain relative positions
of vessels over berth as well as predefined minimum and maximum QCs to handle
each vessel by considering its size. Also note that, in the literature, the decision made
for specific berthing positions are commonly used to determine the handling time of
vessels based on the availability of QCs on that position (Imai, 2001). Therefore,
it can be ignored as we already determine specific QCs to handle each vessel. This
argument on the derivation of the berth allocation plan is only valid if the length of
the berth area is not very limited for the number of available QCs. If not, we can
consider extending the master problem of LBBD-MTSP with a constraint that limits

the total length of vessels that moor at the same time.

2.6 Computational Experiments for LBBD-MTSP

We design a set of computational experiments to evaluate the performance of the
proposed LBBD for MTSP with contiguous assignments, its extensions, and appli-
cation to QCAP. In container terminals, QCs operate on the same rail track, thus
they cannot cross each other. When we increase the total number of QCs assigned
to a vessel, cranes are more likely to interfere with each other, causing a decrease in
their marginal productivity. This relation can be captured by interference exponent
, such that f7 = [* (Meisel and Bierwirth, 2009) In this study, we set « as 0.85
in line with the literature. In addition, we perform tests with a logaritmic speed up
function (f} = log; 75(I + 0.75)). Table 2.3 presents corresponding speed up factors,
processing times, and total work to be performed by all machines for f! and f?. For
example, by assuming f', if we process this task with 4 machines, time required for
its processing reduces from 60 to 22, while total work to be performed by all machines
increases from 60 to 88. Clearly, f; tends to lose more workforce when [ increases

compared to f? .
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Table 2.3: Comparison of speed up functions f' and (f?) for p;;=60

l 1 2 3 4 ) 6 7 8 9 10

fi 1(1) 1.81(1.81) 2.36 (2.54) 2.78 (3.25) 3.13 (3.93) 3.41 (4.59) 3.66 (5.23) 3.88 (5.86) 4.07 (6.47) 4.24 (7.08)
pi 60 (60) 34 (34)  26(24)  22(19)  20(16) 18 (14)  17(12) 16 (11) 15 (10) 15 (9)
Lpy 60 (60) 68 (68) 78 (72) 88 (76) 100 (80) 108 (84) 119 (84) 128 (88) 135 (90) 150 (90)

The size of time-indexed models grows exponentially as maximum processing time
Pmae increases (Sousa and Wolsey, 1992). To see the effect of p,.. on the solution
performance, we uniformly select p;; from two different intervals, [10,30] and [20,60].
For each interval, 20 different instance sizes are considered with |J|=20, 25, 30, 35, 40
and |K|=4, 6, 8, 10. For each instance size, we generate 10 random instances. Without
loss of generality, we set the maximum total number of machines that can process a
task (0;) as | K|/2. We set the length of the planning period as |T'| = [pmaz(|J]/|K])]
and set time limit as one hour.

If there are different types of QCs in a container terminal, then QCs of the same
type are placed adjacently on the rail track. Accordingly, to test QCAP with uniform
machines, we assume that processing rates of QCs with first |K|/2 indices are twice
as high as those of other QCs. For unavailability of QCs, we consider two different
patterns. First, we assume that machines with the first two indices are unavailable
within time interval [1,30]. Second, we test the proposed approach by assuming the
unavailability of QC |K|/2 within [31,60]. Note that unavailable QCs are simply
located at leftmost of rail track in the first pattern while the latter restricts more QC
to vessel assignments since unavailable QC is located between others. We test these
properties of QCAP by assuming speed up function f7 as well as processing times are
generated from interval of [20,60].

For the application of detailed QCAP, in line with literature (Meisel and Bierwirth,
2009), we assume that 60% of vessels belong to class Feeder, 30% of them belong

to class Medium, and 10% of them belong to class Jumbo. The interval in which
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processing times of vessels is uniformly determined and min-max QC requirements
for each class are presented in Table 2.4. The schedule for tidal periods is derived
from the Port of Newcastle, Australia. We also assume that processing rates of QCs
1 and 2 are two times faster than other QCs, and QC 5 has a planned maintenance
within time interval [31,60]. We test this problem for 20, 25, and 30 vessels with total

10 QCs for a planning period of a week (]7']=168 hours).

Table 2.4: Parameters for QCAP

Dii

Type [
(hours)

Feeder  [5,15] 1 2

Medium [15,50] 2 4

Jumbo  [50,65] 4 6

Initially, we test MIP formulation of MTSP with contiguous assignments [MT'SP—
C'A]. We observe out of memory error at the root node in all instances, even without
contiguous assignments constraint. It is mainly due to the constraints (2.4) and (2.5)
that address two unique properties associated with Z;;; variables. As we have shown
in Section 2.2, these constraints can be removed by hybridizing [MTSP — C A] with
Qi variables. The resulting hybrid formulation demands much less memory compared
to [MTSP — CA] but still has a limited performance because of the existence of
capacity constraint for each machine. That is, it can solve up to 25 tasks instances
with 4 machines, 20 tasks instances with 6 machines.

Results suggests that the proposed LBBD for MTSP with contiguous assignments
solves most of the instances to the optimality at the first iteration while only a few
instances require cut(s). This means that the most important determinant of the
performance of the proposed method is its master problem. For this reason, we

disregard contiguous assignment constraint in the following experiment and evaluate
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the performance of the algorithm with different speed up functions and processing
time intervals. By Proposition 6, it is guaranteed to have an optimal solution at the
first iteration.

In Tables 2.5 and 2.6, we present results of the experiments for the proposed LBBD
for MTSP with specific assignments. For each instance size, we list:

() total number of instances solved to optimality within the time limit,

(17) average percentage deviation between the objective value of LP relaxation and
optimal solution value, and

(i7i) average solution time in seconds.

We also list (iv) average percentage deviation of the optimal solution value from
the optimal value of the corresponding parallel machine scheduling problem, which
indicates the advantage obtained by being able to process a task with multiple ma-
chines simultaneously. The subproblem is solved in less than two tenths of a second
for all instances, hence we included it into solution time (7i7).

Table 2.5 presents results for the experiments with the proposed LBBD for MTSP
with specific assignments for both speed up functions when p;; is selected within
interval of [10,30]. All instances are solved to the optimality with an average solution
time of 16 and 74 seconds approximately, and the average percent deviation between
the values of LP relaxation and the optimal solution are 0.17 % and 0.24% for speed
up functions f! and f?, respectively. Similarly, Table 2.6 presents the result for p;; €
[20,60]. All instances are solved to optimality with an average of 56 seconds with f;.
With f2, 189 out of 200 instances are solved to the optimality within the time limit
while the average solution time is jumped to 569 seconds. The average deviation
between the values of LP relaxation and the optimal solution is almost identical
with those observed for p;; € [10,30]. For 11 instances in which solution process is
terminated by the time limit, the average optimality gap is observed as 0.32%.

One important result from Tables 2.5 and 2.6 is the solution time differences be-
tween speed up functions. The reason can be explained as follows: f? provides faster

processing times (and less total work to be performed by all assigned machines) as



o4

Chapter 2: Quay Crane Assignment Problem

Table 2.5: Results of LBBD-MTSP with p;; € [10, 30]

K|

4

10

|71

20
25
30
35
40

20
25
30
35
40

20
25
30
35
40

20
25
30
35
40

Logarithmic (f)

Exponential (f?)

(¢) i) (iid) (iv) (i) (i) (i) (iv)
10 0.16 24 1.75 10 0.13 1.8 1.75
10 0.10 7.2 1.16 10 0.09 3.5 1.16
10 0.04 9.7 0.70 10 0.04 53 0.70
10 0.03 124 041 10 0.03 8.0 041
10 0.02 15.7 0.33 10 0.02 13.0 0.33

avg. 0.07 9.5 087 avg. 0.06 6.3 0.87
10 0.42 4.0 4.66 10 0.45 4.1 5.51
10 0.23 10.3 3.06 10 026 74 3.56
10 0.13 11.6 2.04 10 0.23 20.7 2.35
10 0.09 21.1 1.38 10 0.12 33.5 1.55
10 0.04 39.2 0.99 10 0.06 574 1.12

avg. 0.18 172 243 avg. 022 246 2.82
10 0.28 3.7 8.70 10 043 7.0 11.05
10 0.29 6.9 5.73 10 0.39 16.7 7.19
10 0.26 13.5 3.83 10 0.31 822 491
10 0.19 29.9 3.01 10 0.22 80.8 3.91
10 0.08 30.1 2.08 10 0.15 186.7 2.68

avg. 0.22 16.8 4.67 avg. 030 74.7 5.95
10 0.36 4.8 11.16 10 0.52 14.8 15.02
10 0.23 8.3 8.98 10 0.54 33.2 12.09
10 0.23 27.0 6.27 10 0.38 101.6 8.55
10 0.19 25.9 4.87 10 0.30 171.2 6.37
10 0.12 41.3 3.58 10 0.20 625.8 4.54

avg. 0.23 215 697 avg. 0.39 189.3 9.31
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Table 2.6: Results of LBBD-MTSP with p;; € [20, 60]

K|

10

|71

20
25
30
35
40

20
25
30
35
40

20
25
30
35
40

20
25
30
35
40

Logarithmic (f;')

Exponential (f?)

(@) (@) (@) (o) () (@) (i) (iv)
10 0.19 6.6 232 10 0.18 6.0 2.27
10 0.16 174 1.38 10 0.16 14.6 1.25
10 0.06 232 093 10 0.06 21.8 087
10 0.04 523 066 10 0.04 53.7 0.61
10 0.02 121.0 041 10 0.02 131.7 0.38

0.10 44.1 1.14 0.09 45.62 1.08
10 0.24 71 6.70 10 0.34 10.7 7.6
10 0.21 187 4.08 10 0.30 63.2 4.46
10 0.18 425 266 10 0.19 1443 2.92
10 0.10 69.2 199 10 0.14 3955 2.07
10 0.06 1475 1.29 10 0.08 929.6 1.33

0.16 57.0 3.35 0.21 308.65 3.69
10 0.14 5.9 10.78 10 0.50 22.5 13.01
10 020 16.8 7.13 10 0.38 102.8 8.50
10 0.19 53.1 5.15 10 0.24 365.7 6.01
10 0.16 85.2 3.60 9 0.25 916.8 4.11
10 0.14 2094 3.83 9 0.16 16934 3.21

0.16 74.1 5.90 0.31 620.2 6.97
10 0.25 74 1392 10 0.56 46.4 17.36
10 0.14 20.8 1046 10 0.46 317.6 12.81
10 0.19 372 8.13 9 0.40 1377.7 10.07
10 0.15 76.1 6.11 6 0.25 2148.7 7.16
10 0.14 100.7 4.74 6 0.23 2626.9 5.48

0.17 48.4 8.67 0.38 1303.5 10.58
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total number of assigned machines increases compared to f}!, so it is harder to elimi-
nate nodes in the search tree. As a result, we need to investigate significantly higher
number of nodes to find an optimal solution. These tables also show the advantage
obtained by being able to process tasks by more than one machine compared to par-
allel machine scheduling in which tasks are processed by one and only one machine.
Results indicates that such an advantage increases as the ratio of number of tasks
to number of machines (|J|/|K]) decreases as it allows processing of tasks by more
machines.

We use the same set of instances with p;; € [20,60] and f? to test the proposed
method with different objective functions: total completion times and makespan min-
imization. Table 2.7 shows that we can solve lesser number of instances with10 ma-
chines to optimality with total completion times objective compared to its weighted
version, even though the former has a tighter LP relaxation on average. One possi-
bility for such a behavior could be the number of symmetric task pairs. When we
disregard the weights of tasks, number of symmetric task pairs increases and we might
need to explore a larger portion of the search tree. For makespan minimization ob-
jective, we solve all 200 instances to optimality within the time limit while observing
a smaller increase in solution time as the instance size increases. For example, if we
consider makespan minimization, average solution time is 255.8 seconds for instances
with four machines and it only increases to 525.1 seconds for instances with 10 ma-
chines. On the other hand, for total weighted completion time minimization objective,
solution time increases from 45.5 to 1291 seconds for the same set of instances. Based
on these results, we can claim that the proposed approach can cope with different
objective effectively.

For MTSP with contiguous assignments 195 (out of 200) and 186 (out of 189)
instances are solved to optimality in the first iteration of the LBBD for speed up
functions f; and f?, respectively. For these instances, solution times are approxi-
mately same with those presented in Table 2.6 because master problems of LBBD for

MTSP with/without contiguous assignments are identical, and subproblems for all
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Table 2.7: Results of LBBD-MTSP for different objective functions

K|

10

|71

20
25
30
35
40

20
25
30
35
40

20
25
30
35
40

25
30
35
40

T.W.C.T. T.C.T. Makespan
O @) G 0 @ ) 0 @
10 0.18 6.0 10 0.07 5.7 10 0 12.8
10 0.16 14.6 10 0.03 82 10 0 634
10 0.06 220 10 0.02 17.8 10 0 2025
10 0.04 538 10 0.01 204 10 0 335.6
10 0.02 1309 10 0.01 147.0 10 0 664.91

0.09 455 0.03  39.8 0 2558
10 0.34 11.2 10 0.33 284 10 0 13.9
10 030 629 10 0.18 82.2 10 0 1024
10 0.19 146.9 10 0.05 150.1 10 0 319.8
10 0.14 394.0 9 0.11 621.1 10 0 4284
10 0.08 936.3 10 0.07 615.2 10 0 1635.8

0.21 310.3 0.15 299.4 0 500.1
10 0.50 23,5 10 0.43 54.0 10 1.00 41.3
10 037 1385 10 0.29 2389 10 0.08 118.1
10 0.25 7540 10 0.21 865.1 10 0 324.0
9 025 911.7 10 0.10 677.9 10 0 581.1
9 0.16 1695.8 10 0.09 1110.8 10 0 1432.6

704.7 0.22  589.3 0.22  499.1
10 0.56 443 10 0.51 256.5 10 1.98  45.2
10 0.46 311.0 10 0.33 603.3 10 1.07  94.0

9 0.40 1319.3 7 0.22 1490.6 10 0.08 442.0
6 0.25 2146.0 4 0.18 2153.2 10 0 1052.8
6 0.23 2635.5 3 0.28 23722 10 0 991.6

0.38 1291.2 0.31 1375.2 0.62 525.1
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instances are still solved within two tenths of a second, despite containing an addi-
tional constraint for contiguous assignments. Results of other instances that cannot
be solved in the first iteration are presented in Tables 2.8 and 2.9 for f} and f7, re-
spectively. For each instance, we present optimal values at the first iteration and the
last iteration, number of cuts, and solution times for LBBD algorithm with nogood
cuts and the proposed Benders cuts.

With speed up function f!', our proposed cut is equal to nogood cut with sym-
metry elimination in three of these five instances, as the infeasibility is eliminated by
removing the task which has the largest completion time in the optimal solution to
the master problem. By considering symmetric task pairs within a nogood cut, we
can reduce the number of total number of required iterations up to 2" times where
n denotes the number of symmetric task pairs in a problem instance. Otherwise, the
algorithm requires an iteration for each symmetric solution.

In two remaining instances, proposed Benders cut identifies that infeasibility is
caused by a considerably smaller subset of all variables that take the value of 1 in
optimal solution. For the instance with 20 tasks - 6 machines that has no symmetric
task pairs, 94 nogood cuts are required, while it can be solved with only 7 proposed
Benders cuts. In another instance with 35 tasks - 10 machines that has one symmetric
task pair, 53 proposed Benders cuts are required to solve the instance to optimality,
while 267 nogood cuts with symmetry elimination are not enough to solve the in-
stance to optimality even within the extended time-limit of five hours. Excluding
this instance, we observe that the proposed cut shortens the average solution times
by approximately 8 times compared to nogood cuts. It is also worth mentioning that
any of these five instances cannot be solved by the hybrid formulation within five
hours. On the other hand, proposed LBBD algorithm can effectively solve this ex-
tension of the problem since five instances are solved in approximately 15 minutes on
average. That indicates the significance of the proposed decomposition. Moreover,
Table 2.9 presents similar results for speed up function f?. Based on these results,

we claim that the proposed Benders cut reduces the average number of iterations and
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the solution time significantly.

Table 2.10 presents the results of computational experiments for the application
of the LBBD-MTSP to a detailed QCAP setting. For each instance, we report the
solution performance at the first iteration. If an instance require at least one Benders
cut, then we also present the comparison of nogood and the proposed cuts in terms
of the total number of iterations and the solution time. Out of 30 total instances, we
are able to solve 28 of them to optimality within the time limit of an hour, while 17
out of these 28 instances are solved at the first iteration. In other 11 instances, we
observe a significant advantage of proposed Benders cut. Note that we extend the
limit to five hours for the tests with nogood cuts because it fails to solve most of these
11 instances within an hour.

For the instances which are solved to optimality within the respective time limits
by both types of cuts, the average number of required iterations are 65 for nogood cuts
and 10.1 for proposed cuts. This gap further increases if we consider the remaining
instances. For example, in instance 5 of 30 vessels instances, 285 iterations with
nogood cuts cannot solve the instance to optimality even within five hours. On the
other hand, we are able to solve the same instance within less than three minutes
with just 6 iterations with the proposed cut. Another example is the instance 3 of the
instances with 30 vessels. Even though LBBD with both types of cuts is terminated
by respective time limits, we observe that the proposed cut is able to increase lower
bound to 4837 within an hour, while it is just 4825 with nogood cuts after five hours.

As we mentioned earlier, the length of the planning horizon |T'| is critical for the
computational performance of time-indexed formulations. There are two factors that
define |T'|: (i) the largest processing time p,,.. and (ii) the way we set |T'|, given pyqz-

We have previously presented the impact of p,,.. for values of 30 and 60 in Tables
2.5 and 2.6, respectively. Now, we analyze the second factor, i.e. the selection of
|T|, given pp.=60. While selecting the length of the planning horizon, we deal with
the following trade-off: |T'| should be large enough to allow global optimal schedule,

however if we select it too large, then it affects the computational performance of
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Table 2.8: Results of LBBD-MTSP for the instances that require Benders cuts (f}')

LBBD LBBD
. z* end of the z* end of the
|K| — |J] — [ins]| nogood cut proposed cut
first iteration  algorithm

#its.  time #its. time

20-6-9 6870 6877 94 3300.5 7 119.0
25-6-9 10020 10020 2 20.3 2 20.5
30-10-1 8669 8671 56 1253.1 14 368.8
35-10-1 11977 11996 267 18000! 53  2587.3
40-10-9 13788 13789 14 858.2 3 1764

86.4 1358.02 15.6 171.22

I CPLEX cannot solve to optimality within the time limit

2 Average solution time of the instances solved within the time limit

Table 2.9: Results of LBBD-MTSP for the instances that require Benders cuts ( f7)

LBBD LBBD
. z* end of the z* end of the
| K| — |J] = [ins] ) ) nogood cut proposed cut
first iteration  algorithm

#its.  time #its.  time

25-8-3 6881 6883 23 3209.4 2 3425
30-8-5 10228 10231 31 18000* 6 3185.3
30-8-7 11046 11047 11 5310.0 2 1020.8

17 4260.32 2 681.62

I CPLEX cannot solve to optimality within the time limit

2 Average solution time of the instances solved within the time limit

the formulation adversely. Note that, up to now, we use an adaptive strategy such

that |T'| = [pmaz(]J]/|K])]. In the following, we perform a new set of computational
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Table 2.10: Results of LBBD-MTSP for the detailed QCAP application

First Iteration Nogood Cut Proposed Cut
|K| |J| ins. z* (i) (i) #its.  2* (iii) #its. 2" (iii)
10 20 1 2488 0.49 2.6
2 2219 0.38 2.1 243 2226 3711.1 23 2226 402.5
3 2221 0.64 2.7
4 3001 1.58 7.3 77 3006 1531.3 10 3006 199.0
5 1774 0.79 3.0
6 2968 1.53 5.9
7 2019 1.80 4.0
8 2229 1.27 3.9
9 3303 1.56 5.9
10 3677 1.75 28.1 12 3679  338.3 5 3679 134.5
2589.9 1.18 6.6 110.7 1860.2  12.7 245.3
10 25 1 3854 1.23 21.0
2 2736 0.48 3.9 5 2737 66.1 2 2737  15.1
3 2226 1.12 17.1 27 2228 1020.8 8 2228  340.0
4 3167 1.40 12.3
5 4057 1.33 8.3 239 4060 18000* 6 4061 161.7
6 2613 1.17 8.9
7 2966 0.82 6.8 28 2969  511.8 2 2969 229
8 6564 1.26 122.8 58 6571 18000" 15 6575 3600!
9 3938 1.09 11.2 23 3943 9215 15 3943 698.2
10 3403 0.87 44
3552.4 1.08 21.7 20.82 630.12 6.82 269.12
10 30 1 4325 0.71 284
2 3674 0.68 11.7
3 4819 0.62 11.4 285 4825 18000! 45 4837 3600!
4 5128 1.13 19.6 190 5132 9333.9 30 5132 1130.1
5 5114 1.06 59.7 75 5118 18000* 17 5131 2755.4
6 7520 0.59 89.5
7 7901 0.67 254.2
8 4284 0.97 43.2 27 4288  787.2 2 4288 125.1
9 6096 0.50 7.4 18 6100  290.4 4 6100 104.8
10 4111 1.27  42.6
5297.2 0.82 57.8  78.32 3470.7% 122 453.32

1 CPLEX cannot solve to optimality within the time limit

2 Average solution time of the instances solved within the time limit
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experiments by multiplying the previous |7’ value with 1.5.

In Table 2.11, we compare the new and the previous |T'| selection functions in terms
of the ratio of the largest completion time in the optimal schedule to the schedule
length (column (v)) and solution time in seconds (column (iii)).

Results show that [pma.(|/]||K])] is large enough as it does not restrict global
optimal schedules. That is, for each instance, we obtain the same optimal schedule
when testing with a larger |T'| value. At the same time, it is not unnecessarily large
because the ratio of the largest completion time in the optimal schedule to the length
of the schedule is 0.776 on average. However, the effect of the way we select the |T|
value on the average solution time is lesser compared to the effect of p,,q., as can be
observed from Tables 2.5 and 2.6. In other words, even if we set an unnecessarily large

|T| value, we do not observe a significant decrease in the computational performance.

Table 2.11: Results of LBBD-MTSP for different length of schedule (|7])

IT| = [Pmaz ({711 IT] = 1.5[pmaz({7)]

(K[ () ) (v) @) () (v)
4 50 456 0.707 50  51.0 0.477
6 50 308.7 0.747 50 422.5 0.498

8 48 620.2 0.806 47 766.9 0.538
10 41 1305.5 0.844 39 1481.2 0.553

570.0 0.776 680.4 0.517

2.7 Relationships with Other Scheduling Problems

Assume that there are n rectangular items with integer width width; and height h;,
and there is a strip of fixed width W. Then, strip packing problem is to pack all n
items into this strip without overlapping. The objective is to minimize makespan,

i.e., strip length (Lodi et al., 2002).
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We already know that multiprocessor task (MPT) scheduling problem is a special
case of MTSP in which number of machines to process each task is fixed a priori.
Moreover, MPT scheduling problem is equivalent to strip packing problem when con-
tiguous assignment of tasks are assumed. In such a case, each task can be represented
as a rectangle where number of machines required to process a task and processing
time stands for width and height of a rectangle, respectively.

An important variant of strip packing problem is the one that allows 90° rotation
of items because the nature of the problem makes the orthogonal rotation of items
possible. The resulting problem is a generalization of strip packing problem (SPP),
which is categorized as 2D SPP-RF in the literature. By investigating this relation
together with the relation between multiprocessor task scheduling and MTSP, we

identify the following relation.

Proposition 8. Strip packing problem with 90° rotations is a special case of MTSP

with contiguous assignments.

Proof. Each strip packing problem with 90° rotations can be transformed into an
equivalent MTSP with contiguous assignments instance. Assume that width; # h;
and total number of machines | K| equals strip width W. Then the following processing

time structure completes the transformation:

P = width;, 1f [ =h;
o0, otherwise

[]

Furthermore, the methods we developed allow modeling different types of prop-
erties of SPP. The literature on the subject assumes that whole strip is available.
However, there may be defects on the strip or parts of the strip may be cut previ-
ously to fulfill some urgent orders. Hence, it might be the case that strip may not be
completely available. We can model this extension of strip packing problem with 90°

rotations by simply adding time windows constraints that we developed.
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Integrated problem of audit project scheduling and staffing is a variant of multi-
mode RCPSP (Fernandes-Viagas and Framinan, 2014). In this problem, processing
time of an audit task depends on the number of auditors assigned to this task, and
auditors need to have some certain skills/qualifications to be assigned to a specific
audit tasks. Such a problem can be coped with the proposed LBBD, if we extend it
with an eligibility constraint. Since our MTSP formulation specifies task to machine

assignments, we can easily eliminate non-eligible audit task to auditor assignments.

2.8 Conclusion

In quay crane assignment problem (QCAP), we allocate quay cranes to perform un-
loading and loading operations of container vessels. A solution to QCAP is one of the
major factors that determine efficiency of maritime terminals (Bierwirth and Meisel,
2010). In QCAP, handling time of a vessel depends on the number of quay cranes
assigned, and its handling time reduces as this number increases. However, the re-
lation between the number of cranes and the handling time is not linear because of
crane interference. As Blazewicz et al. (2011) suggest that moldable task scheduling
problem (MTSP) provides a basis for capturing these features, we model QCAP as a
MTSP with contiguous assignments of machines.

By considering various features of QCAP, we study an extended mathematical
formulation of MTSP. Differently from the literature, this formulation tracks specific
task to machine assignment information. We develop a time-indexed formulation
which can only solve small instances to optimality because of the computationally
expensive constraints. For this reason, we hybridize that model by extending with an
additional set of variables and constraints. Such a hybridization allows us not only to
get rid of expensive constraints that address unique properties of initial formulation,
but also to implement LBBD by dividing the problem into master and subproblems. In
the master problem, we use two sets of variables together and ensure that the number
of machines used at any time to be less than or equal to the total number of available

machines. In the subproblem, we only consider a very limited subset of variables.
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That is, given the optimal starting times and total machine assignments for each task
determined by the master problem, we specify proper task to machine assignments by
ensuring non-overlapping of tasks on each machine as well as contiguous assignments
of machines. If the subproblem is infeasible, we add cuts to the master problem until
a feasible solution is found. Moreover, we develop strong Benders cuts by utilizing
the fact that the subproblem is very easy to solve hence it can be iteratively solved
in a short time.

The resulting solution procedure provides a generic framework that allows ap-
plying different types of properties straightforwardly. Therefore, we extend LBBD
with contiguous assignments of QCs, QC availability, and uniform QCs. Then, we
present a realistic terminal scenario in which a combination of these properties are
simultaneously considered.

Computational experiments show that the proposed approach provides a very
tight linear programming relaxation for the base case and all of the extensions. This
is the result of the novel decomposition strategy that considers all variables within
the master problem, thus we are able to estimate feasible space of the global problem
accurately. We show that we solve almost all instances of MTSP with contiguous
assignments within the first iteration of the LBBD, while approximately 20% of the
instances with uniform machines and unavailable time windows require one or more
cuts. Experiments also indicate the robustness of the proposed approach since it can

cope with a different objective and speed up functions.



Chapter 3

ALTERNATIVE SOLUTION APPROACHES TO QCAP

One limitation of this exact method proposed in Chapter 2 is the excessive com-
putational requirements for solving large problem instances, since it is based on a
time-indexed formulation. In Table 2.6, we showed that LBBD-MTSP can only solve
6 out of 10 instances with |K|=10 and |J|=35,40. While these instance sizes are suffi-
cient for the majority of real world container terminals, some mega terminals handle
larger number of vessels in a planning horizon of a day. In the following, we further

test LBBD-MTSP with larger instances to see the limits of the method.

Table 3.1: Results of LBBD-MTSP for larger instances

(&)@ ()

10 20 10 46.3

25 10 317.6
30 9 13777
35 6 2148.7
40 6 2626.9
45 1 3106.5
50 0 -

Table 3.1 shows that the performance of LBBD-MTSP in terms of the number of
instances that can be solved within the time limit of an hour drastically decreases
after |J|=40 instances. More specifically, it can only solve one instance with |J|=45
in 3106.5 seconds and cannot solve any of the instances with |J|=50.

To solve the problem instances with larger than 40 vessels, in this chapter, we
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propose methods to derive lower and upper bounds. For an upper bound, we introduce
a constraint programming model that finds near optimal solutions in a short time.
Since linear programming relaxations of time indexed formulations are known to be
very tight, we developed a column generation procedure in which pricing problem can

be solved in polynomial time.

3.1 Constraint Programming

In the following, we present a heuristic method for QCAP, namely, a constraint pro-
gramming (CP) model, to obtain near optimal solutions within a short time. We
previously modeled QCAP as a MTSP with contiguous assignment of machines. To
be able to implement such a model with CP, we first introduce a novel CP model for
MTSP with specific assignments. Then, we extend the resulting model with contigu-

ous assignments of QCs and other features of the problem.

3.1.1 CP Model for MTSP with Specific Assignments

All sets and parameters for mixed-integer programming formulation are also valid for

the proposed CP model. In addition, we introduce the following variables.

Y, an interval variable that represents the interval in which task 7 is processed

by any machine/set of machines, domain(Y;) ={1,...,|T|},

Xi; an optional interval variable that represents the interval in which task i is
processed by machine j, domain(X,;) ={1,...,|T|},
7, an integer variable that defines total number of machines assigned to task

i, domain(Z;) ={1,...,|K|/2}.
We then present a novel CP model for MTSP with specific assignments as follows.

minimize Z wiend(Y;)

subject to:

alternative(Y;, (X 4|Vj € K), Z;) Vi (3.1)
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disjunctive(X ;;|Vi € J) Vi (3.2)
end(Y;) — start(Y;) = P, 7, Vi (3.3)
span(Y;, (X;;|Vj € K)] Vi (3.4)

The objective of the model is to minimize weighted sum of completion times.
Constraint (3.1) assigns task i to Z; different machines, where Z; is an integer decision
variable that represents the number of machines assigned to task i. Previous CP
studies that consider problems involving resource allocation with alternative resources,
use alternative global constraint to assign each task to a single or fixed number of
machines. These problems include resource allocation problems, machine scheduling
problems, and multi-mode RCPSP. CP provides a very flexible modeling environment
as the number of machines that is assigned to each task can even be a decision variable.
By this way, we can obtain a more compact model for MTSP with specific task to
machine assignments.

Constraint (3.2) ensures non-overlapping of tasks that are assigned to same ma-
chine. This constraint is equivalent to capacity constraint of MIP formuation with
Zijir variables that checks capacity for each machine. So that, by solving this CP
model, we obtain a schedule with a feasible task to machine assignments without
requiring a subproblem, differently from the exact solution approach we introduced
in Chapter 2 .

One of the key characteristics of MTSP is the controllable processing times; that
is, processing time of task i depends on the total number of machines assigned to this
task. To implement this, we use another flexibility of CP modeling which allows the
fact that indices of decision variables can be decision variables. Hence, we set the
duration of Y; interval variable as P, 7., a parameter that indicates the processing
time of task ¢ when processed by Z; total machines.

Recall that MTSP with specific assignments has two unique properties from the

perspective of mathematical programming:
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e Property 1: A task that is processed by more than one machine must start
on all of these assigned machines at the same time, i.e., if j; # jo and t; # to,

then Z;; 1, and Z;j,;;, cannot take the value of 1 simultaneously.

e Property 2: A task that is processed by different machines must be assigned
to a same number of total machines, i.e., if j; # jo and [; # [y, then Z;;;,, and

Zijylot cannot take the value of 1 simultaneously.

Property 2 is simply enforced by constraint (3.1) because task ¢ can only be as-
signed to one and only one total number of machines, Z;. We model the Property
1 of MTSP with specific assignments formulation with a modeling trick, by relating
interval variables Y, X;; with each other via constraint (3.4). By this constraint, we
set the start time of task ¢ to the minimum of start times of this task on assigned

machines and set its ending time to the maximum of corresponding ending times.
Proposition 9. Constraints (3.3) and (3.4) together imply Property 1.

Proof. Assume that task i is assigned to two total machines (I = 2), which are j
and jo, and this task starts on these machines on different times ¢;<tq, respectively.
Machine j; starts processing task ¢ at ¢; and ends at ¢; + F; . Similarly, machine jo
starts processing task at time ¢, and ends at ty + P, 5. By constraint (3.4), the start
and end times of task i (activity ¢) is t; and ¢y + P, 2, respectively. Constraint (3.3)
requires the length of task to be equal to P, 5, however ¢y 4+ P, o — t; is strictly larger

than P, 5 as t;<ty. This contradicts our initial assumption. O

3.1.2 Implemention to QCAP

In previous chapter, we represent QCAP as an extension of MTSP with contiguous
assignments of machines. For this reason, in this section, we extend the CP model

with contiguous assignments.

Contiguous Assignments:
For LBBD-MTSP, we developed a compact contiguous assignments constraint that is

based on Z;j; variables. We cannot directly implement this constraint in CP because
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decision variable X;; keeps the task to machine assignment information but not the
total number of assigned machines. We can still develop a more compact constraint
compared to enumerating all non-contiguous assignments.

In this approach, for each task, we check all (j;,72) combinations of machine set
where 7; < js and ensure that if j; and js is assigned to same task, then all in-between

machines (j; < j3 < j2) must be assigned to that task as well.

presence(X;;, ) —presence(X;;,) < 1+ Z presence(Xj,)/(j2—7j1—1)
jze{ji+1,....jo—1}

Vi, Vi, g2 0 (i K[ =2)& (j2 > 51 +2) (3.5)

Uniform Machines:

Here, we assume that machines are uniform rather than identical. That is, machines
can have different processing rates but these rates do not depend on tasks. Differently
from the MIP formulation, it is not possible to modify definition of Z; index which
stands for the [ index of Z;j;; of MIP formulation because of the role of this variable
within constraint (3.1). We define new integer variable Q; which tracks the total
processing rate of machines assigned to task ¢. Then, for each task ¢, we add constraint
> S;.(presence(Xy;)) = Q; to CP model. We also need to modify constraint (3.3)

as end(Y;) — start(Y;) = P, to be able to define processing time of task i by total

processing rate of assigned machines.

Unavailable Time Windows:
We simply remove the intervals in which machine j is unavailable from the domains
of X;; variables. Let domain(Y;) = (—00,00) and machine j is unavailable within

time interval [mb;, me;]. Then, domain of X; is (—oo, mb;) U (me;, 00).

Machine Eligibility:
Let M; is a set of indices of eligible machines as we defined earlier. We modify con-

straint (3.1) as alternative(Y;, (X;|Vj € M;), Z;) where M; C K, set of all machines.
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3.1.3 Computational Experiments

We perform a set of computational experiments to evaluate the performance of CP
approach. We consider the same data set of 200 total instances that we used in
previous chapter, with P € [20,60] and speed-up function f?. CP is known to be a
tool for finding near optimal solutions, and it does not have any advanced strategy
to terminate its search with a good solution until all nodes are searched. Hence, it
is often terminated with a time limit in practice. We test the performance of the
proposed method by using IBM CP Optimizer for three different time limits: 10
seconds, 1 minute, and 5 minutes. Moreover, we execute each instance 5 times with
different random seeds since the search phase of CP Optimizer involves randomness.

Table 3.2 shows the average percentage deviation of the results of CP model from
the optimal value for10 instances and 5 trials for each | K| - |.J| combination. For a fair
comparison, we disregarded the 13 instances in which LBBD-MTSP fails to solve to
optimality within an hour. The table also presents the average relative improvement
of the results of 1 minute and 5 minutes tests to the results of 10 seconds tests.

According to Table 3.2, the average percentage deviation for all 187 instances are
2.99%, 1.70%, and 1.41% for time limits of 10 seconds, a minute, and 5 minutes,
respectively. We do not present standard deviation of the method as it is very low
in all instances, except the 10 seconds tests. Strictly speaking, for a time limit of a
minute, we observe an average relative standard deviation of 0.35% over all instances
with a maximum value of 1.23%.

The solution quality of the proposed CP model decreases as the total number
of machines increases. For any time limit, average percentage deviation from the
optimal values is approximately five times larger for | K| = 10 instances than those of
| K| = 4 instances. This is not an unexpected result because the total number of task
to machine assignments significantly grows with |K|: (Zlkfo/2 (‘Ik( |))|J |, However, it is
still less than 3% for instances with 10 machines if we set time limit as a minute.

Interestingly, CP model fails to find optimal values except two instances, even

though it can find solutions which are very near to optimal. Additional tests with
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Table 3.2: Results of CP model for MTSP with specific assignments

K| |J] 10 sec. 60 sec. improv. 300 sec. improv. MIP time

4 20 0.85 0.52 38.58 0.49 42.12 5.98
25 0.86 0.50 42.52 0.39 95.28 14.85
30 0.88 0.50 43.10 0.47 46.02 21.82
35 0.87 0.53 38.66 0.47 46.54 93.73
40 1.00 0.53 47.10 0.44 56.26 131.73

0.91 0.52 42.98 0.45 50.68 45.62

6 20 1.14 0.67 41.05 0.58 49.15 10.74
25 1.75 1.31 25.38 0.95 45.86 63.18
30 2.45 1.57 35.87 1.21 50.64 144.26
35 2.64 1.74 34.08 1.32 50.14 395.52
40 2.26 1.30 42.56 0.97 57.04 929.56

2.23 1.41 36.71 1.07 92.08 308.65

8 20 1.39 0.90 35.19 0.69 50.40 22.45
25 2.44 1.69 30.53 1.03 D7.71 102.81
30 3.35 2.22 33.77 2.02 39.53 365.72
35 3.86 2.29 40.73 1.91 50.47 916.84
40 5.06 2.36 53.26 2.14 57.66 1693.40

3.70 2.08 43.75 1.76 52.40 620.24

10 20 2.51 1.33 46.97 1.10 56.03 46.35
25 2.93 2.13 27.48 1.59 45.89 317.63
30 4.44 2.61 41.17 2.10 02.71 1377.72
35 5.47 3.02 44.73 2.51 04.13 2148.74
40 7.12 3.39 52.39 3.17 95.52 2626.87

5.13 2.77 46.13 2.37 53.91 1303.46
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30 minutes of time limit can only increase this number to four. Along with that, the
improvement between a minute and 5 minutes of time limits are relatively low, which
suggests us the time limit of a minute seems reasonable for the model.

In Table 3.2, we also present average solution time to find optimal solution with
the LBBD that we proposed in previous chapter. That column suggests that it be-
comes advantageous over the exact method when the size of instances is getting larger
because of the amount of time required to solve root node with LP. For example, in in-
stances with 40 tasks and 8 machines, the average solution time for the exact method
is 1693.40 seconds while proposed CP model obtain a solution with objective value
deviates 2.36% in average within a minute.

Being able to capture specific task to machine assignments allows us to model
different properties of the problem straightforwardly, as in the case of the proposed
LBBD. For contiguous assignments, we observe very similar performance (not in-
stance by instance, but in terms of average values) with the results in Table 3.2 for
MTSP with specific assignments. When we consider uniform machines, in addition
to contiguous assignments, we get even better performance from the CP model. For
both patterns of unavailable time windows, the performance of the model slightly
decreases compared to average results presented in Table 3.2. Still, the average devi-
ation from the optimal value over all instances is less than 2%. All in all, the proposed
CP model is a proper tool to generate near optimal solutions within a short time for

large instances, even though it fails to find optimal solutions.

3.2 Column Generation

3.2.1 Introduction

In this section, we utilize the following hybrid formulation that we develop for MTSP
by integrating two types of variables. Notice that this formulation is different than
the master problem of LBBD. We obtain the hybrid formulation by integrating @);lt
variables into [MT'SP — C'A]. For the master problem of LBBD, we further replace

capacity constraint over Z;;;; variables with one that only restricts total machine usage
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at any time as we delay decision to specify machine assignments until the subproblem.

minimize Z Z Z(t + pi)wi Ziji/1
i1t

subject to:
YD Ziu/i=1 Vi (3.6)
l t

> Ziju = 1Qu Vi, VIVt (3.7)
J

t
> > Zijin < 1 Vi, vt (3.8)
7 l

h=min(l,t—p;+1)

Zijlt € {07 1}7Qilt € {Oa 1} VZ7VJ>VZ7V{; (39)

As we mentioned in previous chapter, such an hybridization allows removing two
computationally expensive constraints required for addressing the two unique prop-
erties associated with pure Z;j; formulation, [MTSP — CA]. The resulting hybrid
formulation is robust and flexible, i.e allows modeling and solving various problem
variants straightforwardly. Moreover, hybrid formulation (3.6)-(3.9) is more unified
compared to the LBBD approach because it determines feasible task to machine as-
signment without a subproblem (and adding any cuts).

At the same time, however, hybrid formulation has some important computational

disadvantages.

e First, time-indexed formulations of scheduling problems are very large in size.
Since variables are enumerated for each discrete time, the number of constraints
and the number of variables can be large even for relatively small instances. As
a result, the memory required to store an instance and the time required to solve
just the linear programming (LP) relaxation may be prohibitively large. This
situation is even worse for the hybrid formulation because it has a very expensive
capacity constraint over extended variables (3.8) that ensures non-overlapping

of tasks on each machine.
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e Second, hybrid formulation has a symmetric structure because of Z,j;; variables
that specify machine index. This symmetry causes a need for an evaluation
of excessive number of nodes unnecessarily until optimal solution is found. In
other words, the symmetry causes the solution time to be larger even though

the quality of an LP relaxation at the root node is very near to optimal.

To address these issues, in this section, we propose a novel column generation
(CG) approach by exploiting the advantages of the hybrid formulation to solve its
LP relaxation. In addition to solving these issues, proposed CG offers the following
substantial benefits. The problem we consider is hard to solve for large problem
sizes. By solving its LP relaxation via CG, we obtain a very tight lower bound as we
show in previous chapter. This lower bound allows us to evaluate the solution quality
of the approximation methods developed for solving the large instances, accurately.
Moreover, CG provides a basis for branch and price algorithm which can be utilized
to solve integer problem to optimality as we will discuss in the last section of the
chapter. We should note that, in this dissertation, our primary aim is to provide a

quality lower bound for the large instances of the various variants of the problem.

3.2.2 Methodology

Column generation (Lubbecke and Desrosiers, 2002) is a decomposition technique to
solve large sized LP models. The basic idea can be described as follows: The original
LP model is divided into two as restricted master problem (RMP) and subproblem(s).
We start solving the RMP with a small number of variables. Subproblem (i.e. pricing
problem) identifies the variable(s) with negative reduces costs by using the dual values
of the RMP constraints. Then, we add these variables to the RMP. CG procedure
terminates with an optimal solution to original LP model when there are no variables
left with negative reduced costs. In other words, CG can be summarized as a technique
that deals with only a subset of variables rather than considering all problem variables
at once.

It is actually possible that we can directly decompose our formulation above into
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master and subproblem(s). In that case, however, we need to add Z;;; and Qu
variables to the the RMP at each iteration, which requires examination of reduced
costs for each of these variables. It is obvious that implying such a decomposition
strategy will be computationally expensive. For this reason, almost all column gener-
ation studies in the literature consider three types of reformulations: Dantzig-Wolfe
(Dantzig and Wolfe, 1960), set covering, and set partitioning. In each of them, a
solution to the original problem can be represented as a single column in constraint
coefficient matrix A.

In this study, we consider Dantzig-Wolfe (DW) reformulation to get benefit of
time-indexed formulation as shown in Van der Akker et al. (2000). Any feasible
solution to LP can be represented as a convex combination extreme points, and this
fact provides a basis to DW reformulation (Bertsimas and Tsitsiklis, 1997). In DW,
each column stands for a variable that corresponds to an extreme point of polyhedra
of the original problem, and we find optimal solutions given a subset of extreme points

of X by convexity constraints (3.13) and (3.14).

Original Formulation Dantzig-Wolfe Reformulation
. . . Q
minimize cx minimize Z(Cxi)/\i
i=1
subject to: subject to:
Ax =D (3.10) <
Z(Axi)/\i =b (3.12)
reX (3.11) =
Q
Z =1 (3.13)
=1
A >0 (3.14)

(ri,i=1,...,Qextremepointsof X)

By applying DW reformulation, we transform the polyhedra of original problem
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CG Master Problem CG Pricing Problem
Q

minimize Z(cxi)/\i minimize (¢ — uA)x — v
i=1

subject to: subject to:

Q

> (Az)di=b (u) (3.15) reX (3.18)

dai=1 (v) (3.16)

Ai>0 (3.17)

into a new one in which \; variables correspond to feasible solutions to the original
problem, where () denotes the number of total feasible solutions. As can be noticed,
applying DW reformulation can decrease number of constraints but at the same time
it can increase the number of variables significantly. For example, ) is extremely
large for most of the scheduling problems. Column generation procedure emerges at
this point; that is, it only considers a subset of variables and extends this subset as
subproblem identifies variable(s) with negative reduced cost. Assuming k to be less
than ), CG master and pricing problems can be constructed as follows.

CG pricing problem is based on the original problem variables while the RMP only
contains \; variables that represent feasible solutions (extreme points) of the original
problem, a relatively small subset of all feasible solutions. The optimal values for
the variables of the pricing problem stand for the coefficients of a new \; variable to
be added to the RMP. In other words, each extreme point of an original problem is
added to the RMP as a coefficient column of a single variable. In the following, we
present the DW reformulation of the hybrid formulation and the proposed column

generation structure.
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3.2.3 Implementation to Hybrid Formulation

Column generation approach for time-indexed formulation of scheduling problems is
first presented by van den Akker et al. (2000) for a single machine scheduling problem.
Even though this insightful paper shows that CG can cope with size disadvantage, CG
is then rarely implemented to time-indexed formulations of other scheduling problems
in the literature.

The reason for such a situation can be described as follows: van den Akker et al.
(2000) shows that their decomposition exploits a special structure of the subprob-
lem. That is, their pricing problem consists of the capacity constraint of the original
problem, which is an interval matrix. By utilizing this observation with two other
properties of the pricing problem, they show that it can be converted to an equivalent
shortest path problem (SPP) that can be solved in polynomial time. Unfortunately,
this structure is not observed in time-indexed formulations of many other scheduling
problems. Consider RCPSP problem with a single renewable resource. If at least one
task requires more than one units of resource, the resulting capacity constraint is no
more an interval matrix, and we need to deal with a NP-hard pricing problem.

Note that this is also the case for the MTSP formulation without specific assign-
ments (over );; variables), since its capacity constraint consists of coefficients which
are larger than 1. At this point, we should state that our hybridization of @;; vari-
ables with an extended Z,j; variables not only creates an opportunity to exploit the
same advantage with van den Akker et al. (2000) but also brings further advantages
(in addition to modeling flexibility provided by Z;;, variables) as we will describe in
the following sections.

Accordingly, we keep assignment (3.6) and synchronization (3.7) constraints in
the master problem and applied DW reformulation to enumerate extreme points of
original problem. We then sent “complicating” capacity constraint (3.8) to the pricing
problem whose objective function utilizes dual values from the RMP to find a variable

with a negative reduced cost.
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Master Problem:

minimize Z Z Z Z((t + ]Dil)wiZijlt/l))\k
k 7 l t

subject to:

202D /=1 Vi (3.19)
k i l t

SN Ziuh =D 1Quih Vi, VI, vt (3.20)
k i k

Z A =1 (3.21)

Ae >0 Yk (3.22)

Pricing Problem

After solving the restricted master problem to optimality, we price A variables to be
added to RMP, given the dual values associated with constraints (3.19), (3.20), and
(3.21). Then, pricing problem is to find a non-basic variable with the most negative

reduced cost.

Reduced cost of A variable :
Cne = 220 205 20 2 (wilt + Pu) = DL = 1D2) Zijie /L4325 225 22 22y D2anQine — D3
By constraint (3.20), we already set [Q;; to be equal to Zj Z;ji for each i, j, and

[, hence parts of the expression associated with dual variable D2 cancels out. The

resulting pricing problem is presented below.

minimize Z Z Z Z((t + pi)w; — D1;) Ziju/l — D3
i j 1t

subject to:
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t

D > Zijin <1 Vi,V (3.23)
l l i

h=min(1,t—p;;+1)

0< Ziju <1 Vi, Vi, VI,V (3.24)

Proposition 10. Pricing problem (3.23)-(3.24) is totally unimodular, hence variables

are quaranteed to take integer values.

Proof. Constraint matrix A consists of constraint (3.23) which is an interval matrix.
Interval matrices are totally unimodular and each extreme point of a totally unimod-

ular matrix is an integer vector (Schiver, 1986). O

By implementing the Dantzig Wolfe reformulation of the problem, we transform
the polyhedra of time-indexed formulation into another one with A, variables. To-
gether with the unimodularity of the pricing problem, each extreme point then corre-
sponds to a pseudo-schedule for all machines, and coeefficients of an A\, variable are
stored in terms of the values of Z;j; variables. In these pseudo-schedules tasks can
be executed more than once or even can be left unexecuted as long as we ensure that
each machine can process at most one task at any time.

By solving the pricing problem, we obtain such a pseudo-schedule for each machine
as the capacity constraint (3.23) prevents the non-overlapping of tasks. The pricing
problem can be represented as a network G,(N,E) for each machine j with the
following transformation. Let discrete time points to be the nodes of the network GG
with same labels, i.e., N = {1,2,...,|T|}. After that, we need to set edge weights

between nodes to represent execution of tasks as follows:

e ((t+ piy)w; — D1;)/l from node t to t + p;, which represents the execution of

task ¢ starting at time ¢, on machine j by using [ total machines.

e 0 from node t to t + 1, which represents the idleness of machine j from time ¢

tot+ 1.
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In Figure 3.1, we present the corresponding network for an instance with one task
and two machines. Here, processing time of a task when processed with a single
machine is two unit times, and in the figure, it is represented by the edges which are
depicted over the nodes. Similarly, processing time of a task when processed by two
machines is four, and it is represented by the edges depicted under the nodes in Figure
3.1. Moreover, each edge from node t to t 4+ 1 represents the idleness of a machine.
Note that the depicted network is only for one of the machines, but it is actually the

same for the other machine.

TN TN TN TN 2N N TN TN VanY TN
{\] ’}_’[\ 2 /)_.{\_3 /}_'{‘\._4 ,»)_";\\_5 /}_.{\_ 6 ,)_"I‘\\_‘? /\—H\S )—.'\-9 /’\I_H\l O,/"I

Figure 3.1: Representation of network G for an example instance

In Figure 3.2, considering the example instance, we present a pseudo-schedule
for a machine, on which the task starts at ¢ = 1 with two machines and finishes at
t = 3, then the machine stays idle for a time period, the task again starts at ¢t = 4
with a single machine and finishes at ¢ = 8, and finally the task starts with one
machine at ¢ = 8. One can observe that, in this pseudo-schedule, the task is executed
three times on this machine while these executions did not overlap in time. More
specifically, assuming that we add this extreme point to master problem as variable
Ak, the coefficients of this variable would be consisting of Zj197 = 1, Z114 = 1,
Z1108 = 1 for machine 1, Z1991 = 1, Z1914 = 1, Z1908 = 1 for machine 2, and all other

Zijie take the value of 0.
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Figure 3.2: A pseudo-schedule for an example instance

By finding a shortest path on network G;, we obtain a pseudo-schedule that mini-
mizes reduced cost while ensuring non-overlapping of tasks on machine j. Let optimal
value of SPP on network j be Cspp,. Then, the reduced cost of Ay can be calculated
as C), = Zj Cspp; — D3.

We continue adding new A\ variables to the restricted master problem until the
pricing problem cannot identify a column with a negative cost. In the following,
we present some important observations and enhancements on the CG algorithm we

developed.

3.2.4 Observations and Enhancements

Observation 1 Synchronization constraint (3.7) is redundant in the LP solution as
we do not assume integrality of variables.

Recall that we use constraint (3.7) together with the integrality of );;; variables to re-
place the functions of two expensive constraints that address unique properties of the
time-indexed formulation of MTSP with specific assignments. Without integrality as-
sumption, constraint (3.7) became redundant because its function is already enforced
with constraint (3.6): In the RMP, constraint (3.7) suggests that >, > A Ziju/!
can take any value between 0 and 1 for each ¢, I, and ¢t. Let H =), Zj MeZiji/ 1.
However, constraint (3.6) already states that ), > . H = 1, which means that H is
between 0 and 1. Note that the dual value associated with constraint (3.7) is not
a part of the objective function of the pricing problem as it cancels out. Still, this

constraint must be added to the RMP on demand based on the branching decisions
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if we want to find an optimal solution to the original problem, rather than its LP

relaxation. We will revisit this later.

Observation 2 Algorithm complezity is lower than the theoretical number of O(|J||L||T)).
The network we consider is topologically sorted from 1 to |T'|, i.e., there is no edge
from any node ¢ to t, t < t because edges are representing the processing of tasks
outgoing from starting time. Therefore, we can solve SPP with an efficient dynamic
programming algorithm that visits nodes by a topological sort and checking each out-
going edge. Since there are |T'| nodes and there can be |.J||L| possible edges from each
node the theoretical complexity of such an algorithm is O(|J||L||T’|). However, we
observe that we can have at most one edge from ¢ to ¢t + k, & > 0, even though there
are possibly more nodes based on p; values of the input. As a result, the number of
outgoing edges from each node is limited by p,,e., which is an input of the instance

and often is way lesser than |J|.|L|.

Observation 3 In the pricing problem, it is enough to consider edges with non-
positive weights. Therefore, we can reduce the computational effort required to the

solve pricing problem by removing the edges with positive weights.

Proposition 11. Edges with positive weights are not traversed in any optimal solu-

tion.

Proof. Assume that an edge from node j to j + k (k > 0) is traversed in an optimal
solution, and this edge has a positive weight w; ;. > 0. Let corresponding optimal
value be z*. We can replace this positive edge with a set of edges (4,7 + 1),...,(j +
k—1,j+k) with zero weight that represent machine idleness . Resulting solution has
an objective value of z* — wj; ;44 which strictly lesser than z*. This contradicts our

initial assumption. O

To observe the impact of this observation, we compare the maximum possible

number of edges |T'|.pmaz, the total number of edges with and without positive edges.
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For total of 10 instances with 30 tasks-10 machines with |T'| = 160, pje. = 60, cor-
responding average numbers are 10800, 6715, and 4590, respectively. In other words,
the average number of total edges are 36 percent less than |T|.pimaz, and we can fur-

ther reduce this number with 37 percent with this observation.

Observation 4 It is enough to solve SPP for only for one machine.

Assuming we deal with the original problem (3.6)-(3.9), edge weights that represent
the execution of tasks in SPP are ((t + Py).w; — D1;)/l. As it does not have a com-
ponent with j index, it is enough to solve SPP for only one machine. In other words,
we have the same pseudo-schedule for each machine to minimize C),. We will revisit

this observation for each problem extension.

Observation 5 CG can be modified for solving MTSP with contiguous assignments,
machine unavailability, precedence relations, uniform machines and machine eligibil-
1ty.

The key here is to be able to make modifications without destroying the structure
that allows us to solve pricing problem as a SPP. We will explain these modifications

in the following section.

3.2.5 Implementation to Problem Extensions

We list the modifications for the RMP and the pricing problem for each extension

below.

Machine Unavailability

Master Problem: No modifications.

Pricing Problem: Modify the right-hand-side of constraint (3.23) as Fj;, a param-
eter which takes the value of 1 if machine j is available at time ¢, 0 otherwise. The
pricing problem is still unimodular as we are not changing A matrix. Inthe corre-

sponding network problem, we need to delete all arcs which are passing by unavailable
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nodes, i.e. t < f;; and t + py > f; if f;; = 0. We can still solve only one SPP for
machines without unavailable periods and one for each machine with a different un-

availability pattern.

Uniform Machines

Master Problem: Multiply the left hand side of the constraints and the objective
function with s;, processing rate of machine j.
Pricing Problem: Edge weights are modified with respect to the modification of

the master problem. We should solve one SPP for each processing rate.

Precedence Relationships

Master Problem: Add the following precedence constraint where PREC is a set of
precedence relationships between tasks:

Dk Zj PP )‘k't‘Zz'/jlt/l =D Zj D122 M+ pa)-Ziju /U V(i ZJ) € PREC
Pricing Problem: Edge weights are modified with respect to precedence constraint
of the master problem. Since weights are still independent of j index, it is enough to

solve only one SPP.

Contiguous Assignments

Master Problem: Add the following contiguous assignments constraint that we de-
veloped previously:

S M Zign + Zipy) <1 ViV VENLE (2, (5 —5)) 1 >+

Pricing Problem: Let dual variable associated with new constraint to be €2,..,.
Then, reduced cost for A variables (C),) would be,

> Zj >0 22 ((t4pa) wi=D13) Ziju /13, Zj,j’ 20 2 i i Zj,j’ 202 e i
D3.

Since we need to check for a pair of machines at the same time, one might think the

special structure of the pricing problem would be destroyed. However, after a careful

investigation, we are able to separate pricing problem for each machine as follows:
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First, let us investigate the constraint for 4 total machines. In that case, we should
consider contiguous assignments constraint for machines (1,3) and (2,4) for (=2 and
(1,4) for (=3. Alsolet A; =>". >, > ((t + pu)w; — D1;).Z;1 /1. Total reduced cost
would be,

Coe =225 A=222 QansonZinar—2 2 Dy Qunsae Zisze—D 3 D hinase Zinae— D s Dy iz Ziazi—
D i 2 inaoeZizoe — D Dy Qinaor Ziaoe-

By considering Z;j;; variables that we used in the pricing problem, this expression
can be separated for each machine j such that,

= A1 =D QasaeZinoe — D Dy Qinasi Zinse

= Ay — DD Qinane Ziooy

= Az — D2 > Qasae Zisas
Cr= A4 =35 QounZiaze — 2 ;2 Qirase Ziase.

Obviously, this can be generalized for any |K| by simply utilizing the constraint
that we developed for identifying non-contiguous assignments to be restricted:
C A Z ZLK_iJH Zt ijj It Ult Z ZJ =j— 12] 2 Et ij' jlt Zﬂt

As a result, we obtain C’,\k = Zj C’j — D3, so that C’j can be calculated by solving

SPP for each machine 5 with weights calculated previously.

Machine Eligibility

Master Problem: Add the following machine eligibility constraint >, >, > A\ Ziju =
0 Vi,Vj ¢ M; , where M; is the set of eligible machines for task i.

Pricing Problem: This constraint adds a component with j index to weights. For
this reason, we need to solve SPP for each machine separately. In real world, non-
eligibility constraints are often based on the types of tasks and/or machines and
therefore we can expect lesser number of SPPs to be solved. For example, let there
are two types tasks and two types of machines such that the first type of tasks cannot
be processed by the second type of machines. In that case, it should be enough to

solve one SPP for first and one for the second type of machines.
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Table 3.3: Comparison of the performance of CPLEX and the proposed CG

CPLEX CG
(K] [ , _
time time
10 20 1.6 1.2
25 4.5 1.7
30 8.0 2.1
35 10.8 3.0
40 16.5 5.5
60 63.9 14.0

80 out of memory 32.9
100 out of memory 57.1

3.2.6 Computational Experiments

We perform a set of computational experiments for instances with 10 machines. Ac-
cordingly, we compare the performance of the proposed column generation procedure,
which is coded in C++, with those of the latest version of CPLEX (12.7.1) to the
solve LP relaxation of (3.6)-(3.9). Table 3.3 shows that proposed CG strictly outper-
forms CPLEX in terms of the solution time and the maximum solvable instance size.
For example, CPLEX fails to solve instances with 80 tasks with an out of memory
error after approximately 120 seconds. On the other hand, CG solves all instances
with 80 tasks within 32.9 seconds in average.

As we obtained lower bound values for large instances via proposed CG, we can
evaluate the solution quality of CP model for those instances. In Table 3.2, we showed
that the average percentage deviation from the optimal solution for |K|=10, |J]|=40 is
3.39% within the time limit of a minute. For |K|=10 and |J|=60,80,100, the average
percentage deviation of CP model from the lower bound value are observed as 3.71%,

4.09%, and 4.45%, respectively.
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These results suggests us that it might be worth investigating the performance
branch and price algorithm to solve integer problem: in addition to solve the size dis-
advantage of time-indexed models, branch and price algorithms can find the optimal

by investigating lesser number of nodes compared to branch and bound (Savelsbergh,

1997).

3.2.7 Discussion on Branch and Price Algorithm

When pricing problem identifies that there is no variable with a negative reduced
cost, column generation algorithm terminates with an optimal solution to LP prob-
lem. Most of the time, however, this solution consists of variables with non-integer
solutions. At this point, branch and price method emerges by integrating column
generation with branch and bound (B&B) to solve integer problems. Accordingly,
in branch and price (B&P), we do not need to solve the LP at each node of the
search tree from the scratch and simply use the subset of columns which are previ-
ously added to the RMP based on branching decision. In this section, we discuss the
implementation of B&P based on the proposed CG.

While it looks like B&P is a non-trivial combination of CG and B&B, there are
some important differences with B&B. First of all, conventional integer programming
branching strategies may not be effective because fixing variables can destroy the
structure of pricing problem (Barnhart et al. 1998). Moreover, the decision of which
branching over the original versus the master problem variables brings other issues as
discussed in Derossiers and Lubbecke (2010).

For the proposed CG, we should branch on the original problem variables (Z;;;;)
rather than the master problem variables (A). If we branch on the master problem
variables, e.g. set A\y=1 (and A\y=0), we only state the fact that pseudo-schedule k is
the solution, and we cannot branch any more since constraint (3.21) states sum of all
A vars to be equal to 1.

Assume that we select Z;j; variable to branch, which has a non-integer value.

Accordingly, we set Z;;;=1 and Z;;;=0 in two separate branches. Let us keep column
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set C' which contains information of pseudo-schedules such that {k, i, j,(,¢, 1}, which
means we traverse node t to t + P; on machine j in column k. Then, for the former
branch (Z;;:=1), we remove each master problem variable k if C' does not contain
{k,7,7,1,t,1} and add constraint ), Ay.Z;;;=1 to the RMP. For the latter branch,
we similarly remove all Ay if from the RMP if {k,4,7,1,¢,1} is an element of C. We
should also add Q=1 along with Z;;;=1 but we cannot add Q;;;=0 with Z,;;=0 as
Qar can still take 1 because of Z,., variables, §  # j. On the other hand, branching
on the original variables requires constant transition between the original and the
RMP variables, so causes implementation issues.

It is worth emphasizing that we need to add synchronization constraint (3.7) on
demand as we claimed in Observation 1. That is, we also generate rows, i.e., add
constraints to the master problem based on branching decisions. Such a procedure

distinguishes our algorithm from the related literature.



Chapter 4

RECLAIMER SCHEDULING IN DRY BULK TERMINALS

4.1 Introduction

As the volume of maritime transportation increases, workload at seaside terminals
grows equally. This makes operating seaside terminals efficiently and less costly more
important. Even though bulk loads constitute more than 80% of all loads carried by
maritime transportation (UNCTAD, 2017), operational problems of bulk terminals
are rarely studied in the literature, until recently.

In this chapter, we study the reclaimer scheduling problem (RSP) which is ob-
served in many dry bulk terminals. In these terminals, cargo (i.e., load) is stored as
a stockpile and is handled by reclaimer machines. A reclaimer is a huge equipment
that reclaims (i.e., collects, recovers) stockpiles from the stockyard to be loaded to
mooring vessels (Figure 4.1-a). Reclaimed cargo is then transported to the vessel via
a conveyor belt system. In the stockyard of a dry bulk terminal, there are multiple
stocking pads where stockpiles of different lengths are stacked. In between each two
stocking pads, there is a rail track on which one or more reclaimers are mounted
(Figure 4.1-b). Reclaimers are identical, and a reclaimer can only process one task at
a time. Reclaiming of a stockpile is assumed to be non-preemptive.

The RSP is to find a schedule for reclaiming stockpiles which are stacked in the
stockyard by using a set of reclaimers with respect to the various problem constraints.
We define a task as a one type of load to be a sent to a predefined vessel. After finishing
the reclaiming of a stockpile, a reclaimer travels along the rail track to go to the area
where its next scheduled task is stacked. This movement requires a specific travel
time based on the distance between these two stockpiles. Moreover, a reclaimer can

rotate its boom to serve the pads that are adjacent to the rail track on which it is
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(a) A reclaimer (b) A stockyard

Figure 4.1: Equipment and configuration of stockyard in dry bulk terminals (down-

loaded from http://gettyimages.co.uk in May 2018)

mounted, but it cannot reclaim the stockpiles that are located on other pads.

If there are more than one reclaimer on a rail track, then they cannot pass each
other. Even though non-crossing constraint is widely studied in the context of quay
crane scheduling problem (QCSP, Unsal and Oguz, 2013), there are some notable
differences between non-crossing constraints of these two problems. In QCSP, all quay
cranes operate on a single rail track while reclaimers are distributed across multiple
rail tracks. When loading/unloading a container, a quay crane does not move along
the rail track. On the other hand, a reclaimer performs bench cuts to reclaim a
stockpile. That is, it travels along the rail track from one end of the stockpile to the
other hand -55 times on average- to reclaim a stockpile completely (long travel bench
cuts, Angelelli et al., 2016). This fact brings another restriction on the movements
of reclaimers located on the same rail track. Consider two such reclaimers and two
stockpiles which are located in different sides of the rail track. If these two stockpiles
are overlapping in time and x-axis, they cannot be reclaimed simultaneously by these
two reclaimers since it will cause them to cross each other.

We can view RSP as a variant of parallel machine scheduling problem (PMSP)

in which non-crossing of machines, a specific pattern for machine eligibility (i.e., pro-
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cessing set restrictions), and sequence dependent travel times are taken into account.
Clearly, QCSP and RSP are related problems as both are the variants of PMSP with
non-crossing constraint. We can determine the computational complexity of RSP by
utilizing this relation: If we assume that there is only one pad, one rail track, two
reclaimers, and all stockpiles has a unit length, we obtain an instance of QCAP with
two QCs. The resulting problem is proved to be strongly NP-hard for makespan
minimization objective (Zhu and Lim, 2006).

In addition, advanced reclaimers can also perform the stacking of stockpiles. For
such machines, stacking rate is significantly higher than reclaiming rate. However, if
stacking operation is ignored then we might generate infeasible reclaimer schedules, as
stockpiles are often stacked and reclaimed dynamically during the planning horizon.
For this purpose, in this chapter, we also extend the RSP with stacking operations by
assuming that each stockpile to be stacked by a reclaimer before its reclaiming starts.

The literature on RSP is limited. Hu and Yao (2012) propose a mixed integer
programming model and a genetic algorithm for RSP in which there is only one
reclaimer in each rail track. They assume that a reclaimer can only reclaim stockpiles
located in pads adjacent to its rail track and take travel times of reclaimers into
account. The similar problem setting is also studied by Wang et al. (2018). They
develop an approximation algorithm with 2 worst case ratio. They also show that this
ratio can be reduced to 3/2 by assuming a task can be executed by two reclaimers
simultaneously.

Angelelli et al. (2016) study an abstract scheduling problem inspired by the re-
claiming operations of a coal export terminal. In their problem, there are two re-
claimers mounted on a rail track which is located in-between two pads. Therefore,
they consider the fact that these two reclaimers cannot cross each other at any time,
namely non-crossing constraint. For this problem, they present some complexity re-
sults as well as an approximation algorithm. It should be noted that their abstract
problem has one critical simplification: to reclaim this stockpile completely, a re-

claimer must travel from the one end of stockpile to the other end once with predefined
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constant speed. However, as we mentioned previously, this simplification is inconsis-
tent with the real world terminal operations where reclaiming is mostly performed
by long travel bench cuts. Kalinowski et al. (2017) extend the abstract problem of
Angelleli et al. (2016) by relaxing their assumption that requires all stockpiles to be
stacked at the beginning of planning period. That is, they study the dynamic version
of the problem.

We develop a tight lower bound and a near optimal method that can solve RSP
within a short time. We organize the rest of the chapter as follows. In Section
4.2, we present the methods we develop in this study. First, we discuss the mixed
integer programming formulation of RSP. As it can only solve small sized instances,
we develop a heuristic method for the problem. In Section 4.2.2 we present an arc-
time-indexed formulation for the relaxation of the problem to generate a tight lower
bound. By using that lower bound, we can measure the performance of the constraint
programming model that we propose in Section 4.2.3 accurately. Lastly, in Section
4.3, we design a set of computational experiments to test the proposed method for

different stockyard configurations and discuss their results.

4.2 Methodology

4.2.1 Maixed Integer Programming Formulation

For RSP, we initially formulate a mixed integer programming (MIP) model. It is
based on assignment variable X;;, which takes a value of 1 if stockpile i is assigned to
reclaimer k, 0 otherwise. Differently from our modeling efforts in previous chapters,
decision variables of the model is not time-indexed because it would be computa-
tionally intractable, thus inadequate to model non-crossing constraint and sequence
dependent setup times with that type of variables. At the same time, however, the
performance of the MIP formulations of parallel machine scheduling problem with as-
signment variables are shown to be ineffective compared to the performance of time-
indexed formulations as long as the length of planning horizon is not large (Unlu

and Mason, 2010). This can be mainly attributed to its weak linear programming
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relaxation, and the resulting RSP model is not an exception. We do not present this
MIP model here, since it neither can solve problem instances of reasonable sizes nor
will be utilized within the proposed lower bound and heuristic methods.

In the following, we present sets and parameters that we use in the lower bound

and constraint programming models.

set of reclaiming tasks (stockpiles), i = {1,...,|J|},
set of reclaimers, k = {1,...,|C|},

set of time indices, t = {1,...,|T|},

set of pads in stockyard, a = {1,...,|A|},

set of rail tracks, w = {1,..., |W|},

SE N

set of stock positions located on a single pad, v = {1,...,|U|},

@,  index of a rail track on which reclaimer k is mounted, @), € W,

= reclaiming time of stockpile 7,

K;  number of stock positions required to accommodate stockpile 7,

Siyi,  time required to travel between midpoints of stockpiles ¢, and s,
Pad;  index of pad in which of stockpile 7 is stacked, Pad; € A,

Pos;  index of stock position in which leftmost of stockpile 7 is positioned,

Weight;  weight associated with stockpile .

For the extended problem of RSP with stacking operations, we also introduce the

following sets and parameters.

J extended set of tasks, i = {1,...,|J|,|J| +1,...2|J|}, where tasks indexed
from |J| + 1 to 2|J| stand for the stacking operations of stockpiles,

) a constant that defines the estimated ratio of the reclaiming time to the
stacking time of a stockpile,

Pi/ stacking and reclaiming times of stockpiles, i.e.,

P, ifi={1,... |}
o (Lol

7

[P/8], ifi={|J]+1,...2]J|}.
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Weight,  weight of each task, i..,

, Weight;, ifi={1,...,|J|}.
Weight, = { 7

0, ifi={|J|+1,...2|J]}.
v set of precedence relationships between stacking and reclaiming tasks, v =

{(il,i2)|’i1 < {|J|—|—1,,2‘J’},Z2 c {1,,‘J’}Zl :7/2+|:]‘}

4.2.2 Relaxed MIP for Deriving a Lower Bound

We develop an arc-time-indexed MIP model that provides a quality lower bound
for RSP. This model helps us to measure performance of heuristic methods such as
constraint programming accurately.

This type of model for scheduling problems is first presented for single machine
by Tanaka et al. (2009) and is extended to parallel machines by Pessoa et al. (2010).
In the proposed model that we extend their formulation with machine index, we
simply relax non-crossing constraint but consider all other features of the problem.
Arc-time-indexed formulations integrate respective advantages of network and time-
indexed scheduling problem formulations: the former keeps a sequence of tasks for
each machine while the latter provides a tight LP relaxation as it does not need “big
M” to model disjunctions.

Accordingly, we introduce a binary variable Y;, ;,x: that takes a value of 1 if machine
k starts processing task i, at time ¢, immediately after processing task i1, 0 otherwise.
In this formulation, for each machine, we determine a route over nodes. Here, a node
represents a task-time tuple (7,t), rather than a task as in pure network formulation.
We also define a dummy task for modeling issues, indexed by 0, with null processing
time and introduce a new set T°, set of tasks extended with dummy task 0 (7° =

T'U0). This relaxed MIP model for RSP is presented below.

[RSP — LB

minimize Z Z Z Z(t + Pio)Weight;,Y; iy

i1€J0i2€d Kk t
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subject to:

DD Vi =1 Viy € J (4.1)

i1eJO Kk t

> Vi =0 Viy € J,Vk : (Pad; < Q1)||(Pad; > Qg +1) (4.2)

i1€JO t

Z Z%igkt =1 vk (4.3)

o€ t

Y Yiow=1 Yk (4.4)

iwed t

S Yaire = O Visiabtpitsiysy) = 0 Vii € J,Vk, Wt (4.5)
i€ JO ia€JO

Yiioke € {0,1} ir,i9 € J°Vk € OVt € T (4.6)

The objective of the model is to minimize total weighted completion of reclaiming
stockpiles. The processing order of tasks on a reclaimer can be viewed as a route of
a vehicle from the perspective of vehicle routing problem. By constraint (4.1), we
ensure that each node is visited once. In other words, each task must be processed on
one reclaimer by starting at one time point. Constraint (4.2) prevents the ineligible
stockpile to reclaimer assignments.

Constraints (4.3) and (4.4) state that the route for each machine starts and ends
at dummy node 0. Flow balance constraint (4.5) ensures that if a vehicle (reclaimer)
visits a node, then it must leave that node as well, excluding the dummy task. Lastly,
constraint (4.6) defines the domains of Y; ;,x: variables.

In this formulation, sub-tours are prevented by flow balance constraint (4.5), which
also keeps account of start times, differently from the network formulation of schedul-

ing problems (Cesaret et al., 2010).
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Proposition 12. The proposed formulation prevents sub-tours.

Proof. Assume that there is a sub-tour of ¢; —i, —4; for a machine in a feasible solution
to the formulation, where i, and iy are not dummy tasks, and their processing times
are non-zero. In that case, if 41 starts at time ¢;, then ¢, starts at t+ P;, +.5;,, by flow
balance constraint (4.5). In that sub-tour, we visit 7; immediately after i5. Then, i,
starts at time ty + P, + S;,i, + Pi, + Sii,. However, P,, + S;,;;, > 0, and it contradicts
our initial assumption, since a task can only start at one and only one time point by

constraint (4.1). O

Relazed MIP Formulation for Deriving a Lower Bound for RSP with Stacking Oper-

ation

We first integrate the additional sets and parameters into formulation [RSP — LB]
to model RSP with stacking operations. More specifically, we replace the set of tasks
(J) with J  as well as parameters P; and Weight; with PZ-/ and Wez'ght;-, respectively.
Furthermore, we introduce parameter ¢ and set of precedences . In this variant of

the problem, a stockpile must be stacked in the stockyard before its reclaiming starts.

Therefore, we add the following precedence constraint into the formulation.

> 3 Yaiks =30 > Viuns 20 Vit in) € 7,9t (4.7)

i3k se{l,..,max{l,t—p;; }} i3k se{l,.t}
4.2.3 Constraint Programming Model

We introduce the CP model and associated decision variables as follows.

Y; An interval variable that represents the reclaiming of stockpile i. Its domain
is [1,|T| — P}
Xik An optional interval variable that represents the reclaiming of stockpile i by

reclaimer k. This variable is active in the model if and only if reclaimer £

is assigned to stockpile i. Otherwise its domain will be ().



98 Chapter 4: Reclaimer Scheduling in Dry Bulk Terminals

Seqiyizky ks A sequence variable that is used for non-crossing constraint, and it

determines relative order of interval variables X, and X; Its

2ka -

domain consists of the permutation of the order of these interval vari-

ables.

[RSP — CP):

minimize Z Weight;end(Y;)

neJ
subject to:
Alternative(Y;, (X |VEk : (pad; < Qp)||(pad; > Qr + 1))) Vi (4.8)
Disjunctive((X;x|V17), S) VEk (4.9)

Disjunctive(Seq;, ik ky)

Viy, io, Vk1, k2 Qr, = Qk,, k1 < ko, pad;, — pad;, € {—1,0, 1}, pos;, + K;, > pos,,
(4.10)

Constraint (4.8) assigns each stockpile to one of the eligible reclaimers and links
related Y; with X, variables. Constraint (4.9) ensures non-overlapping of stockpiles
that are assigned to same machine by also considering sequence dependent travel
times. We imply non-crossing constraint by (4.10). This constraint also respects the
fact that reclaimers needs to perform bench cuts to reclaim stockpiles, by preventing

the possible interference.

Constraint Programming Model for RSP with Stacking Operation

Similar to the modifications we made on the relaxed MIP model for incorporating
stacking operations, we replace P;, Weight;, and J with Pi/7 Weight;, and J', respec-
tively, and introduce sets ¢ and . Then, we simply add the following constraints to

the formulation [RSP — CP|.
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presence(X; ;) = presence(X;, +1.x) VE,Vip € {1,...,|J|} (4.11)

endBeforeStart( X,k , Xiyk,) Viy, g, Vki, ko (4.12)

4.3 Computational Experiments

We design a set of computational experiments for assessing the performance of the
proposed CP method. We generate four different stockyard configurations with vary-
ing numbers of stocking pads (|A|), rail tracks (|]IV|), and reclaimers (|C]) . These

configurations are as follows.

e Configuration 1: |A| = 3, |W| = 2, |C| = 3. Two reclaimers on rail track 1

and a single reclaimer on rail track 2.

e Configuration 2: |A| = 3, |[W| = 2, |C| = 4. Two reclaimers on each rail

track.

e Configuration 3: |A| =4, |W| = 3, |C| = 4. Two reclaimers on rail track 2

and a single reclaimer on rail tracks 1 and 3.

e Configuration 4: |A| = 4, [W| = 3, |C| = 6. Two reclaimers on each rail

track.

We assume that each stocking pad consists of |U| =60 33.33 meters-long stocking
positions. That is, the total length of a pad is 2000 meters. We generate tasks such
that their lengths (K;) are uniformly distributed between 2 and 10 units of stocking
positions, and reclaiming times (P;) are proportional to the their length, i.e. P, = 6 K.
In reality, travel times are very small compared to reclaiming times. For this reason,
we calculate the travel time between stockpiles i; and i, as their distance on x-axis
from midpoints divided by 10 (in unit times). As a result, travel times are bounded

within 1 and 6 unit times.
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We generate 10 instances for each configuration and compare results of relaxed
MIP model [RSP — LB] with those of CP model [RSP — C'P]. As CP method has
random components on its search phase, we perform with five different trials for each
instance. Recall that we obtain a relaxed MIP model for deriving a lower bound by
relaxing non-crossing constraint of RSP. By removing non-crossing constraint from
the CP model, we get an equivalent problem to the relaxed MIP model. Hence, we
can also compare the performance of CP method without including the deviation
caused by non-crossing constraint. We set a time limit of a minute and an hour for

each CP trial and LB model, respectively.

Table 4.1: Results for RSP

Configuration Relaxed MIP CP! CP?
GAP-LP min avg. max min avg. max
1 0.05 0.01 0.36 0.95 0.03 0.62 1.33
2 0.06 0.01 0.37 0.75 0.31 0.93 1.80
3 0.05 0.11 0.25 0.45 0.17 0.56 1.09
4 0.09 0.32 0.72 1.17 0.90 1.27 1.96

avg. 0.06 0.11 0.43 0.83 0.35 0.85 1.54

Table 4.1 presents results of computational experiments for RSP. For configu-
rations 1 and 2, the average number of tasks per instance is 28.8, and is 39.5 for
configurations 3 and 4.

Out of 40 total instances, LB model solves 37 instances to optimality within time
limit of an hour. For other three instances -one instance each from configurations
1, 3 and 4-, we use the lower bound value displayed by the CPLEX after an hour.
The good performance of the LB model is mainly due to the very tight LP relaxation
of the model: the average deviation of LP relaxations from the optimal values are
approximately 0.06%, and LP relaxation is also optimal for more than half of the
instances.

We present results for the computational experiments of CP method for RSP in
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C'P? column, in terms of the percentage deviation from the corresponding lower bound
values. Average deviation is observed as 0.85%, and it increases for the configurations
with larger number of reclaimers per track. In all 40 instances, the worst deviation
value is less than just 2%. Moreover, it is robust: the maximum relative standard
deviation between trials is observed as 0.48%, hence we do not present these values
in Table 4.1.

In column C'P! we also present the results for CP method without non-crossing
constraint, which is equivalent to the relaxed MIP model. We observe 0.43% deviation
from the lower bound in average, by excluding the effect of non-crossing constraint
on the performance measure. This indicates that the CP model for RSP is able to
cope with the challenging non-crossing constraint effectively.

To sum up, the proposed CP method can cope with the problem with various
input configurations effectively, by providing near optimal results in time limit of a

minute.

Computational Experiments for RSP with Stacking Operation:

This extension of RSP requires two tasks for each stockpile, a stacking task and a
reclaiming task. In addition to that, precedence constraint (4.7) is computationally
expensive since it adds large numbers of constraints and non-zero coefficients to the
formulation. As the formulation is harder to solve, we perform experiments with a set
of smaller instances to generate lower bound values. Specifically, we assume that the

total length of each pad to be 1000 meters, rather than 2000. By this way, we aim to

Table 4.2: Results for RSP with stacking operation

Configuration CP! CP?

min avg. max min avg. max

1 0.03 0.29 0.65 0.01 0.50 1.45
2 0.05 044 0.88 0.11 0.79 1.58
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reduce the number of stockpiles by half while the number of total tasks in an instance
stays the same with respect to the instances of RSP without stacking operation.

We present the results in Table 4.2. It shows that the CP model can also solve
this extension of the problem effectively with a similar performance to the results

presented in Table 4.1.



Chapter 5

INTEGRATED DRY BULK TERMINAL OPERATIONS

5.1 Introduction

Similar to container terminals, bulk terminals also consist of seaside and yard area.
They both need to perform common activities such as loading and unloading of car-
goes from (to) vessels, transporting cargoes between the storage and the berth area,
and temporarily stacking and handling them in the storage area. However, they vastly
differ in terms of the type of cargo (load). In contrast to container terminals in which
all cargo are transported in a standardized container, in bulk terminals means of stor-
age and handling of cargo vary for different types of materials. Another important
difference is that bulk terminals act as either import or export terminal. In this study,
we consider export dry bulk terminals in which loads are handled by stacker-reclaimer
machines and are stored as stockpiles. Our methodology is an integrated approach

for the following operational problems in a dry bulk terminal (DBT):

e Berth Allocation Problem (BAP) to determine berthing time and berthing po-

sition for each vessel,

e Yard Allocation Problem (YAP) to determine stocking time and position of each
stockpile in stockyard,

e Reclaimer Scheduling Problem (RSP) to determine a schedule for each reclaimer

to reclaim stockpiles that are located at different positions of stockyard.

This study is motivated by the operational problems of a DBT exporting coal and

the general structure of such a terminal can be described as follows: Coal arrives to
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the terminal by train and is stored in the stockyard as stockpile(s). After mooring
of empty vessels to the berths, related stockpiles are reclaimed from the stockyard
by reclaimers and are transferred via conveyor belt systems to the quay area where
empty vessels are loaded by ship loaders. Berth allocation in DBTs is often affected
by tidal time windows; that is, the departure of the loaded vessels is constrained by
high tide periods due to their weights.

As can be noticed easily, operational problems of DBTs are strongly interrelated.
For example, the schedule of the reclaimers will directly affect the loading of the
vessels, hence the time that a vessel can leave the berth. Similarly, decisions on
the positioning of stockpiles at the stockyard affect reclaimer scheduling since they
generate non-eligibility of some stockpile-reclaimer assignments.

In this study, by considering different characteristics of DBTs, we develop a novel
logic-based Benders decomposition algorithm to solve berth allocation, reclaimer
scheduling, and yard allocation problems simultaneously. We decompose these prob-
lems into two as master problem and subproblem, after identifying some key re-
lationships between the problems. Then, we exploit the advantages of two different
programming techniques, mixed integer programming (MIP) and constraint program-
ming (CP), to cope with the master problem and the subproblem, respectively. To
the best of our knowledge, this is the first exact method that integrates these major
operational problems observed in DBTs.

The rest of the chapter is organized as follows. We first define the integrated dry
bulk terminal (IDBT) problem and give a brief literature review of the bulk terminal
operations. After introducing a monolithic formulation in which we solve IDBT prob-
lem within a single mathematical model in Section 5.2, we propose a decomposition
structure for logic-based Benders algorithm. Section 5.3 presents the MIP master
problem, the CP subproblem, cuts, and an example that explains execution of the
proposed algorithm step by step. We also study IDBT problem with continuous berth
structure in Section 5.4. In Section 5.5, we design and perform a set of computational

experiments and present their results. Lastly, we conclude the chapter with discussion
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and future work.

5.1.1 Problem Definition

In the IDBT problem, there are |V| vessels with |.J| loading tasks, | M| berths, | H| high
tide periods, |C| reclaimers mounted on |W| rail tracks, and |U| stocking positions
located on each of |A| pads. The structure of a DBT for an instance with |M|=3,
|C1=3, |[W|=2, |U|=13 and |A|=3 is given in Figure 5.1. We define a task as a

stockpile of one type of coal to be loaded to a single vessel.

Seaside
Berth 1 Berth 2 Berth 3
Il § L T 1
.---:E ............. m.-. R —————— | R )
o +—> Pad
¥ 11 & Stock Position
. E _‘/-- Y E E ;
R — ..--.[-_4.......-----.:.: r> Reclaimer
: 1+~ Conveyor Belt
: i System
: () 1+ |+ Rail Track
Landside

Figure 5.1: General structure of a dry bulk terminal

Then IDBT problem is to generate berth, reclaimer and yard schedules that min-
imize total weighted departure times of vessels with respect to various problem con-

straints. These schedules determine,

e for each vessel: where and when to moor, and when to depart,

e for each stockpile: where to stock, when to start reclaiming, and by which

reclaimer it is reclaimed.
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In the following, we state the assumptions and constraints of IDBT problem.
In the literature, three different berth layouts are considered: discrete (Imai et al.,
1997), continuous (Park and Kim, 2003), and hybrid (Nishimura et al., 2001). We
assume a discrete berth layout in which each berth is a discrete resource with a
single vessel capacity. In other words, vessels that are assigned to the same berth
cannot overlap in time. Berths may have different lengths, therefore each vessel
should moor to one of the berths that suits to its length. Vessels arrive dynamically
during the planning period, and they cannot moor before their arrival times. Most
important characteristic of berth allocation problem in dry bulk terminals is the
common existence of tidal time windows. Because of tides, a vessel can only depart
during a high tide period even if its loading is completed in low tide period. Since
we consider an export terminal, vessels arrive empty, so they can moor even during
a low tide period. Once a vessel is moored, its loading operations can be performed
without such limitations.

A vessel can have more than one stockpile to be loaded. However, all loading
tasks of a vessel must be performed consecutively by a single reclaimer because of the
technological restrictions of in-terminal transportation system (connection of conveyor
belts and ship loaders). Reclaimers are identical, and a reclaimer can process one task
at a time. Reclaiming of a stockpile is assumed to be non-preemptive. A reclaimer
can only reclaim stockpiles located on the pads adjacent to the rail track on which it
is mounted. To start reclaiming a stockpile, the related vessel needs to be moored to
a berth first. Similarly, a vessel needs to wait at berth until all related stockpiles are
reclaimed.

Moreover, on each rail track there can be more than one reclaimer and these
reclaimers cannot pass each other. Even though non-crossing constraint is widely
studied in the context of quay crane scheduling problem (Unsal and Oguz, 2013), there
is an important difference between non-crossing constraints of these two problems.
When loading/unloading a container, a quay crane does not move along the rail

track. In a dry bulk terminal, a reclaimer travels along the rail track from one
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end of the stockpile to the other hand 55 times on average to reclaim a stockpile
completely (Angelelli et al., 2016). This fact brings another restriction to movements
of reclaimers which are located on the same rail track. Consider two such reclaimers
and two stockpiles which are located at different sides of the rail track. If these two
stockpiles are overlapping in time and x-axis, they cannot be reclaimed simultaneously
by these two reclaimers, since this will require reclaimers to cross each other.

Compared to reclaiming, stacking operation has a higher handling capacity. There-
fore, we disregard the scheduling of stacking operation and assume that stockpiles are
stacked immediately once they arrived to the terminal. After a reclaimer completes
loading of last stockpile of a vessel, there should be an additional time of transporting
the very last part of the stockpile to the vessel with respect to the distance between
the reclaimer and the berth that vessel is moored. We assume that this amount of
time depends on reclaimer rather than the exact location of the related stockpile over
the pad, because it depends on the conveyor belt configuration (design) between the
berth and the reclaimer that reclaims stockpiles of this vessel.

In the stockyard, each pad consists of multiple discrete stock positions. A task
(stockpile) is assumed to use all width of the pad however it may use more than one
stock position due to its amount. In such a case it is stored as a rectangular pile that
uses multiple adjacent stock positions. Stockpiles are assumed to be stacked at the
moment that they arrived to the terminal and stored in the same stocking position
until completely reclaimed. Furthermore, each stocking position can be occupied by

one stockpile at a time.

5.1.2 Literature Review

In the last two decades operational problems of container terminals are intensively
studied and significant contributions have been made. For detailed reviews of the
literature on container terminals we refer readers to Bierwirth and Meisel (2012) and
Steenken et al. (2004). On the other hand, operational problems in bulk terminals

have received very little attention, until recently.
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The importance of effective management of bulk terminals is stated by Boland
and Savelsbergh (2012). They also introduce the operational problems observed in
dry bulk (coal) terminal of Port of Newcastle, Australia in details. In general, the
properties of berth allocation operation in dry bulk terminals are similar to those
of container terminals. For bulk terminals, Barros et al. (2011) study discrete berth
layout by considering stock level constraints for minerals. Umang et al. (2013) assume
a hybrid berth layout where a vessel can occupy more than one berth section; however,
a berth section cannot be occupied by more than one vessel at any given time. They
assume that each section has a fixed handling capacity and total loading/unloading
time of a vessel depends on the occupied berth sections. Continuous berth layout in
dry bulk terminals is studied by Ernst et al. (2017).

It is important to note that the inefficiencies of quayside operations caused by tides
led researchers to develop berth allocation strategies that take tides into account (Du
et al., 2015, Xu et al., 2012, Lalla-Ruiz et al., 2016). Recently, Ernst et al. (2017)
present a new approach to model the effects of tidal time windows in export dry bulk
terminals. They assume that vessels may berth and can be handled during a low tide.
However, once loaded they may only depart during a high tide. In this study, we
also follow this recent approach to model the effects of tidal periods. In export dry
bulk terminals, vessels often demand one type of product, which is stacked as a single
stockpile. For this reason each vessel is often loaded by a single ship loader (Boland
et al., 2012). Therefore, in this study, we assume a discrete berth layout where each
berth is served with a single ship loader.

Operational problems at stockyard area of dry bulk terminals widely differ from
those of container terminals because of the absence of containers. These problems
can be classified as reclaimer scheduling and yard allocation. For the former, Hu
and Yao (2012) develop a mixed integer programming model by assuming only one
reclaimer at each rail track which can only reclaim stockpiles located in pads adjacent
to its rail track. Angelelli et al. (2016) study an abstract scheduling problem inspired

by reclaiming operations of a coal export terminal. They assume that there are
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two reclaimers mounted on a rail track which is located in-between two pads. They
consider the fact that these two reclaimers cannot cross each other at any time,
namely non-crossing constraint. For this problem, they present some complexity
results as well as an approximation algorithm. Their abstract problem has one strong
assumption: a reclaimer must travel from one end of stockpile to another end once
with predefined constant speed to be able to reclaim this stockpile completely. In our
integrated model, we allow that there can be two reclaimers on a rail track, so we
take non-crossing constraint into account. We also assume that a reclaimer repeatedly
travels back and forth to reclaim a stockpile as in reality.

In dry bulk terminals, loads are stocked in yard space as stockpiles. Stockpiles are
stored on pads, which are lengthy storage areas located at both sides of rail tracks.
A stockpile uses entire width of a pad but only a portion of its length. One might
observe similarities of yard allocation problem with strip packing problem (Martello
et al., 2003). However, dynamic structure of YAP largely differentiates it from strip
packing problem. That is, many stockpiles arrive and leave stockyard during the
planning period and one storage position in the stockyard can be used by many
different stockpiles over time.

As in the case of Boland et al. (2012), operational problems observed in mar-
itime terminals are often interrelated. Therefore, solving these problems sequentially
by ignoring their relations often leads to plans with poor overall quality (Bierwirth
and Meisel, 2010). Robenek et al. (2014) extend the work of Umang et al. (2013)
integrating yard allocation and berth allocation operations in a bulk terminal. They
assume a hybrid berth layout and discrete yard locations. In their study, yard lo-
cations have dedicated cargo types and a yard location can be assigned to only one
cargo type. Then they assign vessels to yard locations to determine variable handling
times comprised of carrying loads from stockyard to berth area. Also a yard location
can be allocated to at most one vessel at any time. They develop a column generation
scheme and a branch and price algorithm to minimize total completion times of ves-

sels. In addition to an abstract reclaimer scheduling problem, Angelelli et al. (2016)
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also present an extension that considers yard allocation and reclaimer scheduling si-
multaneously. In that model they also decide stocking positions of stockpiles that
directly affect scheduling of reclaimers. Furthermore, Menezes et al. (2017) study
an integrated problem that consider stockyard allocations and conveyor belt routes
simultaneously. They solve medium sized problem instances to optimality via branch
and price algorithm.

We present an exact solution method for the integrated problem of dry bulk termi-
nal operations, consisting of berth allocation, reclaimer scheduling and yard allocation
problems. We study this integrated problem by considering many different properties
of individual problems, such as tidal periods, multiple reclaimers on a single rail track,
non-crossing constraint, travel times of stockpiles between quay and yard side, and
multiple rail tracks and pads that cause non-eligibility of some reclaimer-stockpile
assignments. It is worth mentioning that a similar level of details is also considered
by Boland et al. (2012) for an integrated problem of dry bulk terminal operations.
However, they emphasize that problem components are very complex to use mathe-
matical programming, so they develop constructive heuristics to solve the integrated
problem. In the following section, we propose a logic-based Benders decomposition

algorithm to solve IDBT problem to optimality.

5.2 Monolithic Model

Integrated problem of dry bulk terminals can be modeled and solved within a single
mixed mixed-integer programming formulation. In such a formulation, decisions re-
garding to allocations of vessels to berths, scheduling of reclaimers and assignments
of stockpiles within the stockyard is made simultaneously.

In this chapter we initially develop a monolithic MIP formulation which is pre-
sented in Appendix C. As expected, this formulation comes up short in terms of
computational performance because of the excessive number of variables and con-
straints. Therefore, we decompose the problem into parts which are easier to solve

by utilizing the monolithic formulation.
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5.3 Logic-Based Benders Decomposition

Logic-based Benders decomposition (LBBD) is a generalization of Benders decompo-
sition method (Benders, 1962) which relies on inferring cuts via inference dual rather
than linear programming duality. By this way, it can be implemented to various com-
binatorial optimization problems in which subproblem cannot be modeled as a linear
program. In this study, master problem is modeled as a mixed integer programming
model (optimization) while a feasibility model for subproblem is constructed by con-
straint programming (CP). We refer readers to the related sections of Chapter 1 for
more information on LBBD and CP methods.

As we stated before, IDBT consists of three operational problems. Even though
decisions to be made for these individual problems are all interrelated, we identify two
strong relationships among them. Schedules of reclaimers directly affect the departure
times of vessels, since all associated stockpiles must be reclaimed by reclaimers. Also,
reclaiming operation for a stockpile can only start after the associated vessel moors.
Similarly, reclaimer scheduling and yard allocation are strictly related. Stockpiles
that are assigned to a specific reclaimer must be located on pads adjacent to the
rail track that the reclaimer mounted on. Otherwise, they cannot be reclaimed by
this reclaimer. Moreover, non-crossing of reclaimers that are located on the same rail
track cannot be achieved without knowing stocking positions of stockpiles.

In this study, we develop a novel LBBD algorithm to solve IDBT problem (LBBD-
IDBT). We propose the following decomposition structure for LBBD-IDBT: we sep-
arate berth allocation and yard allocation problems into master and subproblem, re-
spectively. Then we decompose reclaimer scheduling problem into two: non-overlapping
of reclaiming operations that are performed by the same reclaimer is ensured in master
problem while non-crossing and other constraints that interrelate reclaimer schedul-
ing decisions with those of yard allocation are placed in subproblem. In this study,
master problem is modeled as an MIP model, while a feasibility model for subproblem

is constructed by CP. By solving master problem to optimality, we get:
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(7) berthing times of vessels, and berthing positions,

(17) departure times of vessels by considering tidal time windows,
(i7i) vessel to reclaimer assignments,

(

iv) reclaimer schedules, that is start time of reclaiming stockpiles.

We send (i), (ii), and (7ii) of the solution to the subproblem, and it is solved
to check whether there is a feasible yard allocation and a reclaimer schedule given
these information from master problem. In other words, by using fixed mooring and
departure times of vessels and vessel to reclaimer assignments which are determined

by the master problem, subproblem tries to find a feasible solution in which:

e cach stockpile is stored in stockyard until completely reclaimed,

e stockpiles are non-overlapping in both time and space (i.e. at any time a stock

position can contain parts of at most one stockpile),

e cach stockpile is reclaimed by the assigned reclaimer (by (iii)), therefore a stock-

pile is located on pads adjacent to the rail track of this reclaimer,
e reclaimers located on the same rail track do not pass each other at any time,

e reclaiming of stockpiles that are associated with a specific vessel starts after its
mooring and ends before its departure by also taking the travel time required

between berth and reclaimer into account.

If subproblem turns out to be feasible, then algorithm terminates with an optimal
solution to the original problem. Otherwise, cuts are derived from the infeasibility
and are added to the master problem for the next iteration.

In LBBD, there is no standard scheme for generating cuts; hence, we should devise
cuts for each specific problem. A valid Benders cut needs to remove the infeasibility
that is detected by subproblem without eliminating any optimal solution to the origi-
nal problem (Hooker, 2007). The simplest Benders cut is “nogood”, which states that

we cannot obtain a feasible solution for original problem unless at least one variable
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of the current solution is changed to a different value (Coban and Hooker, 2013).
Nogood cuts are often ineffective, since it only cuts very small portion of the feasible
space. Thus, we develop stronger cuts that remove larger portions.

One key property of LBBD-IDBT is not to send (iv) to the subproblem, even
though the master problem is able to determine exact start and end times for re-
claiming operation of each stockpile. By this way, we can change reclaiming order of
stockpiles associated with the same vessel without violating mooring and departure
times of this vessel to avoid violation of non-crossing constraint. With this property,
the algorithm is able to cope with non-crossing constraint easily, since the subproblem
also determines stocking positions of stockpiles simultaneously. If (iv) is sent to the
subproblem, we observe that the algorithm may require many additional cuts because

of infeasibility caused by the non-crossing constraint.

5.3.1 Master Problem

In this section, we introduce sets, parameters and decision variables of the master
problem. The same set of parameters is also valid for the subproblem. After present-
ing MIP model and describing its constraints, we propose two enhancements over the
model that improve the performance.
Sets and Parameters:

V' set of vessels, j = {1,...,|V|},

M set of berths, m = {1,...,|M|},

J  set of tasks (stockpiles), i = {1,...,|J|},

C'  set of reclaimers, k = {1,...,|C|},

T  set of time indices, t = {1,...,|T},

H  set of high tide periods, r = {1,..., |H|},

A set of pads in stockyard, a = {1,...,|Al},

U  set of stock positions located on a single pad, u = {1,...,|U|},
N set of all stock positions, I = {1,...,|U]|,..., |A||U|},

D, index of pad on which stock position [ is located, D; € A,
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x-axis value of stock position [, m; € U,

T
W set of rail tracks, w = {1,...,|W|},

=

,arrival time of stockpile 7 to stockyard,

Q) index of a rail track in which reclaimer k£ is mounted on, @ € W,

P,  amount of time required to reclaim stockpile i from the stockyard,

K;  number of stock positions required to accommodate stockpile 1,
L; length of vessel j,

G,, length of berth m,

R;  arrival time of vessel j,

B,  start time of high tide period 7,

FE,  end time of high tide period r,

Weight;  weight associated with vessel j,

Distance,,,  distance between berth m and reclaimer k (in time units),
VesselO fTask;  index of a vessel that is associated with stockpile i,

Total LoadO fVessel;  amount of time required to reclaim all tasks of vessel 7,

AssignedT'asksToVessel;  set of indices of stockpiles to be loaded to vessel j.

Decision Variables:

S; mooring time of vessel 7,

C; departure time of vessel j,

X 1if vessel 4 is moored to berth m, after vessel j; 0 otherwise,
SR; start time of reclaiming stockpile 7,

CR; completion time of reclaiming stockpile i,

XR,,, 1if stockpile i is reclaimed by reclaimer k, after stockpile i; 0 otherwise,

Yonj 1 if vessel j is assigned to berth m; 0 otherwise,
Zjy 1 if vessel j leaves at high tide period r; 0 otherwise,
Qi 1 if reclaimer k is assigned to vessel j; 0 otherwise,

Bijkm 1 if vessel j is assigned to reclaimer & and berth m; 0 otherwise.
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Master Problem Model:

minimize Z Weight;C;

J

subject to:

Sy > Cj = |T|(1 — ijj,)
Koy + Koy < Ymg

Xy + Xnj's < Ynyt

Xinjy + Xty 1

Xpjjt + Xonjrj 2 Yinj + Y0 — 1
Z Zip =1

C; > B.Z,

C; <) EZ,

Vi (5.1)

Vm,j (5.2)

Vi (5.3)

Vm,j,j 1 j#j (5.4)

vm,j,j i #j (5.5)

vm,j,j 1 j#j (5.6)

Vm,j,j i #j (5.7)

Vm,j,5 :j#35 (5.8)

Vi (5.9)

Vi (5.10)

Vi (5.11)
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> Q=1 Vi (5.12)
k
X Ry + XRyys < QvesselofTask k Vk,i,i ci#i (5.13)
XRyy + X Ry < Qvesseiofrask, Vk,i,i i#4 (5.14)
XRByy + XRyy;, <1 Vk,i,i i #i (5.15)
XRyy + X Ry 2 QuesselofTaski k T Qvesselofrask b — 1 Vk,i,i i #i (5.16)
SR, > CR; — |T|(1 — XR,,;) Vk,i,i ci#4i (5.17)
SR, + P, = CR, Vi (5.18)

X Ry + X Ry <1

Vk, ’i, 7:/, Z'H - (VesselOfTask;=VesselO fTask 1)&(VesselO fTask;#VesselO fTask 1) (519)
SR; > S Vi (5.20)

C; > CR; + Z Z DistancemBikm Vj,i € AssignedTasksToVessel; (5.21)

m k
Y Bitm =1 Vi (5.22)
k. m

Vi + Qe < Bigm + 1 Vj,m.k: Gy = Ly (5.23)

Y, X

.
mjg

XRkii” er7ijaﬁjkm € {07 1}7
Sj7Cj?SRjach >0

Vi, g i, mmy ko (5.24)
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The objective of the master problem is to minimize total weighted departure times
of vessels. We present constraints associated with berth allocation problem from (5.1)
to (5.11). By constraints (5.1) and (5.2), each vessel must be assigned to one of the
berths that its size allows. Constraint (5.3) simply ensures that a vessel cannot moor
before its arrival. X, .. and Y,; variables are put together by constraints from (5.5)
to (5.8) to determine berthing order of vessels that are assigned to same berth. If
vessels j and j are assigned to same berth, then they must use that berth sequentially
(X, + X7, = 1). If at least one of j and 4 is not assigned to berth m, then
corresponding X, .+ variable takes the value of 0. Non-overlapping stays of vessels
that use the same berth is ensured by constraint (5.4) using X, . variables. In other
words, if X, =1, then vessel j cannot moor before vessel j' leaves.

Constraints (5.9), (5.10) and (5.11) together impose the effects of tidal time win-
dows on berth allocations. The departure time of a vessel is assigned to one and
only one high tide period by constraint (5.9) and its exact time is determined by
constraints (5.10) and (5.11).

Constraints from (5.12) to (5.19) are associated with reclaimer scheduling problem.
We assign a vessel to one and only one reclaimer to perform reclaiming of associated
stockpiles by constraint (5.12). Constraints (5.13) to (5.16) determine processing
order of tasks on reclaimers, similar to those of berth allocation problem. Then via
constraint (5.17) tasks that are assigned to the same reclaimer cannot be reclaimed
simultaneously.

Constraint (5.18) states that reclaiming of a stockpile requires a fixed amount
of time and it must be performed non-preemptively. Note that duration of stay
of a vessel is not fixed since it depends on factors such as reclaimer schedules and
times of high tide periods. A reclaimer must perform reclaiming jobs of the same
vessel consecutively because of technological restrictions of in-terminal transportation
system (conveyor belts), and it is enforced by constraint (5.19).

To link the constraints of reclaimer scheduling and yard allocation, we use con-

straints (5.20) and (5.21). Constraint (5.20) indicates that reclaimers cannot start
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reclaiming a stockpile before associated vessel moors. By constraint (5.21) we cal-
culate the earliest time that a vessel can leave the terminal by taking completion
time of reclaiming each stockpile as well as the distance between berth and reclaimer
into account. Constraints (5.22) and (5.23) determine, for each vessel, the distance
between the berth and the reclaimer that it is assigned. These constraints together
enforce Bk, to take the value of 1 if vessel j is both assigned to berth m (Y;,;=1)

and reclaimer k (£2;,=1). Lastly, constraint (5.24) determines domains of variables.

Model Enhancements:
An important observation on the bottleneck of the terminal leads us to add a new set of
constraints that increases the computational performance of the master problem. As
we mentioned previously, duration of stay of vessels also depends on the availability
of reclaimers, while reclaiming times of stockpiles are fixed. Therefore, reclaimer
scheduling can provide an insight on earliest possible completion times of vessels. We
develop the following relaxation of reclaimer scheduling and embed it into the master
problem to be able to get the benefit from the fact that reclaiming times are fixed.
This relaxation provides a better lower bound for estimating departure time of vessels.

First, we aggregate reclaiming tasks associated with a vessel to a single task.
Aggregated task j then has processing (reclaiming) time of T'otalLoadO fVessel;
which represents a minimum possible duration of stay of vessel 5. We can calculate
the lower bound for departure time of vessels by assuming that there are unlimited
number of berths and yard space, no low tide periods, no non-crossing constraint of
reclaimers and no distance between reclaimers and berths. Note that the time that a
vessel stays at berth is actually a variable because it depends on availability of empty
berths, schedules of reclaimers, high tide periods and distances between berths and
reclaimers.

We introduce constraints (5.25) to (5.28) and a time-indexed variable o to apply
this relaxation. oy takes the value of 1 if reclaiming of aggregated task of vessel
7 starts at time ¢; 0 otherwise. This relaxation can be viewed as a time-indexed

formulation of simple parallel machine scheduling problem with release dates, where
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a reclaimer is a machine and aggregated reclaiming operations associated with a vessel

is a task.
C; > Z(t + Total LoadO fVessel;).cuy Vi (5.25)
t

d =1 Vi (5.26)

t:t>R;

> =0 Vi (5.27)

Lt<R;

> > aj, < |C] vt (5.28)

J  s€{max(1,t—TotalLoadO fVessel;),....t}

aj, € {0,1} Vit (5.29)

Constraints (5.26) and (5.27) assign the start of reclaiming process for vessel j
to a time point ¢, which is after the arrival of this vessel. Capacity constraint (5.28)
ensures that the number of vessels handled simultaneously must be less than or equal
to the total number of reclaimers at any time. By constraint (5.25) we link variable a;
and original master problem variables. It also enforces departure time of a vessel to
be not less than the theoretical minimum departure time which is dictated by group
of constraints (5.25)-(5.29). We add these new constraints to the master problem
formulation (5.1)-(5.24). Since the LP relaxation with these added constraints is very
tight, it improves the performance of the model especially when the total output rate
of reclaimers are less than that of berths, by reducing the search space for non-time-
indexed variables.

Following Cire et al. (2015) who point out the importance of capturing some
characteristics of the subproblem via their relaxations for a better performance of

LBBD algorithm, we also add a relaxation of yard allocation problem as a constraint
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to the master problem. In this relaxation, whole stockyard is aggregated into a single
resource with capacity of total stocking positions (|A||U]), rather than considering
each stocking position and pad individually. The resulting constraint (5.30) ensures
that, at any time, the total length of stockpiles that are stacked in the stockyard but
are not completely reclaimed must be less than the total available stocking positions.

By this way, we eliminate some solutions which are infeasible for the original prob-
lem. As a result, the master problem may have an optimal solution value to be much
nearer to the global optimal and/or the algorithm may need fewer iterations until
termination. In addition to that, constraint (5.30) also helps the model to identify
the infeasibility of the instance caused by not enough yard space to accommodate
all stockpiles given arrival times of vessels and stockpiles. We introduce an auxiliary
parameter ArrivalTime; that has the value of 1 if arrival time of stockpile ¢ is ¢ and
0 otherwise. Further, we define an auxiliary time-indexed variable §;; that takes the
value of 1 if SR; =t and 0 otherwise. That is, ), t.0; = SR;, Vi. Hence, constraint
(5.30) is stated as follows:

Z K;(ArrivalTime;s — d;5)

i se{maz(1,min(R;t—F;)),...,t—P;}

+ Z Z K;ArrivalTime;s < |A||U]|

i s€{maz(l,t—P;+1),...,t}

vt (5.30)

5.3.2 Subproblem

In this section, we present constraint programming (CP) subproblem model. It is a
feasibility model; that is, its objective is to find a feasible solution or to prove that the
problem instance is infeasible. The subproblem of LBBD-IDBT must be represented
in terms of activities and resources. In this representation, reclaiming and storing
stockpiles are activities while reclaimers and stock positions correspond to resources.

For a detailed information on the methodology, we refer readers to Chapter 1.
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Decision Variables:

Reclaim; an interval variable that represents reclaiming of stockpile i. Its domain
iS [SVesselo fTaski» CVesselO fTask, — Distance,1Yr vesselo frask; 0 esselO fTasks k)
and it is determined by the optimal solution to the master problem.
Therefore this activity must be performed between associated vessel’s
(VesselO fTask;) mooring and departure times by also considering

the distance between reclaimer k£ and berth r assigned to this vessel.

Reclaimy, an optional interval variable that represents reclaiming of stockpile
¢ by reclaimer k. This variable is active in the model if and only if

reclaimer k is assigned to stockpile i. Otherwise its domain will be .

Stack; an interval variable that represents stacking of stockpile 7. In our
model we assume that it takes 0 unit time and its domain is fixed to

R, the time that stockpile i arrives to the terminal.

Stacky an optional interval variable that represents stacking of stockpile ¢ such

that its leftmost is placed to stock position I.

Occupy; an interval variable that stands for the interval in which stockpile ¢
is stored in stockyard. Start of this interval variable is fixed to R;,

i.e., arrival time of this stockpile. Its domain is [R;, CVesselO fTask; —

DiStancerkYr,VesselOfTaski QVesselOfTaski,k] .

Occupy;, an optional interval variable that represents the interval in which stock-
pile 7 is stored in the stockyard such that its leftmost is assigned to

stock position [.

ReclaimerUsesPosition an optional interval variable that stands for reclaim-
ing of stockpile ¢ which is located such that its leftmost is assigned to

stock position [ and is reclaimed by reclaimer k. When it is active, its
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domain is [Sj7 OVesselOfTaski _DiStancerkY;,VesselOfTaski QVesselOfTaski ,k] .

NonCross .y a sequence variable that is used for non-crossing constraint and
it determines relative order of interval variables ReclaimerU sesPosition;,
and ReclaimerUsesPosition; /. Its domain consists of permutation

of order of these interval variables.

Note that the duration of interval variables Occupy, and Occupy; are not fixed.
Stockpile ¢ stays in the stockyard until completely reclaimed by reclaimers, differently
from other variables of the model. In the following, we present constraint program-

ming subproblem.

Subproblem Model:

Feasibility Problem:

Alternative( Reclaim;, (Reclaimg|Vk)) Vi (5.31)
Alternative(Stack;, (Stacky|vl)) Vi (5.32)
Alternative(Occupy,, (Occupyy|Vl)) Vi (5.33)
Presence(Reclaim;,) = 1 Vi, k : QvessetofTask; x = 1 (5.34)

1 — Presence(Stack;) > Presence(Reclaim;y,)

Presence(Stack;) =0 Vi, l: (U —m+1)—K; <0 (5.36)

Disjunctive(Reclaim|Vi) Yk (5.37)
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EndBeforeStart(Stack;, Reclaim;) Vi (5.38)
Presence(Stack;) = Presence(Occupy;) Vi, 1 (5.39)
EndAtEnd(Occupy;, Reclaim;) Vi (5.40)
Start(Occupy;) = R, Vi (5.41)
Disjunctive(Occupy; |Vi, U<l >1—-K;+1) Vi (5.42)

Disjunctive(NonCross, /1)

Vi,i kok L1 i A k<K Qr=Qu,l+ K, >, 1<|U,l <|Ul (543)

Presence(Stack;;) + Presence(Reclaim;i) < ReclaimerUsesPosition; y yertical, + 1

Z Z Presence(ReclaimerUsesPosition;y) = 1 Vi (5.45)
k 11<U

Start AtStart(ReclaimerU sesPositiony,, Reclaim,;) Vi, k11 <|U| (5.46)

EndAtEnd(ReclaimerU ses Position;y,, Reclaim,;) Vi, k11 <|U| (5.47)

Constraints (5.31), (5.32) and (5.33) assign stockpiles to reclaimers and stocking
positions. Constraint (5.34) fixes reclaimer to stockpile assignments as determined
by the master problem. Constraint (5.35) enforces that a reclaimer cannot process
stockpiles which are not located on adjacent pads to the rail track it is mounted on.
Otherwise, left hand side of the constraint becomes 0 and forces Reclaim;, interval

variable to be inactive in the model, i.e., Presence(Reclaim;,) = 0. Constraint
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(5.36) states that a stockpile cannot be assigned to a stocking position [ if there is not
enough stocking positions from [ to rightmost of the pad to accommodate all of the
stockpile because a stockpile must be located in adjacent stocking positions as a single
rectangular pile. Constraint (5.37) ensures non-overlapping of reclaiming operations
of stockpiles that are assigned to the same reclaimer.

Constraint (5.38) states that a stockpile needs to be stacked in the stockyard to
be able to reclaim this stockpile. After stacked, a stockpile stays at the same stocking
positions, by constraint (5.39). Storage of a stockpile in the stockyard ends with the
completion of reclaiming of this stockpile, which is denoted by constraint (5.40). For
each stockpile, stacking time and start of its stay in the stockyard is fixed to its arrival
time and it is ensured by constraint (5.41). Constraint (5.42) states that stockpiles
that occupy stock position [ must be non-overlapping. If two stockpiles share at least
one common stocking position, then they cannot stay in the stockyard at the same
time.

We need constraint (5.44) for ReclaimerU sesPosition; variables to take proper
values. By constraint (5.45), one and only one ReclaimerU sesPosition;, variable is
active for each stockpile because each stockpile is assigned to one reclaimer and its left-
most is stored in one stocking position. Constraint (5.43) ensures non-crossing of re-
claimers by considering relative positioning of interval variables ReclaimerU ses Position
and ReclaimerUsesPosition,,, if and only if required conditions that cause re-
claimers to cross each other are satisfied. This constraint also considers the fact that
reclaimers repetitively travels back and forth by the length of the stockpile during
reclaiming operation.

Lastly, constraints (5.46) and (5.47) together ensure that start and end times of ac-
tive ReclaimerUsesPosition;, interval variable to be identical with those of Reclaim;
. These variables both represent the interval in which stockpile 7 is reclaimed, but the

former additionally keeps stockpile to reclaimer and stocking position assignments.
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5.3.83 Benders Cuts

A “nogood” cut applies to all types of problems, however, it is often weak. Therefore,
we investigate potential causes of infeasibility to derive more effective problem specific
Benders cuts. Given an optimal solution of the master problem, there can be two

potential causes of an infeasible subproblem in LBBD-IDBT.

e Stockyard Infeasibility: it may not be possible to distribute stockpiles to stock-

ing pads since each stockpile should be stacked as a single pile.

e Non-Crossing Infeasibility: given the solution of the master problem, non-

crossing constraint may be violated in the subproblem.

Stockyard Infeasibility Cut:
When the infeasibility is caused by the distribution of stockpiles to stocking pads, CP
identifies that subproblem is infeasible. However, it cannot identify the constraints
that are causing the infeasibility. In this case, we need to find the exact cause of the
infeasibility with a specific cut generation procedure.

For this reason, we introduce the following two auxiliary expressions and two
binary variables to implement the conditional statement that is used within this

procedure.

Al = Z (ArrivalTime;s — d;s)

1€S1CUTy, se{maz(l,min(R;t—P;)),....t—P; }

+ Z Z ArrivalTime;

1€S1CUTy, se{maz(1,t—P;+1),...,t}

A2, =N Cut2y
j k

Varl, a binary variable that takes the value of 1 if all stockpiles in S1CUT), stays at
the same time, that is Al,, = |S1CUT}|, 0 otherwise.
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Var2, a binary variable that takes the value of 1 if vessel to reclaimer assignments for
related vessels are the same with previous iteration, that is A2, = [S2CUT},|,

0 otherwise.

At iteration h of LBBD-IDBT, we derive a strong Benders cut for the stockyard

infeasibility by the following procedure:

Initialization: Set T'SU,, = 0, SICUT,, = 0, S2CUT), = 0.

1: Let T'SU; to be the list of total stockyard usage for each time period. For
each t, calculate T'SUy, as Y, {Ki|R; <t < CR;}.

2: Select time ¢ with the largest stockyard usage:

2.1: Find stockpiles that are stacked but not reclaimed until time ¢, and

add these tasks to set SICUT),. That is, SICUT}, = {i|R; <t < CR;}.

2.2: Solve an auxiliary MIP model, STM; (Appendix D), to check whether
it is possible to allocate these stockpiles to pads. If this MIP model is
feasible, go to Step 2.3. Else, we obtain the proof of infeasibility: given
the solution of the master problem, it is not possible to allocate the tasks
in S1CUT}, to pads. That is, these tasks cannot stay at the stockyard
simultaneously. Add the following cut that prevents that situation to the
master problem, and go to Step 3:

Aly, < |S1CUT,| — 1 vt (5.48)

2.3: Solve a more restricted MIP model, STM; (Appendix D), which takes
vessel to reclaimer assignments into consideration. In this model, a task
associated with a vessel can only be allocated to pads adjacent to the
reclaimer that this vessel is assigned. If STM; is feasible, then go to Step
2, and select the next ¢ value with the largest stockyard usage. Else, we
obtain the proof of infeasibility: given the optimal solution of the master

problem, it is not possible to allocate the tasks in S1ICUT}, to pads if we
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consider vessel to reclaimer assignments. If all stockpiles in set S1CUT),
are staying at the stockyard at the same time, then current vessel to
reclaimer assignments must be changed to have a feasible solution. Go to
Step 2.4 to derive this conditional cut.

2.4: Find stockpiles that are stacked but not completely reclaimed at
time ¢, and add all related vessel to reclaimer (j, k) assignments to set
S2CUT},. For each element of S2CUT), set Cut2,;, = 1, and for each
(4, k) ¢ S2CUT}, set Cut2pj, = 0.

Next two constraints are required to have correct values for Varl and

Var2, the auxillary variables that we introduced previously.

1 —Varl, <|S1CUT,| — Al < |S1CUT,|(1 — Varly) vt (5.49)

1— VCL?”Qh S ‘S2CUT}L‘ — A2h S ’SQCUTh’(l — V(M"Qh) (550)

Now, we can straightforwardly implement the following condition: “if
all stockpiles in set S1C'UT}, are staying at the stockyard at time ¢, then
current vessel to reclaimer assignments must be changed to have a feasible
solution”, which can be stated as “if Varl, = 1, then Var2, = 07. That

is,
Var2, <1-—Varly, (5.51)
Add constraints (5.49), (5.50), and (5.51) to the master problem and go

to Step 3.

3: Go to the next iteration of LBBD-IDBT and solve the modified master

problem.

Example with Stockyard Infeasibility Cut:
We describe the execution of LBBD-IDBT step by step on a small problem instance

which requires a stockyard infeasibility cut. In this instance, there are four vessels
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and each of them is associated with a single stockpile. There are four berths, so that
these vessels can moor at the same time. Other parameters regarding to the stockpiles
are presented in Table 1. In this instance, we assume no low tide periods and also
zero travel time for stockpiles from stockyard to vessels. There are two pads with five
stocking positions each. Each stockpile is served with one reclaimer, thus reclaimers

are mounted on two different rail tracks.

Table 5.1: Parameters for the example instance

Stockpiles /

1 2 3 4
Parameters
Weight 10 5 1 1
Arrival Time 1 1 1 4
Processing Time 5 2 3 3
Length 3 2 3 3

STEP 1: Solve the master problem (iteration 1).

Stockyard operations for each stockpile in the optimal solution are pre-
sented in Figure 5.2(a). In this figure, each hatched rectangle represents
that a stockpile is stacked but not being reclaimed, and solid rectangles

stand for reclaiming operation. Thus,

7 =3 Weight;C; = 10(1+5)+5(1+2) +1(3+3) +10(6+3) = 171.

STEP 2: Solve the subproblem.
Even though the total stockyard usage at any time is less than the
total stocking positions available by the relaxation of the yard allocation

problem in the master problem, subproblem turns out to be infeasible.
STEP 3: Determine the cause of infeasibility and add cuts.

STEP 3.1: Calculate total stockyard positions to be occupied at
any time. That is, TSUy,; = {8,8,6,9,9, 3, 3, 3}.
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STEP 3.2: t=4 and t=>5 has the highest total stockyard usage with
9 stocking positions. Arbitrarily select one of these time points, let
us select t=4. Identify the indices of stockpiles that are stacked at
the stockyard during time ¢: SICUT;, = {1, 3,4}.

STEP 3.3: Solve MIP model SIM;.

It is infeasible, hence proves that it is not possible to keep stock-
piles 1, 3, and 4 at the stockyard simultaneously. Add a cut that
forbids the overlapping of these stockpiles over time, and go to the

next iteration.

STEP 4: Solve the master problem (iteration 2).

Optimal stockyard operations for each stockpile are presented in Fig-
ure 5.2(b). Accordingly,

5= Zj Weight;.C; = 10(1+5)+5(4+2)+1(1+3)+10(6+3) = 184.

STEP 5: Solve the subproblem.

This time the subproblem finds a feasible solution in which stockpile
1 is located on pad 1 and other stockpiles are located on pad 2. Note that
stockpile 4 is stacked after stockpile 3 is completely reclaimed from the

stockyard. Algorithm terminates with an optimal solution.

tasks tasks

4 4

3 3

Z*=171 Z=184

2 2

1 times | times
1 2 3 4 5 6 T 3 9 10 1 2 3 4 5 6 71 8 9 10

(a) Iteration 1 (b) Iteration 2

Figure 5.2: Solutions from the master problem for different iterations
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If the above procedure fails to generate a cut, then the infeasibility is caused by
the violation of non-crossing constraint. However, it is not likely as the proposed
decomposition substantially prevents such a violation. Hence, we generate a nogood
cut in such a situation. According to Chu and Xia (2004), a Benders cut is valid if it
satisfies the following two conditions: it does not remove any feasible solution to the

original problem but does cut the current solution to the master problem.
Proposition 13. The explained procedure generates a valid Benders cut.

Proof. To prove the first condition, assume that a cut removes a feasible solution
to the original problem. If subproblem turns out to be infeasible, by definition, the
procedure can generate a cut when (i) STM; is infeasible, (i) SIM,; is feasible but

SIMs, is infeasible, and (iii) SIM; and SIM; are both feasible.

(7) For a time point ¢, there is no feasible distribution of stockpiles that stays at
the stockyard to pads, and it is verified by STM;. Thus, by constraint (44), we
only remove this specific situation, that is “these stockpiles cannot be stored at

the stockyard simultaneously”.

(77) For a time point ¢, there is no feasible distribution of stockpiles that stays
at the stockyard to pads given the stockpile-reclaimer assignments. However,
it is possible to distribute these tasks to pads by changing these assignments
as SIM, is feasible. Therefore, by constraint (47), we remove a more restricted
portion of the solution space by specifically addressing that “if these stockpiles
are stored at the stockyard simultaneously, then it is not possible to have the

current stockpile-reclaimer assignments”.

In above cases, we only prevent the situations which are proved to be infeasible via

STM; and SIM,, respectively.

(73i) Subproblem is infeasible, but both SIM; and SIM, are feasible. Then we
add a nogood constraint that asserts “if we sent these set of values of variables

to the subproblem, then we cannot obtain a feasible solution to the original
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problem”. Thus, we need to change the value of at least one variable. A nogood
cut is valid as it only excludes the complete solution to the master problem,

which is proven to be infeasible via the subproblem.

Therefore, the cut generation procedure does not cut any feasible solution to the
original problem. This contradicts the initial statement. The proof of the second
condition is trivial, as in all three cases, we forbid the occurrence of the same solution

that is proved infeasible to the subproblem. O]

Moreover, this cut generation procedure guarantees the finite convergence of the
algorithm since the master problem has a finite domain and generates a valid Benders

cut at each iteration.

5.4 IDBT Problem with Continuous BAP

Previously, we assumed that each berth is a discrete resource that can be occupied
by at most one vessel at any time. Alternatively, in a more general case, a berth is
assumed to be a single continuous resource and a vessel can moor at any position of
the berth area.

This variant of berth allocation problem can be represented on a space-time graph
where vertical and horizontal axes correspond to berth area and time horizon, respec-
tively. In this space-time graph each vessel is represented by a rectangle. Width
of a rectangle stands for the length of the vessel and its height represents the time
vessel stays at the berth. Rectangles for all vessels must be non-overlapping in two
dimensional graph to be able to have a feasible solution to BAP.

Most of the related literature assumes that height of each rectangle is known in
advance, hence, is an input of the problem. In such a case, the problem can be studied
as a 2-D bin packing problem (Lim, 1998). However, in our study, the height of a
rectangle is not fixed but depends on the reclaimer schedules, tidal conditions and the

distance between mooring position of vessel and the reclaimer that handles this vessel.
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Therefore, the resulting problem cannot be represented as a 2-D bin packing problem.
In addition to sets, parameters, and decision variables which are presented for IDBT

problem, we also introduce the following notation for the variant with continuous

BAP.

Additional Parameters:

L total length of berth area,
L, length of vessel 7,
C'Sk an auxiliary parameter that defines the nearest side of berth area to re-

claimer k which has a value of 1 if it is left side of berth area and a value of

2 if it is right side,

DistToBerthy, distance between reclaimer k and the leftmost (or the rightmost) of

berth area in unit times.

Additional Decision Variables:

Y; position at which the leftmost of vessel j moors over berth area,

X binary decision variable that determines the sequence of vessels over time,
which takes a value of 1 if vessel j departures before vessel 7' moors, 0
otherwise.

Ly binary decision variable that determines the relative positions of vessels over

berth area, if these two vessels are overlapping in time. It takes a value of 1
if vessel j is handled at the right side of vessel j' and these two vessels are

overlapping in time, 0 otherwise,

Distj,  amount of time that is required to carry the material between the midpoint

of vessel j and reclaimer £ (in unit times).

A general structure of a dry bulk terminal with a continuous berth area is presented
in Figure 5.4 below. In this figure, vessel j is moored to berth as its leftmost is placed

to point Y} over berth area.
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Y; 1AL
9 ' Vessel j | I"
I |
L} "
L} L]
' Pad 1 '
L} ]
i — '
' _I/ \ Ir’ b 1
(R1) \R2)
Pad 2

Figure 5.3: General structure of IDBT problem with continuous BAP

Moreover, dashed lines interpret the conveyor belt system that transfer materials
from reclaimers to berth area and their length is given by the parameter DistToBerthy.
If vessel 7 is assigned to reclaimer 1, then the amount of time that is required to carry
material between the midpoint of vessel j and reclaimer k (Dist;;,) is calculated as a
sum of DistToBerth; and the distance from leftmost of berth area to midpoint of ves-
sel j, that is Y; + L;/2. This is because the conveyor system associated with reclaimer
1 is nearer to leftmost of berth rather than its rightmost, hence C'S; = 1. Similarly,
if this vessel is assigned to reclaimer 2, Distj; will be the sum of DistToBerthy, and
L—(Y;+L;/2).

In the following, mixed integer programming model for master problem of IDBT

problem with continuous BAP is presented.

minimize Z Z Weight;C;
g
subject to:
Y, <L-1L; Vi (5.52)

X+ Xy, + Lo+ 1, = Vi.j :j#7 (5.53)
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Yy > Ll +Y, - L(1— 1) Vjj ti#J (5.54)
Sy > Cy—|TI(1 - X;;) Vj,j ij#J (5.55)
Dist;, = DistToBerthy +Y; + L;/2 V4, Vk : CS, =1 (5.56)
Distj, = DistT'oBerthy, + L — (Y; + L;/2) Vi, Vk : CS, =2 (5.57)

C; > CR; + Disty, — |T|(1 — Qi) Vi,Vk, V4,5 :j # j &VesselOfTask; = j (5.58)

Constraints(5.9) — (5.20)

Y, X, Lo, X Ry, Zjr, Qi {0, 1},

DiStjk, Sj, C]’, SRj, CRJ >0
V4,5, Vi,i Y, Vk  (5.59)

In this model, all the constraints regarding scheduling of reclaimers as well as
assignment of departure times of vessels to high tide periods are also valid for the
new model. Therefore variables X R/, Zj;, Q, S;, Cj, SR; and CR; of IDBT
problem are also exist in the model with continuous BAP. On the other hand, all
constraints regarding berth allocation problem is reconstructed and it is presented by
constraints (5.52)-(5.59).

Constraint (5.52) defines the feasible positions that leftmost of a vessel can be
placed by considering its length. Relative positioning of two vessels j and j are
expressed by constraint (5.53). Accordingly, position of vessel j with respect to vessel
k must be one and only one of the following four cases, otherwise, it means that these
two vessels are overlapping in time-space graph, which makes allocation of vessels to

berth area infeasible.

(i) Vessel j completes before arrival of vessel j (X, = 1),
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(ii) vessel j' completes before arrival of vessel j (X i =1),

(iii) j and j" overlaps in time and j is handled at the right side of vessel j' (I i =1),

(iv) j and j" overlaps in time and j  is handled at the right side of vessel j (I i =1).

Constraint (5.54) enforces non-overlapping of vessels over berth area, by relating
the variable that determines the position of a vessel over berth (Y;) with I, variables.
If vessels j and j  are not overlapping in time, i.e., I+ Iy; =0, then the relative
positioning of these vessels becomes irrelevant, since right hand side of constraint
(5.54) becomes less than zero (Y > Y; — L). Similarly, the sequence of vessels
over time is determined by constraint (5.55). Distance between the berth position
that a vessel moors and the assigned reclaimer is determined by constraints (5.56)
and (5.57). It consists of two components: amount of time required to transport
stockpiles (i) between reclaimer and nearest side of berth area and (ii) between this
side of berth area to midpoint position that vessel is moored. This calculation is
separated into two constraints since conveyor belt has different routes according to
the position of reclaimer. Lastly, the earliest departure time of vessels are determined
by constraint (5.58). That is, the departure time of a vessel must be larger than or
equal to sum of the completion time of a stockpile assigned to this vessel and the
time required to travel the distance between assigned reclaimer and the midpoint of
mooring position of the vessel. The latter is enforced by the Distj;, variables together
with the component that checks whether vessel j is assigned to reclaimer k. Since
a vessel is assigned to one and only one reclaimer, the earliest departure time of a
vessel is calculated for that reclaimer. For other reclaimers, the right hand side of
this constraint becomes less than or equal to zero.

It is important to note that the enhancements (relaxation of sub problems) imple-
mented by constraints (5.25)-(5.29) and constraint (5.30) are still valid for the problem
with continuous BAP since they are independent of the berth structure. Note that
the LBBD-IDBT can be straightforwarly implemented for this variant of the problem
as well, by replacing master problem (5.1)-(5.24) with (5.52)-(5.59).
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5.5 Computational Experiments

To test the performance of the proposed algorithm, we design a set of computational
experiments by considering the experiments designed by Ernst et al.. (2017) and
Boland et al.. (2012). We consider a terminal with 4 berths (|M|), a stockyard
which consists of three parallel stocking pads (|A]) and two rail tracks in between
each adjacent pad pairs. Each pad has a length of 2000 meters and is discretized as
100 meter-long stocking positions, hence there are 20 stock positions (|U|) in each
pad. For this terminal structure, we consider two different numbers of reclaimers
(IC] = 3,4) to test our method with different material handling capabilities.

The other parameters of the problem are generated as follows:

e Number of vessels, |V| = 10, 15, 20, 25.

e Number of stockpiles per vessel, |J|/|V| = 1,1.4. Therefore, instances have
|J]| = 14,21, 28, 35 stockpiles in 1.4 stockpile per vessel setting.
e For the length of planning period (|7']), we considered three cases:
|T'|= a week = 168 hours for instances with 10 and 15 vessels.
|T'|= 1.5 week = 252 hours for instances with 20 vessels.

|T'|= 2 weeks = 336 hours for instances with 25 vessels.
e Arrival time of vessels (R;) are generated uniformly within [1,2/3.|T].

e Tidal time windows were obtained from the public website of Port of Newcastle,

Australia which is available at http://www.bom.gov.au/australia/tides/.

e Length of each berth (G,,) is generated uniformly within [7, 10], while lengths

of vessels (L) are generated within [3, 10].

e Workload of vessels is determined by the total workload of stockpiles that are as-

signed to them. Workload of each stockpile (P;) is generated uniformly between
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8 and 20 hours. Length of each stockpile (K;) is determined proportionally to
its workload, that is, K; = [ P;/2].

We employ a full factorial design with 16 different scenarios. For each scenario, we
generate 5 random instances. All computational experiments are performed by using
CPLEX 12.7 and CP Optimizer on a computer with 2.4 Ghz Processor and 12 GB
RAM. Time limit is set as one hour.

We first discuss the computational performance of the monolithic MIP model, i.e.,
the one without proposed decomposition. Even though it can solve all instances with
10 vessels, its performance is very limited for the remaining instances: only 20 of 60
instances are solved within the time limit, with an average of approximately five times
larger solution times compared to that of the LBBD-IDBT. In 17 instances even no
integer solution within time limit is found. Results of the computational experiments
for LBBD-IDBT are presented in Tables 5.2 and 5.3. We also present a comparison
of the computational performances of the proposed solution method and monolithic

MIP model in Table 5.4. We use seven metrics in these tables to present our results:

(1) Objective function value of the LP relaxation obtained from the master prob-
lem,

(#7) optimal solution value of the master problem at the first iteration,

(#7i) percent deviation between (i) and (i) to observe the performance of the
master problem,

(iv) optimal solution value at the end of the algorithm,

(v) percent deviation between (i) and (iv) to observe the performance of the
LBBD-IDBT,

(vi) solution time in seconds, and

(vii) information on cuts added.

Table 5.2 shows that 39 out of 40 of instances with 4 berths and 4 reclaimers are
solved within the time limit. Solution times increase not only with the number of

vessels and stockpiles but also with the level congestion, i.e., the intensity of the total
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Table 5.2: Results of LBBD-IDBT for a terminal with 4 reclaimers

\4 |J]| ins. (i) (ii) (iii) (iv) (v) (vi) (vii)

10 10 1 3247.0 3247.0 0.00 3247.0 0.00 11.8 -
2 3328.0 3328.0 0.00 3328.0 0.00 13.0 -
3 3027.3  3048.0 0.68 3048.0 0.00 9.5 -
4 3050.0  3050.0 0.00 3050.0 0.00 14.7 -
5 4277.0 4277.0 0.00 4277.0  0.00 8.9 -
avg. 3385.9 3390.0 0.13 3390.0 0.00 11.6
14 1 4030.5 4037.0 0.16 4037.0  0.00 28.0 -
2 3203.0  3205.0 0.06 3205.0 0.00 27.8 -
3 3896.0  3896.0 0.00 3896.0  0.00 22.6 -
4 3621.0 3621.0 0.00 3621.0 0.00 29.4 -
) 3858.0  3858.0 0.00 3858.0 0.00 31.0 -
avg. 3721.7 3723.4 0.04 37234 0.00 27.8
15 15 1 2704.0 5726.0 0.39 5726.0 0.00 35.8 -
2 4923.0 4985.0 1.26  4985.0  0.00 63.0 -
3 0289.8  5295.0 0.10 5295.0  0.00 21.5 -
4 4232.7 4269.0 0.86 4269.0 0.00 40.1 -
) 4998.0 4998.0 0.00 4998.0  0.00 37.2 -
avg. 5029.5 5054.6 0.52 5054.6  0.00 39.5
21 4749.8 4775.0 0.53 4775.0 0.00 104.2 -

6541.5 6615.0 1.12 6615.0 0.00 101.9 -
6474.5 6519.0 0.69 6519.0 0.00 143.0 -
4996.0  4996.0 0.00 4996.0  0.00 97.4 -
6051.3 6192.0 2.33 6355.0 2.63 331.5 SI(1)
avg. 5762.6 5819.4 0.93 5852.0 0.52 155.6

T = W N =

SI(n) indicates that stockyard infeasibility cuts are added where n denotes the number of these cuts.
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Table 5.2: Results of LBBD-IDBT for a terminal with 4 reclaimers - continued

V]| |J]| ins. (i) (ii) (iii) (iv) (v) (vi) (vii)
20 20 1 6414.3  6479.0 1.01  6479.0 0.00 75.4 -
2 6968.0  6968.0 0.00 6968.0 0.00 109.6 -
3 10106.9 10120.0 0.13 10120.0  0.00 76.8 -
4 9890.0  9938.0 0.49 9938.0 0.00 74.0 -
) 7982.5  8115.0 1.66  8115.0 0.00 72.5 -
avg. 8272.3  8324.0 0.66 8324.0 0.00 81.7
28 1 8862.0  8916.0 0.61 8916.0 0.00 252.2 -
2 9419.3  9459.0 0.42 9459.0 0.00 434.1 -
3 8476.8  8524.0 0.56 8524.0 0.00 1898.1 -
4 9426.1  9467.0 0.43 9467.0 0.00 290.6 -
) 10522.4  10604.0 0.78 10604.0 0.00 1415.4 -
avg. 9341.3  9394.0 0.56 9394.0 0.00 8538.1
25 25 1 14586.0 14605.0 0.13 14605.0 0.00 186.2 -
2 18298.0 18531.0 1.27 18531.0 0.00 175.3 -
3 14172.0 14224.0 0.37 142240 0.00 762.5 -
4 16681.0 16717.0 0.22 16717.0 0.00 243.0 -
) 17855.0 17873.0 0.10 17873.0  0.00  146.3 -
avg. 16318.4 16390.0 0.42 16390.0 0.00 302.7
35 1 18356.4 18395.5 0.21 18442.0 0.25 3600.0 T.L
2 20098.0  20158.0 0.30 20158.0  0.00 2670.2 -
3 17252.0 17266.0 0.08 17266.0 0.00 846.0 -
4 16242.3  16299.0 0.35 16299.0 0.00 1160.8 -
) 15535.5 15581.0 0.29 15581.0 0.00 2562.8 -
avg. 17496.8 17539.9 0.25 17549.2  0.05 1810.0

T.L. refers that instance is terminated by the time limit.
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Table 5.3: Results of LBBD-IDBT for a terminal with 3 reclaimers

V] |J]| ins. (1) (i)  (iii) (iv)  (v) (vi)  (vii)

10 10 1 3747.0  3747.0 0.00 3747.0 0.00 8.1 -
2 2756.0  2756.0 0.00 2756.0 0.00 10.2 -
3 4102.0  4102.0 0.00  4102.0 0.00 7.8 -
4 3546.0  3555.0 0.25  3555.0 0.00 11.1 -
) 4040.0  4040.0 0.00  4040.0 0.00 7.4 -
avg. 3638.2  3640.0 0.05 3640.0 0.00 8.9
14 1 3943.6  3957.0 0.34 3957.0 0.00 18.1 -
2 3903.2  3917.0 0.35 3917.0 0.00 12.5 -
3 4332.1  4334.0 0.04 4334.0 0.00 14.4 -
4 3901.0  3901.0 0.00 3901.0 0.00 16.5 -
) 3379.2  3406.0 0.79  3406.0 0.00 20.9 -
avg. 3891.8  3903.0 0.31  3903.0 0.00 16.5
15 15 1 5108.0  5136.0 0.55 5136.0 0.00 234 -
2 5128.7  5334.0 4.00 5334.0 0.00 51.4 -
3 4372.3  4381.0 0.20 4381.0 0.00 21.0 -
4 5576.0  5592.0 0.29  5592.0 0.00 26.1 -
5 4316.1  4320.0 0.09  4320.0 0.00 23.1 -
avg. 4900.2  4952.6 1.03 4952.6 0.00 29.0
21 5384.6  5416.0 0.58 5416.0 0.00 283.3 SI(1)

1

2 5914.9  5949.0 0.58 5949.0 0.00 100.1 -

3 6236.1 6277.0 0.66 6283.0 0.10 1080.7 SI(2)

4 8665.9  8691.0 0.29 8691.0 0.00 53.7 -

) 10159.6  10205.0 0.45 10205.0 0.00 71.2 -
avg. 72722  7307.6 051 7308.8 0.02 315.8

SI(n) indicates that stockyard infeasibility cuts are added where n denotes the number of these cuts.
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Table 5.3: Results of LBBD-IDBT for a terminal with 3 reclaimers - continued

\4 || ins. (i) (i)  (iii) (iv)  (v) (vi)  (vii)
20 20 1 8665.8  8691.0 0.29 8691.0 0.00 54.0 -
2 10159.6  10205.0 0.45 10205.0 0.00 71.2 -
3 11563.9 11589.0 0.22 11589.0 0.00 49.6 -
4 8977.0 8977.0 0.00 8977.0 0.00 63.0 -
5 9893.0 10096.0 2.05 10096.0 0.00 101.5 -
avg. 98519 9911.6 0.60 9911.6 0.00 67.0
28 1 9279.3 9315.0 0.38 9315.0 0.00 2014.9 -
2 10533.6 10623.0 0.84 10623.0 0.00 816.8 -
3 10162.6 10292.0 1.27 10292.0 0.00 548.5 -
4 10944.5 11123.0 1.63 11123.0 0.00 1530.6 -
) 9201.0 9286.0 0.92 9286.0 0.00 3124.5 -
avg. 10024.2 10127.8 1.01 10127.8 0.00 1607.1
25 25 1 18628.9 18645.0 1.21 18645.0 0.00 115.3 -
2 14646.0 14672.0 1.19 14672.0 0.00 105.0 -
3 14420.8 14463.0 1.08 14463.0 0.00 164.9 -
4 16222.0 16222.0 1.12 16222.0 0.00 105.3 -
5 19392.8 19742.0 1.15 19742.0 0.00 112.1 -
avg. 16662.1 16748.8 1.15 16748.8 0.00 120.5
35 1 19507.3 19603.7 0.49 19798.0 0.98 3600.0 T.L.
2 14968.4 144879 0.13 15002.0 0.09 3600.0 T.L.
3 18277.4 18306.0 0.16 18336.0 0.16 3600.0 T.L.
4 13053.0 13122.0 0.53 13122.0 0.00 3019.8 -
5 18273.0 18286.0 0.07 18306.0 0.11 3600.0 T.L.
avg. 16815.8 16267.1 0.27 16867.1 0.20 3484.0

T.L. refers that instance is terminated by the time limit.

SI(n) indicates that stockyard infeasibility cuts are added where n denotes the number of these cuts.
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Table 5.4: Comparison of LBBD-IDBT and monolithic MIP model

4 |M|,4|C] 4 |M|,3|C] 4 |M|,4|C] 4 |M|,3|C]
V| 7] ins. time time  time time V| ] ins. time time  time time
LBBD MIP LBBD MIP LBBD MIP LBBD MIP
10 10 1 11.8  12.2 8.1 10.5 20 20 1 75.4 T.L. 54.0 3431.1
2 13.0 9.4 10.2 7.9 2 109.6 2791.9 71.2 2928.5
3 9.5 12.0 7.8 8.0 3 76.8 130.6 49.6 111.6
4 14.7 8.5 11.1 8.9 4 74.0  99.7 63.0 236.2
5 8.9 10.9 7.4 8.1 5 72.5 T.L. 101.5 T.L.
14 1 28.0 141.1 18.1 110.0 28 1 2522 T.L. 20149 T.L.
2 27.8  27.0 12.5 374 2 4341 T.L. 816.8 T.L.
3 226 17.0 14.4 174 3 1898.1 T.L. 548.5 T.L.
4 294 199 16.5  17.2 4 290.6 T.L. 1530.6 T.L.
D 31.0 339 209  29.5 5 14154 T.L. 31245 T.L.
15 15 1 35.8 130.5 23.4 159.5 25 25 1 1862 T.L. 1153 T.L.
2 63.0 T.L. 51.4 3015.0 2 1753 T.L. 105.0 1173.5
3 215  30.3 21.0 626.4 3 7625 T.L. 164.9 3507.4
4 40.1 1838.7 26.1 447 4 243.0 T.L. 1053 1624
5) 37.2 128.7 23.1 145.0 5 146.3 T.L. 112.1 3185.8
21 1 1042 T.L. 2833 T.L. 35 1 T.L. T.L. T.L. T.L.
2 1019 T.L. 100.1 T.L. 2 2670.2 T.L. T.L. T.L.
3 143.0 T.L. 1080.7 T.L. 3 846.0 T.L. T.L. T.L.
4 974 T.L. 53.7 T.L. 4 1160.8 T.L. 3019.8 T.L.
5 3315 T.L. 71.2 T.L. 5 2562.8 T.L. T.L. T.L.

T.L. refers that instance is terminated by the time limit.
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Table 5.5: Comparison of the complexity of problem instances

Monolithic Formulation Master Problem Formulation

10 vessels-
1,960 variables 1,070 variables

10 stockpiles-
68,110 constraints 5,360 constraints

1 week

25 vessels-
14,875 variables 8,820 variables

35 stockpiles-
1,458,365 constraints 194,480 constraints

2 weeks

length of stockpiles that are stored at the stockyard over the planning horizon. So it
takes less time to solve 20-vessel and 20-stockpile instances compared to 15-vessel and
21-stockpile instances since handling of stockpiles in 20-vessel instances spread over
1.5 week, rather than one week. Moreover, the LP relaxation of the master problem
for the instances that are solved within the time limit is as tight as 0.5% on average.
For the remaining instance, the optimality gap is observed as 0.25%.

Having a terminal with the same number of discrete berths and reclaimers makes
sense because the reclaiming of stockpiles can only be performed if all related vessels
are moored. On the other hand, the existence of tidal time windows may cause ad-
ditional waiting for vessels even though all of their loading operations are completed.
In such a situation, one or more reclaimers stay idle. For this reason, we also consider
the case where the number of reclaimers is less than the number of berths. Table 5.4
presents the results of instances with 4 berths and 3 reclaimers. It can be observed
that 36 instances out of 40 are solved within the time limit. In four other instances,
the initial master problem cannot be solved within an hour, and the algorithm is
terminated with an average optimality gap of 0.25%. In line with the results of in-
stances with 4 berths and 4 reclaimers, the average solution time for instances with

higher intensity are strictly larger. If an instance is terminated by the time limit,
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then columns (ii) and (iv) show lower and upper bound values at the termination,
respectively.

These tables indicate that in 73 out of 75 total instances which are solved to
optimality, optimal solution value equals to the lower bound of the algorithm, i.e.,
the optimal solution value of the master problem at the first iteration. One of the
most important reasons of the success of the method is its master problem. In the
IDBT problem, the duration of stay of a vessel is mainly determined by tidal windows
and reclaimer schedules. Therefore, having tidal time windows constraints, vessel to
reclaimer assignments, a relaxation of yard allocation problem, and non-overlapping
constraint for reclaimers in the master problem allows us to estimate the duration of
stay of vessels very accurately. As a result, the rest of the problem (after solving the
master problem) turns into finding a feasible allocation of tasks to the stockyard with
respect to subproblem constraints. While the master problem is still hard to solve,
proposed decomposition structure allows finding a feasible solution to IDBT problem
without adding any cuts in most of the problem instances.

Note that the instances with |.J|/|V|=1 mimics the less congested terminals com-
pared to the those with |J|/|V|=1.4. In other words, the average number of tasks to
be handled at the same planning period is higher when some vessels have multiple
stockpiles to be loaded. Tables 5.2 and 5.3 suggest that this difference also affects the
solution performance of the method as less congested instances are easier to solve.
In Figure 5.4, we compare the average objective function values for the experiments
with 3 and 4 reclaimers to evaluate the marginal improvement obtained by an addi-
tional reclaimer. Note that we study a terminal with 4 discrete berths with a single
ship loader each, and a reclaimer can serve to a single vessel at any time. Because of
tidal windows, some vessels should wait at the berth even if their loading is completed,
which reduces the utilization of reclaimers especially if the number of reclaimers equals
to the number of berths. Therefore, it might be sufficient to have a lesser number of
reclaimers. Figure 5.4 shows that we can only obtain a slight improvement by adding

the forth reclaimer to the stockyard. For this reason, this strategic decision on the
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Figure 5.4: Comparison of the optimal values with 3 and 4 reclaimers
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stockyard configuration should be carefully evaluated by the terminal management
as a reclaimer is a very expensive equipment.

Out of 80 instances, in only three instances the algorithm adds cut(s) to the master
problem and all of them are stockyard infeasibility cuts. In addition to this, there
may be a necessity for cuts in five instances in which the algorithm is terminated by
the time limit. As expected, we only observe cuts in instances with intense workloads
since finding a feasible solution that distributes stockpiles to pads is getting harder
when the number of total stocking positions needed by the stockpiles is very near to
the total number of stocking positions at the stockyard.

Table 5.5 compares the master problem with the monolithic MIP in terms of ap-
proximate number of variables and constraints for the largest and the smallest problem
instances. One can observe that the proposed decomposition structure significantly
reduce these numbers, especially those of constraints.

The decomposition structure also leads to the following interesting result regard-

ing the computational experiments. That is, we did not observe a need for adding

25
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cuts because of the violation of non-crossing constraint as we determine the stacking
positions of stockpiles by also taking this constraint into account in the subproblem.
In addition to that, there is a mechanism of LBBD-IDBT that helps to prevent the
algorithm from adding non-crossing cuts in the congested instances. We observe that
if we send start time of reclaiming stockpiles to the subproblem, we frequently obtain
infeasible solutions because of non-crossing constraint. As we discuss, exact reclaimer
schedules that define start and end times of reclaiming stockpiles determined by the
master problem are not sent to the subproblem. This allows subproblem to avoid
violating this constraint by switching the reclaiming order of tasks that are assigned
to the same vessel without changing departure time of the vessel.

We can still generate some extreme instances that require one or more non-crossing
cuts. Specifically, if we set the length of tasks (stockpiles) as near to the length of a
pad, we observe some cases that given the optimal solution to the master problem,
there is no feasible solution for the subproblem that satisfies non-crossing constraint.
However, in reality, pads are long and tasks are relatively short based on the definition
of a task (a stockpile of one type of coal to be loaded to a single vessel).

For such extreme instances, we can extend the cut generation procedure as follows.
By constraint (5.43) of the subproblem, if stockpiles i; and i such that K;, + K;, > U
are assigned to the reclaimers mounted on the same rail track, then their reclaiming
cannot overlap in time. Therefore, if the subproblem is infeasible as well as STM;
and STM, are both feasible, we should check whether this situation occurring in the
solution to the master problem. This would be the proof of infeasibility and must be
prevented in the master problem by a conditional cut as in the case of (5.51).

For the case with continuous berth structure, we modify problem instances by
normalizing the distance between a reclaimer and a berthing position, as well as the
length of vessels according to the total berth length, ) ~G,,. Results show that
we observe the same or slightly different objective values for most of the instances.
For this reason, we do not present the results specifically. In dry bulk terminals,

the number of vessels that can be loaded simultaneously is often depends to the
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limited number ship loaders, rather than the length of the berth area. That is, while
continuous berth structure provides a better utilization of the berth area as we can
place more vessels than the number of discrete berth areas, the number of vessels that
can be handled at a time is still limited by the number of ship loaders. That explains
why the continuous berth structure cannot provide a considerable improvement to

the IDBT problem with discrete BAP.

5.6 Conclusion

Bulk cargoes constitute more than 80% of the total maritime transport in volumes.
However, the research on its operational problem is typically disregarded until re-
cently. In this study, we consider an integrated problem of dry bulk terminals which
consists of operational problems of berth allocation, reclaimer scheduling and yard
allocation. Our study is motivated by an export coal terminal, but it is also valid for
other common dry bulk loads which are operated similarly.

We consider distinctive properties of these problems that include tidal time win-
dows (Du et al., 2015), a realistic stockyard structure which consists of pads and
rail tracks (van Vianen et al., 2015), multiple loading tasks for vessels (Boland et
al., 2012), multiple reclaimers on a single rail track that require consideration of
non-crossing constraint (Angelelli et al., 2016), and travel times between stockyard
and berth area (Robenek et al., 2014). To the best of our knowledge, this is the
most detailed and comprehensive exact solution approach that integrates operational
problems of dry bulk terminals.

For this problem, we develop a novel LBBD algorithm (LBBD-IDBT) in which
a master problem and a subproblem are modeled by using mixed integer program-
ming (MIP) and constraint programming (CP), respectively. We identify some strong
relationships among individual problems and decompose them into master and sub-
problems such that the complementary strengths of MIP and CP are exploited.

Accordingly, we model the master problem as a detailed optimization problem

that minimizes weighted total departure times of vessels, by considering berth allo-
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cation with tidal windows as well as schedules for reclaiming each stockpile. Even
though the master problem is still not easy to solve, it estimates departure times
very accurately, while an embedded relaxation of the reclaimer scheduling that uses
time-indexed variables decreases its solution time. We model the subproblem as a fea-
sibility problem with constraint programming to find a feasible schedule for reclaimer
schedules and yard allocations given mooring and departure time of vessels. CP is
not only very strong in feasibility problems (Hooker, 2012), but it is also shown to be
a viable tool to cope with non-crossing constraint which is computationally expensive
(Unsal and Oguz, 2013). Computational experiments show that LBBD-IDBT is able
to solve problem instances of realistic size (up to 25 vessels, 28 stockpiles, 4 berths, 4

reclaimers and 60 stock positions) in a considerably short time.
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CONCLUSION

Maritime terminals are complex facilities in which a set of logistic processes are
performed. As the volume of maritime transport is rapidly increasing, maritime
terminals around the world face with a high competitive pressure. Therefore, it is
essential for them to improve their performance levels in terms of service rate and
costs. At that point, operations research methods provide opportunities to these
complex facilities for managing their operations efficiently (Steenken et al., 2004).

Operational problems observed in both container and bulk terminals are the vari-
ants of well studied operations research problems, however, they are more complex
in nature because of their distinctive characteristics. One of the most challenging
characteristics is caused by the fact that the bottleneck equipment in both classes of
terminals, namely, quay cranes (QC) and reclaimers, are mounted on the same rail
track. Hence, their movements are limited by their respective positions.

In this dissertation, we study three different but related planning and scheduling
problems of maritime terminals with a practical relevance: quay crane assignment
problem (QCAP), reclaimer scheduling problem (RSP), and integrated dry bulk ter-
minal (IDBT) problem. Note that all these operational problems involve the char-
acteristic that we described above. In the following, we conclude the dissertation by
emphasizing our contributions and discussing future research directions.

After presenting a concise overview of maritime terminals and their operations in
the introductory chapter, in Chapter 2, we studied QCAP that allocates QCs to ar-
riving vessels. Handling time of a vessel depends on the number of assigned QCs but
this relation is not linear because of the crane interference. As QCs are the bottleneck

equipment in container terminals, they need to be utilized effectively. If we ignore the
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features of the problem such that unavailable time windows and different processing
rates of QC, we cannot estimate vessel handling times accurately and experience a
loss of productivity as a result. Up to date, the literature deals with the simplest
form of the problem, and this is the first study that consider QCAP with the various
problem features. We represented the QCAP as a variant of a moldable task schedul-
ing problem (MTSP) with contiguous assignments of machines, and developed an
extended mixed-integer programming (MIP) formulation that specifies QC to vessel
assignments. As we show throughout the Chapter 2, this formulation is flexible in
terms of modeling above mentioned features. However, it has multiple computational
issues mainly due to the fact that the variables are time-indexed. Therefore, we first
hybridized the formulation with a set of auxiliary variables to obtain a decomposable
structure and then implemented a novel logic-based Benders decomposition (LBBD).

Compared to the original formulation which can only solve very small problem
instances, the master problem has even higher number of variables and constraints. At
the same time, the proposed decomposition allows us to solve the instances of realistic
sizes by not only eliminating complicating constraints from the master problem, but
also resulting in a very easy subproblem that can be iteratively solved to derive a
strong Benders cut.

The resulting solution procedure provides a generic framework that allows imple-
menting different features of the problem straightforwardly. Therefore, we extended
LBBD with contiguous assignments of QCs, QC availability, and uniform QCs. Then,
we presented a realistic terminal scenario in which a combination of these properties
are simultaneously considered. Computational experiments showed that the proposed
approach has provided a very tight linear programming relaxation for the base case
(i.e., MTSP with contiguous assignments) and all of the extensions. This is the result
of the novel decomposition strategy that considers all variables within the master
problem, thus we are able to estimate the feasible space of the original problem ac-
curately. We showed that almost all instances of MTSP with contiguous assignments

were solved within the first iteration of the LBBD, while approximately 20% of the



Chapter 6: Conclusion 151

instances with uniform machines and unavailable time windows required one or more
cuts. Experiments also indicated the robustness of the proposed approach, since it
can cope with a different objective and speed up functions.

Future work should consider the integration of the detailed QCAP that consid-
ers various problem features with the problem of allocation of vessels to berths as
these two problems are highly interrelated. As in the case of a terminal with a very
limited berth area, we can extent the proposed LBBD such that the total length of
vessels moored at the same time to be less than or equal to the berth length in the
master problem, while specific berthing positions are determined by the subproblem.
Moreover, the proposed mathematical model has a symmetric structure because of
the machine index. That is why we evaluate high number of nodes of the search tree
to solve the master problem to optimality, even though the linear programming relax-
ation is very tight. This structure can be further investigated to reduce the negative
effects of the symmetry.

The proposed exact solution method in Chapter 2 has one important drawback:
It requires excessive memory to solve large problem instances because of the time-
indexed decision variables. For this reason, in Chapter 3, we proposed solution meth-
ods to derive lower and upper bounds for the larger instances of QCAP.

While time-indexed formulations are large in size, they provide very tight linear
programming relaxations. Hence, to obtain a tight lower bound, we took the ad-
vantage of the extended formulation that has specified task to machine assignments
and developed a column generation procedure in which pricing problem was solved
in polynomial time. We also discuss the implementation of branch and price over the
proposed column generation procedure. We provided a novel framework that syn-
chronizes two types of problem variables to the model on demand. However, we did
not implement it for QCAP because, given the solution times of the linear program-
ming relaxations of large instances by CG, at best, we can only expect a marginal
improvement on the maximum instance size that can be solved within the time limit

of an hour.



152 Chapter 6: Conclusion

We should note that the proposed framework better suits for solving the variants of
discrete time resource trade-off problem (DTRTP). One might think that we can also
utilize LBBD-MTSP to solve this type of problems. In that scheduling environment,
there are strong precedence relationships among tasks. Unfortunately, the constraint
that ensures these relationships in time-indexed formulations is computationally inef-
ficient. Hence, the success of the LBBD-MTSP cannot be replicated to DTRTP. On
the other hand, we can cope with precedence relationships with the proposed column
generation procedure as they can be modeled without destroying the special structure
of the pricing problem.

For generating an upper bound for QCAP, we introduced a constraint program-
ming model that has generated near optimal solutions within a short time for large
instances, even though it failed to find optimal solutions. The ability of the model
to find quality upper bounds in within a minute can be further utilized within exact
methods by integrating CP and MIP methods. For example, we can first solve CP
model and give the resulting solution to MIP as an initial solution (warm-start). Fur-
thermore, the fact that proposed CP model is not being able to find optimal values
while providing near optimal values in average is definitely worth investigating. In
this study, we performed this set of experiments by the default search settings of CP
Optimizer. We can also investigate the structure of optimal solutions and then use a
user-defined search strategy to search tree more effectively.

In the rest of the dissertation, we studied the operations of a dry bulk terminal. In
dry bulk terminals, cargo is stacked as a stockpile and is handled by reclaimers. As in
the case of container terminals, the bottleneck handling equipment, i.e. a reclaimer,
is located on the same rail track, albeit with a different configuration. Specifically,
there are multiple parallel rail tracks, and on each rail track two reclaimers can operate
simultaneously.

In Chapter 4, we studied the reclaimer scheduling problem. In this variant of a par-
allel machine scheduling problem, reclaimers cannot cross each other, and a reclaimer

can only handle the stockpiles located adjacent to its rail track. As the problem is
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strongly NP-hard, the mixed integer programming model that we formulated can only
solve the small instances. Therefore, we opted for a heuristic approach by develop-
ing a constraint programming model. To generate tight lower bounds, we proposed
an arc-time-indexed model by relaxing the non-crossing and non-interference require-
ments of reclaimers. By this way, we showed that the proposed CP model generates
near optimal solutions for different stockyard configurations.

Advanced reclaimers can also perform the stacking of stockpiles. Stacking of a
stockpile takes significantly lesser time than the reclaiming of the same stockpile.
At the same time, if this operation is ignored then we might generate infeasible
reclaimer schedules, as stockpiles are often stacked and reclaimed dynamically during
the planning horizon. For this purpose, we also studied the extension of RSP in
which we assumed each stockpile to be stacked by a reclaimer before its reclaiming
has started.

One important observation is that the throughput and the utilization of reclaimers
are affected by the design of the stockyard. Design parameters for the stockyard in-
clude but not limited to the placement of rail tracks, stocking pads, and reclaimers.
The proposed methods within this chapter can be further utilized to develop man-
agerial insights on the effective design of the stockyard.

Operational problems in dry bulk terminals are highly interrelated. For example,
reclaimers’ schedules directly affect the loading time of the vessels and hence the time
that a vessel can leave the berth. Similarly, decisions on the positioning of stock-
piles at the stockyard affect reclaimer scheduling since they generate non-eligibility of
some stockpile-reclaimer assignments. If we solve these problems sequentially by ig-
noring their relations we often end up with plans with poor overall quality (Bierwirth
and Meisel, 2010). Accordingly, in Chapter 5, we studied the integrated problem of
dry bulk terminals, by considering berth allocation, yard assignment, and reclaimer
scheduling operations simultaneously. We considered distinctive properties of these
problems that included tidal time windows, a realistic stockyard structure which con-

sists of pads and rail tracks, multiple loading tasks for vessels, multiple reclaimers
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on a single rail track that require consideration of non-crossing constraint, and travel
times between stockyard and berth area.

We developed a novel LBBD algorithm (LBBD-IDBT) in which a master problem
and a subproblem were modeled by using mixed integer programming (MIP) and
constraint programming, respectively. We identified some strong relationships among
individual problems and decomposed them into the master and subproblems such
that the complementary strengths of MIP and CP were exploited. To the best of our
knowledge, this is the most detailed and comprehensive exact solution approach that
integrates operational problems of dry bulk terminals. Results showed that LBBD-
IDBT was able to solve considerably large instances to optimality in an acceptable
time, compared to the monolithic approach.

In IDBT problem, we disregarded the scheduling of stacking operations, and as-
sumed that the stockpiles were stacked immediately once they arrived to the termi-
nal. On the other hand, in some terminals, stacking operations are also performed
by reclaimers. In that case, reclaimer schedules should address both stacking and re-
claiming operations as we mentioned in Chapter 4. Accordingly, future work should

consider extending the integrated problem with stacking operations in such terminals.
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Appendix A

EQUIVALENCY OF DTRTP AND MTSP

Definition Discrete Time-Resource Trade Off Problem (DTRTP) (De Reyck et al.,
1998) In DTRTP the duration of an activity is a discrete, non-increasing function
of the amount of a single renewable resource committed to it. Given the specified
work content w; for activity ¢, all mode; efficient execution modes for its execution
are determined based on time/resource trade-offs. When performed in mode m (1 <
m < mode;), activity ¢ has a processing time d;,, and requires a resource in a constant
amount of 7;,,. A mode is called efficient if every other mode has either a higher
duration or a higher resource requirement. Without loss of generality, we assume
that the modes of each activity are sorted in the order of non-decreasing duration.
We assume that the dummy start node |J| + 1 and the dummy end node |J| + 2
have a single execution mode with zero duration and zero resource requirement. The
renewable resource has capacity of « ; that is, total resource usage of tasks 1 to |J|
must be less than or equal to o at any time. There may be precedence relations
between tasks, and in such cases prec; denotes the set of immediate predecessors of

task <.

Claim 1 MTSP is a special case of DTRTP.
Proof To prove this claim, we must show that there exists a corresponding DTRTP
instance for each instance of MTSP. Let prec; denotes the set of immediate predeces-

sors of task 7 in MTSP:

K| =a, |J|MTSP = | J|PTRTP

!
prec; = prec;
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Based on the definition, we should extend the parameter set of DTRTP with some
auxiliary parameters without loss of generality. Let ¢; be a set of r;,, values of efficient
modes of activity ¢ and ¢; be a set of (dim, rim) tuples of efficient mode m of activity
7, sorted in increasing order of r;,. Furthermore, let z; be the processing time of
an efficient mode of task ¢ that uses k units of resources. For each resource usage
value for task ¢, there is 0 or 1 corresponding d;,, value based on the definition of an
efficient mode. Accordingly,

Vie{l,...,|J|]PTRIP + 2} vk € {1,...,a}

Zik = dim, if kK€ qi,k=rim, k>0
O, szeqz,k:()

Then, the rest of corresponding MTSP instance is defined as follows.
pa = Zyg Vi€ {1,... |J|PTETP 1.2} vk € {1,...,a}

|w;| = max{k|k € ¢;},Vi € {1,...,|J|PTRTP}

|wpmrse 1) = 1, [wmrsp o)) = 1

Hence, each MTSP instance can be transformed into an equivalent DTRTP instance.

Example Consider a following MTSP instance with two tasks, four machines.
|J| =2, |K] =4, [w| =4, [ws] =2

P11 = 00, p12 = 00, P13 = 5, p1a = 4.

P21 = 40, p2o = 30, pag = 00, pag = 0.

precy = {1}, prec; = {}

Accordingly, corresponding DTRTP instance will be;
|J|PTRTP — 9 o = 4

mode; = modey = modes = modey = 4

ty = {(00,1),(00,2),(5,3), (4,4)}

to = {40, 1), (30, 2), (00, 3), (00, 4)}

ts = {(0,1), (00, 2), (00,3), (00,4)}
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ty = {(07 1)7 (OO, 2)7 (OO, 3)a (OO, 4)}
prec, = {3}, prec, = {1,3}, prec, = {}, prec, = {1,2}

Claim 2 DTRTP is a special case of MTSP.

Proof To prove this claim, we must show that there exist a corresponding MTSP
instance for each instance of DTRTP:

| J|PTRTP — | JMTSP o = | K|

mode; = |K|Vi € {1,...,|J|MTSP}

ra=1Yie{l,.. . [JMSP 12} vie{1,... |K|}

dy =py Vi€ {1,...,|JMTSPY vie {1,...,|K|}

0, if Vi € {|JMTSP 41, |JMTSF L2} 1 =1

di =14 oo, if Vi € {|J|MTSP +1,|J|MTSP 4 2}
Vie{2,..,|K|}
prec; = prec; U{|J|MTSP 4136 € {1,...,|J|MTSPY

prec/(‘JlDTRTP+1) = {}
pTeCI(‘JIDTRTP+2) = {1, ceey |J|MTSP}

Hence, each DTRTP instance can be transformed into an equivalent MTSP instance.

hence each multiprocessor scheduling problem instance
Example Consider a following DTRTP instance with two tasks, four units of re-
source.
|J| =2, =4, mode; = 2, modes = 3
ty = {(6,3), (5,4)},t2 = {(40,1),(20,2), (15,3)}, 5 = {(0, 1)}, ta = {(0, 1)}
g =q1={0}, 1 = {3,4}, 2 = {1,2,3}
211 = 00, 219 = 00,213 = 06,214 = D
291 = 40, 299 = 20, 293 = 15, 294 = 00
231 = 0, 239 = 00, 233 = 00, 234 = OO

241 = 0, 249 = 00, 243 = 00, Zgq4 = OO
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precy = {3}, precy = {3}, precy = {}, prec; = {1,2}

Therefore, corresponding MTSP instance will be;
[JPMTSP 2,k | = 4

ws| = wa| =1, Jwi| =4, Jwa| =3

P11 = 00, P12 = 00, p13 = 6,p14 =5

po1 = 40, pa2 = 20, pag = 15, pay = 00

p31 = 0,p3p = 00, P33 = 00, P34 = 00

Pa1 = 0, P42 = 00, pag = 00, Pgg = 00

precy = {3}, precs = {3}, precs = {},precy = {1, 2}.

Proposition DTRTP and MTSP are equivalent problems.
Proof Claims 1 and 2 together indicate that any problem instance of these prob-
lems can be converted into a corresponding instance of each other. Therefore, these

problems are equivalent.
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MTSP WITH CONTIGUOUS ASSIGNMENTS:
COUNTER EXAMPLE FOR PROPOSITION 6

Consider the following 7 tasks - 4 machines instance which is presented by Bladek et al.
(2014) for multiprocessor task scheduling problem. In multiprocessor task scheduling,
number of machines to process task ¢ is fixed and is denoted by size;. MTSP is a
generalization of multiprocessor task scheduling problem, hence each multiprocessor
scheduling problem instance can be transformed into an equivalent MTSP instance
by setting p; = p;- if [ = size;, and p;; = oo otherwise. We also modify this instance
for total weighted completion time minimization objective by generating the following
weights for each task.

p;=1{7,3,3,5,1,3,1}, w; = {34,100,50,22,13,14,10},  size; = {1,3,2,1,2,1,3}

When we solve this instance with the proposed LBBD, the resulting optimal solu-
tion has an objective value of 1577 (Figure B.01-a). However, this solution turns out
to be infeasible for the subproblem. The optimal solution for this instance is obtained
by the proposed LBBD after a single cut and has an objective value of 1578 (Figure
B01-b) below.

machines machines

4 1 ’ 4 1 6

5 S
3 7 3
3 3 5
2 2 6 2 2 7
Z]
1 4 time 4 4 time
1 2 3 4 5 6 7 8 9 10 1 1 2 3 4 5 6 7 8 9 10 1

(a) Solution in first iteration (b) Optimal solution

Figure B.01: Optimal solution to different iterations
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IDBT PROBLEM: MONOLITHIC MIP FORMULATION

We add following variables and constraints to the formulation presented by (5.1)-
(5.29) to obtain a monolithic model for IDBT problem. These new constraints simul-
taneously determine feasible yard allocations and reclaimer schedules based on these

allocations with respect to non-crossing constraint.

Additional Decision Variables:

V%ikp binary decision variable that takes a value of 1 if stockpile ¢ is assigned to

reclaimer k and stocking position p, 0 otherwise.

V2, binary decision variable that takes a value of 1, if stockpile 7, is reclaimed

before stockpile 79, 0 otherwise.

V3isp binary decision variable that takes a value of 1, if stockpile 7 is assigned

to pad s and stocking position p, 0 otherwise.

Vi, binary decision variable that takes a value of 1, if stockpiles 7; and s is
allocated to the stockyard such that sharing at least one stocking position,

and 7y is reclaimed before the arrival of stockpile i5, 0 otherwise.

Additional Constraints:

DD Vi =1 Vi (C.1)
ko p

Vlikp +1 Z V3z'sp + QVesselOfTaski,k vz: Vk7 VS, Vp (C2)
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V2i1i2 + V2i2i1 > V1i1k1p + Z V1i2k2p1 -1

p1>p

vZ.1a7:27Vk:17kj?avs?vp : il 7é Z.27]{71 < k27Qk1 = Qk27p+ Kh S |U| (Cg)

CRi1 < SRZQ + |T|(1 - V2i1i2) Vila (DA} 7é 19 (04)
DD Vi =1 Vi (C.5)
D s

V3isp =0 Vi,Vs,Vp:p+ K;, — 1 > |U| (C.6)

1— Z Z V3isp Z QVesselOfTask:ik VZ7VI€ (C7)
P s:(Qr>s)|(s—Qr>1)

Vi + Vi, <1 Viy,ip @iy # ig (C.8)

V4i1i2 + V4i2i1 Z Vgilsp + Z V3i25’p1 - ]‘

pre{maz(1,p—Kiy+1),...,p+K;; —1}

Vz’l,ig,Vs,Vp i 7é ig,p + Ki1 —1 < |U| (Cg)
CRi; < Rvessetofrask, +|T[(1 = Vi) Vi, ig i1 # dp (C.10)

Vlik:p; V2i1i27 V3isp7 V41'1i2 S {O, 1} \V/’l, il, ig, VS, \V/p, vk (Cll)

Constraints (C.1)-(C.4) together ensure that reclaimers operating on the same
rail track do not cross each other. By constraints (C.5)-(C.10), we state that if
two stockpiles are allocated to the stockyard such that sharing at least one stocking
position, then they cannot be stored at the stockyard simultaneously. Constraint

(C.11) defines the domains of decision variables.



Appendix D

IDBT PROBLEM: MODELS FOR DERIVING BENDERS
CUTS

Stockyard Infeasibility Model 1 (S7M;)

As a part of Benders cut for infeasibility caused by allocation of stockpiles to pads,
we introduce the following MIP model. This model checks whether it is possible
to allocate given set of stockpiles to pads, without considering vessel to reclaimer

assignments.

Decision Variable:

Tis a binary variable that takes 1 if stockpile 7 is allocated to pad s, 0 otherwise.

Mathematical Model:

d =1 Vi € S1ICUT;, (D.1)
Z Kis < |U| Vs (D.2)

i€SIICUTy,

Tis € {0,1} Vi,s:i€ S1CUT;, (D.3)

In this model, we assign each stockpile i € S1ICUT}, to one of the stocking pads.
Total length of stockpiles that are assigned to pad s must be smaller than or equal

to total stocking positions available in this pad.
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Stockyard Infeasibility Model 2 (S1M,)

We also introduce a more restricted MIP model than S7M;, which checks whether it
is possible to allocate given set of stockpiles to pads by considering vessel to reclaimer

assignments determined by the master problem.

Lis a parameter that has a value of 1 if stockpile ¢ € S1CUT), is assigned to a

reclaimer which can serve pad s, 0 otherwise.

Mathematical Model:

> ome=1 Vi e SICUT), (D.4)

S:“iszl

Z Kmis < |U| Vs (D.5)

1€SIICUTh:pis=1

7is € {0,1} Vi,s:i€ S1CUT;, (D.6)

In this model, we assign each stockpile i € S1ICUT}, to one of the stocking pads by
considering vessel-reclaimer assignments. Total length of stockpiles that are assigned
to pad p must be smaller than or equal to total stocking positions available in this

pad.



Appendix E

EVALUATION OF THE DECOMPOSITION STRUCTURE
OF HOOKER (2007) FOR QCAP

In one of the most succesful implementations of logic-based Benders decomposi-
tion, Hooker (2007) considers planning and scheduling problem (PSP), which consists
of assigning tasks to facilities (i.e., machines) and then scheduling these tasks on as-
signed facilities. This problem corresponds to a variant of parallel machine scheduling
with uniform machines, release dates and deadlines. He studies minmax objectives,
namely, makespan and maximum tardiness minimization.

The decomposition structure of Hooker (2007) is pretty straightforward yet effec-
tive as it exploits the respective advantages of mixed integer programming and con-
straint programming. In the master problem, he disregards the scheduling decisions
and solves the problem of task to facility assignments via mixed integer programming.
Let there are |J| tasks and |K| facilities. X;; is a binary decision variable that takes
the value of 1 if task ¢ is assigned to machine j, and p;; represents the processing time
of task 7 and machine j. Then, the solution space of the master problem consists of
| 7|l possible task to machine assignments. Moreover, the relaxation of the schedul-
ing subproblem is embedded into the master problem in terms of the master problem
variables.

Given the optimal assignments determined by the master problem, the subproblem
is to find an optimal solution for each machine, and it is modeled via constraint
programming. The master and subproblems of the implementation of Hooker (2007)

for the makespan minimization objective are as follows.
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Master Problem:
minimize C,,,

subject to:

d X =1 Vi (E.1)
J

Benders cuts (E.2)
Craz 2 Zpinij vj (E.3)
X, € {0,1} Vi,V (E.4)

Subproblem for each machine j:
Let Q; to be an optional interval variable that is active in the model if task 7 is
assigned to machine j. It has a domain {r;,...,d;} where r; and d; denote the release

time and the deadline of task i, respectively.
minimize max Z;
1

subject to:

disjunctive(Z;|Vi : X;; = 1) (E.5)

If the subproblem turns out to be infeasible, then optimality Benders cuts are
added to the master problem for each machine. Hooker’s implementation can be
summarized as follows: the master problem only consists of assignment decisions,
thus loosely projects the original problem. Then, for each machine, subproblem is
solved very quickly to generate cuts. By this way, each iteration of LBBD is fast as the
master and subproblems are easy to solve, but the procedure requires large number of

cuts to be added to the master problem until it terminates with an optimal solution.
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Differently from PSP, in our problem, a task can be processed by more than one
machine at the same time, and the processing time depends on the number of assigned
machines. In addition, machines that are assigned to a task must have consecutive
indices (contiguous assignments). In the following, we implement LBBD to QCAP
with makespan minimization objective by considering the decomposition structure of
Hooker (2007). We select the test bed as the previously generated instances with
|K|=10 and |.J|=20,25,30,35,40.

As we consider contiguous assignment of machines and limit the number of ma-
chines that can be assigned to any task with |K|/2 , there are Zlﬂ\ K|/2)1 (%) possible
assignments for each task. For |K|=10, there are 40 different assignments for each
task. As a result the solution space of the master problem consists of |.J|1°! assign-
ments, compared to the |.J|I"% for PSP.

In contrast to the LBBD implementation of PSP, the scheduling subproblem can-
not be decomposed such that the problem for each machine is solved seperately. The
reason is obvious: when a task is assigned to more than one machine, it should start
and end at the same time on each machine. Therefore, the subproblem should solve
the multiprocessor task scheduling problem given the fixed task to machine assign-
ments. The master and subproblems then are presented as follows.

Master Problem:

Let S is the set of contiguous machine assignments, e.g., v = {1,2,3} € Ss.
Y;. is a binary variable that takes the value of 1 if task ¢ is assigned to machine set
u € So, otherwise 0, and p;; represents the processing time of task ¢ when processed
by [ machines at the same time. Furthermore, A;, is a parameter that has the value

of 1 if j is a member of machine set u € Sy, otherwise 0.
minimize C,5

subject to:

Y V=1 Vi (E.6)
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Benders cuts (E.7)
Crmaz = > Dy juAju-You Vi (E.8)
Yiu € {0,1} Vi, Vj (E.9)
Subproblem:

It is the same constraint programming model that we presented in section 3.1,
however, this time it is easier to solve because task to machine assignments are already
fixed by the master problem. In contrast to LBBD implementation of PSP, we are
solving a harder subproblem as we cannot decompose it for each machine.

Constraint programming is relatively good for the scheduling problems with makespan
minimization as it can prove the optimality, compared to minsum objectives. There-
fore, given the solution of the master problem, subproblem can solve all |K|=10,
|7]|=20 instances within seconds. Not surprisingly though, while the master problem
of PSP can be solved within 2 seconds for |K|=10, |J|=20 instances, the master prob-
lem mentioned above can only solve two out of 10 instances of the same size within
60 minutes of time limit. And both of these two solutions are proved to be infeasible
in the subproblem.

As a result, by implementing the decomposition structure of Hooker (2007) which
is then employed by many other studies, any of |K|=10, |J|=20 instances of MTSP
with contiguous assignments cannot be solved within the time limit, while in 8 of
them we cannot even solve the master problem.On the other hand, the decomposition
structure that we proposed in the dissertation can solve all |K|=10, |J|=20 instances
into optimality within 45.2 seconds on average.

Most probably, Hooker (2007) did not consider minsum objectives because the
relaxations of scheduling subproblems would be very loose compared to minmax ob-
jectives. In line with that, even though many papers then followed his idea to as-
signment master problem, neither of them consider minsum objectives. Note that we

also implemented the decomposition structure of Hooker (2007) to QCAP for total
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weighted completion time minimization objective by presenting a relatively good re-
laxation of subproblem with the master problem variables. Compared to makespan
minimization, the assignment master problem is solved very quickly but the subprob-
lem fails to prove the optimality with this minsum objective within the time limit for
any of the |K|=10, |J|=20 instances.

To sum up, Hooker (2007) studies a variant of parallel machine scheduling problem
for minmax objectives, which can be decomposed into an assignment master problem
with a relatively small search space, and very easy optimization subproblems that can
be solved for each machine independently as a single machine scheduling problem.
While master and subproblems can be solved in a short time, the master problem
projects the feasible solution space of the original problem loosely as it disregards the
scheduling of tasks, therefore, many Benders cuts need to be added to the master
problem. When we implement this decomposition strategy to our problem, we obtain
an assignment master problem with very large search space and a non-decomposable
optimization subproblem that solves an instance of multiprocessor task scheduling
problem. As a result, we cannot even complete the first iteration of the algorithm in

most of the smallest instances of our test bed.



