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ABSTRACT

Over the last couple of decades, demand for seaborne containerized trade has increased

significantly and it is expected to continue growing over the coming years. As an impor-

tant node in the maritime industry, a marine container terminal (MCT) should be able to

tackle the growing demand for international sea trade. The increasing number of ships and

containers creates several challenges to MCTs, such as congestion, long waiting times be-

fore ships dock, delayed departures, and high service costs. The berth allocation problem

(BAP) and the quay crane assignment problem (QCAP) are two of the most important

optimization problems in container terminals at ports worldwide. A BAP concerns al-

locating berthing positions to arriving ships to reduce total service cost, waiting times,

and delays in vessels’ departures. The latter concerns assigning optimal number of quay

cranes to docked vessels. From both the port operator’s and the shipping lines’ point of

view, minimizing the time a vessel spends at berth and minimizing the total cost of berth

operations are considered fundamental objectives with respect to terminal operations.

This dissertation initially focuses on the BAP, with the objective of reducing the total

service cost, which includes waiting cost, handling cost, and several penalties, such as a

penalty for late departure and a penalty for non-optimal berth allocation. First, the BAP

is formulated as a mixed-integer linear programming (MILP) model. Since BAP is an

NP-hard problem and cannot be solved by exact optimization methods in a reasonable

time, a metaheuristic approach, namely, a cuckoo search algorithm (CSA), is proposed to

solve the BAP. To validate the performance of the proposed CSA-based method, we use

two benchmark approaches, namely, the genetic algorithm (GA) and the optimal MILP

solution. Next, we conduct several experiments using a benchmark data set as well as

a randomly-generated larger data set. Simulation results show that the proposed CSA

algorithm has higher efficiency in allocating berths within a reasonable computation time

than its counterparts.

Furthermore, we extend the study of BAP, which considers a single quay (straight line) for

berthing ships, to multiple quays, as found in many ports around the globe. Multi-quay

BAP (MQ-BAP) adds the additional dimension of assigning a preferred quay to each ar-

riving ship, rather than just specifying the berthing position and time. Here, we address

MQ-BAP with the objective of minimizing the total service cost, which includes minimiz-
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ing the waiting times and delays in the departure of ships. MQ-BAP is first formulated

as a MILP and then solved using three computational intelligence (CI)-based approaches,

namely, CSA, GA, and particle swarm optimization (PSO). In addition, the exact MILP

method is also implemented for comparison purposes. Several experiments are conducted

using real data from the Port of Limassol, Cyprus, which has five quays serving commer-

cial vessel traffic. The comparative analysis and experimental results show that the CSA-

based method outperforms the other CI-based methods, while achieving near-optimal re-

sults in affordable time for all considered scenarios.

Eventually, this dissertation investigates, for the first time, multi-quay combined BAP and

QCAP, and solves it using CI approaches. First, a mathematical model has been developed

based on a real port scenario and real constraints. Then, based on the developed model, we

solve multi quay combined BAP and QCAP using exact method and CI approaches, i.e.,

CSA, GA, and PSO. Validation and performance evaluation of the developed modeling

framework and the proposed methods are performed through extensive experiments with

real data. The real dataset is collected from the Port of Limassol, Cyprus. In addition, the

dataset contains data for multiple quays (five), two of which are container terminals and

the other three are passenger or general cargo terminals. The experimental results reveal

that the exact method can solve the problem only when one week dataset is used; however,

our newly adopted CI-based methods for MQ combined (BAP and QCAP) problem are

able to solve large instances (i.e., one month) with small computation time.

To summarize, this dissertation develops several CI based methodologies for several BAP

formulations (stand-alone BAP, MQ-BAP, and MQ combined BAP and QCAP) in real

world environments with several practical constraints. The proposed methods have been

tested and evaluated extensively using real data against benchmark approaches. Numerical

findings from experiments confirm the effectiveness of the proposed solutions. Therefore,

the proposed CI-based methods can serve as promising decision support tools and assist

terminal operators while developing berth allocation plans. The latter (MQ combined

BAP and QCAP) will also assist port operators with the development of a fully-specified

berth schedule, for container ships as well as for other general cargo or passengers ships,

to ensure that the ships will be moored and departed in a timely manner.

Keywords: Internet of Ships; Smart Ports; Intelligent Maritime Transportation; Berth
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Allocation Problem; Seaside Operational Problems;
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1 Introduction

Sea transportation is considered one of the crucial modes for the delivery of goods around

the globe. For instance, around 80% of global trade and 74% of total imports/exports

to/from Europe are carried out through the maritime industry and handled by ports world-

wide, which is increasing every day [6, 14, 83]. According to a recent report [141], the

total number of containers handled per year has increased dramatically and is continu-

ously growing every year. For instance, in 2019, global container throughput reached

approximately 802 million twenty-foot equivalent units (TEUs), an addition of 2.3% over

the previous year. Since maritime trade is increasing (8.4 billion tons in 2010 to 11.1

billion tons in 2019) [3], the number of marine container terminals (MCTs) and the com-

petition among them, in terms of throughput capacity maximization and vessel turnaround

time minimization, is also increasing. Therefore, the MCTs have high importance and are

considered one of the major nodes in sea transportation systems. As a critical and integral

part of the global transportation network, the MCTs serve the cost-efficient delivery of

various products in different markets. Linear shipping companies use mega-ships in order

to carry large containers up to 20,000 TEUs [42]. Since the MCTs are of such high value

in the maritime industry, there is an exigent need to enhance the operational efficiency of

MCTs by minimizing the total turnaround service times of vessels and achieving compet-

itive strategy along with customer satisfaction. Moreover, port authorities always try to

optimize MCT operations by employing various strategies for the efficient utilization of

all the port resources.

MCT operations can be categorized into three major operational areas, namely seaside,

land-side, and yard-side operations, as presented in Figure 1. Among all MCT operations,

the seaside operations are the most important as they affect the overall performance of

MCTs. Inefficient planning and improper utilization of port resources may create sev-

eral issues, including congestion, long waiting times, and late departures. For instance,

13,647 vessels arrived from Jan-Sep 2019 at Port of Shanghai, China, from which almost

57% of vessels arrived late (more than 12 hours) [30]. According to another recent report

presented in [140], the average waiting times for vessels from port-to-berth are 2.2, 2.4,

and 2.7 hours in Malaysia, Dubai, and China, respectively. Michaelides et al. [112] inves-

tigate the factors influencing the various waiting times at the Port of Limassol, Cyprus,
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both from a quantitative and a qualitative perspective. For shipping, and particularly for

short sea shipping, there are obvious and immediate benefits from improving efficiency

by supporting all actors involved in the port call process to engage more easily, to give

shipping companies, port service providers, and ship agents better information and deci-

sion support systems to boost their efficiency and that of their port [100]. Hence, MCTs’

operators need to employ suitable strategies and approaches for proper utilization of the

port resources and to avoid the aforementioned issues.

One of the major operations at the MCTs is the allocation of incoming vessels to berths,

which is known as the berth allocation problem (BAP). On the fleet side, the berth alloca-

tion schedule establishes berthing times along with berthing positions for arriving vessels

with the objectives of achieving reduced costs, waiting times, handling times, and de-

lays in departure. However, on the port side, an efficient berth allocation plan indicates

how many ships can be handled in a scheduling period with the objectives of maximum

profit and proper utilization of port resources. Berth allocation is considered a heavy cost

operation and the ports pay a high penalty when ships start their mooring process late

due to congestion, low tides, or any other problem [144]. Figure 3 describes the timing

of typical berth operations at the MCT. After berth allocation, an efficient unloading of

containers from ships to quay is needed, which is performed with special types of cranes

located alongside the quay, known as quay cranes (QC). The allocation of these QCs to

moored ships for unloading/loading and the determination of a work plan lead to a further

problem named quay crane assignment problem (QCAP). The QCAP is often combined

with the BAP as it is immediately needed after berth allocation; however, a solution to

the QCAP must follow the BAP characteristics, such as length of vessel, berth allocation

time, expected departure time, and the total number of containers that need to be loaded or

unloaded [103, 98]. Furthermore, most of current studies deal only with the allocation of

berths at a single quay (SQ), assuming that it forms one straight line in which vessels can

be berthed according to their length and the positions of other vessels. For example, an

exact approach to solve SQ-BAP is presented in [147], an evolutionary algorithm in [44],

and a metaheuristic-based method in [21]. However, this assumption is not realistic for

several ports around the globe, which consist of multiple separate line segments or quays

for berthing [51]. For example, the Port of Limassol in Cyprus, has seven continuous

berthing quays. Considering multiple quays adds a new dimension to the BAP; the prob-
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lem of assigning vessels to quays in addition to assigning berthing positions and times for

each separate quay.

So motivated from above-discussed challenges, this study focuses on enhancing seaside

operations, and more specifically, the berth allocation problem (BAP), MQ-BAP, and MQ

combined BAP and QCAP. The BAP is a well-known problem that aims to assigning

berthing positions to arriving vessels at the port in order to minimize or maximize a given

objective function (e.g., minimize total waiting time, reduce late departures, or maximize

terminal performance). Before dealing with the BAP, it is necessary to understand the

problem environment. Based on the current literature, there are two major factors affecting

the BAP, i.e., the configuration of quay/wharf and the arrival time of ships. Quays can be

configured in three different ways: 1) continuous berthing layout, where arriving vessels

can be moored at any location along the wharf; 2) discrete berthing layout, where the

wharf is divided into a fixed number of berths; and 3) hybrid berthing layout, where a

mix of continuous and discrete berthing layouts is encountered [31]. In terms of vessel

arrivals, there are two main types: 1) static arrivals where all the vessels are assumed to

be at the MCT before berth planning and 2) dynamic arrivals meaning that vessels are

not at the MCT before berth planning but instead the expected time of arrival (ETA) is

known for each vessel. Static arrivals are a simple special case of dynamic arrivals (where

all ships are expected to arrive at the same time), while the discrete berthing layout is a

basic variation of the more-complex continuous layout scenario. Thus, this study focuses

primarily on the continuous berthing layout together with dynamic vessel arrivals and both

port environments (i.e., single quay port and multi quay port).

This study enhances the productivity of seaside operations at the smart ports by solving

the BAP with the goal of reducing the total service cost of arriving ships, which includes

waiting costs, handling costs, and penalties for late departures. We first formulate BAP

as a mixed-integer linear programming (MILP) problem subject to some practical con-

straints and solve it using the cuckoo search algorithm (CSA), a metaheuristic computa-

tional intelligence approach. We also implement two benchmark algorithms to verify the

effectiveness of our proposed algorithm, namely, genetic algorithm (GA) and an exact ap-

proach (MILP). Extensive simulations were performed on two types of data instances; the

first one was obtained from the existing literature (benchmark data) and the second dataset

was generated based on real-world data (by uniform distribution). The simulation results
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show that the proposed CSA method outperforms its counterparts in terms of reducing

service costs, delays in departures, and pre-docking waiting times within a reasonable

computation time.

Furthermore, this dissertation also contributes by developing MILP model for solving

MQ-BAP with the objective of minimizing the total service cost, considering several prac-

tical constraints, including safety entrance time, safety distance and safety time between

berths, preferred berthing quays, and preferred berthing positions for arriving vessels. The

developed model also introduces alternative berthing quays (ABQs), for the first time,

for vessels to list multiple other preferred berthing quays, with the primary objective of

avoiding long waiting time before mooring. Next, three popular metaheuristic-based algo-

rithms, namely, CSA, GA, and particle swarm optimization (PSO), are developed to solve

the problem in affordable computation time, since MQ-BAP is NP-hard and cannot be

solved efficiently by exact methods. Finally, to validate the performance of the developed

methods, several experiments are conducted using real data (with one-week, two-week,

and four-week planning horizons), collected from the Port of Limassol, with real port set-

tings. This study also implements the exact MILP method for fair comparison and results

indicate the efficacy of the CSA method over counterparts.

Finally, this dissertation focuses on finding the optimal berthing position with berthing

time and the best combination of crane assignments for arriving vessels, while considering

MQ ports (e.g., Limassol Port). We solve MQ combined BAP and QCAP, for the first time,

with the objective of minimizing total turnaround time and total operating cost of ships,

where it includes handling cost, waiting cost, penalties for late departure, and penalties

due to non-optimal berth/quay assignment. First, an appropriate mathematical model is

established for the MQ combined BAP and QCAP. For this purpose, three metaheuristics

are developed to solve the problem, namely the CSA, the PSO, and the GA. Numerical

experiments demonstrate the superiority of our methods compared to the mathematical

methods.

The remainder of the dissertation is organized as follows. Section 2 presents preliminaries

on marine container terminal and seaside operational problems. Section 3 reviews recent

literature related to the BAP, including discrete BAP, continuous BAP, and hybrid BAP.

Literature review related combined BAP and QCAP is presented in Section 4. Section

4



5 presents contribution 1 of this study, where berth allocation problem is solved using

cuckoo search algorithm. Next, Section 6 unfolds 2nd contribution of this dissertation,

where MQ-BAP has been solved. Section 7 presents the solution of MQ combined BAP

and QCAP. The last section concludes the PhD. dissertation.
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2 Preliminary on Marine Container Terminal and Seaside Operations

Problems

The marine container terminals (MCTs) have been essential towards low-cost and efficient

sea transportation along with economic growth worldwide. The MCTs handle a huge vol-

ume of containers per year that has drastically increased in the last couple of decades.

For instance, 74% of total international trade is done through MCTs [14] and it is ex-

pected to increase in the future [31]. Hence, with the increasing volume of containers,

the MCTs are continuously challenged to enhance their productivity by adapting many

software and hardware innovations, such as terminal design, goods handling equipment,

automatic berthing, and operations research applications. The MCTs can be partitioned

into three major areas, namely, seaside, marshaling yard, and landside [64], as depicted in

Figure 1. The berth, quay, and waiting areas are included in the seaside, the arriving and

departing containers are stored in the yard area, and internal/external transport connects

various areas of MCTs [31, 83]. Furthermore, current literature focuses on various MCT

operations, which are primarily divided into three major research areas [31, 114, 40, 12]:

1) seaside operations, 2) marshaling yard operations, and 3) landside operations, which

are further discussed below. Figure 2 presents different fundamental operational problems

of MCT for each of these areas.

2.1 Landside Operations

MCTs offer several services as an intermediator between landside and seaside operations,

where loading and unloading of containers are the major seaside operations. As for the

landside operations, trains, trucks, or barges are employed to either pick up or deliver

containers. The trucks or trains enter the MCT through specific terminal gates and wait

in a dedicated area until loaded on or loaded off. Furthermore, the MCTs can have vari-

ous interfaces for landside operations, e.g., rail terminals for trains, transfer points where

trucks are loaded or unloaded, and barges service center [53]. The major problems in the

landside operations include: straddle carriers (SCs) operation optimization [133], truck

appointment optimization problem in order to avoid truck congestion and reduce truck

turnaround time [161, 118, 138, 162, 4], double cycling (i.e., loading and unloading si-

multaneously to enhance productivity) scheduling on the landside [160], route and sched-
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Figure 1: An illustration of the different areas of a marine container terminal.

ule planning of rail-mounted gantry cranes for efficient exchange of containers between

the terminal and road [52], scheduling appointments of container trucks [154, 50], and in-

ternal transport vehicle selection to avoid delays and enhance terminal performance [123].

2.2 Marshaling Yard Operations

The major operations in the marshaling yard include vehicle routing [67, 120, 121], trans-

port vehicle dispatching [158, 159], yard cranes scheduling (YCS) and yard truck schedul-

ing (YTS) [68, 85, 106, 107], yard cranes and yard truck utilization [129, 155], storage

blocks allocation [66, 95, 111, 143], reshuffling of containers, and traffic control [83].

Typically, all containers are stored at the MCT for a particular time period before deliver-

ing them to trucks or trains for inland transportation or loading them to vessels for water

transportation. In the marshaling yard operations, yard cranes (YCs), also known as gantry

cranes (GCs), are employed to handle unloaded containers. The YCs, are responsible for

placing all delivered containers in the yard blocks. Furthermore, housekeeping operations
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Figure 2: Primary operational problems considered under the marine container terminal
umbrella.

(e.g., container relocation and pre-marshaling) are also performed through YCs. There-

fore, efficient YCS is key to the enhanced performance of the MCTs. In addition, yard

trucks (YTs) are employed to transport the inbound and outbound containers within the

terminal. Hence, YT dispatching, scheduling, and routing operations affect the traffic

congestion inside the terminal and the overall progress of operations in MCTs.

2.3 Seaside Operations

Seaside operations typically include loading and unloading of containers from arrived ves-

sels at the port, by employing on-shore quay cranes. These containers are then transferred

to the marshaling yard area by using internal transport vehicles (ITV), e.g., automated

lifting vehicles, automated guided vehicles, yard trucks, etc. The seaside operations phase

three fundamental tactical problems, namely, BAP, QCAP, and QC scheduling problem

(QCSP) [58]. In the seaside operations, berth allocation is considered one of the major

operations and an available berthing position can be allocated to an arrived ship based on

various ship and berth characteristics. For instance, the vessels arrival pattern, berthing

layout, and ships handling time are the major considerations for vessel berthing, as dis-

cussed in Section 2.4.

The QCAP deals with assigning QCs to berthed vessels, while QCSP deals with how the
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QCs assigned to a particular vessel will be used for loading/unloading containers from

that vessel [58]. The ship’s cargo along with loading and unloading information can be

collected from a stowage plan. Based on this information, QCs are assigned to vessels.

Concerning QCs specifications, the QC assignment and QC scheduling operations can

be classified in various ways. The first classification refers to how QCs handle load-

ing/unloading tasks, where each QC has particular constraints while operating. All the

containers that are unloaded or loaded to a ship belong to a specific bay (i.e., a space in

the vessel to store containers), each corresponding to a task [104, 126]. The number of

bays is used to determine the maximum number of QCs that can be assigned to a vessel

and work in parallel [126, 33, 82].

The second classification is based on QCs restrictions. Based on the current literature,

the QCs restrictions include safety distance between two QCs, movement limitations,

and interference among QCs [27]. The QCs are rubber-tired at some MCTs and rail-

mounted on others [48, 22]. The rubber-tired QCs (also known as moveable QCs) can

move freely and cross each other, while the latter cannot [10]. Hence, there is a need for

some non-crossing constraints for models that consider rail-mounted QCs. Furthermore,

the constraints related to safety distance are also considered in order to avoid interference

with other QCs. The last classification involves initial positions of QCs, ready times of

QCs, and availability and unavailability of QCs, as discussed in [126].

2.4 Introduction to Operational Problems of Seaside

In this section, we introduce the two major problems of seaside operations (i.e., the BAP

and the QCAP), which have been extensively investigated in the last two decades.

2.4.1 BAP

Allocating available berthing slots to arriving vessels, based on ship properties (e.g., di-

mensions, draft, etc.), berth characteristics (e.g., length, depth, etc.), and various con-

straints, is considered the first decision problem, known as BAP. A few studies also refer

to BAP as the berth scheduling problem (BSP); however, we have used the more popular

term the BAP throughout this survey. The goal of the BAP is to specify which berthing

position is suitable for which arriving ship while considering the various types of con-
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straints, both physical and operational. Figure 3 describes the timing of typical berth

operations at the MCT. For developing solutions for a typical BAP, the possible inputs in-

clude: expected time of arrival (ETA) for ships, preferred berthing position (PBP), length

of ship (LoS), number of containers loaded on each ship, handling time, cranes produc-

tivity, and expected time of departure (ETD). The typical outputs of the BAP include:

scheduled berthing position for each ship, berthing time for each ship, and scheduled de-

parture times. BAPs can be classified on the bases of two key aspects, namely berthing

layout and arrival times [24, 31].

2.4.1.1 Berthing Layout Several berthing layouts are assumed in the literature in or-

der to provide feasible berthing positions to arriving ships, which are explained below.

Discrete layout: In a discrete berthing layout, the wharf is divided into various sections,

called berths, and only a single ship can be moored at any berth at a particular time period

[43, 24]. It is important to note that the extra length of the berth is wasted if the assigned

ship’s length is less than the length of the berth. Furthermore, the quay is partitioned

either based on the quay construction or divided in order to ease the planning problem, as

presented in Figure 4 (a).

Continuous layout: In a continuous berthing layout, ships can be moored at any arbitrary

location along the wharf, i.e., the quay is not partitioned into a discrete number of berths.
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The quay can be better utilized because of no partitioning into a discrete number of berths.

However, berth planning for continuous berthing layout is more complex than a discrete

berthing layout due to the much higher number of available berthing positions. A typical

structure of a continuous berthing layout is depicted in Figure 4 (b).

Hybrid layout: Hybrid berthing layout is a combination of both discrete and continuous

berthing layouts, where the wharf is partitioned into a number of berths. However, a large

ship can occupy more than one berths, and sometimes two small ships can be moored at

a single berthing slot, as depicted in Figure 4 (c). Furthermore, indented berths are also

possible when two opposing berths exist, which can be utilized to unload/load one large

ship from both sides [79]. An indented berth is considered a form of a hybrid berth since

a large ship uses two discrete berths.

2.4.1.2 Vessel Arrivals As for the ships’ arrivals, the BAP can be distinguished as

static arrival and dynamic arrival.

Static arrival: In static ship arrival, no arrival times are given against incoming ships.

Instead, it is assumed that all ships have already arrived at the MCT, towed to the waiting

area, and can be moored immediately based on berth planning.

Dynamic arrival: In dynamic ship arrival, ships are not assumed to be present at the MCT

during the planning horizon. Instead, the estimated time of arrival (ETA) for each ship is

provided to the MCT for the sake of better berth planning. A ship can arrive before its

ETA. It is important to note that for the purposes of planning, the ship cannot be moored

before its expected arrival time.

In this study, we only consider the dynamic arrival case since (i) it is not practical for all

arriving vessels to be at the terminal before berth planning as in the static arrival case,

and (ii) static arrival is a special case of dynamic arrival where all vessels are expected to

arrive in 0 minutes.

2.4.1.3 Performance Measure The performance measure is an important aspect of

the BAP and it explains the objective functions (OFs) to be maximized or minimized, such

as throughput maximization, cost reduction, etc. Based on current literature, most studies

use the OF that aims to minimize the total time vessels spend at the MCT. Other OFs are
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associated with the minimization of the total weighted handling time [136, 73, 28], the

total waiting time [6, 81, 125], and the total services cost for all the arriving ships at the

MCT [43, 78].

2.4.2 QCAP

The important decisions that need to be made immediately after berth allocation concern

the type and number of handling equipment to be employed for loading/unloading the

containers to/from vessels. Quay cranes (QCs) are employed at the MCTs to load/unload

containers from vessels and are typically manned because automation in this process cre-

ates multiple challenges, such as inaccurate positioning of containers [142]. The cranes

contain trolleys that can move along the QC arm to transfer the containers from transport
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vehicles to vessels and vice-versa. A trolley is equipped with the spreader, a pick-up de-

vice, that is used to pick the containers. Furthermore, loading and unloading operations

on a single ship can also be done simultaneously, i.e., one crane can be employed for

loading and the other for unloading [142]. Hence, the number of QCs allocated to vessels

is a crucial decision for arriving vessels.

Since the major objective of several studies is to minimize vessels’ waiting times and late

departures, it is necessary to perform the process of unloading/loading very efficiently in

order to meet customers’ demands. For unloading/loading vessels, there exist two types

of QCs, movable (dynamic) and non-movable (static). The first type of cranes can shift

from one berth to another berth during the process of loading/unloading cargo from the

currently assigned ships, which makes their use more flexible [103]. The latter type of

QCs cannot move from one berth to another before completion of the process on currently

assigned ships.
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3 Literature Review on BAP

This section deals with the latest efforts of the research community to cope with various

types of stand-alone BAP, namely, discrete dynamic BAP, continuous dynamic BAP, and

hybrid dynamic BAP, summarized in Table 2.

3.1 Discrete and Dynamic BAP

This section reviews recent literature on discrete and dynamic BAP (DD-BAP), which

considers discrete berthing layout and dynamic vessel arrivals as described in sections

2.4.1.1, 2.4.1.2, respectively.

A heuristic-based approach is presented in [137] to deal with discrete and dynamic BAP.

The key objectives of this study are twofold: minimization of waiting time of serving ves-

sels at MCT and minimization of total handling time. The problem is modeled as a mixed-

integer linear programming (MILP) model and solved by a particle swarm optimization

(PSO) algorithm. The proposed method is tested with several datasets of different sizes

and compared with state-of-the-art methods. Results indicate the higher performance over

counterparts in terms of better berth allocation with low computation time.

Simrin et al. employed genetic algorithm (GA) to solve the same BAP [131]. The main

aim of this study is to alleviate total vessels’ service time that they have divided into two

parts, (i) waiting time and (ii) handling time. Unlike other works, this study assumes

that each berth has different handling productivity and showed that GA can handle much

larger problem sizes compared to a CPLEX-based approach. The waiting time of vessels

is the time that vessels spend at MCT before servicing, where handling time is the time

that vessels spend between the start servicing until the departure of ships.

The authors of [69] proposed a heuristic-based solution, where they also employed GA

for optimal berth allocation. The authors construct a mixed-integer programming (MIP)

model that considers discrete berthing layout along with dynamic vessel arrivals and the

key objective of this study is to minimize total weighted late departures and workload in

night times. Simulations have been carried out for one and two weeks in order to validate

the proposed GA-based solution of BAP.

The work presented in [124] proposed an enhanced differential evolution (DE) algorithm-
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based solution for DD-BAP, where the enhanced DE uses game theory to control the

selection of mutation operator. The objectives of this work are twofold: minimization

of late departure penalties and alleviation of handling time that spends a vessel at MCT.

GSSP, TS, CS, and PSO are also employed to solve the same problem and results denote

that enhanced DE outperforms over counterparts in terms of both objectives.

Another DD-BAP is discussed in [13], where a novel EA, namely bird mating optimizer

(BMO) algorithm is developed. The problem is modeled as a vehicle routing problem

with time windows and solved by the BMO algorithm. The authors of the study [13] also

implement PSO and exact approaches for the sake of comparison. Results demonstrate

the effectiveness of the BMO method in terms of minimum turnaround time.

An approach called POPMUSIC is proposed in [92] to solve DD-BAP. The proposed

method is partially meta-heuristic (and inspired by Tabu search) and partially mathemati-

cal, which solves the problem and allocates berths to arriving vessels in a reasonable time.

Experimental results show the efficacy of the proposed method over counterparts.

Another study [109] exploits a heuristic-based adaptive large neighborhood search (ALNS)

algorithm in order to solve DD-BAP. The BAP is formulated as an MILP problem and

the key objective is to achieve minimum cost that occurred due to late departures within

minimum computational time. They also used priorities for various vessels based on dif-

ferent factors, e.g., total load, a vessel belongs to a specific linear company, etc. In this

way, vessels with higher priority get served and departed sooner than low priority ships.

Eventually, the proposed model is compared with existing models and it is affirmed from

comparisons that the newly developed method provides an efficient and reliable solution

within affordable computation time.

A Memetic algorithm (MA)-based method is adopted in [45] to solve DD-BAP, where

the BAP is formulated as a nonlinear MIP model. This study also proposes a new policy,

where demand can be shifted from normal MCT to an external MCT at an extra cost.

A large number of simulations have been performed to affirm the productiveness of the

proposed MA-based approach. Results from simulations indicate the efficacy of the newly

developed algorithm in terms of its key objective to minimize handling cost.

Another research presented in [46] proposes a self-adaptive EA (SAEA), which, unlike

other EAs, employs a self-adaptive parameter control strategy for efficient planning of
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berth allocation. The primary objectives are to minimize the total weighted turnaround

time of all the docked vessels as well as delays in departures. The problem is also for-

mulated as an MILP model and extensive experiments have been carried out to affirm the

performance of the proposed SAEA approach in terms of reduced total turnaround time

and delays in departures over counterparts. Compared algorithms include standard EA,

deterministic parameter control EA (DPCEA), and adaptive EA (AEA).

The authors of [128] also investigate the discrete BAP along with stochastic vessels ar-

rivals. The primary objective of this study is to mitigate the total turnaround time of

vessels that they spend between arrival and departure. For optimal berth allocation, vari-

ous proactive and reactive approaches are developed, a meta-heuristic iterated tabu search

(ITS) is proposed as a proactive method for berth allocation, while stochastic dynamic

programming method as a reactive approach is modeled for real-time ship arrivals. Here

it is important to note that the study also considers uncertainty in ships’ arrival. Simula-

tion results indicate that the ITS has higher efficiency in terms of minimum turnaround

time with affordable computation time.

Wang et al. developed a novel meta-heuristic based approach to solve DD-BAP, where

the proposed method combines the nature-inspired Lèvy Flight random walk with local

search [144]. The primary goals of this study are twofold: minimize the total cost of ships’

handling cost and provide optimal berth allocation of arriving vessels while considering

a multi-tidal planning horizon. They also perform a comparative study to investigate

the performance of the proposed Lèvy Flight based algorithm. Results demonstrate the

effectiveness of the proposed method in terms of the study’s goals while comparing it with

state-of-the-art approaches, i.e., PSO, CPLEX (exact approach), and iterated greedy (IG)

heuristic algorithms.

The research presented in [20] also deals with the DD-BAP using a novel version of

GA, namely GA with state-space reductions (GASSR) for efficient berth allocation, with

the objectives of minimizing total service time and maximizing the quay occupation si-

multaneously. A large number of experiments have been performed on small-scale and

large-scale problem instances. Results show the effectiveness of the proposed GASSR

over counterparts, i.e., standard GA, standard MA, and MA with state-space reductions

(MASSR) in terms of optimal berth allocation and lower computational complexity.
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The work presented in [42] focuses on dynamic BAP, where waiting time along with fuel

consumption of vessels when they are in the anchorage area is also investigated. The

problem is first formulated as an MILP model. In their proposed model, the fuel cost

is associated with the waiting times of arriving vessels. The key reason for including

fuel cost/ consumed fuel is to address the sustainability aspects of the BAP. Later, this

study proposes a chemical reaction optimization (CRO) algorithm to solve the BAP and

real-time instances are employed for experiments. Eventually, a comparative study has

been taken into account in order to validate the newly proposed CRO algorithm, where

GA, block-based GA, and PSO methods are considered as benchmarks. Results show the

efficacy of the proposed CRO method in terms of efficient utilization of MCT resources.

Sheikholeslami et al. in [130] investigates dynamic and discrete BAP, where the key

objective is to mitigate the late departure of vessels. They utilized a real-time dataset

from the Port of Shahid Rajaee situated in Iran, where tide effects are also investigated

during implementations. The problem is modeled as an MILP model and solved by the

exact approach. Experimental results guarantee that late departures are reduced while

implementing the proposed solution.

3.2 Continuous and Dynamic BAP

In the continuous and dynamic BAP (CD-BAP) formulation, continuous berthing layout

(Section 2.4.1.1) and dynamic vessel arrivals (Section 2.4.1.2) are considered.

Frojan et al. in [51] consider three wharves with the length of 800, 600, and 100 meters,

and 12 vessels that arrive dynamically for mooring. To tackle this CD-BAP with multiple

quays, an integer linear model has been developed to describe the elements of the prob-

lem and interactions, and then the problem is solved with GA. Furthermore, the authors

perform extensive simulations by employing several real time instances as well as past

datasets used in the existing literature. Results demonstrate that the proposed method pro-

vides a high quality solution in terms of total operational cost that includes waiting and

late departure costs.

The study presented in [125] applies an evolutionary method, namely a differential evolu-

tion (DE) algorithm. The authors also explore the impact of DE’s user-defined parameters

on the solution of the problem and conduct a statistical analysis for establishing the opti-
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mal values for DE. Finally, extensive simulations have been carried to affirm the produc-

tiveness of the proposed DE based solution, and results are compared with several state-

of-the-art approaches, i.e., mixed integer programming (MIP), simulated annealing (SA),

immune algorithm (IA), and greedy randomized adaptive search procedure (GRASP) al-

gorithms.

The work presented in [11] discusses CD-BAP, where the major objective is to mitigate

the late departures of vessels by efficient berth allocation. For near-optimal berth position

searching, this study develops a hybrid of GA and branch and cut (B&C) methods, which

assigns the best berthing location based on vessels’ arrival and departure times and other

constraints. Furthermore, the proposed method is tested on both small and large datasets,

and compared with standard GA and CPLEX methods. Results indicate the effectiveness

of the proposed solution to the BAP over counterparts.

The authors of [49] also deals with the CD-BAP in order to avoid delays in vessels’ de-

partures. The authors also consider tidal constraints during the berth allocations. The CD-

BAP is formulated in three different ways, i.e., standard MILP, MILP based on sequence

variables (S-MILP), and time-indexed variables-based MILP (TI-MILP). This study also

develops datasets based on real-time characteristics of ports, which can be used in the

future as benchmark instances. Subsequently, these three models are solved on a CPLEX

solver and simulation results demonstrate that the time-indexed-based MILP achieves

higher efficiency with lower computation time.

Another study investigates the CD-BAP in [148], where the primary objective is to achieve

a robust berth allocation strategy along with minimum turnaround time. A heuristic-based

grey wolf optimization (GWO) algorithm is developed to solve the BAP. Furthermore, this

study also considers uncertainties in vessels’ arrival and operational time of vessels, and

the proposed GWO based method shows efficiency in solving the BAP with uncertainties

over existing solutions such as GA and CPLEX.

The authors of [76] also examine the CD-BAP intending to reduce the total time that

vessels stay at the port for loading/unloading operations. They transformed constrained

single-objective BAP to unconstrained multi-objective BAP model by converting con-

straints’ violation as objectives. Next, the multi-objective continuous BAP is solved

by modified non-dominated sorting genetic algorithm II (MNSGA-II). Furthermore, the
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newly proposed unconstrained multi-objective model along with the proposed method is

tested on benchmark instances. The results indicate the effectiveness of the proposed

model and MNSGA-II method over counterparts in terms of minimum handling time of

arriving vessels at the port.

A genetic algorithm (GA) based solution of the CD-BAP is presented in [34]. The key

concerns of this work are to attain port efficiency and reduce late departures and in this

way, the penalty cost will be reduced. The GA-based solution of the BAP is tested on

real-time instances and results show the effectiveness of the proposed method.

Xu et al. developed a hybrid SA-based heuristic method to deal with the BAP while

considering traffic limitations in the navigation channel [151]. The primary aim of this

work is to propose cost-efficient berth allocation while enhancing the performance of

MCT. The problem is formulated using the MILP model and then solved by the hybrid

SA (HSA) method that combines SA and reheat treatment methods. In order to validate

the newly proposed method, real time instances from two container terminals of Tianjin,

China are used and CPLEX and Greedy methods are also applied for comparative study.

Results demonstrate the effectiveness of the proposed HSA method in terms of lower cost

and MCT efficiency.

Another study presented in [99] examines the CD-BAP where the major objective is to

minimize total weighted handling time along with deviation cost that occurs by not as-

signing vessels to their preferred berthing positions. Different variants of the SA algo-

rithm are proposed to solve the BAP and then mathematical and other heuristics are also

implemented for comparison purposes. They test the proposed method on several datasets

including small and large instances, and results indicate the effectiveness of the proposed

SA method in terms of the above-mentioned primary objectives.

Another study [113] focuses on the CD-BAP with the aim of reducing total waiting cost,

handling costs, and late departures penalties. An SA-based hybrid algorithm is developed

to solve the problem, where one algorithm deals with berthing positions, and the other

algorithm determines berthing times. Eventually, several experiments were performed and

results are compared with existing methods. It is validated from comparison, the proposed

method provides efficient berth allocation within acceptable computational time.

The work presented in [157] deals with the BAP where the continuous wharf is assumed
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and various priorities are taken into account, e.g., priori berthing of VIP customers. The

objective of this work is to improve robustness and attain minimum handling cost. A

heuristic-based SA is developed and tested on data instances taken from past literature.

Results denote that the proposed method is able to find the optimal solutions with mini-

mum cost and maximum robustness.

Song et al. also focus on the CD-BAP while considering time-varying water depths [132].

The primary objective of this study is to mitigate the total turnaround time of arriving

vessels. They develop improved DE-based solution and implement on small and medium

scale instances. It is affirmed from simulation results that the proposed DE-based method

is appropriate for optimal berth allocation over compared algorithms, i.e., simple DE, GA,

Tabu search, and integer programming.

Liu et al. focus on the CD-BAP [102], where the mooring schedule of arriving vessels

at continuous berthing layout is provided by employing the two-stage robust optimization

(RO) method. Furthermore, this study also deals with uncertainty in the problem, which

includes uncertainty in vessels’ arrival and handling time. Extensive simulations have

been carried out to affirm the productiveness of newly proposed approaches, i.e., expanded

RO-BAP (ERO-BAP) and risk constrained RO-BAP (RCRO-BAP).

A fuzzy logic-based solution is developed in [117] to deal with CD-BAP, where the pri-

mary objective is to minimize vessels’ waiting time. In addition, this study also models

uncertainty in vessels’ arrivals. They performed simulations on randomly generated data

and results show the productiveness of the proposed method.

3.3 Hybrid and Dynamic BAP

This section presents a detailed review of current works that investigate the BAP with hy-

brids berthing layout and dynamic vessels’ arrival as discussed in sections 2.4.1.1, 2.4.1.2,

respectively.

Umang et al. studied the HD-BAP with the objective of minimizing total service time

of arriving vessels [139]. The problem is first modeled as an ILP problem and then it is

solved by the exact approach as well as by a metaheuristic method, namely squeaky wheel

optimization (SWO). The SWO method works on the principle of a construct, analyze, and

prioritize, where, at each iteration, possible solutions are constructed and analyzed, and
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results are used to build a new priority order to attain new solutions in the next iteration.

In order to affirm the productiveness of the proposed SWO algorithm, several experiments

are performed on real-time data taken from the container terminal at SAQR port, UAE.

Results are also compared with other methods, i.e., MILP, FCFS, and generalized set

partitioning problem (GSPP), to show the efficacy of the proposed method.

A study presented in [86] examines the hybrid BAP and an EA is proposed to solve the

problem. The objective of this study is to minimize the total cost, which includes handling

cost, waiting cost, and cost occurred due to delays in departures. In order to check the

productiveness of the proposed EA method, several simulations have been performed and

results show the efficiency of the proposed algorithm over counterparts.

The authors of [41] investigate the hybrid BAP where the key objective is to mitigate total

cost that includes waiting and handling costs. They developed a heuristic-based determin-

istic variant of variable neighborhood search (VNS) named variable neighborhood descent

(VND). In order to test the performance of the proposed VND method, simulations have

been performed on two datasets and results show the effectiveness of the proposed algo-

rithm over other meta-heuristics, i.e., bee colony optimization (BCO) and EA.

The authors of [84] investigate the BAP with the objective of minimum vessels’ handling

cost, where hybrid berthing layout is taken into account. They developed two methods to

solve the hybrid BAP, namely sedimentation algorithm (SEDA) and SEDA with an estima-

tion & rearrangement heuristic (SEDA+ERH). The first method is an exact combinatorial

optimization algorithm and the latter method employs a heuristic as a pre-processing step

to alleviate the computational complexity. The proposed methods are tested on three dif-

ferent instances taken from the literature. Experimental results denote the effectiveness of

SEDA+ERH in terms of minimum cost in affordable computation time.

Imai et al. also deal with a novel variant of BAP, where two or more vessels can be moored

at a single berth if the length of vessels is less than the length of a certain discrete berth

[71], where they formulated their problem as an integer linear programming problem for

simple calculations. The major objective of this study is to provide an efficient solution in

terms of higher berth productivity for feeder ships and mega-container ships. Furthermore,

GA is employed to solve this problem and various experiments have been carried out in

order to validate the effectiveness of the developed method.
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Kovavc et al. extend their previous work on the hybrid BAP ([41]) and proposed a new

method namely general variable neighborhood search (GVNS) [87]. The problem is for-

mulated as MILP and then solved by GVNS along with other three meta-heuristics that

were proposed in their previous work, i.e., EA, BCO, and VND. The proposed method and

other compared methods are tested on randomly generated datasets and results denote that

the newly proposed GVNS outperformed EA, BCO, and VND in terms of computation

times while maintaining the superior quality of solutions.

Azza et al. developed a meta-heuristic based bat-inspired algorithm to deal with the hy-

brid BAP [19]. The major objective of this work is to reduce vessels’ stay time at the

terminal. Furthermore, they performed extensive simulations to validate the efficacy of

the proposed algorithm, and the results are compared with the CPLEX solver. The results

from simulations are evident that the proposed method is efficient over counterparts in

terms of providing good solutions in minimum computation time.

Another study also deals with the BAP while assuming various irregular berthing layouts

[39]. The primary objective is to minimize the total stay times of vessels at the port.

Basically, they solved discrete and dynamic BAP; however, due to considering irregular

berthing layouts, it becomes hybrid BAP, where one vessel can take two berths if its length

exceeds one berth. In order to solve this type of problem, first, an exact method based

MILP is developed for small instances and then a heuristic-based iterated local search

(ILS) is developed for large scale problems. For simulations, they employ data from a

tank terminal and the results from experiments indicate the effectiveness of the proposed

method.

The work presented in [42] examines two variants of BAP, i.e., the DD-BAP and hy-

brid dynamic BAP. In their proposed hybrid BAP formulations, a large vessel can take

more than one berths and two or more vessels can take one berth if they are small. In

this study, the problem is first formulated as a mixed-integer non-linear programming

(MINLP) model, then it is solved by the CRO algorithm. The primary objectives of this

work are to alleviate handling and fuel costs. Extensive simulations are carried out to

affirm the productiveness of the proposed CRO based method and results guarantee its

higher performance over counterparts.

Bouzekri et al. developed an integer linear programming (ILP) based solution for the
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hybrid BAP [25], where they tested their proposed method on a real-time dataset taken

from the port of Jorf Lasfar, Morocco. Extensive simulations have been carried out and

results denote that the ILP based method can solve the hybrid BAP considering up to 40

vessels within reasonable computation time.

The HD-BAP is also investigated in [47], where a hybrid GA (HGA) algorithm is devel-

oped. In order to affirm the productiveness of the proposed HGA method, several simu-

lations have been conducted on various datasets, i.e., small, medium, and large datasets,

where 10 vessels with 2 berths, 30 vessels with 7 berths, and 50 vessels with 12 berths

are taken into account. Simulation results show the effectiveness of the proposed HGA

method over CPLEX in terms of minimum computation time.

Table 2: Summary of current literature related to BAP. [RD: random data, RPD: real port
data]

Ref. Pub.

year

Developed

method

Compared method(s) Employed

dataset

DD-BAP

[137] 2014 PSO GSSP, LP, and clustering search [36], RPD

[131] 2015 GA CPLEX RD

[69] 2015 GA – RD

[92] 2016 POPMUSIC PSO [31, 91]

[109] 2016 ALNS PSO, CS, GSPP, GRASP, SA, CPLEX, and TS [36, 91]

[45] 2018 MA FCFS and EA [31, 70]

[46] 2018 SAEA Standard EA, AEA, DPCEA [57, 31, 70]

[128] 2019 ITS TS, and stochastic DP [36]

[144] 2019 Lèvy Flight PSO, CPLEX, and IG [150, 90]

[20] 2020 GASSR Standard GA, standard MA, and MASSR RPD

[42] 2020 CRO GA, block-based GA, PSO, and exact approach RPD

[130] 2020 MILP – RPD

[42] 2022 AACS ACO and exact method [43]

CD-BAP

[51] 2015 GA CPLEX, GRASP, TS, and SBS [115]

Continued on next page
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Table 2 – Continued from previous page

Ref. Pub.

year

Developed

method

Compared method(s) Employed

dataset

[125] 2016 DE SA, MIP, IA, and GRASP [59]

[11] 2016 Hybrid GA

and B&C

Standard GA and CPLEX RD

[49] 2017 TI-MILP MILP and S-MILP RPD [2]

[148] 2017 GWO CPLEX and GA [116]

[76] 2017 MNSGA-II GA, NSGA-II-III, and ALNS [55]

[34] 2017 GA – RPD

[113] 2018 SA GA and CPLEX [110]

[99] 2018 SA GRASP, TS, SBS, and GA [93, 36]

[157] 2018 SA – RD

[132] 2019 IDE DE, GA, TS, and IP [56]

[102] 2020 ERO, RCRO MILP and S-MILP [116]

[117] 2020 Fuzzy logic – RD

[60] 2021 PSO MILP RPD

[17] 2022 CSA MILP and GA [125]

HD-BAP

[139] 2014 SWO MILP, FCFS, and GSPP RPD

[86] 2015 EA CPLEX [32]

[41] 2015 VND EA and BCO [32]

[84] 2016 SEDA and

SEDA+ERH

CPLEX [56]

[87] 2018 GVNS EA, VND, BCO, and CPLEX [32]

[19] 2018 Bat-inspired CPLEX [36, 72]

[39] 2019 ILS MILP RPD

[42] 2020 CRO GA, block-based GA, and PSO RPD

[25] 2020 ILP – RPD [26]

[47] 2020 HGA CPLEX RPD
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4 Literature Review on Combined BAP with QCAP

This section examines in detail current studies that deal with the combined BAP and

QCAP, i.e., discrete and dynamic BAP with QCAP, continuous and dynamic BAP with

QCAP, and hybrid and dynamic BAP with QCAP, summarized in Table 3.

4.1 Discrete and Dynamic BAP with QCAP

This section reviews discrete and dynamic BAP, while the QCAP is also taken into ac-

count.

Lalla et al. examine the combined BAP and QCAP in [89] for reducing the total weighted

service time of ships and propose a new heuristic method named migrating birds opti-

mization (MBO). The MBO is a newly developed nature-inspired technique that is based

on the V-formation flight of migrating birds. Furthermore, the proposed MBO method is

tested on five datasets, with different numbers of vessels and berths, taken from recent

literature [36]. Simulation results show that MBO beats existing approaches, i.e., CPLEX

and PSO, in terms of lower computation times.

A study presented in [28] solves the BAP along with the QCAP by proposing a model

predictive control (MPC)-based method, where the primary concerns of this work are to

reduce total handling and waiting costs. In order to affirm the productiveness of the pro-

posed MPC-based method for berth and QC allocation, several experiments are performed

on a real-time dataset taken from Indonesian Seaport. The results from simulations vali-

date the performance of the proposed technique over FCFS and a density-based strategy.

A multi-objective berth and QC allocation model is developed in [94], where the major

objectives are to ensure the earliest departure time of vessels and enhance terminal effi-

ciency. The problem is formulated as an MIP model and solved by the newly-developed

chaos cloud PSO (CCPSO) method. A comparison study was also carried out to verify

the productiveness of the proposed optimization algorithm. Experimental results indicate

the effectiveness of the proposed method over GA in terms of the earliest departure times.

Lu et al. developed improved NSGA-II for solving the combined BAP and QCAP in

[101], where discrete berthing layout is assumed. In this work, the authors also consider

uncertainties in ships’ arrival times and container handling times. Additionally, movable
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QCs (that can move to other berths/ships before completing the process of an assigned

ship) are examined to enhance the flexibility of the MCT. The problem is formulated as a

non-linear MIP problem and then solved by improved NSGA-II. Several experiments are

carried out to affirm the benefits over standard NSGA-II.

The paper presented in [149] investigates both the BAP and the QCAP problems of MCT

while employing discrete berth allocation. The primary objective of this study is to mit-

igate the total handling costs. First, the problem is formulated as an MIP model that

also deals with several disruptions in vessels’ handling, i.e., deviation of ships’ arrivals,

uncertainties in vessels’ unloading/loading times, and failure of QCs or other handling

equipment. Then, a heuristic-based rolling horizon (RH) algorithm is developed to find

a feasible solution under disruptions, which is further tested on real-time instances. The

results from experiments affirm the efficacy of the proposed reactive method over the

proactive technique.

Another study presented in [96] investigates the same problem and develops a stochastic

ILP (S-ILP) model to solve it. This study also considers uncertainties in QCs maintenance

activities and the primary aim of this work is to minimize total turnaround time. In order

to verify the productiveness of the proposed model, the authors perform simulations on

90 instances and the results verify the proposed model in terms of higher efficiency and

accuracy.

The paper presented in [65] investigates the discrete and dynamic combined BAP and

QCAP. In order to make the problem more realistic, this study considers variable QCs as-

signment that makes MCT more flexible. Furthermore, three hybrids of GA are developed

to solve the problem, where three different mutations are employed for three algorithms,

i.e., swap mutation, thoros mutation, and thoras mutation. Finally, extensive simulations

have been carried out to validate the proposed methods. The results from simulations

affirm the productiveness of proposed techniques over GA.

Abou et al. also investigated a similar problem with the objective of minimizing the total

service time of arriving vessels [5]. This study considers both QCs allocations, i.e., static

and dynamic allocations. Furthermore, the problem is mathematically formulated and

an exact solution is proposed. For experimental purposes, the authors perform a case

study on Abu Dhabi’s container terminal and the proposed solution is implemented on the
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same terminal. The results from experiments indicate that the proposed method attained

decreased service times over the current operational approach.

The authors of [28] extend their work and solve the combined berth and QC allocation

problem in [29], where they proposed a dynamic modeling framework that is based on

discrete event systems (DESs), which explains the mooring procedure with several dis-

crete berthing slots and multiple QCs. After dynamic modeling, a new algorithm, namely

model predictive allocation (MPA), which is based on the MPC principle, is developed

to solve the integrated problem. Extensive simulations have been performed on real-time

data taken from Tanjung Priuk port, Indonesia, to verify the effectiveness of the proposed

method and results compared with FCFS, GA, and PSO methods. Results show the effi-

cacy of the proposed method over counterparts.

The work presented in [35] also deals with the combined BAP and QCAP. Their formu-

lation allows the reassignment of ships to other terminals in a multi-user terminal. The

primary objective of this study is to reduce the total service cost and this work claims that

unnecessary movements of QCs reduce MCT efficiency. To tackle this issue, heuristic-

based GRASP and filtered beam search (FBS) are developed. Furthermore, real-time

datasets from Busan Terminal, Republic of Korea, are employed for experiments in order

to validate the productiveness of the proposed method.

In [146], an exact method, namely a decomposition algorithm, is developed to deal with

combined BAP and QCAP, where the basic objective is to minimize the total cost incurred

due to deviations from departure times and berth positions. In addition, the authors also

consider two uncertainty factors, namely the increase/decrease in the number of containers

and the late arrival of ships. They conduct several experiments with randomly generated

data and the results confirm the effectiveness of the decomposition method.

4.2 Continuous and Dynamic BAP with QCAP

In this section, current studies on another form of BAP and QCAP are investigated, where

continuous berthing layout and dynamic vessels arrivals are taken into account.

A two-phase model of BAP and QCAP is developed in [62], where the major aims are to

improve port resources savings and reduce QCs movements to enhance MCT efficiency.

As a first step, BAP is solved with a metaheuristic-based PSO algorithm and then QCAP
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is addressed by a CPLEX solver. In order to confirm the productiveness of proposed

solutions for the combined problem, experiments are performed on real-time datasets that

were adapted from the Ningbo Beilun container terminal, China.

The work presented in [74] also cope with the combined problem. For increasing handling

productivity of the MCT, an ALNS-based heuristic is proposed to mitigate overall cost,

which includes penalty cost due to late departures and QCs assignment cost. The output

of the ALNS method is compared with GA, TS, and SWO algorithms, where comparison

analysis demonstrates the efficacy of the proposed method.

Correcher et al. studied the continuous BAP and QCAP with time-invariant crane as-

signment in [38], where the primary objective was to reduce total handling cost along

with vessel service times. They proposed biased random-key GA with memetic improve-

ment and local search to solve the problem and the proposed method is tested on several

real-time instances to verify its performance. Experimental results demonstrate that the

biased random-key GA provides optimal solution considering up to 40 vessels; however,

it can also provide near-optimal solutions considering up to 100 ships within reasonable

computation time.

[145] consider carbon emission policies in order to reduce total carbon emission at the

port along with the primary objectives of the study, i.e., reduction in penalty costs and

operating costs. Basically, total operating and carbon emission costs both depend on

the operating hours of QCs and unnecessary operations of QCs because inefficient berth

and cranes allocation lead to high carbon and handling cost. In order to solve this joint

problem, a branch and bound algorithm was developed, which was tested on several real-

time instances, taken from [32]. The results from experiments affirm the benefits of the

proposed method over the CPLEX solver.

The authors of [6] investigate the combined BAP and QCAP. First, the problem is math-

ematically formulated based on relative position formulation and then solved by two ap-

proaches, the exact approach and using the RH method. In addition, this work considers

several uncertainties and various inequality constraints. In order to assure the effective-

ness of developed methods, experiments are performed on real-time instances extracted

from a multi-user terminal that was primarily used for bulk cargo operations. The results

from experiments denote that the exact approach easily solves small-scale instances and
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RH is a more suitable algorithm for large-scale instances.

An MIP model is developed in [156] to deal with the BAP and the QCAP simultaneously,

where the GA and its variant, improved GA (IGA), are developed for minimizing total

service cost, which includes handling cost, waiting cost, and QCs conversion cost. In

order to validate the proposed method, several experiments are carried out and results

show the efficacy of IGA over standard GA and CPLEX.

Correcher et al. also deal with the same problem in [37]. The continuous BAP with

QCAP is modeled as an MILP problem, where arriving vessels can be moored at any

location throughout the quay. Next, the problem is solved following an iterated local

search (ILS) approach. Simulation results denote that the proposed method efficiently

solves the problem considering 50 vessels in a week.

Zheng et al. also studied the same problem while considering QCs maintenance [163].

The problem is formulated as the ILP model and solved by the exact approach; however,

it can solve the problem considering up to only 18 vessels. Then, this study develops

improved GA and a novel heuristic named left and right vessel move (LRVM) algorithm.

Furthermore, this study is also compared with the previous work presented in [6] while ig-

noring QCs maintenance constraints. Results from simulations affirm the productiveness

of the proposed method over counterparts.

A combined BAP and QCAP is investigated in [108], where the primary objective is to

enhance the performance of MCT by efficiently allocating berths and QCs to arriving

ships. The authors of this study developed a novel variant of the PSO algorithm, namely

random topology PSO (RTPSO). Unlike standard PSO, the proposed RTPSO works on

two basic rules while assuming there are k neighborhoods: each particle is connected to

itself and it is also linked to k− 1 particle. The problem is formulated as an MIP model

and several tide constraints are also considered in the formulations. In addition, several

simulations on self-generated instances are performed to validate the performance of the

proposed RTPSO method.

The authors of the study presented in [97] investigated a new bi-objective optimization

model of BAP and QCAP while considering QCs maintenance activities. The objectives

of this work are twofold: reducing the total turnaround time of serving ships and mini-

mizing the total penalty costs of QCs maintenance tardiness and earliness. The problem
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is first formulated as an ILP model and then it is solved by a heuristic-based two-phase

iterative method (IM). The authors tested their newly designed method on real-time and

randomly generated instances to affirm their productiveness and effectiveness.

Krimi et al. studied the same problem in [88] while considering several uncertainties,

e.g., bad weather conditions, QCs maintenance activities, etc. In order to improve the

performance of the container terminal located at a port in Morocco, the joint problem is

formulated as an MIP model. Later, it is solved with a GVNS-based heuristic algorithm.

Furthermore, various experiments are performed on a real dataset taken from the practical

problem of the port in Morocco. Experimental results demonstrate that the compared

method, a CPLEX solver, takes higher computation time and in many cases cannot solve

the problem in a given time frame. However, the proposed GVNS guarantees optimal or

near-optimal solutions in reasonable computation time.

In [135], a search-based (remove & reinsert) heuristic (SBH) is developed for the com-

bined BAP and QCAP, where the authors’ goal is to reduce the costs involved in container

handling. The problem is formulated as a MIP that can handle both fixed and flexible

departure time settings. To confirm the effectiveness of the proposed method, several

simulations are performed with small, medium, and large data instances.

4.3 Hybrid and Dynamic BAP with QCAP

This section examines the recent status of literature that deals with one of the most chal-

lenging problem of seaside operations, i.e., the combined hybrid and dynamic BAP with

QCAP [139, 75].

A study presented in [8] examines the combined hybrid BAP and QCAP. Its objective is to

minimize the total service times of arriving vessels. A GAMS solver is employed to solve

the modeled integrated problem with an exact solution. Data instances are generated

randomly that assume 3 ships with 4 berthing positions. Simulation results affirm its

effectiveness in terms of optimal berth and QCs allocations.

Alnaqabi et al. have studied the combined problem of BAP and QCAP [9] while assuming

a fixed number of QCs at each berthing position and a safety distance between adjacent

QCs. The ultimate objective of this work is to reduce the total processing time of ships.

The problem is modeled as MILP and then solved by a GAMS solver. Simulations are
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also carried out to validate the productiveness of the proposed solution and results show

that the proposed method gave an optimal solution in reasonable computation time.

The authors of [134] also deal with the combined hybrid BAP and QCAP, where hybrid

berthing layout and dynamic vessel arrivals are assumed. Furthermore, the non-crossing

constraints of QCs are assumed in this study. Finally, a simulated annealing (SA) based

heuristic algorithm is developed to minimize late departures of vessels. In order to test

the proposed SA-based approach, simulations are performed on a randomly generated

dataset that includes 40 vessels, 7 berths, and 18 QCs. Simulation results indicate that the

proposed heuristic-based can easily solve large-scale instances.

Table 3: Summary of current literature related to combined BAP and QCAP. [RD: ran-
dom data, RPD: real port data]

Ref. Pub.

year

Developed

method

Compared method(s) Employed

dataset

DD-BAP+QCAP

[89] 2015 MBO CPLEX and PSO [36]

[28] 2015 MPC FCFS & density-based strategy RPD

[94] 2017 CCPSO GA RD

[101] 2018 Improved

NSGA-II

Standard NSGA-II RPD.

[149] 2018 RH method CPLEX and greedy RD, [148]

[96] 2019 S-ILP – RD

[5] 2019 Exact model Existing operational practices RD

[65] 2019 HGAs Standard GA RD

[29] 2019 MPA FCFS & density-based strategy, GA, and hybrid PSO RD, [28]

[35] 2020 GRASP, FBS Iterative approach RPD

[146] 2021 Decomposition

Algorithm

CPLEX RD

CD-BAP+QCAP

[62] 2015 PSO CPLEX RPD

[74] 2017 ALNS GA, TS, and SWO [110]

[38] 2017 GA Discrete DE [116]

Continued on next page
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Table 3 – Continued from previous page

Ref. Pub.

year

Developed

method

Compared method(s) Employed

dataset

[6] 2018 RH method Exact approach RD

[156] 2019 IGA Standard GA, CPLEX –

[37] 2019 ILS MILP and B&C [116]

[108] 2020 RTPSO PSO and exact approach RD

[97] 2020 Two-phase

IM

CPLEX RPD

[88] 2020 GVNS CPLEX RD

[135] 2021 SBH MIP [116, 110]

HD-BAP+QCAP

[8] 2016 GAMS – RD

[9] 2016 GAMS – RD

[134] 2019 SA method – RD
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5 Enhanced Berth Allocation using the Cuckoo Search Algorithm

5.1 Motivation and Problem Statement

There exist several studies that deal with well-known problem, namely BAP, using differ-

ent approaches, i.e., mathematical and metaheuristic/ evolutionary approaches [69, 124,

131, 148]. Since BAP is an NP-hard problem, current researches try to use heuristic algo-

rithms that provide near-optimal solutions in an affordable computation time [17]. This

is because, depending on the needs of container terminals, a small amount of computa-

tion time is required, which makes metaheuristics an advantageous way to solve BAP.

As mentioned earlier, several metaheuristics and evolutionary approaches have been de-

veloped in this area to solve BAP, e.g., GA, PSO, GWO, etc. In this paper, for the first

time (to the best of our knowledge), a novel cuckoo search algorithm (CSA) is proposed to

solve the dynamic and continuous berth allocation problem (DC-BAP). The CSA was first

introduced in [15] (part of this thesis) for solving the dynamic and continuous BAP (DC-

BAP). In this study, we extend the BAP mathematical formulation by considering penalty

for non-optimal berth position, safety time interval between consecutive berth arrivals,

and account for smaller time intervals (30-minutes time interval), which offer better, more

fine-grained berth allocation decisions.

5.2 Problem Formulation

This section first describes in detail the BAP considered in this work, followed by a math-

ematical formulation as a mixed-integer linear programming problem. Table 4 lists all

abbreviations and notations used in this section and throughout the paper.

In the dynamic and continuous berth allocation problem, the MCT has one or more con-

tinuous berthing layouts of known lengths that serve vessels arriving at different points

in time (i.e., in a dynamic fashion). Let B = {1,2, ...,M} denote the set of all possible

berthing positions on the wharf of the port. Typically, the BAP considers a particular time

period of vessel arrivals, such as the next 48 hours. Hence, time is modeled as a set of time

intervals T = {1,2, ...,K} that can represent some time duration of interest (e.g., an hour

or a 30-minute interval). Finally, let S = {1,2, ...,N} denote the set of ships arriving at the

terminal. For each ship, the estimated time of arrival (ETA), the preferred berthing po-

sition (PBP), the ship’s length, and the estimated (or requested) time of departure (ETD)
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are known in advance.

In the ideal scenario, as soon as a vessel arrives at the MCT, it should be moored at its

preferred berthing position. If the MCT cannot serve the vessel at the time of arrival, the

vessel must be towed to the waiting area of the terminal, as shown in Figure 1, and/or berth

at a non-optimal berthing position. In the first scenario, the number of ships in the waiting

area increases, causing congestion and navigational challenges to arise at the seaside of

the terminal. In this case, the MCT incurs an extra waiting cost WCs against the ship s for

the duration of s’ waiting time (e.g., calculated in EURO/hour).

Once the ships are moored at their assigned berthing position, the quay cranes (QCs) start

working in order to load/unload containers. Container handling resources (e.g., number

of QCs, gantry cranes) are allocated to ships based on the handling rate that is negoti-

ated between the MCT operator and the shipping company. The handling time for ship

s at the assigned berthing position is calculated based on the total number of containers

loaded on that ship and the requested handling productivity. Note that this study adopts

a dataset for implementation with precomputed handling times for all arriving vessels.

However, the handling productivity is reduced if the vessel is assigned to a berth position

other than its preferred berthing position (PBP) [24, 23]. The PBP typically depends on

vessel characteristics such as the vessel length or vessel load as well as port-related con-

siderations such as the number of available quay cranes of the berthing area allocated to a

particular ship. Hence, the major cause of handling productivity reduction is the increased

loading/unloading and transfer time of containers from the assigned (suboptimal) berth to

storage.

Finally, each ship s specifies its own estimated (or requested) time of departure ET Ds and

the MCT is supposed to complete the tasks (loading/unloading) of s before the ET Ds,

∀s ∈ S. Otherwise, the MCT is liable to pay a late departure penalty cost LDCs for the

duration of the delay (e.g., calculated in EURO/hour) to the shipping companies. Overall,

the aim of the MCT is to minimize the total waiting, handling, and late departure costs for

all arriving vessels at the port.
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5.2.1 Mathematical Formulation

Before disclosing the mathematical formulation of BAP, we list the assumptions that are

considered in our work.

• The total number of arriving ships at the planning horizon is known.

• Each berth position is able to handle only one vessel at a particular time.

• A ship takes consecutive time intervals until loading/ unloading completes (i.e., no

shifting).

• The ETA and ETD for each vessel are known and will not change.

• Estimated processing time for each vessel is known.

• Each ship has a preferred berthing position and it is known.

• Each ship can berth and be served at any berthing position.

• All berths are idle at the start of the time horizon.

• The length of the wharf is known.

The total processing cost of a vessel s that is scheduled for berthing at position BPs at time

BTs includes a waiting cost, a handling cost, and late departure penalty, expressed by the

following function:

Cost(s,BPs,BTs) =WTs ·WCs

+HTs · (HCs + |BPs −PBPs| ·NBCs)

+LDTs ·LDCs

(1)

The first term in Equation (1), WTs ·WCs, represents the waiting cost when a vessel has to

wait for berthing. The waiting time WTs of vessel s is calculated as the difference between

the berthing time BTs and the planned time of arrival ETAs:

WTs = BTs −ETAs, ∀ s ∈ S (2)
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Table 4: Mathematical notation used in Section 5.2.1

Name Explanation Name Explanation

Notations
BPs Berthing position of ship s BTs Berthing time of s
ETAs Estimated time of arrival of s ET Ds Estimated time of departure of s
HCs Handling cost of s per time period HTs Handling time of s
Lb Length of berth b (only for discrete

berthing layout)
Ls Length of ship s

LDCs Late departure cost of s per time pe-
riod

LDTs Late departure time of s

NBCs Non-optimal berthing cost of s PBPs Preferred berthing position of s
SET Safety entrance time W Length of wharf
WCs Waiting cost of s per time period WTs Waiting time of s
Indices
b ∈ B = {1,2, ...,M} Berthing position
s ∈ S = {1,2, ...,N} Individual ship
t ∈ T = {1,2, ...,K} Single time period

The second term (HTs · (HCs + |BPs −PBPs| ·NBCs)) in Equation (1) corresponds to the

total handling cost for loading or unloading containers, which is proportional to the han-

dling time. Basically, the handling time HTs of any ship s depends on the total volume of

containers to be loaded or unloaded on the vessel, the number of quay cranes available at

this berth, and the average handling productivity of the cranes. However, in this study, we

assume handling time as an input for solving BAP, as considered in [125]. Furthermore,

unlike our previous work [15], this study introduces a new aspect of the handling cost,

which will penalize the total service cost based on the absolute difference between the

assigned berthing position BPs and the preferred berthing position PBPs for the entire du-

ration of handling that a ship spends at the non-optimal position. The factor NBCs defines

the penalty cost for ship s against non-optimal berthing position per unit (meter) distance.

In order to NBCs to be comparable to the handling cost HCs, we set NBCs as the ratio of

HCs to the length of the wharf W .

The final term in Equation (1), LDTs ·LDCs, computes the late departure penalty when a

vessel departs after its estimated time of departure. The delayed departure time LDTs of

vessel s (if any) is calculated as the difference between the time s completes its operations
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and the estimated time of departure ET Ds.

LDTs = max{BTs +HTs −ET Ds,0}, ∀ s ∈ S (3)

The goal of the dynamic and continuous berth allocation problem is to find the optimal

berthing positions and times for all vessels such that the total processing cost is minimized,

as shown by the following objective function:

minimize ∑
s ∈ S

∑
b ∈ B

∑
t ∈ T

xsbt ·Cost(s,BPs,BTs) (4)

subject to the following set of constraints:

xsbt ∈ {0, 1}, ∀ s ∈ S, b ∈ B, t ∈ T (5)

∑
b ∈ B

∑
t ∈ T

xsbt = 1, ∀ s ∈ S (6)

BT s ≥ ETAs, ∀ s ∈ S (7)

|BTs −BTs′| ≥ SET, ∀ s,s′ ∈ S (8)

BPs +Ls ≤W, ∀ s ∈ S (9)

∑
s′ ̸=s ∈ S

BPs+Ls

∑
b=BPs−Ls′+1

BTs+HTs

∑
t=BTs−HTs′+1

xs′bt = 0, ∀ s ∈ S (10)

In Equation (5), the variable xsbt is 1 if vessel s is assigned to berthing position b at

berthing time t, and 0 otherwise. Constraint (6) ensures that each arrived ship at the MCT

will be assigned at a particular berthing position only once during the planning time.

Constraint (7) warrants that the scheduled berthing time BTs of ship s must always be later
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Figure 5: Berth allocation example for ship s (blue square) with BPs = 500 and BTs = 5
and ship s′ (green square) with BPs′ = 200 and BTs′ = 2. The red dotted square shows the
solution area that is not valid for ship s′ according to constraint (10).

than or equal to its planned time of arrival ETAs. Constraint (8) ensures a minimum safety

entrance time between berthing times of any two ships, s and s′, since most ports will only

berth one ship at a time due to physical constraints at the port’s entrance. Constraint (9)

guarantees that the berthing position BPs of ship s plus its length Ls will always be less

than or equal to the total length W of the wharf. Finally, constraint (10) ensures that no

two ships can share (part of) the same berth during the handling times of the two ships.

For instance, suppose a ship s is planned to be berthed at time 5h, has handling time

equal to 4h, utilizes berthing position 500m, and its length is 300m as shown in Figure 5.

According to constraint (10), no other ship can use berthing positions from 500m to 800m

(as length of ship s is 300m) in the time interval 5h to 9h. In addition, a second ship s′

with length 200m and handling time 3h cannot use the berthing positions from 301m to

800m in the time interval 3h to 9h as it would overlap with ship s. Visually, this constraint

ensures that the two rectangles denoting the time intervals and berthing positions allocated

to the two vessels shown in Figure 5 can never overlap.

As discussed earlier in Section 2, the case of the the discrete berthing layout is a basic

variation of the continuous layout scenario. If the berthing layout is discrete, then each

berthing position b represents a specific berth. The objective function shown in Equation
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4 remains the same and constraints (5)–(8) still apply, whereas constraints (9) and (10) are

respectively replaced by the following two constraints:

Ls ≤ Lb, ∀ s ∈ S, b = BPs (11)

∑
s′ ̸=s ∈ S

BTs+HTs

∑
t=BTs−HTs′+1

xs′bt = 0, ∀ s ∈ S, b = BPs (12)

Specifically, constraint (11) ensures that the length Ls of ship s is less than or equal to the

length Lb of berth b that is assigned to ship s. Finally, constraint (12) guarantees that a

berth is never assigned to two ships during the same time intervals.

5.3 Proposed and Benchmark Approaches

In this section, we uncover the details of the proposed method (i.e., CSA) and state-of-

the-art heuristic-based popular approach, i.e., GA.

5.3.1 Proposed Cuckoo Search-based Method

CSA is a swarm-based metaheuristic optimization algorithm that was developed by Yang

et al. [152]. The CSA emulates the breeding behavior of some cuckoo species, which have

a fascinating reproduction mechanism. In particular, some cuckoos lay their eggs in nests

of other birds (often nests of other species’ nests), where they may discard eggs of other

birds in order to enhance the hatching ratio of their own eggs. Then, the host birds take

care of cuckoo eggs as they presume that the eggs belong to them. Nonetheless, sometimes

the host birds distinguish between their own eggs and the alien eggs. Accordingly, either

the discovered alien eggs are thrown out of the current nest or new nests are built in

new locations. Inspired by this particular mechanism of laying eggs by the cuckoo birds,

the following three standard rules are adopted to employ CSA for optimization problems

[152]:

1) each cuckoo lays one egg at a time at a randomly chosen nest;

2) the best nests with high-quality eggs will not be removed and will be carried over

to the next generation;
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3) the quantity of host nests is fixed and the egg dumped by a cuckoo is discovered by

a host bird with a probability pα ∈ (0,1).

In this study, each nest denotes a solution set that includes the berthing times and berthing

positions for all arriving vessels. An egg represents either a berthing position or time,

while a cuckoo egg represents a new (and better) berthing position or time. The total

number of host nests reflects the total search space at each iteration of the algorithm. In

this work, 100 host nests are considered and each nest contains 2N eggs, where N is the

total number of vessels. Hence, the total number of eggs in a nest is double the total

number of arriving vessels. Overall, the high-level goal of the algorithm is to use cuckoo

eggs (better solutions) to replace not-so-good eggs in the nests.

Algorithm 1 Cuckoo Search Algorithm for BAP

1: X [1..k] = Generate initial population of host nests
2: for t = 1 to max number of iterations do
3: for i = 1 to k do
4: xnew = X [i]+α ⊕ Levy(λ )
5: if (fitness(xnew) < fitness(X [i])) then
6: X [i] = xnew
7: end if
8: end for
9: for i = 1 to k do

10: if (rand(0,1)< pa) then
11: X [i] = Generate new host nest
12: end if
13: end for
14: xbest = Find nest with lowest fitness value in X
15: end for

Algorithm 1 presents the pseudocode of the Cuckoo Search Algorithm, which begins with

a randomly distributed initial population of k=100 host nests over the search space (line

#1). In each iteration of the algorithm, the reproduction step is performed first, where new

solutions are generated by replacing some existing eggs with cuckoo eggs in randomly

selected nests (lines #3-8). The rationale for the egg replacements is that if a cuckoo egg

is very similar to a host egg, then this egg has lesser chances to be discovered. Thus, a

random walk is performed through Lévy flights in order to generate new nests (i.e., new

solutions).

X (t+1)
i = X (t)

i +α ⊕ Levy(λ ), (13)
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where t denotes the current iteration number, Xi the solution for nest i, and α (α > 0)

the step size. The ⊕ operation denotes entry-wise multiplication. A random walk in

Lévy flights is performed from a Lévy distribution with a scale parameter λ [127]. The

primary aim of performing random steps is to increase the possibility of finding the global

solution instead of becoming stuck in a local optimum. A new solution replaces a current

solution if its fitness score is lower than the fitness score of the current solution (lines #5-

7). The fitness of each possible solution is evaluated using the objective function of the

BAP presented in Equation (4) and accounts for the total processing cost, which includes

waiting, handling, and late departure penalty costs. In addition, it is possible for some

cuckoo eggs to be discovered by host birds with a discovering probability pα . In our work,

pα is set to 0.45 as reported in [152]. In this case, the nests with the discovered cuckoo

eggs are abandoned and new ones are built; as a result, the exploration of the search space

is enhanced (lines #9-13). Finally, the best solution across all iterations is kept (line #14).

The above steps repeat until either the total number of iterations is reached (which equals

100 in this work) or there has been no fitness improvement for some iterations.

5.3.2 Genetic Algorithm

GA is one of the most popular algorithms from the metaheuristic family and is based on

the evolution process in natural systems, i.e., Darwin’s principles of survival of the fittest

individuals [63]. Since GA has a high convergence rate compared to most metaheuristics,

it can solve big and high complexity problems relatively quickly. GA is a population-

based approach that finds a better solution by managing a population that contains vari-

ous possible solutions, which are revised generation to generation by employing several

genetic operators, including selection, crossover, and mutation. The complete working

procedure of GA consists of the following six steps [119].

Initial population generation: A random population of different possible solutions (chro-

mosomes) is generated at the first step. A single solution is known as a gene, a solution

set is known as a chromosome, and all solution sets form a population.

Fitness evaluation: The fitness values of all solutions are evaluated to demonstrate the

goodness of solutions.

Selection: The selection phase aims to select a couple of fittest individuals (parents),
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which are used for the next generation. There are more chances for the selection of indi-

viduals for reproduction having the best fitness value. A few of the fittest individuals are

selected as parents for the next generation.

Crossover: Crossover is employed to produce offsprings, where, a child adopts one por-

tion of its characteristics from one parent and the other part from the second parent.

Mutation: A mutation operator is also applied to some portion of the solutions in the new

generation to avoid premature convergence and maintain diversity in the population. In

addition, it also ensures that the probability of any solution is never zero.

Termination of algorithm: The fitness values of the new population are calculated and

the same process repeats until conditions of termination are met. Termination conditions

include maximum available computation time, maximum iterations, and a maximum num-

ber of generations.

Table 5: One-hour interval dataset employed for experiments [125]

Ship # ETA HT ETD PBP LoS

1 4 3 8 778 128
2 5 5 11 1416 113
3 10 5 15 957 334
4 4 2 8 1437 423
5 13 3 16 362 173
6 15 1 18 1015 391
7 11 3 15 434 338
8 6 2 9 1008 140
9 9 1 11 1043 302

10 2 2 5 102 194

5.4 Experimental Results

In this section, we present the settings, datasets, and results of our extensive berth alloca-

tion simulations. In addition to the CSA method, we implemented a popular population-

based heuristic method (i.e., GA) proposed in the recent literature [126], as well as the

exact MILP approach. The implemented algorithms are coded in MATLAB 2019b on a

Windows 10 PC with COREi7 processor and 8GB RAM. The number of iteration for both

metaheuristics (CSA and GA) is set to 100.

For our experiments, two data sets were used. The first problem dataset is taken from
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Şahin et al. [125] and shown in Table 5. The dataset contains a number of arriving

ships in a day along with the estimated arrival time, handling time, estimated departure

time, preferred berth position, and length for each arriving ship. This dataset was adapted

to generate more ships within the same planning horizon of 1 day. For instance, the

minimum and maximum handling times for any ship are 2 hours and 5 hours, respectively

(see column #3 in Table 5); so, we generate randomly handling times for all ships in

between 2 and 5 hours; the same policy is used for the other parameters. In order to

stress-test the algorithms and also to test other planning horizons, a second larger dataset

was generated randomly by employing uniform distribution with realistic settings for all

parameters, and a planning horizon of up to 1 week.

The quay is continuous and has a length of 2000m in both datasets. For the cost calcu-

lations of the different algorithms, we have used the values 10, 5, and 5 Euros per hour

handling cost, waiting cost, and late departure cost, respectively [125]. When a vessel

is moored at a berth position other than its optimal berthing position, a penalty based on

the absolute difference between the assigned berth position and the optimal berthing po-

sition is added to the handling cost. The non-optimal berthing cost (NBC) is calculated as

follows: NBC = HCs/W = 0.005 Euros per meter.

Furthermore, unlike our previous [15] and many other studies (e.g., [125, 126]), we use

a time interval of less than an hour for the experiments, i.e., 30 minutes, to make the

problem more practical and to reduce the time loss in the simulations. For example, if a

ship takes 5 hours and 30 minutes to load and unload, a time interval of 1 hour wastes 30

minutes since the algorithms work with a time interval of 1 hour and cannot schedule a

ship before the next hour, i.e., 6. A more fine-grained time interval of 30 minutes avoids

this situation. The same problem instances were used in the case of the 30-minute time

intervals; however, all times in Table 5 are multiplied by two to generate 30-minute values

since the original data contains values based on 1-hour time interval.

Next, we present simulation results when our proposed and benchmark methods are im-

plemented considering a 30-minutes time interval. When we implement the 30-minute

time interval, this study considers a new constraint, shown in Equation (8), which guaran-

tees a minimum and realistic safety entrance time (SET) of one 30-minute time interval

between the berthing times of any two vessels. This constraint is yet another benefit de-
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Figure 6: Berth allocation solution, when we consider 30-minutes time interval, gener-
ated by (a) CSA, (b) GA, and (c) MILP.

44



rived from using a smaller time interval as using a 1-hour SET would be too long and

wasteful. The results presented in Figure 6 show the three solutions for berth assignment

when we consider a 30-minute time interval and the ten arriving ships shown in Table 5.

All three approaches allocate ships to the available berth positions and time slots based

on the primary objective of this study, which is to minimize the total processing cost, as

shown in Equation (4). In Figure 6, the vertical axis shows the berth positions, while the

horizontal axis shows time divided into 30-minute time intervals. Each rectangle in this

figure denotes the berthing periods and berthing positions assigned to an arriving vessel.

The label within a rectangle indicates the ship index. Unlike the previous study, a safety

entrance time can be noticed as no two ships berth at the same time. By comparing the

sub-figures, it becomes evident that the three different algorithms offer three different so-

lutions to the problem, with some vessels berthed at different positions and/or berthing

times. For example, the estimated arrival time of ship 5 is the 26th time slot (30-minutes

each time slot). The berthing time proposed by MILP and CSA is the 26th slot, while GA

chose the 28th slot because of the berth placement of ship 7. Hence, ship 5 does not have

to wait before berthing when using the CSA and MILP approaches. On the contrary, ship

5 has to wait for 1 hour (2 slots of 30-minutes) if GA is employed.
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Figure 7: Ships’ waiting times when using CSA, GA, and MILP approaches
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Figure 7 shows the waiting times incurred by the ten ships when using the three ap-

proaches. From Figure 7 it can be seen that only one vessel has to wait (for 30-minutes

only) when MILP is used. However, our newly proposed CSA method provides a solution

with a maximum waiting time of two time periods (30-minutes each) for any ship and

only two ships have to wait before berthing. In contrast, when using GA, five ships have

to wait for optimal berthing and the maximum waiting time for ship 2 is five time slots

(i.e., 2.5 hours). Such waiting times are very high and in turn can cause late departures.

From these results, we can conclude that the CSA method outperforms GA in terms of

reducing the waiting times.
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Figure 8: Requested and planned departure times for each ship using CSA, GA, and
MILP

Figure 8 shows the requested departure times of all arriving ships and the proposed depar-

ture times by our developed and compared algorithms, i.e., CSA, GA, and MILP. From

this figure, it can be seen that no vessel departs late using either MILP or our proposed

CSA approach. On the other hand, with GA, two ships depart late: ships 2 and 5 are three

slots and two slots late, respectively. Once again, we conclude that CSA shows higher

performance in minimizing late departures compared to GA.

The results presented in Figure 9 show the absolute difference between the optimal berthing
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Figure 9: Absolute difference between the berthing position and the preferred berthing
position of the ten ships provided by CSA, GA, and MILP

positions and berthing positions of the 10 ships provided by the implemented algorithms,

i.e., CSA, GA, and MILP. We can observe from this figure that MILP always provides

optimal berthing positions except for only two ships, namely, ships 4 and 7. CSA’s be-

havior in terms of berth placement is similar to MILP as it also uses non-optimal berthing

positions for ships 4 and 7, plus some very small deviations for three more ships. On

the contrary, 8 out of the 10 ships are moored to other than optimal berthing positions

when using GA, albeit with small differences. Even though ships 4 and 7 berth at (near)

optimal positions with GA, they cause major waiting times and departure delays for ships

2 and 5, respectively, leading to higher-cost solutions. Overall, by considering all results

presented so far, it is evident that it is not possible to achieve both zero waiting times

and optimal berthing positions for all ships from Table 5. The best solutions comes from

delaying ship 4 by 30 minutes (due to the safety entrance time constraint) and using non-

optimal berthing positions from ships 4 and 7 in order to avoid delays for other ships. In

this regard, the solution provided by CSA is much closer to the optimal MILP solution

compared to the GA solution.

For comparison purposes, the total processing cost along with the computation times for
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Table 6: Comparative analysis in terms of cost and computation time when using data
instances from [125] with 30-minute time intervals.

Method CSA GA MILP

No. No. ships Cost (C) Time (s) Cost (C) Time (s) Cost (C) Time (s)

1 10 302 0.94 347 0.21 288 207.26
2 15 434 1.26 470 0.30 395 318.84
3 20 595 1.43 620 0.21 535 404.59
4 25 680 2.01 688 0.57 615 530.96
5 30 827 3.08 832 0.98 725 644.01

all implemented algorithms, i.e., CSA, GA, and MILP, are shown in Table 6. In addition,

we have also varied the number of arriving ships to study the scalability of the proposed

method. We tested the three approaches on multiple instances, where 10-30 ships and a

30-minutes time interval are considered, while all other parameters are the same, i.e., the

length of the quay, the arrival pattern of the ships, and the berth layout. It can be seen from

Table 6 that MILP provides the optimal solution in terms of minimum processing cost

in all cases; however, our proposed CSA-based algorithm also provides a near-optimal

solution in all cases when we compare it with the alternative GA approach. For example,

the results of the first instance show that MILP achieves the lowest cost of 285 Euros, as

expected, CSA also has a lower cost as compared to GA, which is 322 Euros; however,

total processing cost with the GA is significantly higher (347 Euros). A similar pattern is

observed for the other instances; the solutions proposed by CSA are only slightly costlier

(ranging from 4.9% to 14.1%) than the optimal MILP solution, while the solutions of GA

are more expensive (ranging from 11.9% to 20.5%). Furthermore, Table 6 also presents

the computational time of all three algorithms when using 30-minute time interval. It can

be noticed from this table that GA has the minimum computational time and MILP has

higher computational time. Our proposed CSA-based method takes only slightly higher

time compared to GA (up to 3 seconds vs. 1 second) but provides better cost reduction.

Compared to CSA, the MILP is orders of magniture slower and takes on average 250×

more computational time to solve the berth allocation problem.

In order to stress-test the algorithms, we also generated a larger synthetic dataset with 20

uniformly random instances (10-100 vessels), 10 with 1-hour interval and 10 with a 30-

minute interval. In addition, we increased the planning period from one day to one week
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Table 7: Comparative analysis in terms of cost and computational time when using ran-
domly generated data instances with 30-minute time intervals.

Method CSA GA MILP

No. No. ships Cost (C) Time (s) Cost (C) Time (s) Cost (C) Time (s)

1 10 355 1.16 380 0.40 305 195.25
2 20 702 1.71 722 0.42 620 333.29
3 30 1005 2.83 1020 0.56 895 557.70
4 40 1322 4.99 1785 0.89 1080 719.98
5 50 1730 6.92 1792 1.56 1460 957.05
6 60 2102 5.07 2137 1.22 – –
7 70 2527 6.49 2597 1.91 – –
8 80 2990 1.29 3060 2.42 – –
9 90 3092 17.89 3215 4.94 – –

10 100 3635 12.82 3692 4.07 – –

when the number of ships is greater than 40. Table 7 shows a comparative analysis when

using the data instances that were randomly generated with 30-minute time intervals. The

overall trends in terms of cost are the same as before: MILP offers the lowest cost, fol-

lowed closely by CSA (with 12.3%–22.4% higher cost), while GA lead to the highest

cost with up to 65.3% worse cost than the minimum. In terms of computation times, both

GA and CSA scale well with very low running times, less than 5 and 18 seconds, respec-

tively. MILP, on the other hand, leads to much longer running times (3-16 minutes) that

are about two orders of magnitude higher compared to CSA and grow super-linearly. To

make matters worse, when the number of ships in the problem set becomes greater than

50, the MILP runs out of memory and thus it is unable to solve large problem instances.

Overall, CSA is a very efficient approach that leads to near-optimal solutions in terms of

total processing costs.

To further illustrate the better performance of CSA and to highlight the statistical signif-

icance of the compared approaches, we also perform a statistical test, namely ANOVA,

on twenty randomly generated data instances. Table 8 presents the results of the ANOVA

test, where SS is the sum of squares within groups, df is the degrees of freedom, MS is the

mean square, F is the test statistic (that is the ratio of between and within group variances),

and F crit is the critical F value. The P-value of the ANOVA test is 0.00030774, which

is less than 0.5 (standard value for significance) and shows that the differences among the

results from the different methods are statistically significant.
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Figure 10: Computation time of MILP using random data (10-100 ships) when we con-
sider both time intervals, i.e., 1-hour and 30-minutes

Table 8: ANOVA test results considering twenty random data instances considering 20
arriving ships. [SS=sum of squares within groups; df=degrees of freedom; MS=mean
square; F=test statistic; and F crit=the critical F value]

Source of Variation SS df MS F P-value F crit

Between Groups 286272.4 2 143136.2 9.35004035 0.00030774 3.15884272
Within Groups 872591.3 57 15308.6

Total 1158863.7 59

Finally, Figure 10 shows the computation time of MILP when using a 1-hour or a 30-

minute time interval as we increase the number of ships in the problem dataset. In both

scenarios, the computation time grows super-linearly, with the 30-minute time interval

case growing much more aggressively, even though the number of intervals is only double

compared to the 1-hour interval case. As previously mentioned, MILP runs out of mem-

ory and cannot solve problem instances with more than 50 cases when using 30-minute

intervals. Therefore, MILP cannot be used for larger, more realistic problem sizes; an

observation that has been reported previously in other studies, such as requiring over 100

hours of CPU time for real-world instances [126]. Such times are certainly not acceptable

in the context of MCT operations.
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5.5 Summary

This section focuses on the berth allocation problem with dynamic ship arrivals, where a

metaheuristic-based CSA is proposed to solve the BAP. In addition, we implemented two

benchmark methods for comparison, a well-known metaheuristic GA and an MILP. Un-

like existing studies, and to make the problem more practical, a fine-grained time interval

of 30 minutes is used in this study along with other practical constraints such as a safety

time distance between berths. The proposed and compared approaches are implemented

on multiple data instances generated from a benchmark dataset. In addition, randomly

(uniformly) generated data instances with up to 100 vessels and a planning horizon up

to a week are used for experiments to test the flexibility and scalability of the proposed

method. The results show that our proposed algorithm (CSA) has higher efficiency in

terms of minimum processing cost for all incoming ships compared to GA. Compared

to MILP, our proposed CSA algorithm provides a near-optimal solution at a fraction of

the computation time. Moreover, when we implement all algorithms on large datasets, the

MILP algorithm runs out of memory and cannot provide an optimal solution in reasonable

time. Overall, CSA beats GA in terms of processing cost and outperforms MILP in terms

of computation time, and thus provides near-optimal solutions in affordable computation

times.

In the next section of this thesis, we present the solution of BAP, considering multiple

quays in a single terminal, rather than just one quay (as in this chapter). Implementing

CI methods in different environments and with different sized data instances will help to

verify their scalability and productiveness.
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6 Optimizing Berth Allocation Considering Multiple Quays Using Com-

putational Intelligence Approaches

6.1 Motivation and Problem Statement

Numerous studies deal only with the allocation of berths at a single quay, assuming that it

forms one straight line in which vessels can be berthed according to their length and the

positions of other vessels. For example, an exact approach to solve single quay BAP is

presented in [147], an evolutionary algorithm in [44], and a metaheuristic-based method

in [21]. However, this assumption is not realistic for several ports around the globe, which

consist of multiple separate line segments or quays for berthing [51]. For example, the

Port of Limassol in Cyprus, has seven continuous berthing quays, as depicted in Figure 12.

Considering multiple quays adds a new dimension to the BAP; the problem of assigning

vessels to quays in addition to assigning berthing positions and times for each separate

quay. This requires a multiple space–time representation, as can be seen in Figure 11.

On the contrary, very few studies propose solutions for the Multi-Quay BAP (MQ-BAP)

[51, 88, 61]. These studies often make some unrealistic assumptions, do not consider prac-

tical constraints, are limited to solving small scale problems, and cannot provide optimal

solutions for medium/large scale problems. These limitations motivate us to consider a

formulation with several practical constraints and to propose a solution that can solve real

port problems, which have been ignored in the current literature. Therefore, this section

extends single quay BAP to the case of MQ-BAP, proposing a solution for ports having

multiple quays. Real data is used from the Port of Limassol, the largest port in Cyprus, to

validate our method. The port has seven continuous quays, but only five of them are used

for commercial purposes.

6.2 Problem Explanation and Formulation

In contrast to existing studies, and to make the problem more practical, this work considers

MCT with multiple quays (having both continuous and discrete berthing layouts) to berth

arriving vessels. A continuous quay consists of a section of the berth line and arriving

ships can be moored at any berthing position along the berth line. The length of the

continuous berth line is known in advance. A discrete quay considers a section of the

berth divided into berth segments. In the discrete berthing layout, only one ship can be
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Figure 11: BAP solution with two berthing quays (Quay 1: continuous and Quay 2:
discrete) and 10 arriving ships. Each rectangle denotes a ship, whose height (y-dimension)
shows the ship’s length and whose width (x-dimension) is the handling time of ship.

moored at a single berth segment in a single time interval. Note that time is discretized in

a set of time intervals (e.g., 30- or 60-minute intervals) for planning. Finally, there is a set

of arriving ships, with each ship having multiple known characteristics, such as length of

ship (LoS), expected time of arrival (ETA), expected time of departure (ETD), handling

time (HT), preferred berthing position (PBP), and preferred berthing quay (PBQ).

The objective of this study is to determine the berthing time, berthing quay, and berthing

position or segment (depending whether it is a continuous or discrete quay, respectively),

for arriving ships in order to reduce the total cost associated with the berthing process.

The cost against a ship includes handling cost, waiting cost, and penalty costs due to

late departures, allocation of a non-optimal berthing (NOB) position, and non-optimal

berthing quay. The handling cost includes the cost of loading and unloading containers

and depends on the handling time of the ship. The waiting cost is calculated based on the

waiting time, which is the difference between ETA and the berthing time, while the late

departure penalty cost depends on the late departure time that is defined as the difference

between the task finishing time and the ETD of each ship. The penalty cost due to non-

optimal berth allocation is incurred when the ship is moored at a location other than its

PBP, since more resources are needed to move containers over a longer distance. Another

penalty cost is added if the ship is moored to a quay other than the preferred one.
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Figure 12: A satellite view of the Port of Limassol, Cyprus illustrating its seven berthing
quays (taken from [7]). Note: ∗ with quays indicates that these are used for commercial
purposes only.

6.2.1 Assumptions of this study

The problem under consideration and the solution are based on the following assumptions.

• The number of incoming ships in the planning period is known;

• When a vessel starts operations at any quay, it cannot be interrupted until load-

ing/unloading is completed;

• Berths from any quay become available immediately after a ship completes its tasks;

• The length of a continuous quay and the number of berths available at a discrete

quay are known;

• The ETA and ETD for each vessel are known;

• The estimated turnaround time for each vessel is known;

• Each vessel has a PBQ, a PBP, and ABQs that are known in advance;

• All berths are assumed to be free at the beginning of the time horizon (t = 0);

• The processing speed is the same for all QCs and it is known;
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• Handling and waiting costs per hour for all vessels are known;

• Penalty costs for late departure, non-optimal berth allocation, and non-optimal quay

allocation are known and assumed to be the same for all arriving vessels.

6.2.2 Mathematical formulation

The total processing cost of a ship s that is scheduled for berthing at position Bs of par-

ticular quay Qs at time T b
s includes a waiting cost, a handling cost, and a penalty for late

departure, expressed by the following function:

Cost(s,Qs,Bs,T b
s ) = T w

s ·Cw
s

+T h
s · [Ch

s + f (s,Qs,Bs)]

+T d
s ·Cd

s

(14)

The first term in Equation (14), T w
s ·Cw

s , shows the waiting cost when a ship s has to wait

for mooring. The waiting time T w
s of ship s is calculated as the difference between the

ETA T ea
s and berthing time T b

s of ship s, illustrated in Figure 13:

T w
s = T b

s −T ea
s , ∀ s ∈ S (15)

The second term in Equation (14), T h
s · [Ch

s + f (s,Qs,Bs)] presents the total processing cost

of ship s that was incurred by unloading and loading containers from/to ship s. Similar

to previous studies (e.g., [16]), this work considers the handling time of each ship to

be an input to the problem. However, calculating handling time of each ship s is fairly

straightforward and reported in other studies such as [136]. In particular, the handling

time T h
s depends on the total volume (TEUs) Loads to be loaded/unloaded on the ship and

the number of assigned cranes Nqc
s along with the average handling productivity of cranes

HPqc
s assigned to that particular ship.

T h
s =

Loads

Nqc
s ·HPqc

s
, ∀ s ∈ S (16)

Without loss of generality, this work also introduces the penalty function f (s,Qs,Bs),
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Table 9: Nomenclature and notations used in Section 6.2

Name Explanation Name Explanation

Acronyms
ABQ Alternative berthing quay BAP Berth allocation problem
CSA Cuckoo search algorithm ETA Expected time of arrival
ETD Expected time of departure GA Genetic algorithm
HT Handling time LoS Length of ship
MCT Maritime container terminal MQ-BAP Multi-quay BAP
NOB Non-optimal berthing PBP Preferred berthing position
PBQ Preferred berthing quay PSO Particle swarm optimization
QCs Quay cranes

Notations
Bs Berthing position of ship s Cd

s Penalty cost for late departure
(per hour) of ship s

Ch
s Handling cost per time unit (hour)

of ship s
Cnob

s Penalty cost for NOB posi-
tion per m of ship s

Cnoq
s Penalty cost for NOB quay of ship

s
Cw

s Waiting cost per time unit
(hour) of ship s

HPqc
s Handling productivity of QCs as-

signed to ship s
Loads Total load (in TEUs) on ships

s
Lb Length of a berth segment b (in a

discrete quay)
Lq Length of a (continuous)

quay q
Ls Length of ship s Nqc

s Number of quay cranes as-
signed to ship s

Qs Berthing quay of ship s SD Safety distance (in meters)
between two ships

SE Safety entrance time between two
ships

ST Safety time between two
ships during berthing

T ad
s Actual departure time of ship s T b

s Berthing time of ship s
T d

s Late departure time of ship s T ea
s Expected arrival time of ship

s
T ed

s Expected departure time of ship s T h
s Handling time of ship s

T w
s Waiting time of ship s

Indices
s ∈ S A ship s from a set of arriving

ships S
q ∈ Q A quay q from a set of contin-

uous and discrete quays Q
b ∈ Bq A berth position or segment b

from a set of available berth posi-
tions/segments Bq in a continuous
or discrete quay q, respectively

t ∈ T A time interval t from a set of
time intervals T

56



a

Handling time (Ths)

Scheduled 
berthing time (Tbs)

Expected departure 
time (Teds)

Actual departure 
time (Tads)

Delay in 
departure (Tds)

Time (hour)

Ship expected 
arrival time (Teas)

Waiting time (Tws)

b c d

Figure 13: An illustration of the berthing timeline (waiting and late departure times)

which will penalize the handling cost based on non-optimal berth allocation of ship s.

Unlike our previous study and to make the model more realistic, this work calculates

penalty based on the absolute difference between the assigned berthing position Bs and

the preferred berthing position PBPs (if assigned to its PBQ), and takes into account ABQs

as:

f (s,Qs,Bs) =


|PBPs −Bs| ·Cnob

s , if Qs = PBQs

Cnoq
s , if Qs ∈ ABQs

∞ , otherwise

(17)

The final term T d
s ·Cd

s in Equation (14) calculates the late departure penalty cost against

ship s when it departs after the ETD. The delayed departure time T d
s of ship s (if any) is

computed as the difference between the actual departure time T ad
s and the expected time

of departure T ed
s , as depicted in Figure 13.

T d
s = max{T ad

s −T ed
s ,0}, ∀ s ∈ S (18)

where, T ad
s can be calculated as,

T ad
s = T b

s +T h
s , ∀ s ∈ S (19)
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The primary objective of the multi-quay berth allocation problem is to allocate optimal

quays and berthing positions along with berthing times to arriving ships such that the total

processing cost (that includes waiting cost, handling cost, and various penalties) can be

minimized, as presented by the following objective function:

minimize ∑
s ∈ S

∑
q ∈ Q

∑
b ∈ Bq

∑
t ∈ T

Cost(s,q,b, t) · xsqbt (20)

subject to several constraints that are presented below.

General constraints:

xsqbt ∈ {0, 1},∀ s ∈ S, q ∈ Q, b ∈ Bq, t ∈ T (21)

The variable xsqbt is 1 if the ship s is scheduled at position b of quay q at time t, and 0

otherwise.

∑
q ∈ Q

∑
b ∈ Bq

∑
t ∈ T

xsqbt = 1, ∀ s ∈ S (22)

This constraint ensures that each ship may moor only once during the time t at the mooring

position b of the quay q.

T b
s ≥ T ea

s , ∀ s ∈ S. (23)

The constraint specifies that the proposed berthing time T b
s for a given ship s must always

be equal to or later than its expected time of arrival T ea
s .

T b
s −T b

j ≥ SE ∀ s ̸= j ∈ S (24)

This condition guarantees a minimum safety entrance time SE between any two consecu-

tive berthing operations.

Constraints for continuous berthing layout:
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∑
j ̸=s ∈ S

Bs+Ls+SD

∑
b=Bs−L j−SD+1

T b
s +T h

s +ST

∑
t=T b

s −T h
j −ST+1

x jqbt = 0,

∀ s, j ∈ S,q = Qs

(25)

This is an overlap avoidance constraint that does not allow two vessels to share (part of)

the same berth positions during their handling times. Suppose a vessel s is scheduled to

berth at time 5h, has a processing time of 3h, uses a berthing position 500m, and is 300m

long. Thus, this constraint ensures that no other ship can use the berths from 500m to

800m (since the length of ship s is 300m) in the time interval 5h to 8h. Visually, this

constraint ensures that two rectangles (denoting the time intervals and the berths assigned

to the ships) shown in Figure 14 can never overlap. In addition, this constraint is also

responsible for maintaining the safety distance SD and safety time ST between two ships

to avoid any danger during berthing.

Bs +Ls ≤ Lq, ∀ s ∈ S, (26)

This constraint ensures that the length Ls of any ship s plus its berthing position Bs must

be less than or equal to the length Lq of the quay q, where s is planned to be berthed.

Constraints for discrete berthing layout:

∑
j ̸=s ∈ S

T b
s +T h

s +ST

∑
t=T b

s −T h
j −ST+1

x jqbt = 0, ∀ s, j ∈ S,q = Qs,b = Bs (27)

This is a restriction to avoid overlap in the case of a discrete berthing layout that does not

allow two vessels to use the same berth at the same time. Suppose a ship s is scheduled

to berth at time 10h, has a processing time of 5h, and uses the berth numbered 4. Thus,

no other ship j can use berthing 4 in time slots between 10h to 15h (since ship s needs 5

hours to complete its tasks). Furthermore, this constraint is responsible to ensure safety

time ST between any two ships s and j.

Lb ≥ Ls, ∀ s ∈ S, b = Bs (28)
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Figure 14: An Illustration of overlapping constraint with three arriving ships (ship s, ship
j, and ship k) with different berthing times, berthing positions, and lengths. This figure
shows the restricted areas for ships j and k (using dotted boxed) to avoid overlap with ship
s, the already scheduled.

This constraint ensures that a berth b assigned to any vessel s must be at least as long as

the vessel itself.

Table 10: Example data for 28 ships that arrived during the first week of March 2018 at
the Port of Limassol, Cyprus

Ship ETA HT ETD PBQ ABQ PBP LoS

(d \ t) (min.) (d \ t) (m)

1 1\04:00 919 1\22:30 Ro-Ro Quay Container Quay 240 194

2 1\05:30 1490 2\06:50 East Quay – 276 139

3 1\14:00 1285 2\12:50 West Quay North Quay 84 84

4 1\15:00 5700 5\14:03 East Quay – 51 89

Continued on next page
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Table 10 – Continued from previous page

Ship ETA HT ETD PBQ ABQ PBP LoS

(d \ t) (min.) (d \ t) (m)

5 1\17:00 5970 5\21:00 West Quay North Quay 314 190

6 2\04:30 470 2\13:50 Ro-Ro Quay Container Quay 138 159

7 2\05:00 168 2\09:30 Container Quay Ro-Ro Quay 571 196

8 2\08:00 440 2\15:55 North Quay West Quay 53 155

9 3\04:00 905 3\20:50 Ro-Ro Quay Container Quay 31 175

10 3\03:30 1331 4\06:15 Container Quay Ro-Ro Quay 389 277

11 3\07:30 1870 4\14:55 East Quay – 358 162

12 3\12:30 640 3\22:40 West Quay North Quay 34 88

13 3\23:00 295 4\05:00 Ro-Ro Quay Container Quay 162 133

14 5\05:00 825 5\19:00 West Quay North Quay 208 90

15 5\05:30 635 5\16:30 North Quay West Quay 190 121

16 5\08:30 315 5\13:15 East Quay – 267 178

17 5\17:30 1290 6\20:50 Ro-Ro Quay Container Quay 96 129

18 5\16:00 455 6\00:25 North Quay West Quay 112 84

19 5\20:00 614 6\09:35 Container Quay Ro-Ro Quay 125 294

20 6\03:30 937 6\21:25 Ro-Ro Quay Container Quay 269 122

21 6\04:30 425 6\12:00 West Quay North Quay 35 102

22 6\05:30 635 6\16:30 North Quay West Quay 128 87

23 6\06:30 705 6\18:05 West Quay North Quay 113 84

24 6\07:30 1750 7\12:50 East Quay – 207 130

25 6\12:00 1070 7\10:15 Container Quay Ro-Ro Quay 260 217

26 6\14:00 705 7\02:05 West Quay North Quay 219 88

Continued on next page
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Table 10 – Continued from previous page

Ship ETA HT ETD PBQ ABQ PBP LoS

(d \ t) (min.) (d \ t) (m)

27 7\05:30 455 7\13:05 West Quay North Quay 364 121

28 7\09:30 335 7\15:25 North Quay West Quay 7 155

6.3 Developed CI-based Approaches

In this section, we present the implementation of three popular metaheuristic approaches,

namely, CSA, GA, and PSO.

6.3.1 Cuckoo Search Algorithm

CSA is a metaheuristic optimization algorithm developed by [152]. The CSA is inspired

by the breeding mechanism of some cuckoo species, which are fascinating because of

their beautiful sounds and aggressive reproduction mechanism. Some cuckoos lay their

eggs in communal nests of other species, where they try to remove the eggs of other birds

in order to improve the hatching probability of their own eggs. Then, other birds, probably

from other species, known as host birds take care of cuckoo eggs. However, if the host

birds realize that some eggs do not belong to them, then the cuckoo eggs are disposed or

current nests are destroyed and built elsewhere. In particular, some cuckoo species (e.g.,

new world brood-parasitic Tapera) specialize in the mimicry of the pattern or color of eggs

and they lay their eggs in nests of relevant species in order to reduce the probability of

theirs eggs being thrown or destroyed [54]. Overall, the CSA works based on the behavior

of cuckoos for laying eggs and adopts three idealized rules [152]:

1) each cuckoo bird dumps only one egg at a time in a random nest;

2) the best nests having high quality eggs are kept and used for the next generation;

3) the number of host nests is fixed and the egg laid by a cuckoo is detected by a host

bird with probability pα ∈ (0,1).
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The mapping of CSA to MQ-BAP is as follows. A single nest shows a set of possible

solutions containing the berthing times, quays, and positions of all arriving ships, as shown

in Figure 15. An egg in a nest denotes either a berthing time or a berthing quay or a

berthing position in that quay for an arriving ship, whereas, a cuckoo egg shows a novel

(or better) solution (i.e., a berthing time or quay or position). Hence, each nest includes

3N eggs, where N shows the number of ships that have arrived at a given time. Therefore,

the total number of eggs in a nest is three times the total number of ships arriving. This is

because we need three solutions for each ship (i.e., its berthing quay, position, and time).

The total search space of the problem at each iteration is reflected by the total number of

host nests, which is fixed (100 host nests are assumed in this study). The overall goal of

the algorithm is to use cuckoo eggs (better solutions) to replace the not so good eggs in

the various nests.

7 10 33 49 54 61

8 11 30 46 57 58

9 10 30 47 57 57 Nest i

Nest i+1

Nest k

. . .

Berthing times by CSA for 6 ships

1 2 1 5 3 4 68 333 220 410 202 310

4 2 1 1 5 3 75 310 211 388 213 315

2 2 1 5 4 1

Berthing quays by CSA for 6 ships

66 332 222 411 207 303

Berthing positions by CSA for 6 ships

Figure 15: Solution representation by CSA considering six arriving vessels

6.3.2 Genetic Algorithm

The Genetic Algorithm (GA) is a well-known population-based metaheuristic algorithm

(also known as a global search algorithm). It is inspired by the theory of biological evo-

lution developed by [63]. GA is famous in the family of metaheuristics due to its high

convergence rate, and therefore it can solve various types of optimization problems. Since

there is a high probability to survive in fitter organisms, GA follows the concept of sur-

vival of fittest [77]. To find an optimal solution, GA generates a random population and

updates it using iterative genetic operators, i.e., chromosome representation, selection,

crossover, and mutation.
63



The complete working mechanism of GA is described next. First, a random population of

n chromosomes (possible solutions) is initialized, where each chromosome is generated.

A single solution is called a gene, a solution set is called a chromosome, and all solu-

tion sets form a population. Next, the fitness of all chromosomes (solutions) is calculated

using the objective function of this study. The crossover cr is performed on two parents

using crossover probability crp to produce an offspring o. Then, mutation m is applied

with probability of mp to offspring o to produce a new offspring o′. The new offspring

o′ is included in the entire population to avoid the algorithm getting stuck in local optima

and ensure diversity in new solutions. The fitness values of the new population are cal-

culated and the same steps (selection, crossover, and mutation) will be repeated until the

termination conditions are met.

6.3.3 Particle Swarm Optimization

The Particle Swarm Optimization (PSO) algorithm also belongs in the metaheuristic fam-

ily, it is proposed by [80], and it works on the basis of behaviours of social animals.

The PSO algorithm employs a swarm of particles that traverse a multi-dimensional search

space to find optima. Each particle is a possible solution and altered by experiences of its

own and neighbors. Furthermore, each particle is associated with a position vector and a

velocity vector and updates its position based on the velocity vector as well as its previous

experiences.

The main steps in PSO are given next. A random population of particles (solutions), based

on the problem dimension, is initialized, where a random position vector and a random

velocity vector are assigned to each particle (solution). A random population of possible

solutions (particles) is generated and random velocity and position vectors are assigned to

each particle. The population size depends on the problem dimension. The fitness of all

particles is computed following the objective of the study and the best particle with the

fittest objective value is selected. Then, the position and velocity of all particles are revised

based on previous values along with some model parameters. The fitness evaluation and

vector updates repeat until the termination criteria are met.
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6.4 Computational Experiments

This section first presents experimental settings, details about data instances, and exper-

imental results using metaheuristic-based and mathematical-based approaches. We con-

duct experiments for planning horizons of one week, two weeks, and four weeks, with 28

ships arriving for loading and unloading in one week (1st week of March 2019), 68 ships

arriving in two weeks, and 138 ships arriving in four weeks (March 2019). We conduct

the experiments on an Intel Core i7 2.4 GHz computer system with 16 GB RAM. All

compared algorithms are developed in MATLAB on the same computer system and tested

on the same datasets.

As for the multi-quay data instances, this study uses real data collected from the Port of

Limassol, Cyprus. The Limassol port has five commercial continuous quays with different

lengths: Container/Ro-Ro Quay: 450m, Container Quay: 800m, East Quay: 480m, West

Quay: 770m, and North Quay: 430m. For each ship, the ETA, HT, ETD, PBQ, ABQ.

PBP, and LoS are known. It is important to note that the real data do not include PBPs and

ABQs for arriving vessels. Hence, we added PBPs randomly, as shown in the 7th column

of Table 5. We also assign up to one ABQ for each vessel based on the port characteristics

(e.g., availability of cranes, passenger boarding bridges) and ship type (e.g., container

ship, passenger ship). In particular, the Container/Ro-Ro Quay is ABQ for ships having

Container Quay as PBQ and vice versa and the West Quay is ABQ for ships with North

Quay as PBQ and vice versa. There is no ABQ for ships with PBQ East Quay as this is

the only quay that can handle passenger vessels. The real world data is collected through

an online system developed for the STEAM Project [1].

6.4.1 Experimental Results

To verify the efficiency and effectiveness of the proposed approaches, this section dis-

cusses the results obtained from several experiments. CSA, GA, PSO, and MILP, have all

been implemented to perform a comparative analysis. For the CSA implementation, we

set the number of host nests to 100, discovery rate to 0.45, and total iterations to 1000. For

GA, population size is 100, crossover rate is 0.10%, mutation rate is 90%, and total itera-

tions are 1000. Regarding PSO, inertia weight, local learning coefficient, global learning

coefficient, and population size are set to 1, 1.5, 2.0, and 1000, respectively.
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Figure 16 shows the solutions for berth allocation developed by the four implemented al-

gorithms, i.e., CSA, GA, PSO, and MILP. In this figure, each rectangle represents a ship,

with the x-axis indicating the berthing time and the y-axis indicating the berthing position

for a given ship. The blue colored rectangles show the ships moored at their preferred

berth. The red rectangles, on the other hand, show the ships that moored at their ABQs

instead. Based on the cost models, the implemented methods move a ship to an ABQ if

the waiting time before the optimal berth is long, resulting in a delayed departure for the

ships. A particular vessel may also be moored at an ABQ if its PBP is unavailable for a

long time and a NOB position causes high costs or delays in delivering containers to the

designated storage area. From this figure, it can also be seen that there is a safety dis-

tance and a safety time between any two vessels during berthing, which are subject to the

following constraints. The safety time is set to one time slot (30 minutes) and the safety

distance between two vessels is set to 10 meters. By respecting the overlapping constraint

visualized in Figure 14), none of the solutions allow for any scheduling overlapping be-

tween any two ships. For instance, in order to avoid overlapping, ship 21 (highlighted

with red color in Figure 16) is moored at its ABQ (North Quay) instead of its PBQ (West

Quay) using CSA and PSO methods. However, GA and MILP shift ship 23 to its ABQ

instead to avoid overlapping.

Figure 17 shows the mean difference (and standard error) between the proposed berthing

times by the various algorithms and the optimal berthing times for the three scenarios (i.e.,

one week, two weeks, and three weeks). From this figure, it can be seen that there is no

difference in case of MILP, i.e., it assigns ships always at optimal berthing times, for the

one-week scenario. However, it is important to note that MILP can only solve the problem

for one week planning horizon and it runs out of memory for the other two scenarios (i.e.,

two weeks and four weeks). On the other hand, when we compare CSA with the other

heuristic methods, we observe that CSA provides a near-optimal solution (lowest mean

difference) in all tested scenarios. The mean difference between proposed and optimal

berthing times using CSA method are 0.32, 0.54, and 0.69 interval for one-week, two-

weeks, and four-weeks, respectively. On the contrary, PSO performs better than GA in

the cases of one week and two weeks, but worse in the four-weeks case. The highest

mean difference are 0.39 (using GA), 1.38 (using GA), and 1.69 (using PSO) intervals in

one-week, two-weeks, and four-weeks scenarios, respectively.
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(a) (b)

(c) (d)

Figure 16: Berth allocation solutions for ships arriving over one week planning horizon,
generated by (a) CSA, (b) GA, (c) PSO, and (d) MILP.
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Figure 18 shows the mean and standard error for non-optimal berthing costs (in Euro) for

all arriving vessels. This figure presents the results for all four algorithms and the three

considered scenarios, i.e., one week, two weeks, and four weeks. It can be noted from

the figure that the minimum NOB cost is achieved using MILP, closely followed by CSA;

however, MILP can only solve the problem for one week planning horizon. Furthermore,

when we compare the CSA-based solution with other heuristic methods, it can be noticed

that CSA has the lowest NOB mean cost and standard error, in all tested scenarios. On

the other hand, GA performs better compared to PSO in 1-week and 2-weeks scenarios

but worst in the 4-weeks scenario. Finally, as the planning period grows from one week

to four weeks, the performance of GA and PSO worsens at a much higher rate that CSA,

showcasing the robustness of the CSA approach to handle longer planning periods.
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Figure 17: Mean difference between optimal and proposed berthing time for all vessels
per method. MILP obtains zero difference for one week and is not able to run for two
weeks and four weeks.

Figure 19 shows the total service cost incurred for all arriving ships in the planning horizon

of one week, two weeks, and one month (four weeks). From this figure, it can be seen

that the total service cost (in Euro) for the planning horizon of one week is minimal when

MILP is used (i.e., 11005). In contrast, CSA has the lowest cost (11095) compared to the

other two heuristic methods (i.e., GA and PSO). The highest service cost for a planning
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Figure 18: Non-optimal berthing (NOB) cost for all vessels per method. MILP is not able
to run for two weeks and four weeks.
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Figure 19: Total service cost for arriving vessels in one, two, and three weeks, for each
approach. MILP is not able to run for two weeks and four weeks.
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horizon of one week is 11795 when PSO is used. As the planning horizon increases to

two and four weeks, the CSA approach is able to achieve the lowest service cost, while

the difference between the CSA and the other two metaheuristic approaches increases.

For a more in-depth comparative analysis, Table 11 shows the different costs (i.e., waiting

cost, non-optimal berth allocation cost, late departure cost, normal handling cost, and total

service cost) along with the computation times for different planning horizons using all

four implemented algorithms. We conducted experiments with different data instances to

validate the productivity of the proposed CSA-based method. From this table, we can see

that the MILP method has the highest computation time of 776 seconds (~13 minutes) for

the planning horizon of one week. The MILP method provides an optimal solution with

the lowest total service cost (and lowest individual costs). However, if we increase the

planning horizon, and therefore the number of arriving vessels, from 1-week to 2-weeks or

4-weeks, MILP cannot solve the problem and runs out of memory. The NOB cost includes

penalty costs when a vessel s is moored at a location other than its PBP or at a quay other

than its PBQ. As shown in Equation 17, the penalty is calculated based on the absolute

difference between the proposed and preferred berthing positions, i.e., |PBPs −Bs| ·Cnob
s ,

where Cnob
s is equal to 5 Euros per meter. If a vessel berths at its ABQ instead of its PBQ,

an additional fixed penalty of 50 Euros is charged; however, berthing a vessel at a location

other than ABQ and PBQ incurs an infinite penalty (and thus is not possible). From Table

11, it can be seen that the penalty for NOB is lowest when MILP is used (235 Euros),

closely followed by CSA with 280 Euros. PSO has the highest penalty cost of 980 Euros

and for GA it is 560 Euros. In the case of a 1-week scheduling period, GA takes the least

computation time of 18.95 seconds, closely followed by CSA with 21.91 seconds, while

PSO takes 73.59 seconds. Furthermore, if we run experiments for 2-weeks and 4-weeks

scenarios, it can be seen from the Table 11 that CSA always provides an optimal solution

(minimum total service cost) within the least computation time, even less than GA and

PSO. In the case of two weeks and four weeks, the CSA takes 70.60 and 133.27 seconds,

respectively. In contrast, GA and PSO take 332.96 and 223.33 seconds for two weeks and

768.81 and 642.95 seconds for four weeks, respectively. From the above analysis, we can

conclude that the newly developed CSA-based solution for MQ-BAP is more efficient and

always provides a near-optimal solution.
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Table 11: Comparative analysis of all methods while using data for 1-4 weeks (March
2018). All costs are in Euro.[WC: waiting cost; NOBC: non optimal berthing cost; LDC:
late departure cost; NHC: normal handling cost; TSC: total service cost; CT (computa-
tional time)]

One week (28 ships) Two weeks (68 ships) Four weeks (168 ships)

CSA GA PSO MILP CSA GA PSO MILP CSA GA PSO MILP

WC 45 55 45 0 185 470 320 – 480 1110 1165 –

NOBC 280 560 980 235 485 1450 2880 – 2580 11125 8210 –

LDC 0 0 0 0 0 0 40 – 80 40 320 –

NHC 10770 10770 10770 10770 19620 19620 19620 – 51170 51170 51170 –

TSC 11095 11385 11795 11005 20290 21540 22860 – 54310 62445 60865 –

CT(s) 21.91 18.95 73.59 775.77 70.60 332.96223.33 – 133.27 768.81 642.95 –

6.5 Summary

In this section of thesis, we deal with a special variant of the continuous BAP, namely

the MQ-BAP, where more than one quay is available for mooring the arriving ships. The

MQ-BAP is formulated as a mixed-integer linear problem and then solved using exact and

metaheuristic methods, with the main objective of minimizing the total service cost while

reducing the waiting time before berthing and the delayed departures of the ships. We

considered the case of the Port of Limassol and used real data collected from the same

port. Moreover, this study also considers several practical constraints of the port and in-

troduces the new concept of alternative berthing quay (ABQ). The purpose of ABQ is to

reduce long waiting times of vessels. For example, if a vessel’s preferred position is oc-

cupied for a long time, the vessel can be moored at the nearest mooring quay instead. We

have conducted several experiments to corroborate our model and verify the effectiveness

of our proposed metaheuristic algorithms (i.e., CSA, GA, and PSO) over an exact method

(i.e., MILP). Results reveal that the exact method can only solve the problem for a one-

week planning horizon with high computation time. In contrast, the CSA-based method

is able to solve all tested scenarios and beats the other metaheuristic methods (GA and

PSO) in terms of minimum service cost and low computation time.

It is important to mention that the proposed methods are dynamic and able to solve any
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port environment with continuous or discrete berthing quays, and are already tested on

benchmark data from different port (see Section 5). For the methods to work on a par-

ticular port, we only need to specify the necessary settings of a particular port, such as

the number of quays, the number of cranes, the productivity of cranes, some additional

constraints, etc.

The next section of this thesis will solve the combined BAP with quay crane allocation

problem, considering a port environment with multiple quays. In addition, the next sec-

tion also considers the entire port operation (including container and passenger/ special

purpose terminals) instead of considering only container terminals.
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7 Optimizing Combined Berth and Quay Crane Allocation Consider-

ing Multiple Quays

7.1 Motivation and Problem Statement

In the current literature, there are many studies dealing with stand-alone BAP [15, 17, 23].

Nowadays, however, there is an increasing trend to solve BAP and QCAP simultaneously,

since the number of cranes (and which cranes in case of different handling productivity)

assigned to a ship determines the berthing time of the vessels [146, 122]. Most of the

current studies consider only a single quay, while they look at stand-alone BAP or com-

bined BAP-QCAP [122]. There are very few studies dealing with terminals with multiple

quays, especially terminals with different quays, e.g., container and passenger terminals.

For example, in a study presented in [51], a solution for multiple quays is proposed for

BAP; however, in this study, the total length of the quay is divided equally between two

quays and random data are used for experiments. In addition, practical constraints are not

considered. A recent study [88] also solves multi-quay BAP and concludes that the pro-

posed method does not always provide an optimal solution and is sometimes 40% away

from the optimal solution. In another work, [61] proposes a fuzzy-based solution, but as

the authors acknowledge, the proposed method provides an optimal solution when only up

to 10 vessels are considered. We have found only one research paper that addresses com-

bined BAP and QCAP considering multiple quays, which employs fuzzy logic to solve

the problem [105]. However, the authors of that study conclude that their approach is fea-

sible only for small instances and suggest the use of metaheuristics for solving medium

and large size problems. Based on the above discussion, this study solves a combined

BAP-QCAP problem for a real port, considering several heterogeneous quays (i.e., with

container, general cargo, and passenger quays).

7.2 Problem Explanation and Formulation

The combined BAP and QCAP is an optimization problem in which the objective is to

allocate available berths and available quay cranes (QCs) across time to incoming ships

to perform unloading/loading operations with the goal of minimizing the total handling

cost. In this study, we consider a realistic setup of a port with multiple quays and a

number of cranes available at each quay. Moreover, all quays follow a continuous berthing
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Figure 20: Combined BAP and QCAP solution with two berthing quays (both are contin-
uous) and 10 arriving ships. Each rectangle denotes a ship, whose height (y-dimension)
shows the ship’s length and whose width (x-dimension) is the handling time of ship. Quay
1 has two cranes and quay 2 has three cranes, which are allocated to the ships as shown in
the upper left corner of each rectangle.

layout, and arriving vessels can be moored anywhere on the quay. Vessels are arriving in

a dynamic fashion; however, their expected arrival times are known in advance. The

installed QCs perform loading and unloading operations with some average productivity,

which can be different for each QC. For the handling cost calculation of each vessel,

this study considers waiting cost, total service cost, late departure cost, and non-optimal

berthing cost due to the allocation of a non-optimal position and/or quay. The assumptions

we consider listed in Table 12.

7.2.1 Multi-Quay Combined BAP and QCAP Formulation

The primary objective of the multi-quay combined BAP and QCAP is to allocate optimal

berthing position at preferred quay, berthing times, and QCs to arriving vessels in order

to reduce the total handling cost (that includes waiting cost, service cost, and various

penalties), as presented in the following cost function:
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Table 12: Assumptions of the formulation in Section 7.2

– Number of ships, quay, and lengths of quays are known
– ETA and RDT for vessels are known
– Planning horizon is known and divided into equal time intervals
– Each berthing position can serve only one vessel at any time
– Vessels will take consecutive positions at the quay during service
– PBQ, PBP, and ABQ of each vessel are known
– All the berthing positions of all quays are assumed free at the beginning of the

planning period
– The vessel cannot change its berthing position during loading/ unloading
– All the costs are also known
– All the penalties are known and the same for all arriving vessels

Cost (v,Qv,BPv, v,BTv) = HTv · [Ch
v + f (v,Qv,BPv)]

+WTv ·Cw
v +LDTv ·Cd

v

(29)

The first term in the above Equation calculates the total handling cost, which depends

on handling time (HTv), handling cost (Ch
v ), and a penalty ( f ) due to non-optimal quay

and/or non-optimal berth assignment. This study, unlike our previous work in [18], does

not consider handling time as an input but it is calculated based on the total load on the

vessel Loadv and the handling productivity (per hour) of each of the cranes (v) that are

assigned to the vessel v as described below.

HTv =
Loadv

∑c ∈ v HPc
q
, ∀ v ∈V,q = Qv (30)

There is a set of cranes C(q) = {c1,c2,c3, ...cn} that are installed at each quay q. Regard-

ing crane allocation to arriving vessels, there are several combinations of cranes possible,

depending on the vessels’ length and total load. For instance, if there is a large vessel

with a heavy load, it can use multiple cranes, and vice versa. All possible combinations

of crane assignments to a particular vessel are present in the power set of C(q):

75



Table 13: Mathematical notation used in Section 7.2

Name Explanation Name Explanation

AQv Alternative quay for vessel v ATv Expected arrival time of vessel v
BPv Planned berthing position of vessel

v
BTv Planned berthing time of vessel v

C(q) Power set of cranes set Cq Ch
v Per hour handling cost of vessel v

Cw
v Per hour waiting cost of vessel v Cld

v Per hour late departure cost of ves-
sel v

Cnob
v Penalty of vessel v for non-optimal

berthing position
Cnoq

v Penalty of vessel v for non-optimal
berthing quay

cmin Minimum berthing position served
by crane c

cmax Maximum berthing position served
by crane c

v Set of cranes assigned to vessel v
(presented in binary encoding)

FTv Task finishing time of vessel v

HTv Handling time of vessel v HPc
q Handling productivity of crane c lo-

cated on quay q
Lv Length of vessel v Lq Length of quay q
LDTv Late departure time of vessel v Loadv Total load of vessel v
SCc

q Service cost per hour of crane c lo-
cated on quay q

PBPv Preferred berthing position of ves-
sel v

PQv Preferred quay of vessel v RDTv Requested departure time of vessel
v

WTv Waiting time of vessel v
Indices
V Set of arriving ships; v ∈V a ship
T Set of time periods (planing horizon); t ∈ T a time period
Q Set of quays; q ∈ Q a Quay
B(q) Set of available berth positions on quay q ∈ Q; b ∈ B(q) a berth position
C(q) Set of quay cranes on quay q ∈ Q; c ∈Cv a crane; v is a subset of power set C(q)

Cq =
{
{},{c1},{c2}, ...,{cn},

{c1,c2},{c1,c3}, ...,{cn−1,cn},

{c1,c2,c3}, ...,{c1,c2, ...,cn}
}

(31)

The set of cranes allocated to a vessel v is one element of the power set Cq. To simplify the

formulation, we encode each element of Cq as a number by using a binary interpretation.
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In particular, each QC corresponds to a binary digit in the number (from right to left); if

the digit is 1, the QC is allocated, while if it is 0, the QC is not allocated. For example, the

element {c1} is encoded as 0001, {c2} is encoded as 0010, {c1,c2} is encoded as 0011,

and so on. The number of digits used in the encoding equals the number n of available

QCs. Furthermore, the empty set (with encoding 0000) is also included for when a vessel

is berthed to a terminal that does not have quay cranes, such as a passenger or Ro-Ro

quay. In summary, v is a number, whose binary interpretation represents the set of cranes

assigned to vessel v, and can take numbers between 0 and 2n −1.

The per hour handling cost Ch
v charged to a vessel depends on the per hour service cost of

the set of cranes v assigned to vessel v. Total service cost can be calculated as:

Ch
v = ∑

c ∈ v

SCc
q, ∀ v ∈V,q = Qv (32)

The last part of the first term, namely f (v,Qv,BPv) in Equation 29, calculates the penalty

cost due to non-optimal berth position and/or non-optimal quay assignment, if any, as

shown in Equation 33. Moreover, this penalty is multiplied with the per hour handling

cost Ch
v of vessel v. Hence, if any vessel needs four hours to perform its operations and

it is moored at a non-optimal position or quay, the penalty is charged for all (four) time

intervals.

f (v,Qv,BPv) =


|PBPv −BPv| ·Cnob

v , if Qv = PBQv

Cnoq
v , if Qv ∈ AQv

∞ , otherwise.

(33)

The second term in Equation 29 (WTv ·Cw
v ) calculates total waiting cost and it depends on

the total waiting time WTv of vessel v and the per hour waiting cost Cw
v . The waiting time

WTv of any vessel v is the difference between berthing time BTv and arrival time ATv, as

calculated in Equation 34.

WTv = BTv −ATv, ∀ v ∈V (34)

The last expression in Equation 29 (LDTv ·Cd
v ) calculates the penalty cost due to late
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departures, which is based on the late departure time LDTv and the per hour penalty for

late departure Cld
v . The late departure time LDTv can be calculated as:

LDTv = max(0, FTv −RDTv), ∀ v ∈V (35)

where, RDTv is the requested departure time for vessel v and FTv is the finishing time of

v′s operations (i.e., loading and unloading), as calculated below.

FTv = BTv +HTv, ∀ v ∈V (36)

The fundamental objective of this study is to solve the combined BAP and QCAP in a

multi-quay environment while reducing the total cost that includes handling cost, waiting

cost, and several penalties. The objective function of our study is presented in Equation

37.

minimize ∑
v ∈V

∑
q ∈ Q

∑
b ∈ Bq

∑
∈ C(q)

∑
t ∈ T

Cost(v,q,b, , t) · xvqbt

(37)

The objective function is subject to several constraints that are presented below.

xvqbt ∈ {0,1},∀ v ∈V,q ∈ Q,b ∈ Bq, ∈ Cq, t ∈ T (38)

∑
q ∈ Q

∑
b ∈ Bq

∑
∈ Cq

∑
t ∈ T

xvqbt = 1, ∀ v ∈V (39)

BTv ≥ ATv, ∀ v ∈V (40)

BTv −BTu ≥ SE ∀ v ̸= u ∈V (41)
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BPv +Lv ≤ Lq, ∀ v ∈V, q ∈ Qv (42)

∑
v̸=u ∈V

BPv+Lv+SD

∑
b=BPv−Lu−SD

∑
∈ Cq

BTv+HTv+ST−1

∑
t=BTv−HTu−ST+1

xuqbt = 0,

∀ v ̸= u ∈V, q = Qv = Qu

(43)

∑
v̸=u ∈V

∑
b ∈Bq

∑
∈ Cq

& v ̸= 0

BTv+HTv+ST−1

∑
t=BTv−HTu−ST+1

xuqbt = 0,

∀ v ̸= u ∈V, q = Qv = Qu

(44)

cmin < BPv +Lv & BPv < cmax, ∀ v ∈V, c ∈ v (45)

The variable xvqbt shown in Constraint (38) is 1 if the vessel v is scheduled at position b

of quay q at time t to be served by cranes , and 0 otherwise. Constraint (39) guarantees

that each arriving vessel must be berthed only once during the time t at the mooring

position b of the quay q. The constraint (40) specifies that the proposed berthing time

BTv for a given vessel v must always be equal to or later than its expected time of arrival

ATv. The condition in (41) ensures a minimum safety entrance time SE between any two

consecutive berthing operations. Constraint (42) ensures the length of vessel v plus its

berthing position must not cross the length of quay q, where it is moored. Constraint (43)

restricts two vessels from overlap during mooring, both in terms of berthing positions

as well as berthing times. Furthermore, it also ensures safety distance and safety time

between the berthing of two ships. A graphical presentation of constraint (43) is presented

in Figure 21. Constraint (44) restricts the set of cranes that is assigned to vessel u to not

contain any of the cranes ≿ allocated to another vessel v during the same time period.

Checking if two sets of cranes have common cranes can be easily done using the ‘bitwise

and’ (&) operation due to our binary representation of crane sets. A pictorial presentation

of constraint (44) is presented in Figure 22. Finally, constraint (45) ensures that any crane

c assigned to vessel v can reach the vessel by checking that there is an overlap between the
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Figure 21: An Illustration of overlapping constraint with two arriving ships (ship v and
ship u) with different berthing times, berthing positions, and lengths. This Figure shows
the restricted areas for ship u (using dotted boxed) to avoid overlap with ship v, the already
scheduled.

minimum and maximum berthing positions served by c and the quay positions occupied

by v.

Table 14: Example data for 28 ships that arrived during the first week of March 2018 at
the Port of Limassol, Cyprus

Ship ETA HT ETD PBQ ABQ PBP LoS

(d \ t) (min.) (d \ t) (m)

1 1\04:00 9827 1\22:30 Ro-Ro Quay Container Quay 240 194

2 1\05:30 – 2\06:50 East Quay – 276 139

3 1\14:00 – 2\12:50 West Quay North Quay 84 84

4 1\15:00 – 5\14:03 East Quay – 51 89

Continued on next page
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Table 14 – Continued from previous page

Ship ETA HT ETD PBQ ABQ PBP LoS

(d \ t) (min.) (d \ t) (m)

5 1\17:00 – 5\21:00 West Quay North Quay 314 190

6 2\04:30 4914 2\13:50 Ro-Ro Quay Container Quay 138 159

7 2\05:00 10209 2\09:30 Container Quay Ro-Ro Quay 571 196

8 2\08:00 – 2\15:55 North Quay West Quay 53 155

9 3\04:00 10714 3\20:50 Ro-Ro Quay Container Quay 31 175

10 3\03:30 33235 4\06:15 Container Quay Ro-Ro Quay 389 277

11 3\07:30 – 4\14:55 East Quay – 358 162

12 3\12:30 – 3\22:40 West Quay North Quay 34 88

13 3\23:00 3557 4\05:00 Ro-Ro Quay Container Quay 162 133

14 5\05:00 – 5\19:00 West Quay North Quay 208 90

15 5\05:30 – 5\16:30 North Quay West Quay 190 121

16 5\08:30 – 5\13:15 East Quay – 267 178

17 5\17:30 3097 6\20:50 Ro-Ro Quay Container Quay 96 129

18 5\16:00 – 6\00:25 North Quay West Quay 112 84

19 5\20:00 16832 6 \09:35 Container Quay Ro-Ro Quay 125 294

20 6\03:30 3998 6\21:25 Ro-Ro Quay Container Quay 269 122

21 6\04:30 – 6\12:00 West Quay North Quay 35 102

22 6\05:30 – 6\16:30 North Quay West Quay 128 87

23 6\06:30 – 6\18:05 West Quay North Quay 113 84

24 6\07:30 – 7\12:50 East Quay – 207 130

25 6\12:00 16058 7\10:15 Container Quay Ro-Ro Quay 260 217

26 6\14:00 – 7\02:05 West Quay North Quay 219 88

27 7\05:30 – 7\13:05 West Quay North Quay 364 121

28 7\09:30 – 7\15:25 North Quay West Quay 7 155
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Figure 22: An illustration of Constraint 44. The cranes c4 and c5 assigned to ship v cannot
be assigned to ship u if ship u is scheduled to be berthed in the restricted area marked with
the red dotted box.

7.3 Proposed Methodology

In this section, we disclose the proposed methods for multi quay combined BAP and

QCAP, which includes three CI methods, CSA, GA, and PSO.

7.3.1 Cuckoo Search Algorithm

The cuckoo search algorithm is a relatively new nature-inspired optimization method pro-

posed by [152] that has proven efficient in solving several global optimization problems.

CSA is based on the basic rules of breeding parasitism of some cuckoo species and then

extended by the so-called Levy flights [24] instead of a simple isotropic random walk

[153]. Some cuckoo birds follow an aggressive production strategy of laying eggs in

communal nests and possibly removing eggs from other birds (host birds) to maximize

the hatching probability of their own eggs. When host birds discover the cuckoo eggs,
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hosts either discard or abandon the eggs and build new nests. Overall, the CSA operates

on the basis of cuckoo reproductive behavior and adopts three idealized rules [152]:

1) each cuckoo bird dumps only one egg at a time in a random nest;

2) the best nests having high quality eggs are kept and used for the next generation;

3) the number of host nests is fixed and the egg laid by a cuckoo is detected by a host

bird with probability pα ∈ (0,1).

The mapping of CSA to multi quay combined BAP and QCAP is as follows. A single

nest shows a set of possible solutions containing the berthing times, quays, positions, and

possible set of assigned cranes for all arriving ships, as shown in Figure 23. An egg in a

nest denotes either a berthing time or a berthing quay or a berthing position in that quay

for an arriving ship or a possible set of cranes (represented as a single number as explained

in Section 7.2.1), whereas, a cuckoo egg shows a novel (or better) solution (i.e., a berthing

time or quay or position or set of cranes). Hence, each nest includes 4N eggs, where N

shows the number of ships that have arrived at a given time. Therefore, the total number

of eggs in a nest is four times the total number of arriving ships. The total search space of

the problem at each iteration is reflected by the total number of host nests, which is fixed

(100 host nests are assumed in this study). The overall goal of the algorithm is to use

cuckoo eggs (better solutions) to replace the not so good eggs in the various nests, while

satisfying all constraints of the problem.

7.3.2 Genetic Algorithm

The genetic algorithm is an evolution-based algorithm developed from the law of evolu-

tion in the ecological world. It is also known as a population-based method that explores

the concept of survival of the fittest [77]. After the first population is generated, it evolves

better and better approximate solutions from generation to generation. In each genera-

tion, the individual is selected based on the fitness of different individuals in a particular

problem domain. Then the individuals are combined and crossed and vary by the genetic

operators in natural genetics, and then a new population is generated, which is a new solu-

tion set. Chromosome representation, selection, crossover, mutation, and fitness function

calculation are the key elements of GA.
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Figure 23: Solution representation by CSA considering five arriving vessels (last part
of solution contains number of cranes and it maybe 0, 1, 2, and maximum of 3 in our
study). Please note that decimal numbers (0,1,2,3) shows total number of cranes and
binary encoding demonstrates specific cranes.

The working mechanism of GA is as follows. A random population of n chromosomes

is generated. The fitness value of each chromosome is calculated using the objective

function, and the best chromosome is selected as the local best chromosome. Two chro-

mosomes, C1 and C2, are randomly selected from the population, and crossover with

probability Cp is applied to C1 and C2 to generate an offspring o. Then, mutation with

probability Mp is performed on the offspring o to generate o′. The new offspring o′ is

placed into a new population. The entire steps are repeated until the maximum number of

iterations is reached.

7.3.3 Particle Swarm Optimization

The particle swarm optimization algorithm is a swarm-based metaheuristic global opti-

mization method that has attracted much attention in the last two decades. The PSO is

capable of solving large and complex problems that cannot be addressed by traditional

methods. The PSO follows the behavior and social cooperation of flocks of birds and

schools of fish and borrows heavily from the evolutionary behavior of these organisms.

In PSO, all possible solutions are represented by particles (birds) in a search space, and

each particle has its fitness value based on the objective function that to be optimized.

Each particle also has a velocity that controls how the particles fly. The particles fly in the

search space and follow/consider the current optima to find a local optimum. At each iter-

ation, the local optimum is updated by the global optimum based on the optimal objective
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function. The general operation of PSO is as follows. 1) Generate random particles (solu-

tions) in the search space. 2) Evaluate and compare the fitness of all particles. 3) Update

the best particle (solution set). It is important to note that in this study, each solution set

contains the mooring time, the quay, the position on that quay, and the set of cranes. 4)

Update the velocities and positions of the particles to generate new solutions. Steps 2-4

are repeated until the maximum number of iterations is reached.

7.4 Experimental Setting and Results

In this section, we first present a case study from the Port of Limassol, Cyprus, and then

show experimental results. A real-world case study (with real data, real port settings,

real constraints, and real arriving ships) is used to efficiently test the performance of the

proposed CI based approaches. We conduct experiments with different data instances,

e.g., with one week, two weeks, and four weeks of data. The newly developed methods

for multi-quay combined BAP and QCAP have been implemented in MATLAB R2021b

and the number of iterations for all metaheuristics (CSA, PSO, and GA) was set to 1000.

All experiments are performed using a Windows 10 computer system with 3.4 GHz Core

i7 and 16 GB RAM.

7.4.1 A Case Study

This study deals with the case of a real Port, located in the city of Limassol, the largest port

of the island (Cyprus). In the Port of Limassol, there are five commercial berthing quays,

all of which are continuous. With a continuous quay, the whole quay is not divided into

several berths, but rather the arriving ships can moor anywhere on the quay. All quays are

of in different lengths: Container Quay: 800m, Ro-Ro Quay: 450m, West Quay: 770m,

North Quay: 430m, and East Quay: 480m. The Container Quay serves only container

ships, the Ro-Ro Quay serves both container and Roll-on/roll-off ships, the West and

North Quays serve general cargo traffic, and the East Quay serves only passenger vessels.

There are five cranes installed at the container Quay, and each crane has a different pro-

ductivity: two cranes with a maximum productivity of 40 containers per hour (red colored

cranes), two cranes with a maximum productivity of 35 containers per hour (blue colored),

and the last crane has a productivity of 22 containers per hour (white colored). It should be
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noted here that all five cranes never reach maximum productivity due to manpower issues,

traffic problems, and some other technical challenges. So the average productivity of the

first four cranes is 25 containers per hour; however, the last crane achieves an average

productivity of 20 containers per hour. There are also two cranes installed at the Ro-Ro

Quay with an average productivity of 20 containers per hour. In addition, all installed

cranes at both (Container and Ro-Ro) Quays are moveable but within a certain range and

cannot cross each other.

In our experiments, we use data from one week, which includes a total of 28 arriving

ships in the first week of March 2018. Then, we extend our experiments by using data

from two and four weeks, which contain more than 70 and 130 ships, respectively. For

each vessel, the ETA, ETD, PBQ, ABQ, PBP, LoS, and total load are known in advance

(Table 14 shows data for one week). It is important to note that the real data do not include

PBPs and ABQs for arriving ships. Therefore, we added PBPs randomly, as shown in the

7th column of Table 14. We also allocate up to one ABQ (see column 6 of Table 14) for

each vessel based on port characteristics (e.g., availability of cranes, passenger boarding

bridges) and ship type (e.g., container ship, passenger ship).

7.4.2 Results and Discussions

In this section, we present the experimental results obtained by applying three CI algo-

rithms and mathematical method. As for the datasets, we use real data collected in the

Port of Limassol, Cyprus (one week’s data is given in Table 14). Figure 24 shows the

solutions proposed by all four algorithms for the allocation of berths and quay cranes.

The rectangles in this figure show each ship, with the x-axis indicating the berthing time

and the y-axis indicating the berthing position of each ship. The number in front of the

rectangle shows the ship index and the text in green color shows the assigned set of cranes

to each vessel. In addition, ships with blue rectangle indicate that they are moored at their

PBQ, while ships moored in ABQ are colored red. Vessels are moored in ABQ when there

is a long waiting time before the optimal berth assignment, which may result in delayed

departures. Therefore, the ship is moored at ABQ to avoid high overall service cost.

From Figure 24 it can be seen that vessel 21 is moored at North Quay instead of West

Quay when CSA, GA, and PSO are used. MILP, on the other hand, moves ship 23 to
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ABQ instead of PBQ. Here it is important to note that there are only two quays where

QCs are installed and assigned by all algorithms, i.e., CSA, GA, PSO, and MILP. All

other quays are passenger/general cargo quays and no cranes are installed on these quays.

In the case of the container quays, the total operating time of the vessels is calculated

based on the number of cranes used and their productivity. However, in the case of the

other three quays, the total operating time of the vessels is considered as input. In a week,

four ships arrive at the container quay and all of them are assigned the optimal number

of cranes using all the implemented algorithms. It should also be noted that the cranes

can only move within a certain range from their location. Furthermore, the cranes cannot

cross each other and all have different handling productivity rates.

(a) (b)

(c) (d)

Figure 24: Berth allocation solutions by the four compared approaches for ships arriving
over one week planning horizon, generated by (a) CSA, (b) GA, (c) PSO, and (d) MILP.

The results presented in Figure 25 show the mean difference and standard error between

the optimal berthing times and the times proposed by different implemented CI methods,

i.e., CSA, GA, PSO, and MILP. In this figure, it can be seen that there is no mean differ-
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ence and standard error when MILP is used for a planning horizon of one week. However,

MILP was only able to solve a one-week planning horizon and got stuck at 2 and 4 weeks

planning horizons and ran out of memory. On the other hand, CSA shows superiority

over the other two metaheuristics, i.e., GA and PSO, in all three scenarios. Moreover, GA

performs well in case of one week and four weeks scenario, compared to PSO, while PSO

shows a smaller mean difference and error in the case of the two-weeks scenario.

Figure 26 shows the mean difference between optimal and non-optimal berthing positions.

It can also be seen that the MILP has the smallest difference in case of one week case;

however, it cannot solve the other two cases (two weeks and four weeks). On the other

hand, CSA again performs well in case of one-week and two-weeks scenarios compared

to the other methods, and beats PSO in case of 4 weeks. However, GA has a lower mean

difference in four-week scenario compared to PSO and CSA. In the case of the two weeks

scenario, GA performs well and outperforms PSO.

The results presented in Figure 27 show the mean difference between optimal and non-

optimal berthing cost that occurred due to allocation of vessels to locations other than the

PBPs. Again, we can clearly see that CSA has the smallest mean difference after MILP in

the case of one and two weeks scenarios; GA, on the other hand, has the smallest differ-

ence in the case of the four weeks scenario. We can conclude from the above discussions

that CSA performs well overall compared to GA and PSO; however, MILP shows better

results, but only in the case of one-week case study.

Figure 28 shows the total service cost (in euros) for all arriving ships using four different

algorithms, i.e., CSA, GA, PSO, and MILP, while considering three different scenarios,

i.e., one week, two weeks, and four weeks. In case of one week case, MILP shows

minimum cost that is 10860, closely followed by CSA which is 10955 (only 0.99% away

from the optimum). In the other two cases, MILP cannot solve the problem and runs out

of memory. However, CSA always performs better than GA and PSO in two and four

week scenarios. Moreover, in case of one week, PSO has the lowest cost compared to

GA, on the other hand, GA beats PSO in terms of minimum service cost for all arriving

ships in other two cases (two weeks and four weeks).

To show a more in-depth comparison of the different CI methods and the exact MILP

method, Table 15 presents the different costs associated with the total service costs and
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Figure 25: Mean difference and standard error between berthing time by four imple-
mented methods and optimal berthing time three different scenarios (1-week, 2-weeks,
and 4-weeks)

computation times of the different algorithms in different scenarios, i.e., one week, two

weeks, and four weeks. Waiting costs are incurred when a vessel v has to waits before

the optimal berth allocation, while NOB costs are included in the total service cost when

a vessel v is moored at a berth position other than its preferred berth position or at ABQ

instead of PBQ. NOB is added based on the absolute difference between the optimal berth

position and the assigned position (by any algorithm), as described in Equation 33. How-

ever, a fixed penalty is added in case of berth allocation at ABQ. Furthermore, to avoid the

berthing of vessels to quays other than ABQ or PBQ, a penalty of infinity is added (see

Equation 33). From this table, it can be seen that MILP has a minimum total cost (10860)

with 0 waiting cost and 0 cost for late departures. However, it provides an optimal solu-

tion at the cost of computation time, which is 912.55 seconds (more than 15 minutes) for

a one-week scenario. In the experiments for two weeks and four weeks planning periods,

MILP cannot solve the problem and runs out of memory. On the other hand, total service

cost of CSA is minimum (that is 10955), closely followed by MILP, compared to other

CI methods (i.e., GA and PSO) in case of one week scenario. Then, PSO beats GA in

term of minimum total service cost for one week case study. Furthermore, when we run
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Figure 26: Mean difference and standard error between optimal and non-optimal berthing
position using four CI methods when implemented in three different scenarios (1-week,
2-weeks, and 4-weeks)

experiments for two weeks, GA again show supremacy over GA and PSO in terms of total

service cost and individual costs (i.e., waiting cost, NOB cost, and late departure cost).

However, it can be noticed that GA beats PSO this time in case of two weeks scenario.

Eventually, when we run experiments for 4 weeks (one month), we have noticed that

NOB cost of all algorithms is increased; in this case, GA achieves minimum as compared

to PSO and CSA. The total service cost by GA is 66260 that is minimum compared to

other methods in case of four weeks. However, CSA also achieves minimum cost, that is

66895, compared to PSO (75310). Finally, as for computation time, this is an important

parameter while developing algorithms, CSA solves all the scenarios in minimum com-

putation times that are 84.73, 336.16, and 388.20 seconds for one week, two weeks, and

four weeks, respectively. In contrast, GA and PSO take 94.67 and 316.23 seconds for

one week, 226.57 and 534.80 seconds for two weeks, and 2663.13 and 2777.40 seconds

for four weeks, respectively. From the above comparative analysis, it can be concluded

that the newly developed CSA-based method for multi quay combined BAP and QCAP is

more efficient and always provides a near-optimal solution within affordable computation

time.
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Figure 27: Mean difference and standard error between non optimal berthing cost us-
ing CI methods when implemented in three different scenarios (1-week, 2-weeks, and
4-weeks)

Table 15: Comparative analysis of all methods while using data for 1-4 weeks (March
2018). All costs are in Euro.[WC: waiting cost; NOBC: non optimal berthing cost; LDC:
late departure cost; NHC: normal handling cost; TSC: total service cost; CT (computa-
tional time)]

One week (28 ships) Two weeks (68 ships) Four weeks (168 ships)

CSA GA PSO MILP CSA GA PSO MILP CSA GA PSO MILP

WC 30 45 60 0 195 655 590 – 430 1255 2625 –

NOBC 145 405 535 100 150 650 750 – 19405 16845 23745 –

LDC 0 0 0 0 240 680 900 – 1620 2720 3500 –

TSC 10955 11210 11355 10860 20530 23990 25125 – 66895 66260 75310 –

CT(s) 84.73 94.67 316.23 912.55 336.16 226.57 534.80 – 388.2 2663.1 2777.4 –

7.5 Summary

This section investigates multi quay berth allocation problem and quay crane allocation

problem in a real-world scenario with the objective of minimizing total service cost for ar-
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riving vessels. Total service cost includes handling cost, waiting cost, and various penal-

ties. To solve multi quay combined BAP and QCAP, a MILP model is developed and

solved using exact and CI methods. We implement the CSA, GA, and PSO, for the first

time for multi quay combined BAP and QCAP. To validate the methods we developed for

multi quay combined BAP and QCAP, we test them on real data collected in the port Port

of Limassol, Cyprus. We use three different scenarios, i.e., one week, two weeks, and

four weeks, to verify the scalability of developed approaches. Simulation results confirm

the productivity of the CI-based methods over the exact method (MILP), since the latter

can only solve a one week scenario and requires a lot of computation time (912 seconds).

In contrast, the CSA method solves a one week scenario in only 84.73 seconds and the

achieved objective value (10955) is only 0.99% away from the optimal solution (10860

euro ). Moreover, the CSA-based solution also beats the other two methods, i.e., GA and

PSO, in terms of objective value and computation time.

Based on extensive experiments, we can conclude that the exact method for multi quay

combined BAP and QCAP studied in this paper tends to require too much computational

effort to be of practical use, nor can it solve the problem in affordable computational
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time. On the contrary, CI based approaches, especially CSA, are able to offer superior

quality results (close to the optimal solution) in a short computation time. Moreover, even

for large data instances, the computation time of our CSA remains below 400 seconds

(about 6 minutes). This gives the opportunity to evaluate the berthing and crane allocation

plans more quickly in the dynamic environment of large container terminals, allowing the

berth planner to more efficiently handle adjustments due to sudden schedule changes or

disruptions.

Even though the experimental results presented are specific to the Port of Limassol, the

problem formulation and all developed approaches can be used for solving the combined

multi-quay BAP and QCAP for any other port environment with continuous or discrete

berths. The main requirement for doing so is to specify the settings of a particular port,

such as the number of quays, the number of cranes, the productivity of cranes, some

additional constraints, etc.
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CONCLUSIONS

Over the last couple of decades, demand for seaborne containerized trade has increased

significantly and it is expected to continue growing over the coming years. As an impor-

tant node in the maritime industry, a marine container terminal (MCT) should be able to

tackle the growing demand for sea trade. Due to the increased number of ships that can

arrive simultaneously at an MCT combined with inefficient berth allocation procedures,

there are often undesirable situations when the ships have to stay in waiting queues and

delay both their berthing and departure.

Therefore, the objective of this dissertation is to enhance berth planning in MCTs to in-

crease the overall efficiency of the port. Since BAP has NP-hard complexity, the exact

optimization algorithms cannot solve the real-size problem in a reasonable computation

time (which has been proved by our work and the current literature). The latter justifies

the application of metaheuristic algorithms to solve BAP. Therefore, this study models and

presents solutions to stand-alone single quay BAP, multi quay (MQ) BAP, and MQ com-

bined BAP and QCAP by proposing computational intelligence (CI) methods, i.e., cuckoo

search algorithm (CSA), genetic algorithm (GA), and particle swarm optimization (PSO).

In our first contribution, this study focuses on the berth allocation problem with dynamic

ship arrivals to improve port efficiency in terms of reducing the total handling cost and late

departures, where a CI-based CSA is proposed to solve the BAP. In addition, we imple-

mented two benchmark methods for comparison, a well-known metaheuristic GA and an

exact approach (MILP). Unlike existing studies, and to make the problem more practical,

a fine-grained time interval of 30 minutes is used in this study along with other practical

constraints such as a safety time distance between berths. The proposed and compared ap-

proaches are implemented on multiple data instances generated from a benchmark dataset.

In addition, randomly (uniformly) generated data instances with up to 100 vessels and a

planning horizon up to a week are used for experiments to test the flexibility and scala-

bility of the proposed method. The results show that our proposed algorithm (CSA) has

higher efficiency in terms of minimum processing cost for all incoming ships compared

to GA. Compared to MILP, our proposed CSA algorithm provides a near-optimal solution

at a fraction of the computation time. Moreover, when we implement all algorithms on

large datasets, the MILP algorithm runs out of memory and cannot provide an optimal
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solution in reasonable computation time. Overall, CSA beats GA in terms of processing

cost and outperforms MILP in terms of computation time, and thus provides near-optimal

solutions in affordable computation times.

Furthermore, this dissertation also deals with a special variant of the continuous BAP,

namely the MQ-BAP, where more than one quay is available for mooring the arriving

ships. The MQ-BAP is formulated as a mixed-integer linear problem and then solved

using exact and CI methods, with the main objective of minimizing the total service cost

while reducing the waiting time before berthing and the delayed departures of the ships.

We considered the case of the Port of Limassol and used real data collected from the same

port. Moreover, this study also considers several practical constraints of the port and in-

troduces the new concept of alternative berthing quay (ABQ). The purpose of ABQ is to

reduce long waiting times of vessels. We have conducted several experiments to corrob-

orate our model and verify the effectiveness of our proposed CI algorithms (i.e., CSA,

GA, and PSO) over an exact method (i.e., MILP). Results reveal that the exact method

can only solve the problem for a one-week planning horizon with high computation time.

In contrast, the CSA-based method is able to solve all tested scenarios and beats the other

metaheuristic methods (GA and PSO) in terms of minimum service cost and low compu-

tation time.

Finally, this study investigates MQ combined BAP and QCAP in a real-world scenario

with the objective of minimizing total service cost for arriving vessels. Total service cost

includes handling cost, waiting cost, and various penalties. To solve MQ combined BAP

and QCAP, a MILP model is developed and solved using exact and CI methods. We im-

plement the CSA, GA, and PSO, for the first time for MQ combined BAP and QCAP.

To validate the methods we developed for MQ combined BAP and QCAP, we test them

on real data collected in the port Port of Limassol, Cyprus. We use three different sce-

narios, i.e., one week, two weeks, and four weeks, to verify the scalability of developed

approaches. Simulation results confirm the productivity of the CI-based methods over the

exact method (MILP), since the latter can only solve a one week scenario and requires a lot

of computation time (912 seconds). In contrast, the CSA method solves a one week sce-

nario in only 84.73 seconds and the achieved objective value (10955) is only 0.99% away

from the optimal solution (10860 euro ). Moreover, the CSA-based solution also beats the

other two methods, i.e., GA and PSO, in terms of objective value and computation time.
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In conclusion, this dissertation examined the impact of seaports, particularly MCTs, and

analyzed routine operations of MCTs. Based on an extensive literature review and anal-

ysis, it was observed that the allocation of berths and quay cranes can significantly affect

the performance of ports/ MCTs. Therefore, several innovative solutions have been pro-

posed in this dissertation for several real port scenarios. The proposed solutions include

(1) CI-based approaches for stand-alone BAP, (2) CI-based methods for MQ-BAP un-

der real port conditions (Port of Limassol), and (3) CI-based solutions for MQ combined

BAP and QCAP considering the whole port (container and passenger/general cargo ter-

minals). In addition, the performance of all proposed solutions was verified by extensive

experiments and by comparisons with benchmark approaches. The results show that all

proposed methods can assist the port/ MCT operators in developing a cost-effective plan

for berth and crane allocation.

We plan to extend the modeling to include a hybrid berthing layout that includes both

discrete and continuous berthing layouts simultaneously. In addition, we plan to use our

proposed CI based approaches for simultaneous berth allocation, quay crane scheduling,

and container storage in the marshaling yard. Considering the uncertain breakdown of

QCs is also another track for our future research. We also aim to integrate several un-

certainties in BAP and QCAP, due to different weather conditions, maintenance activities

at the quays, maintenance of cranes, and storage management of containers at the mar-

shaling yard. Decarbonization of maritime activities is also part of our future research.

Furthermore, we also plan to consider several real port factor while solving BAP, e.g.,

waiting time outside the port, connected cranes, and connected berths, etc. Finally, our

immediate research direction is to consider the men power while solving stand-alone BAP

or combined BAP and QCAP.
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[87] Nataša Kovač, Zorica Stanimirović, and Tatjana Davidović. Metaheuristic ap-

proaches for the minimum cost hybrid berth allocation problem. In Modeling,

computing and data handling methodologies for maritime transportation, pages

1–47. Springer, 2018.
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